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Preface to ”Visual Sensors”

Visual sensors have characteristics that make them interesting sources of information for

any process or system. These small and inexpensive sensors are able to capture precise and

high-resolution environment information. These properties have motivated their use for several

decades in multiple tasks. This high versatility in their fields of application has increased their use

as a source of information to solve a variety of diverse tasks. The main fields of application include

robotics, industry, agriculture, quality control, visual inspection, surveillance, autonomous driving,

and navigation aid system.

In this book, 36 different proposals of these visual sensors are presented in some fields of

application that are of interest today.In the field of visual navigation of mobile robots, simultaneous

localization and mapping (SLAM), and visual odometry, different alternatives are presented in the

first chapters. So, in the first chapter, an RGB-D SLAM algorithm is presented using the concept of

orientation relevance, considering the Manthattan frame estimation. Chapter 2 provides a method

for aircraft pose estimation without relying on 3D models, using two widely separated cameras to

acquire the pose information. In Chapter 3, a new framework for online visual object tracking is

proposed. A motion-aware strategy is employed to predict the possible region and scale of the target

in the frame using the previously estimated 3D motion information. The authors in Chapter 4 provide

an improved indoor visual SLAM method that considers point and line segment features extracted

by stereo cameras, producing robust results. In Chapter 5, an RGB-D sensor is employed with the

purpose of constructing a dense 3D semantic mapping of the environment by means of a pixel-voxel

network. Chapter 6 proposes a low-overhead real-time ego-motion estimation (visual odometry)

system based on either a stereo or RGB-D sensor. With the proposed algorithm, a local map is created,

requiring significantly less memory and computational power. The authors in Chapter 7 provide the

details of a visual odometry method adapted to the underwater context. They employ the captured

stereo image steam to provide real-time navigation and a site coverage map, which was necessary to

conduct a complete underwater survey. Chapter 8 presents a visual information fusion approach for

robust probability-oriented feature matching. This approach can be used in a more general SLAM

procedure. This strategy permits obtaining relevant areas in the image reference system, from which

probable matches could be detected.

Image retrieval aims to browse, search, and retrieve images from a large database of digital

images. Proposing new descriptors of an image that define the characteristics of the image

can be key in this regard. Chapter 9 presents a new texture descriptor booster based on the

statistical information of an image. This descriptor is applied to texture-based classification images.

In Chapter 10, the authors propose a framework for salient region detection that uses appearance-

and regression-based schemes to reduce the computational complexity and focusing on the salient

parts of the image. In this sense, Chapter 11 proposes a texture descriptor for image retrieval,

designing a local parallel cross pattern in which the local binary pattern map is fused with the color

map. Chapter 12 proposes a hybrid histogram descriptor used for image retrieval. The proposed

descriptor combines two histograms: a perceptual uniform histogram and a motif co-occurrence

histogram including the probability of a pair of motif patterns. Finally, Chapter 13 proposes a

method for textile-based image retrieval for indoor environments based on describing the images

with different channels (RGB, HSV, etc.) and using the combination of two different descriptors for

the image.

xi



Visual sensors can also be an important part of the source of information, providing help and

support for other tasks. In Chapter 14, a novel global point cloud descriptor is proposed for reliable

object recognition and pose estimation, which can be applied to robot grasping operations. Chapter 15

provides an approach based on depth cameras to robustly evaluate the manipulation success in robot

object manipulation. The method proposed allows the robot to accurately detect the presence or

absence of contact points between the robot manipulator and a held object. Chapter 16 presents a

vision system capable of automatic 3D joint detection. The detection method is applied in a robotic

seam tracking system for gas tungsten arc welding.

The calibration of vision systems plays an important role in different applications where these

types of sensors are used. Having a well-calibrated system permits more robust results to be obtained

in later stages. Chapter 17 presents a simple calibration method for laser range finder systems,

needing only a calibration board. In Chapter 18, an alternative approach that uses Gray code patterns

displayed on an LCD screen to determine camera parameters is provided. The proposed approach is

1.5 times more precise than using standard calibration with a checkerboard pattern. Finally, Chapter

19 proposes a method that automatically calibrates four cameras of an around-view monitor system

in a natural driving situation.

Object recognition is a task in which a vision system is almost always involved. During the

past few years, many proposals have been published in this area, including different methods that

allow the recognition of the objects present in an image. Chapter 20 presents a method of handshapes

recognition based on skeletal data. It encodes the relative differences between vectors associated

with the pointing direction of the particular fingers and the palm normal. Chapter 21 presents a

new spatio-temporal action localization detector that consists of sequences of per-frame segmentation

masks. This proposed detector can pinpoint the starting or ending frame of each action category

in untrimmed videos. In Chapter 22, a system for automatically designing the field-of view of

a camera, the illumination strength, and the parameters in a recognition algorithm is presented.

Chapter 23 proposes a new presentation attack detection method for an iris recognition system using a

near-infrared light camera image. This method tries to avoid the effect caused by presentation attack

images captured using high-quality printed images in classic iris recognition systems. Chapter 24

presents an approach for pedestrian detection combining different methods previously proposed

together with an efficient sliding window classification strategy. The detector achieves fast detection

speed combined with state-of-the-art accuracy. Chapter 25 proposes a model to resolve the 3D

reconstruction problem for dynamic non-rigid objects with a single RGB-D sensor.

Over the past few years, the field of visual systems has shifted from classical statistical methods

to deep learning methods. Video-based person detection and recognition is an important task

facing many problems and challenges, such as lighting variation, occlusion, human appearance

similarity, etc. In Chapter 26, a video-based person reidentification method with hybrid deep

appearance-temporal features is proposed. Another application using deep learning methods is

presented in Chapter 27. The authors propose a densely connected fully convolutional network that

can determine the true iris boundary even with inferior-quality images using better information

gradient flow between the dense blocks. Chapter 28 proposes a method to improve the performance

of the star sensor under dynamic conditions based on the ensemble back-propagation neural network.

xii



Scene reconstruction is a key task necessary to handle more complex problems such as mobile

robot navigation. Chapter 29 presents a visual inertial odometry as a solution to the robot navigation

system. Chapter 30 presents a high-accuracy method for globally consistent surface reconstruction

using a single fringe projection profilometry sensor. Lane marking detection and localization

are crucial for autonomous driving and lane-based pavement surveys. In Chapter 31, a novel

methodology is presented for automated lane marking identification and reconstruction. A case

study is provided to validate the proposed methodology. Finally, Chapter 32 proposes an improved

method for unmanned aerial vehicle (UAV) image seamline searching. The experimental results show

that the proposed method can effectively solve the problems of ghosting and seams in the panoramic

UAV images.

One of the most widely discussed topics in vision systems is establishing visual measurements.

This theme is the focus of the last chapters of the book. In Chapter 33, the authors present an

improved rotation angle measurement method based on geometric moments, suitable for automatic

sorting systems. In Chapter 34, a stereo vision system is employed for measuring the ram speed

of steam hammers. The systems try to decrease the influence of strong vibration. The accuracy

and effectiveness of the method is experimentally verified. Chapter 35 proposes a pose estimation

method for sweet pepper detachment. The point cloud acquired is separated in candidate planes that

are separately evaluated using a scoring strategy. The last chapter presents a comparative analysis of

digital image correlation-based stereo 3D shape measurements.

Oscar Reinoso, Luis Payá

Special Issue Editors
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1. Introduction

Visual sensors have characteristics that make them interesting as sources of information for any
process or system. On the one hand, they are able to capture a very precise and high-resolution
environmental information while occupying a small size and with a reduced price. On the other hand,
they are able to capture a large quantity of information from the environment around them. These
properties are the reason they have been employed for several decades for the resolution of multiple
tasks. This high versatility in their fields of application makes them increasingly used as a source of
information to solve a variety of diverse tasks.

Nowadays, a wide variety of visual systems can be found, from the classical monocular systems
to omnidirectional, RGB-D, and more sophisticated 3D systems. Every configuration presents some
specific characteristics that make them useful to solve different problems. Their range of applications
is wide and varied. Among them, we can find robotics, industry, agriculture, quality control, visual
inspection, surveillance, autonomous driving, and navigation aid systems.

Visual systems can be used to obtain relevant information from the environment, which can
be processed to solve a specific problem. The aim of this Special Issue is to present some of the
possibilities that vision systems offer, focusing on the different configurations that can be used and
novel applications in any field.

In this Special Issue, 63 contributions were submitted and 36 of them were published (i.e., 57%
acceptance rate). The published articles present a very adequate vision of how visual sensors are
used in very different fields of application, from mapping for navigation of mobile robots to object
recognition or scene reconstruction.

2. Contributions to the Special Issue on Visual Sensors

In the field of visual navigation of mobile robots, SLAM (Simultaneous Localization and Mapping),
Visual odometry, etc., we find different alternatives that are presented in some of the papers of the
Special Issue. Thus, in [1], an RGB-D SLAM algorithm is presented using the concept of orientation
relevance taking into account the Manthattan Frame Estimation. Teng et al. [2] provided a method
for aircraft pose estimation without relying on 3D models using two widely separated cameras to
acquire the pose information. In [3], a new framework for online visual object tracking is proposed.
A motion-aware strategy is employed to predict the possible region and scale of the target in the frame
by utilizing the previously estimated 3D motion information. Wang et al. [4] provided an improved
indoor visual SLAM method that uses point and line segment features extracted by stereo cameras,
achieving robust results. In [5], an RGB-D sensor is employed. In this case, the purpose is to make a
dense 3D semantic mapping of the environment by means of Pixel-Voxel network. Aladem et al. [6]
proposed a low-overhead real-time ego-motion estimation (visual odometry) system based on either
a stereo or RGB-D sensor. By means of the proposed algorithm, a local map is used, requiring
significantly less memory and computational power. Nawaf et al. [7] provided the details of a visual
odometry method adapted to the underwater context. They employed the captured stereo image

Sensors 2020, 20, 910; doi:10.3390/s20030910 www.mdpi.com/journal/sensors1
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to provide real-time navigation and a site coverage map, which is necessary to conduct a complete
underwater survey. Valiente et al. [8] presented a visual information fusion approach for robust
probability-oriented feature matching. This approach can be used in a more general SLAM procedure.
This strategy permits obtaining relevant areas in the image reference system, from which probable
matches could be detected.

Image retrieval aims at browsing, searching, and retrieving images from a large database of
digital images. Proposing new descriptors of an image that define the characteristics of the image
can be key in this regard. García-Olalla et al. [9] presented a new texture descriptor booster based on
statistical information of the image. This descriptor is employed in texture-based classification images.
Fareed et al. [10] proposed a framework for salient region detection that uses appearance-based
and regression-based schemes to reduce the computational complexity and focusing on the salient
parts of the image. In this sense, Feng et al. [11] proposed a texture descriptor for image retrieval
designing a local parallel cross pattern in which the local binary pattern map is fused with the color
map. In addition, Feng et al. [12] proposed a hybrid histogram descriptor used for image retrieval. The
proposed descriptor comprises two histograms jointly: a perceptual uniform histogram and a motif
co-occurrence histogram including the probability of a pair of motif patterns. Finally, García-Olalla
et al. [13] proposed a method for textile based image retrieval for indoor environments based on
describing the images with different channels (RGB, HSV, etc.) and using the combination of two
different descriptors for the image.

Visual sensors can also be an important source of information to help and support for other tasks.
Thus, in [14], a novel global point cloud descriptor is proposed for reliable object recognition and pose
estimation, which can be applied to robot grasping operation. Martínez-Martin et al. [15] provided
an approach based on depth cameras to robustly evaluate the manipulation success in robot object
manipulation. The method proposed allows the robot to accurately detect the presence or absence
of contact points between the robot manipulator and a held object. Xue et al. [16] presented a vision
system capable of automatic 3D joint detection. The detection method is applied in a robotic seam
tracking system for gas tungsten arc welding.

The calibration of vision systems plays a very important role in different applications where
these types of sensors are used. Having a well-calibrated system will permit more robust results to
be achieved in later stages. Zhang et al. [17] presented a simple calibration method for laser range
finder systems needing only a calibration board. In [18], an alternative approach that uses gray-code
patterns displayed on an LCD screen to determine camera parameters is provided. The proposed
approach is 1.5 times more precise than using standard calibration with a checkerboard pattern. Finally,
Choi et al. [19] proposed a method that automatically calibrates four cameras of an around view
monitor system in a natural driving situation.

Object recognition is a task in which a vision system is almost always involved. During the
past few years, many proposals have been made in this area including different methods that allow
the recognition of the objects present in an image. In this way, Kapuscinski et al. [20] presented
a method for hand shapes recognition based on skeletal data. It encodes the relative differences
between vectors associated with the pointing direction of the particular fingers and the palm normal.
Wang et al. [21] presented a new spatiotemporal action localization detector that consists of sequences
of per-frame segmentation masks. This proposed detector can pinpoint the starting or ending frame of
each action category in untrimmed videos. In [22], a system for automatically designing the field-of
view of a camera, the illumination strength, and the parameters in a recognition algorithm is presented.
Nguyen et al. [23] proposed a new presentation attack detection method for an iris recognition system
using a near infrared light camera image. This method tries to avoid the effect that presentation
attack images captured using high-quality printed images can cause in classic iris recognition systems.
Fu et al. [24] presented an approach for pedestrian detection combining different methods previously
proposed together with an efficient sliding window classification strategy. The detector achieves fast
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detecting speed at the same time as state-of-the-art accuracy. Wang et al. [25] proposed a model to
resolve the 3D reconstruction problem for dynamic non-rigid objects with a single RGB-D sensor.

Over the past few years, the field of visual systems is shifting from classical statistical methods
to deep learning methods. Video-based person detection and recognition is an important task with
many problems and challenges such as lighting variation, occlusion, human appearance similarity, etc.
In [26], a video-based person re-identification method with hybrid deep appearance-temporal features
is proposed. Another application using deep learning methods was presented by Arsalan et al. [27].
The authors proposed a densely connected fully convolutional network, which can determine the true
iris boundary even with inferior-quality images by using better information gradient flow between the
dense blocks. Liu et al. [28] proposed a method to improve the performance of the star sensor under
dynamic conditions based on the ensemble back-propagation neural network.

Scene reconstruction is a key task necessary to accomplish more complex problems such as
mobile robot navigation. Xia et al. [29] presented a visual inertial odometry as a solution to the
robot navigation system. Cheng et al. [30] presented a high-accuracy method for globally consistent
surface reconstruction using a single fringe projection profilometry sensor. Lane marking detection
and localization are crucial for autonomous driving and lane-based pavement surveys. In [31], a novel
methodology is presented for automated lane marking identification and reconstruction. In addition,
a case study is given to validate the proposed methodology. Finally, Zhang et al. [32] proposed an
improved method for UAV image seamline searching. The experimental results show that the proposed
method can effectively solve the problems of ghosting and seams in the panoramic UAV images.

Finally, one of the most widely discussed topics about vision systems is to establish visual
measurements. Some of the papers of the Special Issue revolve around this problem. In [33], the
authors presented an improved rotation-angle measurement method based on geometric moments
that is suitable for automatic sorting systems. In [34], a stereo vision system is employed for measuring
the ram speed of steam hammers. The system tries to decrease the influence of strong vibration. The
accuracy and effectiveness of the method was experimentally verified. Li et al. [35] proposed a pose
estimation method for sweet pepper detachment. The acquired point cloud is separated into candidate
planes that are separately evaluated using a scoring strategy. Yang et al. [36] presented a comparative
analysis of digital image correlation based stereo 3D shape measurements.
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Abstract: Due to image noise, image blur, and inconsistency between depth data and color image,
the accuracy and robustness of the pairwise spatial transformation computed by matching extracted
features of detected key points in existing sparse Red Green Blue-Depth (RGB-D) Simultaneously
Localization And Mapping (SLAM) algorithms are poor. Considering that most indoor environments
follow the Manhattan World assumption and the Manhattan Frame can be used as a reference
to compute the pairwise spatial transformation, a new RGB-D SLAM algorithm is proposed.
It first performs the Manhattan Frame Estimation using the introduced concept of orientation
relevance. Then the pairwise spatial transformation between two RGB-D frames is computed with the
Manhattan Frame Estimation. Finally, the Manhattan Frame Estimation using orientation relevance is
incorporated into the RGB-D SLAM to improve its performance. Experimental results show that the
proposed RGB-D SLAM algorithm has definite improvements in accuracy, robustness, and runtime.

Keywords: SLAM; RGB-D; indoor environment; Manhattan frame estimation; orientation relevance;
spatial transformation

1. Introduction

Simultaneous Localization and Mapping (SLAM), which aims to acquire the structure of an
unknown environment and at the same time estimate the sensor pose with respect to this structure,
is an essential task for the autonomy of a robot. It can facilitate a wide range of applications from
autonomous robots to virtual and augmented reality. In early SLAM algorithms, many types of
sensors, such as rotary encoders, inertial sensors, laser range sensors, and cameras, were employed.
Recently, the SLAM algorithms based on the compact Red Green Blue-Depth (RGB-D) sensors, such as
Kinect or Xtion, became popular [1–6]. This is because RGB-D sensors have the advantages of low
price, and appropriate size and weight. More importantly, they can provide direct and dense depth
measurements besides the appearance information with the RGB images [7]. Hence, the RGB-D sensors
provide opportunities to handle challenges in SLAM systems.

According to the modelling and processing, existing RGB-D SLAM algorithms can be roughly
classified into two directories: dense SLAM and sparse SLAM. Newcombe et al. [1,2] firstly
introduced dense RGB-D SLAM algorithms in their well-known work, Kinect Fusion. Kinect Fusion
can obtain real-time depth measurements and a highly detailed voxel-based map simultaneously.
However, their algorithms are only suitable for small workspaces owing to high memory consumption.
Moreover, it generally fails when scenes have poor geometric structure. To solve the restricted
area problem, Whelan et al. proposed an improved algorithm [3] to densely map large areas in
real-time by transforming the voxel grid with sensor pose of each observation. To further improve
the efficiency, Keller et al. [4] proposed a point-based fusion representation supporting spatially
extended reconstructions with a fused surfel-based model instead of voxel-based representation.
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In general, dense SLAM algorithms enable good localization and mapping with high quality scene
representation [8,9]. However, they are prone to failure in environments with poor structure and time
drift. In addition, their computational costs are very high. To some extent some algorithms utilizing
sophisticated equipment such as high-end graphics cards can overcome this deficiency. However, their
applications’ ranges are constrained.

Instead, sparse RGB-D SLAM algorithms offer a good balance between the computational cost
and the quality of pose estimation. Sparse SLAM algorithms are mainly based on the visual odometry,
which simply uses visual feature correspondences to compute the motion between the consecutive
poses of the RGB-D sensor and then concatenates the pose-to-pose motion. The first RGB-D SLAM
algorithm was proposed by Henry et al. [10]. It used features points to estimate sensor poses and
then constructed and optimized a graph with nodes representing sensor poses and an edge between
two poses being their spatial transformation to refine the localization and mapping. Endres et al. [11]
followed the same path and implemented the pose-graph optimization with the G2o framework [12].
Due to its availability, it is very popular. Indeed, sparse RGB-D SLAM algorithms typically run quickly
owing to the sensor’s pose estimation based on sparse point features. In addition, such a lightweight
implementation ensures a wide range of applications. However, the mapping quality is poor due to
limitation of sparse 3D points. More importantly, the mapping result lacks semantic information and
there are many repeated and redundant points in the map.

The sparse RGB-D SLAM algorithms have been successful for environments with rich textures.
However, they perform poorly and even fail in environments with textureless areas and areas with
repetitive textures, which usually exist in indoor scenes with large planar regions [13]. To work well
in low-texture environments, researchers begin to show a significant interest in additional high-level
geometric information like planar features in recent RGB-D research [14–16], and apply them to RGB-D
SLAM algorithms [17–19]. These SLAM approaches show great improvement in robustness. However,
the accuracy still needs to be improved.

Three-dimensional planes in indoor environments, which can be easily extracted from point
clouds, are extremely common and are generally relevant. Most indoor environments satisfy the
Manhattan World (MW) assumption [20], under which the world consists of a set of orthogonal
or parallel planes. Then the environment can be represented by three orthogonal directions, i.e.,
the Manhattan Frame (MF). The early work of MF estimation was mainly taken RGB images as
input, which can be called the RGB image-based methods [21,22]. The RGB image-based methods
generally utilize perspective property, such as vanishing line, vanishing point, and orientation map,
to estimate the MF with a single RGB image. Recently, the RGB-D sensor is applied to estimate the MF.
The corresponding RGB-D image-based methods [15,19] take both color image and depth image as
input to compute the MF. In general, RGB image-based methods have poor accuracy and robustness
since they mainly depend on information of scene structure in two-dimensional RGB image. RGB-D
image-based methods generally perform better than RGB image-based methods [19], since not only the
RGB image but also the depth information are explored simultaneously. However, the state-of-the-art
of RGB-D image-based methods are still unsatisfactory for real applications, especially in accuracy
and speed.

Considering the image noise, image blur, the inconsistency between the depth data and the color
image, and especially low-texture (i.e., textureless or repeated texture) planar walls dominating the
view of observations, some frames could not be matched to any predecessor yet in existing sparse
RGB-D SLAM algorithms. Even if the pairwise spatial transformation can be computed, its accuracy
and robustness are poor. On the other hand, most indoor environments follow the MW assumption
and the MF can be recovered from a single RGB-D image using orientation relevance [15]. Therefore,
a new RGB-D SLAM algorithm is proposed by extending Manhattan Frame estimation (MFE) using
orientation relevance to RGB-D image sequence. It first performs MFE using the introduced concept
of orientation relevance. Then the pairwise spatial transformation in RGB-D SLAM is computed
with the estimated MFE. Finally, the sparse RGB-D SLAM is improved by incorporating MFE using

8



Sensors 2019, 19, 1050

orientation relevance. Experiments validate the proposed algorithm. The contributions of this paper
are two-fold: I. A novel algorithm for RGB-D SLAM with MFE using orientation relevance is proposed
for low-texture indoor environments. II. It improves the performance of sparse RGB-D SLAM in
accuracy and robustness.

The remainder of this paper is organized as follows. Section 2 details the proposed algorithm for
RGB-D SLAM with MFE using orientation relevance. Experimental results are presented in Section 3.
Finally, we summarize and report future works in Section 4.

2. Method

This section presents the proposed RGB-D SLAM method in detail. In the original RGB-D
SLAM [11], only point features or all points are used with RANSAC or GICP to estimate the relative
spatial transformation between two consecutive observations. Considering the image noise, image
blur, and the inconsistency between the depth data and RGB image, some frames could not be matched
to any predecessor yet. Even if the pairwise spatial transformation can be computed, its accuracy is
not high. It also results in poor robustness or high computational cost. Different from that, the MF of
the indoor environment is estimated and used to improve the RGB-D SLAM in the proposed method.
In the following, we firstly briefly review the original RGB-D SLAM [11]. Then the algorithm of the
Manhattan Frame estimation using orientation relevance is presented. Thirdly, the computation of
pairwise spatial transformation with the MFE is presented. Finally, the improved RGB-D SLAM with
the Manhattan Frame estimation using orientation relevance is introduced.

2.1. Overview of the Original Method

A schematic overview of sparse RGB-D SLAM is given in Figure 1a [11]. It firstly uses both
RGB images and depth data to perform localization and generate the trajectory. Then the mapping is
obtained by 3D points registration and voxelization.

(a) (b)

Figure 1. Schematic overview of (a) the original Red Green Blue-Depth (RGB-D) Simultaneously
Localization And Mapping (SLAM) and (b) the proposed RGB-D SLAM.

The trajectory estimation can be further divided into two parts: the front-end and the back-end.
The front-end computes spatial transformations between individual observations, and the back-end
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computes poses of these observations via a graph-based optimization. In the front-end of the sparse
RGB-D SLAM, the RGB image of RGB-D sensor is used to detect key points and extract descriptors.
Extracted descriptors of detected key points in two consecutive observations are matched to compute
the relative pairwise spatial transformation between two observations using RANSAC. In addition,
the depth image of RGB-D sensor makes it possible that dense point clouds of two observations are
registered in a common coordinate system using RANSAC or GICP. In the back-end, a non-linear cost
function defined on a pose graph [12] is optimized to obtain globally optimal poses of all observations,
i.e., the trajectory. After obtaining the trajectory, an occupancy voxel grid map is computed.

2.2. Manhattan Frame Estimation Using Orientation Relevance

Due to limitations of RGB-D sensor, the RGB-D SLAM is only applicable for indoor applications.
Generally, most man-made indoor environments follow the MW assumption [20], under which the
world consists of a set of orthogonal and parallel planes. Three orthogonal directions corresponding
to the normal of a set of orthogonal and parallel planes, which are referred to as the MF [15,19],
are enough to describe the environment. In RGB-D SLAM, planes in the indoor scene can be detected
in each observation. Then candidates of dominant planes can be determined with the constraint of
orientation relevance. The MF can be computed by finding the orthogonal dominant planes, which
can be described by normal vectors of three orthogonal dominant planes of the scene. It can be further
incorporated into RGB-D SLAM to improve the performance of RGB-D SLAM.

Firstly, an edge detection algorithm is run on the input RGB image. Then, end points of detected
edges are used to perform 2D Delaunay triangulation to divide the RGB image into several triangles.
Next, the triangles are merged according to intensity statistics of pixels in each triangle. Here the
intensity statistic, the root mean square error (RMSE) between intensity value of each pixel and the
mean intensity of merged area, is taken as measure to merge triangles. Afterwards, the bilateral filter
is used to smooth the input depth image. Finally, each plane corresponding to merged triangle in the
RGB image, whose area is larger than a threshold, is validated by plane fitting with filtered depth
image data. The N (N = 9 in our experiments) largest planes are the candidate dominant planes and
the normal vector of each candidate plane can be computed with the depth data. These candidate
dominant planes are the input of the following MFE using orientation relevance.

An indoor environment satisfying the MW assumption can be denoted by H = {P1, P2, · · · , PN},
where Pn (1 ≤ n ≤ N, N ≥ 3) is one of N detected candidate dominant planes. For each pair of two
planes Pi and Pj, their relation can be described by the angle between them θij. The closer to 0◦ or 180◦

the angle θij is, the nearer two planes Pi and Pj are parallel. Otherwise, the closer to 90◦ the angle θij is ,
the nearer two planes Pi and Pj are perpendicular. Most of planes in H are mutually perpendicular
or parallel and normal vectors of them can be clustered into three directions. These planes are the
dominant planes and three directions are the dominant directions corresponding to the MF. Except
for dominant planes, lots of little planar regions existing in indoor environment may have parallel
or perpendicular relations. This would lead to error result of MFE. So both the normal direction and
area of extracted planar regions should be taken into account. We introduce the concept of orientation
relevance of extracted dominant planes, which considers both the area of the projection of extracted
planes and the angle between them, to evaluate their geometric relations. The orientation relevance
consists of parallel relevance and perpendicular relevance.

The parallel relevance of extracted planes is computed by

Rpa(Pi) =
N

∑
n=1

A(Pn)sin(θin) (1)

where A(Pn) is the area of extracted candidate plane Pn, θin represents the angle between planes Pi
and Pn. In fact, Rpa(Pi) is the sum of area of all extracted candidate planes’ projection on the plane
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perpendicular to Pi. The larger the quantity and area of extracted candidate planes being parallel to Pi
are, the smaller the value of Rpa(Pi) is. Otherwise, the larger the value of Rpa(Pi) is.

Similarly, the perpendicular relevance is represented by

Rpe(Pi) =
N

∑
n=1

A(Pn)cos(θin) (2)

where Rpe(Pi) is the sum of area of all extracted andidate planes’ projection on the plane Pi. The larger
the quantity and area of extracted candidate planes being perpendicular to Pi are, the smaller the value
of Rpe(Pi) is. Otherwise, the larger the value of Rpe(Pi) is.

In fact, the parallel relevance and the perpendicular relevance are conflict. To make a compromise,
we introduce the term orientation relevance,

Ro(Pi) = f (Rpe(Pi), Rpa(Pi))

=
N

∑
n=1

A(Pn)cos(θin)sin(θin)

=
1
2

N

∑
n=1

A(Pn)sin(2θin)

(3)

where θin∈[0, π
2 ] is the angle between the plane Pi and Pn. The orientation relevance can reach the

minimum in the domain of definition of θin when θin = 0 or θin = π
2 . In such cases, the relationship

between two planes Pi and Pn is strictly parallel or perpendicular. For indoor environments, one
dominant direction may correspond to several parallel dominant planes. Values of the orientation
relevance of these parallel dominant planes should be equal in theory. However, they are slightly
different from each other in practice due to inevitable noise. Here the dominant direction corresponding
to the MF is computed using the dominant plane with the minimal orientation relevance.

R̃o = min{Ro(Pi)} (4)

In some cases, it is a planar surface of clutter object rather than a wall that reaches the minimum
of orientation relevance. To avoid this case, the area of planar surface is also taken into account,

R̂o = min{Ro(Pi)− λA(Pi)} (5)

where λ is a coefficient to balance two terms, which usually takes an empirical value of 5000. Then,
when the orientation relevance shown in Equation (5) reaches the minimum, the corresponding plane,
PD , is one of the MW’s dominant planes. The normal of the plane PD corresponds to one axis of
the MF.

Then, we determine the other two axes of the MF. Since each detected candidate plane
usually differs in position and area, their corresponding values of orientation relevance computed
by Equation (5) are different from each other. However, for each of three dominant directions,
the corresponding dominant plane should have the minimal orientation relevance among all detected
planes sharing this dominant direction. So planes corresponding to the N smallest orientation relevance
are initially taken as candidates, where N takes 9 in our implementation. Furthermore, the N smallest
orientation relevance are sorted in ascending order. Here, the minimal corresponds to the dominant
plane PD. Additionally, check whether the normal of other N − 1 planes is perpendicular to the normal
of PD in turn. And take the normal of the first plane whose satisfies the aforementioned condition, P′

D,
as the second dominant direction, i.e., the second axis of the MF. Finally, the third dominant direction,
i.e., the third axis of the MF can be computed by taking cross product of the first dominant direction
and the second dominant direction. By now, three orthogonal directions, i.e., the MF of the indoor
environment, are recovered.
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2.3. Computation of Pairwise Spatial Transformation with the MFE

Once the MF of one observation is computed, it can be used to compute the pairwise spatial
transformation of current pose relative to its previous one, and then be incorporated into the RGB-D
SLAM to improve its performance.

The MF can be described by unit normal vectors of dominant orthogonal planes. Generally, two
unit normal vectors of two orthogonal dominant planes are enough. For example, the unit normal
vector of two orthogonal dominant planes is denoted by m1 and m2 respectively. They correspond to
two orthogonal directions of the MF. The third direction of the MF can be computed by

m3 = m1×m2 (6)

Then the MF of current observation can be described by unit normal vectors of three orthogonal
dominant planes

M1 = [m1 m2 m3] (7)

Similarly, the MF of the previous observation can be described as

N1 = [n1 n2 n3] (8)

For an RGB-D SLAM application, the MF of the indoor scene is fixed. However, there are relative
translation and rotation between two consecutive observations for RGB-D sensor, which make the
computed MFs M1 and N1 are different in two local coordinate systems of two observations. The
spatial transformation between two consecutive observations in RGB-D SLAM, T , consists of R and t.

T =

[
R t
0T 1

]
(9)

where R and t is the relative rotation matrix and translation vector between two observations
respectively. The relative rotation R between two observations can be computed with the MFs
estimated in local coordinate system of two observations.

R·mi = ni (s.t.RT R = I and det(R) = 1) (i = 1, 2, 3) (10)

As Equation (10) shows, the corresponding MFs of two observations can provide 9 equations to
compute unknowns in R. However R is a unit orthogonal matrix, some constraints, such as RT R = I
and det(R) = 1 (where I is an identity matrix, det(·) denotes the determinant of a matrix), should be
satisfied, which results in a complex constrained optimization problem. For each pair of consecutive
observations, R can be firstly computed by linearly solving equation system R·mi = ni (i = 1, 2, 3),
and then enforced the constraints RT R = I and det(R) = 1. Once the rotation matrix R is obtained,
the point cloud corresponding to the current observation can be transformed to the local coordinate
system of the previous observation using the obtained R. Then the translation vector t can be
computed by GICP with the transformed point cloud of current observation and the point cloud of
previous observation.
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The spatial transformation between each pair of consecutive observations, T, can be further
optimized by bundle adjustment by solving the following unconstrained optimization problem

e = min
ξ

1
2

N

∑
i=1

‖pi − exp(ξΛ)qi‖2
2 (11)

where pi and qi is the 3D point in the point cloud of previous observation and that of current

observation respectively, ξ =

[
ρ

φ

]
∈ R6 is the Lie algebraic representation of transformation

and the relation between the spatial translation and the its Lie algebraic representation follows

T = exp(ξΛ) =

[
exp(φΛ) Jρ

0 1

]
(12)

where
exp(φΛ) = exp(θaΛ) = cosθI + (1 − cosθ)aaT + sinθaΛ (13)

J =
sinθ

θ
I + (1 − sinθ

θ
)aaT +

1 − cosθ

θ
aΛ (14)

θ = arccos
tr(R)− 1

2
(15)

Ra = a (16)

t = Jρ (17)

The Lie algebra se(3) = {ξ =

[
ρ

φ

]
∈ R6, ρ ∈ R3, φ ∈ R3, ξΛ =

[
φΛ ρ

0T 0

]
∈ R4×4},

which corresponds to the tangent space of the Lie group SE(3) = {T =

[
R t
0 1

]
∈ R4×4|R ∈

R3×3, RT R = I, det(R) = 1, t ∈ R3}, describes the local derivatives. Here we use the Lie algebraic
representation to optimize the spatial transformation. On one hand, with the Lie algebra, the obtained
unconstrained optimization problem is relatively easier to solve than the corresponding constrained
one. On the other hand, the Lie algebra representation makes the computation of derivatives easier
during the optimization process. The unconstrained optimization problem Equation (11) can be solved
by the Gaussian-Newton method or Levenberg-Marquardt algorithm. Then the pairwise spatial
transformation T is obtained.

2.4. Improved RGB-D SLAM

Considering the RGB-D SLAM is only applicable for indoor applications and the MF of the indoor
scene is fixed, the MF can be used as a reference to compute the pairwise spatial transformation.
So a new algorithm of RGB-D SLAM shown in Algorithm 1 is proposed, in which the aforementioned
pairwise spatial transformation computation with MFE using orientation relevance is incorporated
into the original RGB-D SLAM [11] to improve its performance as shown in Figure 1b.
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Algorithm 1 RGB-D SLAM with MFE Using Orientation Relevance
Input: RGB-D sequences
Output: Trajectory of RGB-D sensor and reconstructed environment.

Step 1. Extract planes from the RGB image using edge detection and triangulation of end points of
detected edges.
Step 2. Estimate Manhattan Frame using orientation relevance with dominant planes determined by
cross validation on depth information and planes extracted from RGB image.
Step 3. Determine whether the MFE is available. If it’s available, compute the pairwise spatial
transformation with MFE and GICP, and then jump to Step 5. Otherwise, go to Step4.
Step 4. Compute the pairwise spatial transformation following the routine of the original RGB-D
SLAM.
Step 5. Optimize the trajectory.
Step 6. Registrate 3D point clouds.
Step 7. Voxelize the registrated 3D point clouds.
Step 8. Reconstruct the 3D map.
return Trajectory and 3D map.

Different from conventional RGB-D SLAM, which uses correspondences of feature points to
compute the pairwise spatial transformation between two consecutive observations, the proposed
RGB-D SLAM exploits the information of dominant planes. This makes the computation of pairwise
spatial transformation more robust and accurate. In addition, in conventional RGB-D SLAM,
the estimated trajectory is usually divided into several fragments due to the failure of feature matching
of detected key points in pairwise spatial transformation computation caused by image noise, image
blur and the inconsistency between the depth data and RGB image, which increases the complexity
of the optimization problem of the back-end of RGB-D SLAM. Whereas, the proposed improved
RGB-D SLAM is more robust and can reduce the number of trajectory fragments which makes the
corresponding optimization problem more easily and rapidly converge to the global optimum.

3. Experiments

To validate the proposed RGB-D SLAM algorithm, some experiments are performed on a computer
with an AMD Phenom II X6 1055T 3.36GHZ CPU and 8GB RAM with the RGB-D dataset and
benchmark [23], which provides a dataset of RGB-D sequences from the Kinect and synchronized
ground truth pose estimates from the motion capture system. These sequences are captured in a typical
indoor environment. Furthermore, the benchmark provides an evaluation tool to compute the RSME.
For the convenience of comparison, we use the benchmark tool to evaluate the proposed algorithm.
To make a comparison, experiments using the original RGB-D SLAM [11] without the MF estimation
are also performed. To show the comparison results in different scenes and different complexity of
motion, experiments of 3 sequences are reported here. Critical details of 3 sequences are shown in
Table 1. The structure and appearance of each scene can be seen in the following mapping results in
the form of volumetric 3D model shown in Figures 2–4a, respectively.

Table 1. Details of sequences from the Red Green Blue-Depth (RGB-D) Simultaneously Localization
And Mapping (SLAM) dataset [23].

Sequence Frames Duration (s) Length (m)
Avg. Trans.

Velocity (m/s)
Avg. Rot.

Velocity (◦/s)
Range (m3)

fr1/360 745 28.69 5.82 0.21 41.60 0.54 × 0.46 × 0.47
fr3/long_office

_household 2585 87.09 21.45 0.25 10.19 5.12 × 4.89 × 0.54

fr1/floor 1214 49.87 12.57 0.258 15.07 2.30 × 1.31 × 1.58
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The fr1/360 scene is a typical indoor office which includes walls, floor, table and clutters. Table 2
shows the trajectory results of original RGB-D SLAM [11] and the proposed improved RGB-D SLAM.
To make a comparison, results of RGB-D SLAM with RMFE algorithm are also reported in Table 2,
which are directly cited from [19]. As can be seen from this table, the proposed improved RGB-D
SLAM outperforms the original RGB-D SLAM and RGB-D SLAM with RMFE in RMSE of translation,
RMSE of rotation and runtime. The most obvious improvement is in runtime, which dramatically
drops from 145 s for the original algorithm to 100 s for the improved algorithm. It has about 31%
relative improvement (RI) with respect to the corresponding parameter of the original RGB-D SLAM.
The RMSE of translation drops from 0.103 m to 0.082 m, which has about 20% RI. The RMSE of rotation
drops from 3.41 degrees to 3.10 degrees, which has about 9% RI. Results of estimated trajectory for
fr1/360 are shown in Figure 3a. It can be seen that the trajectory estimated by the proposed algorithm
is much closer to the ground truth than that of the original RGB-D SLAM. We could not find the source
code and detailed parameters of RGB-D SLAM with RMFE. In fairness, we do not show the estimated
trajectory of the RGB-D SLAM with RMFE implemented by us to make comparisons since results of
RMFE [19] implemented by us are inferior to MFE using orientation relevance as shown in Ref. [15].

Table 2. Trajectory results of RGB-D SLAM with fr1/360 sequence.

Method
Translation Rotation Runtime

RMSE (m) RI RMSE (◦) RI (s) RI

original method [11] 0.103 − 3.41 − 145 −
method with RMFE [19] 0.107 −3.9% 3.37 1.2% 112 23%

proposed method 0.082 20% 3.10 9% 100 31%
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Figure 2. Experimental results of the proposed RGB-D SLAM with sequence fr1/360. (a) Mapping
results in the form of volumetric 3D model. (b) Estimated trajectories.
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Figure 3. Experimental results of the proposed RGB-D SLAM with sequence fr3/long_office_household.
(a) Mapping results in the form of volumetric 3D model. (b) Estimated trajectories.
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Figure 4. Experimental results of the proposed RGB-D SLAM with sequence fr1/floor. (a) Mapping
results in the form of volumetric 3D model. (b) Estimated trajectories.

To further validate the proposed method, experiments are also performed on sequence
of fr3/long_office_household and fr1/floor. Considering reasons mentioned above and results
shown in Table 1 that the proposed method outperforms the RGB-D SLAM with RMFE, results
of the RGB-D SLAM with RMFE implemented by us are not reported here. The sequence of
fr3/long_office_household mainly focuses on an office table and its indoor environment. The office
table is in the center of this scene, which is surrounded by white walls. Since the range of the scene is so
large that the wall and floor far from the table are out of the measurement range of RGB-D sensor, there
are some areas with lots of missing data. Results of estimated trajectory of fr3/long_office_household
are shown in Figure 3b. As can be seen, the trajectory estimated by the proposed method is much
closer to the ground truth than that of the original RGB-D SLAM. From Table 3 we can see that the
runtime drops 211 s which results in about 29% RI, the RMSE of translation drops 0.03 m which
brings in about 37% RI, and the RMSE of rotation drops 0.11 degrees which brings in about 7% RI.
The sequence of fr1/floor mainly focuses on the indoor floor which is marked with blue color, and
there is some clutter on the floor. The results of the estimated trajectory for fr1/floor are shown in
Figure 4b, where the trajectory estimated by the proposed method is much closer to the ground truth
than that of the original RGB-D SLAM. As can be seen from Table 4, the runtime drops 86 s which
brings in about 18% RI, the RMSE of translation drops 0.006 m which results in about 10% RI, and the
RMSE of rotation drops 0.03 degrees which results in about 1% RI. It is noted that since the scene range
becomes larger, and the visual difference between trajectories becomes slighter in comparison with
Figure 2b. However, improvements brought by the proposed method are obvious.

Table 3. Trajectory results of RGB-D SLAM with fr3/long_office_householdsequence.

Method
Translation Rotation Runtime

RMSE (m) RI RMSE (◦) RI (s) RI

original method [11] 0.082 − 1.63 − 722 −
proposed method 0.052 37% 1.52 7% 511 29%

Table 4. Trajectory results of RGB-D SLAM with fr1/floor sequence.

Method
Translation Rotation Runtime

RMSE (m) RI RMSE (◦) RI (s) RI

original method [11] 0.061 − 2.72 − 488 −
proposed method 0.054 11% 2.69 1% 402 18%

From experimental results, we can see that the proposed method consistently outperforms the
original RGB-D SLAM. The improvement brought by the proposed RGB-D SLAM on sequence of
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fr3/long_office_household and fr1/360 are larger than that on sequence of fr1/floor. The reason is
mainly because that the focus of sequence of fr1/floor is floor and images containing two or more
orthogonal dominant planes are relatively less. Furthermore, it is hard to find enough orthogonal
dominant planes to perform MFE in these sequences. As shown in Figure 1b, pairwise spatial
transformation estimation with MFE using orientation relevance will fail and conventional routine of
the original RGB-D SLAM, which performs pairwise spatial transformation estimation with detection
and matching of feature points and registration of 3D point clouds with RANSAC scheme, will function
in this case. So in the worst case where the the MW assumption does not hold, the proposed method
degrades to the original RGB-D SLAM. Fortunately, the conventional routine of the original RGB-D
SLAM is fully functioning in most of these cases since clutter in a small measurement range provide
rich texture. So although the trajectory segments of the degraded proposed method coincide with those
of the original method in the above experiments, rich textures ensure that the trajectory segments of
the original RGB-D SLAM are very close to the ground truth as seen in Figures 3b and 4b. When there
are a few low-texture walls corresponding to two or more orthogonal dominant planes in observations
of RGB-D SLAM, the performance of the original RGB-D SLAM will degrade. While the proposed
method fulfils its function and performs well. In summary, the proposed RGB-D SLAM can bring in
obvious improvements in runtime and accuracy of trajectory in comparison with the original RGB-D
SLAM and RGB-D SLAM with RMFE. The reasons may be as follows: (1) Using MF estimation with
orientation relevance instead of conventional detection and matching of feature points with RANSAC
scheme to compute the pairwise spatial transformation in the front-end of RGB-D SLAM can bring in
performance improvement. (2) The optimization problem of the back-end of RGB-D SLAM becomes
easier since the aforementioned reason leads to a good initialization and less trajectory fragments,
which also improves the performance and reduces runtime. Experiments also show that the proposed
method is suitable for sequences with different duration, range, and motion velocity. Hence, the
proposed method is valid and reliable.

4. Conclusions

A new method of RGB-D SLAM is proposed, which computes the pairwise spatial transformation
with the MFE using orientation relevance instead of the conventional routine of the original RGB-D
SLAM, which uses detection and matching of point correspondences and registration of 3D point
clouds with the RANSAC scheme. It can overcome the deficiency of the original RGB-D SLAM that
some observations of RGB-D sensor could not be matched to any predecessor due to image noise,
image blur, inconsistency between the depth data and the RGB image, and especially low-texture
(i.e., textureless or repeated texture) planar walls dominating the view of observations. Experiments
on an open dataset benchmark validate the proposed method. It can bring in obvious improvements in
runtime and accuracy of trajectory in comparison with the original RGB-D SLAM and RGB-D SLAM
with RMFE. In the future, we will further improve the proposed method to be suitable for real-time
applications and extend it to more complex indoor environments such as the Atlanta world [24].
We will also further improve the RGB-D SLAM to be applicable to dynamic environments.
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Abbreviations

The following abbreviations are used in this manuscript:

SLAM Simultaneously Localization And Mapping
RGB-D Red Green Blue-Depth
3D three Dimensional
MW Manhattan World
MF Manhattan Frame
MFE Manhattan Frame Estimation
RANSAC RANdom SAmple Consensus
GICP Generalized Iterative Closest Point
RMFE Robust Manhattan Frame Estimation
RMSE Root Mean Square Error
RI Relative Improvement
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Abstract: Aircraft pose estimation is a necessary technology in aerospace applications, and accurate
pose parameters are the foundation for many aerospace tasks. In this paper, we propose a novel pose
estimation method for straight wing aircraft without relying on 3D models or other datasets, and two
widely separated cameras are used to acquire the pose information. Because of the large baseline and
long-distance imaging, feature point matching is difficult and inaccurate in this configuration. In our
method, line features are extracted to describe the structure of straight wing aircraft in images, and
pose estimation is performed based on the common geometry constraints of straight wing aircraft.
The spatial and length consistency of the line features is used to exclude irrelevant line segments
belonging to the background or other parts of the aircraft, and density-based parallel line clustering
is utilized to extract the aircraft’s main structure. After identifying the orientation of the fuselage and
wings in images, planes intersection is used to estimate the 3D localization and attitude of the aircraft.
Experimental results show that our method estimates the aircraft pose accurately and robustly.

Keywords: pose estimation; straight wing aircraft; structure extraction; consistent line clustering;
parallel line; planes intersection

1. Introduction

Since the 3D pose parameters of aircraft could provide a lot of valuable information about the
aircraft’s flight status, effective and accurate pose estimation is a key technique in many aerospace
applications, such as autonomous navigation [1], auxiliary landing [2], collision avoidance [3], accident
analysis, and testing of a flight control system [4,5]. In recent years, with the development of imaging
technology and computer vision, vision-based pose estimation has become a research hotspot, and a
lot of methods have been proposed in the literature to estimate the pose of an aircraft using visual
sensors. Visual sensors could be successfully applied in aircraft pose estimation since vision-based
methods have the advantages of strong anti-interference ability, low cost, and high precision [6].

Vision-based pose estimation methods can be divided into two categories—on-board vision and
external vision—depending on the mounting position of the visual sensors. On-board monocular,
depth, or stereo cameras can be used in on-board vision methods to estimate the relative pose between
the aircraft and a particular target or marker, while external vision methods utilize external cameras to
acquire the pose of an aircraft from its 2D projected images.

Among the on-board vision methods, a binocular stereovision model established by Chen et al. [7]
used stereo vision and the RANSAC (RANdom SAmple Consensus) algorithm to measure the pose
of a non-cooperative target. Li et al. [8] used parallel binocular cameras to estimate the pose of a
non-cooperative target based on stereo matching and 3D restructuring. Zhang et al. [9,10] proposed
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optimization-based methods to estimate the relative pose using stereo cameras, and the geometric
structure of the non-cooperative target was exploited to improve the accuracy. Deng et al. [11]
implemented an on-board binocular vision-based system to estimate the pose of Unmanned Aerial
Vehicles (UAVs) for autonomous aerial refueling. Zhuang et al. [12] used the line features of the
airport and the monocular camera on board to provide pose information for UAV autonomous landing.
Benini et al. [13] estimated the pose of a UAV by detecting a marker composed of known circles for
autonomous takeoff and landing. For scenes without known landmarks, the structure from motion
(SFM) [14–16] method or the simultaneous localization and mapping (SLAM) [17,18] method can be
leveraged to estimate the relative pose for aircraft navigation. A sequence of images is processed in
these techniques, and a Kalman filter [19,20] is often used to reduce the pose error.

For external vision methods, the aircraft’s pose is often estimated using its 2D projected images
captured by external imaging devices. Monocular cameras are widely used in external vison systems
because the distance between aircraft and cameras is usually large. It is hard to estimate a 3D pose
from a single 2D image without prior information such as 3D models of aircraft, synthetic aircraft
image datasets, or acquired image sequences. Considering that pose estimation using complete
aircraft models viewed from all aspects is storage- and time-consuming, feature extraction and pattern
matching methods are proposed to reduce the dimension of pose estimation.

Hmam et al. [21] recognized aircraft based on a geometry-based reasoning system, and a generic
model description of the aircraft was used for pose estimation. Wang et al. [22] combined a mathematical
morphological algorithm and the Radon transform to extract the aircraft’s structure and used the
average value of ordinary aircraft as a reference to calculate 3D pose parameters from 2D images.
The use of a generic model of aircraft makes these algorithms more efficient and flexible, but this also
leads to a reduction in the accuracy and robustness of pose estimation.

Breuers and Reus [23] used a Fourier-descriptor-based algorithm to estimate aircraft pose
information. The method computes a Fourier descriptor to characterize the aircraft contour, and the
pose information is estimated by comparing this Fourier descriptor to a reference database. Fu et al. [24]
estimated the relative pose parameters of aircraft based on a contour model. The method first acquires
2D projections of a 3D model from different views and establishes a database; then, contour matching
is employed to derive relative pose parameters. Wang et al. [25] estimated the pose of commercial
aircraft in a runway end safety area using geometry structure features. This image-based method
obtains aircraft pose information using the central moments of extracted geometry structure features
and identifies an aircraft’s particular pose by a two-step feature matching strategy. Yuan et al. [26]
proposed an aircraft pose recognition method based on locally linear embedding (LLE). In this method,
LLE is applied for feature extraction and dimension reduction, and aircraft pose is recognized by
propagation neural networks and nearest-neighbor algorithms. Although these methods reduce the
complexity of the problem by feature extraction and pattern matching, 3D models of different aircraft
are still needed, and a large amount of high-quality training data is necessary for pattern recognition
to achieve accurate pose estimation, which reduces the flexibility and efficiency.

While there are a lot of features related to geometric structure to describe the pose information
of aircraft, many of them were proposed for swept wing aircraft. Methods for straight wing aircraft
structure extraction [27] and pose estimation are seldom addressed, despite the fact that the straight
wing and its variants are the most common wing planform for low-speed aircraft [28]. With the rapid
development of high-altitude long-endurance (HALE) UAVs, which often adopt a large-aspect-ratio
straight wing design in order to increase lift [29,30], pose estimation of straight wing aircraft is of
great importance.

In this article, we use a vision system located on the ground to estimate the pose of model-unknown
straight wing aircraft. The vision system needs at least two monocular cameras to estimate the 3D
pose. There are usually multiple cameras distributed in the flight test site or airport area, which allows
our method’s requirements to be easily met. Compared to methods which rely on the use of 3D
models and/or classifiers, only two 2D images obtained at the same time and some prior assumptions
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are explored in our approach to achieve accurate pose estimation for straight wing aircraft. We first
identify the orientation of the fuselage and wings in an image pair using consistent line clustering;
then, the planes intersection method is used to calculate the 3D pose information of the aircraft.

In the application scenario of this article, the dual-station photoelectric theodolite at a flight
test site was used to estimate the absolute pose of an aircraft. The photoelectric theodolite tracks
the aircraft, captures a sequence of images, and records the camera pose for every image frame.
The image pair captured by the dual-station photoelectric theodolite was used to estimate the pose
of the aircraft. To improve the measurement range and accuracy, two photoelectric theodolites with
large baseline were selected and distributed on both sides of aircraft trajectory. Because of the large
baseline and long-distance measurement, it is very difficult to obtain corresponding invariant features,
and self-occlusion at certain angles would make feature matching more unreliable. In order to identify
the main structure (fuselage and wings) of the aircraft in image pairs efficiently and robustly, the general
geometry features of straight wing aircraft were analyzed.

In our method, line features extracted by the line segment detector (LSD) algorithm are used to
describe the structure of the aircraft. The spatial and length consistency of line features is exploited
to eliminate the disturbance of the background and unrelated parts of the aircraft, and parallel line
segments are grouped into orientation-consistent clusters which represent the structure of the straight
wing aircraft. To extract the aircraft’s structure accurately and robustly, a density-based clustering
method is adopted according to the characteristics of the data. Mean shift and image moment methods
are also used to improve the localization accuracy of the aircraft’s center in images. After recognizing
the main structure of the straight wing aircraft in 2D images, the planes intersection method is used
to determine the 3D pose. Our algorithm provides a universal framework to estimate the 3D pose of
straight wing aircraft without relying on 3D models, cooperative markers, or other datasets.

The remainder of the paper is organized as follows: Section 2 introduces the coordinate system
definition. Our pose estimation algorithm is explained in detail in Section 3. In Section 4, the experimental
results of structure extraction and pose estimation are presented to validate our algorithm. Finally,
Section 5 concludes this article.

2. Coordinate System Definition

In this section, we define several coordinate systems related to pose estimation. There are three
major coordinate systems which are shown in Figure 1.

The world coordinate system (see Figure 1a) helps us track the aircraft and determine its position
and attitude. We used the East-North-Up (ENU) coordinate system as the world frame.

The camera coordinate system, shown in Figure 1b, is attached to a camera which tracks the
aircraft in the image plane. The origin of the camera frame is located at the optical center of the camera;
the x axis is parallel to the horizontal axis of the image plane in the right direction, and the z axis is
the optical axis of the camera in the right-handed coordinate system. Two cameras are used in our
algorithm and are calibrated with respect to the world coordinate system; their poses are known for
each image frame they record.

For the body coordinate system of straight wing aircraft shown in Figure 1c, the origin is located at
the center of the aircraft. The x axis points along the fuselage reference line; the y axis is perpendicular
to the fuselage plane of symmetry, directed to the right; and the z axis is perpendicular to the plane
where the fuselage and wings are located in the right-handed coordinate system. For a straight wing or
its variants, the wing edge lines are approximately parallel to each other, while line segments along the
fuselage are approximately parallel to the fuselage reference line. Based on these geometry structure
features, our pose estimation algorithm extracts the orientation of the fuselage reference line and
the wing axis from which we can determine the orientation of the body coordinate axes of straight
wing aircraft.

23



Sensors 2019, 19, 342

  
(a) (b) 

 
(c) 

Figure 1. Coordinate systems: (a) World frame; (b) Camera frame; (c) Body frame.

3. Pose Estimation Algorithm

The pose of an aircraft is represented by the transformation using a rotation matrix and translation
vector which transform points in the body coordinate frame into points in the world coordinate frame.
Our algorithm acquires the 3D pose information of an aircraft by determining the orientation of the
body coordinate axes and the position of the body coordinate frame origin with respect to the world
coordinate frame.

Our pose estimation algorithm first extracts the orientation of the fuselage and the wings in 2D
image pairs, then uses plane–plane intersection to determine the 3D pose of the straight wing aircraft.
The 2D pose information acquired by the structure extraction method is used as input to the planes
intersection method to acquire the 3D pose of the aircraft. In the process of pose estimation, the initial
pose information of the aircraft is needed to avoid ambiguity. In the following sections, the structure
extraction and planes intersection methods will be explained in detail.

3.1. Structure Extraction Method

We propose a novel structure extraction method to identify the orientation of the fuselage and
wings of straight wing aircraft in a 2D image without needing 3D models or other datasets. Due to the
long-range imaging of the aircraft, reliable feature point correspondence is difficult to obtain, especially
with ambiguities, extreme poses, or self-occlusions. To obtain the 2D pose information accurately and
robustly, we use line features to describe the structure of the aircraft; line features are usually more
accurate and robust than feature points in our application scenarios and also adapt to self-occlusions
to some extent.

The geometric relations between line features are exploited to recognize the main structure of the
aircraft. The most important geometric constraints used in our algorithm are the parallel constraints:

1. Line features distributed along the wing axis are approximately parallel to each other;
2. Line features along the fuselage reference line are approximately parallel to each other.
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In addition, line features are concentrated in the area of the aircraft, and the lengths of line features
on the main structure (fuselage and wings) of the aircraft are often larger than those on other parts of
the aircraft. The main idea of our structure extraction method is to cluster line features based on these
geometry constraints to acquire an accurate and robust estimation of the orientation of the aircraft’s
main structure.

3.1.1. Line Feature Extraction

The state-of-the-art line segment detector (LSD) algorithm is utilized here to extract line features.
The LSD algorithm, introduced by Gioi et al. [31], is a linear-time line segment detector giving results
to subpixel accuracy, and a comparative study of line extraction methods by Zhang et al. [32] revealed
that LSD is an optimal algorithm at different scales, blur degrees, and illumination. We detected 2D
line segments using the LSD algorithm in an image to describe the structure of a straight wing aircraft.
The result of the line feature extraction is shown in Figure 2a, where red line segments represent the
detected line features. We denote the set of detected line segments as SL.

  
(a) (b) 

 
(c) 

Figure 2. The results of line feature extraction and line clustering based on spatial and length
consistency: (a) Line feature extraction; (b) Spatially consistent line clustering; (c) Length-consistent
line clustering.

3.1.2. Spatially Consistent Line Clustering

Our algorithm is performed under the condition that the photographic image only contain one
aircraft, which is common in actual application scenarios such as flight test, landing, or taking off.
As the aircraft is a salient object in the image, detected line segments will be concentrated in the
region of the aircraft and close to each other compared to irrelevant line segments, i.e., the density of
line segments in the aircraft’s region is very high. Based on the location constraint of line segments,
we performed spatially consistent line clustering to identify the center of the aircraft and rule out
irrelevant line segments caused by the background.

We used the mean shift [33] algorithm to identify the center of the aircraft. Mean shift is a
procedure for locating the maxima of a density function given discrete data sampled from that function.
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It is useful for detecting the modes of this density, which indicate the spatial consistency of line
segments. The set of detected line segments SL was used as the input of the mean shift algorithm,
and a Gaussian kernel K on the distance was used to determine the weight for re-estimation of the
center. An image pixel x on a line segment which belongs to SL is represented by (x, y) where x and y
are the horizontal and vertical coordinates of the pixel, respectively. The clustering center obtained by
the mean shift algorithm is considered the aircraft’s center. The kernel function K and the weighted
mean m(x) of the density can be represented as follows:

K(xi − x) = e−c‖xi−x‖2

m(x) = (∑xi∈n(x) K(xi − x) · xi) · (∑xi∈n(x) K(xi − x))−1 (1)

where c is the weight of the kernel function and n(x) represents the neighborhood of point x.
After determining the center of the aircraft, line segments within a certain distance of the clustering
center are considered to belong to the aircraft, and other line segments are removed. Figure 2b shows
the result of spatially consistent line clustering. The green cross in Figure 2b represents the cluster
centroid of the mean shift, and red line segments indicate the reserved line features which are close to
the estimated aircraft’s center. As we can see, many line segments which do not belong to the aircraft
are rejected by spatially consistent line clustering.

The centroid of the aircraft can also be calculated via image moments, which is given by

x̃m =

N
∑

i=1
xi

N
ỹm =

N
∑

i=1
yi

N
. (2)

Here, (x̃m, ỹm) is the image coordinates of the aircraft’s center obtained by the image moment
method, and N represents the number of pixels on the line segments. Although the image moment
method can identify the centroid of SL without iteration, it is difficult to obtain the actual center of the
aircraft robustly against a cluttered background. Figure 3 shows a comparison of the results of the
image moment method and the mean shift algorithm, in which the estimated centroids of the aircraft
are indicated by green crosses. The extracted 2D line features (red line segments in Figure 3) were used
as the input of both methods. As we can see from Figure 3a, the result of the image moment method
deviates from the actual center of the aircraft because of disturbance from the background, while the
mean shift algorithm obtained a more accurate aircraft center and is partly resistant to a cluttered
background. In the case of a cluttered background, the mean shift algorithm will be used to identify
the center of the aircraft, and spatially consistent clustering provides an initial position estimation of
the aircraft’s center which is then updated in the parallel line clustering.

  
(a) (b) 

Figure 3. A comparison of the results of the methods: (a) Image moment method; (b) Mean
shift algorithm.
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3.1.3. Length-Consistent Line Clustering

Although many noisy line segments are removed by spatially consistent line clustering, there are
still some irrelevant line segments, as shown in Figure 2b. In this section, we use a length consistency
criterion to further rule out irrelevant line segments. As the aircraft’s main structure (fuselage and
wings) is usually larger than other parts such as tail or nose, line segments shorter than a certain
threshold can be removed from the set of line segments. As the length of a line segment decreases,
the uncertainty of its direction increases, i.e., a small position error of the endpoint causes greater
direction error for shorter line segments. Excluding shorter line segments would improve the accuracy
of 2D pose estimation in the following parallel line clustering.

The result of length-consistent line clustering is shown in Figure 2c. Compared to Figure 2b,
the irrelevant line segments are excluded further, which is of benefit for the following clustering.

3.1.4. Parallel Line Clustering

Parallel line clustering is the key step in the structure extraction algorithm and can acquire the
directions of the fuselage and wings without relying on 3D models, other datasets, or cooperative
markers. Line segments with similar directions are divided into one orientation-consistent line cluster.
In the parallel line clustering process, the direction of a line segment is represented by the angle
θi between the straight line that it belongs to and the horizontal axis of the image plane. The set
of directions of line segments Θ = {θ1, θ2, . . . , θN} is used as input to the parallel line clustering.
The directions of the fuselage and the wings are denoted θ f and θw respectively.

Weak perspective projection (scaled orthographic projection) is employed in parallel line
clustering. As the size of the aircraft is small compared with its distance to the optical center along
the optical axis, weak perspective approximation is valid. If line segments on the aircraft are parallel
to each other in 3D space (the world frame), then this geometry feature of the corresponding line
segments projected into the image plane remains unchanged under weak perspective projection.

For straight wing aircraft, line segments distributed along the wings are roughly parallel to each
other, and angle values of these line segments are tightly concentrated around θw (small standard
deviation), while angle values of line segments along the fuselage are concentrated around θ f .
The directions of the fuselage and the wings can be extracted by clustering the high-density regions
of Θ. According to the orientation feature of the line segments, a density-based clustering algorithm,
density-based spatial clustering of application with noise (DBSCAN) [34], was used to group the
parallel line segments into one orientation-consistent cluster containing the orientation information of
the fuselage or the wings.

The data points used in DBSCAN clustering are the directions of line segments θi. There are two
parameters required to be specified in the DBSCAN algorithm, both of which are used to measure
the density of data points. The first parameter is a distance threshold ε within which two data points
close to each other will be grouped into one cluster. The distance threshold is the absolute difference
between angle values in our algorithm. The second parameter is the minimum number of data points
minPts needed to form an orientation-consistent cluster. Based on these two parameters, the data
points are classified into three types, as shown in Figure 4:

• Core points: If a data point’s ε neighborhood contains at least minPts points, it is a core point (red
points in Figure 4);

• Border points: If a data point’s ε neighborhood contains fewer than minPts points, but it is
reachable from a certain core point (as indicated by one-way arrows in Figure 4), it is a border
point (yellow points in Figure 4, the edge of a cluster);

• Noise points: If a data point is neither a core point nor a border point, it is a noise point (blue
points in Figure 4).
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Figure 4. The explanation of the density-based spatial clustering of application with noise (DBSCAN)
algorithm: the red points represent the core points, the yellow points represent the border points,
and the blue points represent the noise points. The radius of the circle represents the distance threshold.

The steps of the DBSCAN algorithm used for parallel line clustering are briefly described
as follows:

1. For every data point θi, search points in its ε neighborhood and use minPts to determine the core
points in the set Θ.

2. Ignore all non-core points and group core points into parallel line clusters based on the connected
components on the neighborhood graph (as indicated by two-way arrows in Figure 4).

3. For every non-core point, if it is in the ε neighborhood of a cluster, it is the border point of the
cluster; otherwise, it is a noise point.

In contrast to traditional clustering methods such as k-means++ [35], the DBSCAN algorithm
does not need to specify the number of clusters in advance and is robust to outliers. It forms clusters
based solely on the spatial density of the data. The two orientation-consistent clusters with minimum
interclass variance represent the structure of the fuselage and the wings which contain the orientation
information of the aircraft in the image. The directions of the fuselage and the wings are obtained by
extracting the centers of the parallel line clusters.

In our method, the directions of the fuselage and the wings are distinguished based on an initial
pose constraint. The approximate orientation of the aircraft needs to be specified in the initial frame of
the image sequence to avoid ambiguity and to help identify the actual pose of the aircraft. With this
condition, the directions of the fuselage and the wings can be distinguished in the initial frame, and the
orientation information of the current frame will be used in the next frame. In the application scenarios
of our algorithm, such as take-off, landing, or flight testing, this condition is easily met. In practice,
the pitch angle (or the yaw angle) and the roll angle of the aircraft are provided, or the approximate
positions of the nose and one wing tip are marked in one image of the initial image pair.

After obtaining the orientation-consistent clusters, irrelevant line segments are removed from the
set SL, and the position of the aircraft’s center is then re-estimated from the set SL based on the image
moment method. Since only line segments on the main structure of the aircraft are left, it is possible to
identify the center of the aircraft with higher precision.

The results of parallel line clustering are shown in Figure 5. As shown in Figure 5a, the red
straight lines indicate the directions of the fuselage and the wings, and the green cross indicates the
estimated centroid of the aircraft. The directions of the fuselage and the wings were correctly extracted
by parallel line clustering. However, in Figure 5b, there is only one cluster with enough parallel line
segments for this extreme pose. In this case, the direction of only the fuselage or the wings can be
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acquired by parallel line clustering, and the unknown direction needed for pose estimation is replaced
by the corresponding orientation information of the previous frame.

  
(a) (b) 

Figure 5. The results of parallel line clustering. (a) The directions of the fuselage and the wings are
extracted correctly; (b) The direction of the wings cannot be extracted for this extreme pose.

3.2. Planes Intersection Method

After the structure extraction method determines the pixel coordinates of the aircraft’s center and
the directions of the fuselage and the wings in an image pair, the planes intersection method is used to
estimate the 3D pose of the aircraft.

Two cameras were used in the intersection measurement and are indicated by their projection
matrices P1 and P2. The camera projection matrices are of the form

P1 = K1[R1|t1] P2 = K2[R2|t2] (3)

where Ki (i = 1, 2) is the camera intrinsic matrix of the camera, and Ri and ti represent the rotation
and translation, respectively, of the corresponding camera with respect to the world frame. We assume
that the cameras are calibrated with respect to the world frame and that the Pi are known.

The camera model is represented as
zx = PiX (4)

where X = (X, Y, Z, 1)T is the world coordinates and x = (u, v, 1)T is the image coordinates of X.
As weak perspective projection is employed, z is a positive constant.

The image pair captured by the two cameras at the same time is denoted 〈I1, I2〉. The center
of the aircraft obtained by the structure extraction method in the image Ii (i = 1, 2) is represented
as ACi = (xi, yi) where xi and yi are the horizontal and vertical coordinates of the image, and the
directions of the fuselage and the wings are represented as θ

f
i and θw

i , respectively.
Figure 6 explains the geometric constraint of the planes intersection method. As shown in Figure 6,

the two cameras are indicated by their optical centers C1 and C2 and by image planes. The 3D line in
the world coordinate system is represented as L, which is the line of intersection of the two planes π1

and π2; li (i = 1, 2) is the projected line of L in the image plane; and the plane πi is determined by the
line L and the optical center Ci. Let the normalized vector V of L represent the direction of the fuselage
or the wings; the planes intersection method estimates the 3D attitude of the aircraft by obtaining the
solution of V.
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Figure 6. Geometric constraint of plane–plane intersection.

The projected line li in the image plane is identified by ACi and θ
f
i (or θw

i ); an analytical expression
of li is

aiu + biv + ci = 0. (5)

Equation (5) can be represented in vector form as the following:[
ai bi ci

]
x = 0. (6)

By substituting Equation (6) into Equation (4) for each camera, we obtain

z
[

ai bi ci

]
x =
[

ai bi ci

]
PiX = 0, (7)

and the plane πi can be expressed as

[ Ai Bi Ci D i]X = 0
⇀
n i =

[
Ai Bi Ci

] (8)

where
⇀
n i is the normalized vector of the plane πi. Note that Equations (7) and (8) have the same form,

and
[

ai bi ci

]
Pi is already known; the normalized vector

⇀
n i is derived from Equations (7) and (8).

After we obtain the normalized vectors
⇀
n1 and

⇀
n2, the normalized vector V which contains the

orientation information of the aircraft is solved as follows:

V =
⇀
n1 ×

⇀
n2. (9)

As the 3D line L can be parametrized in the world coordinate frame by the two planes π1 and
π2 as a 2 × 4 matrix, let L f be the 3D line parallel to the fuselage reference line and Lw be the 3D
line parallel to the wing edge lines. The point of intersection of L f and Lw is the center of the aircraft.
By calculating the respective normalized vectors of L f and Lw using Equation (9), we can obtain the 3D
attitude of the straight wing aircraft. The rotation matrix is calculated by singular value decomposition,
and the initial pose constraint is used to avoid reflective ambiguity. In order to obtain the world
coordinates of the point of intersection of L f and Lw, which determine the 3D position of the aircraft,
overdetermined equations are established as follows.

AX = 0

A =

[
L f
Lw

]
(10)
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Here, A is a 4 × 4 matrix and X represents the point of intersection of the two lines (the translation
vector). The overdetermined equations AX = 0 can be solved by singular value decomposition, and the
solution is the singular vector corresponding to the smallest singular value of A. Before solving the
overdetermined equations, an optimal estimator for the center point based on the epipolar constraint
can be used to reduce the geometric error [36].

The 3D attitude of the aircraft is determined by the normalized vectors of L f and Lw, and the 3D
position of the aircraft is determined by the point of intersection X of the two lines. As we assume
that L f and Lw are coplanar in our pose estimation algorithm, the ambiguity will occur during the
process of pose estimation, and the initial pose constraint will be used to determine the unique solution.
Based on the results of the structure extraction method, the planes intersection method can acquire the
3D pose of the straight wing aircraft. Moreover, our pose estimation algorithm can easily be extended
to multiple camera views.

3.3. Algorithm Summary

In this section, we summarize the whole pose estimation algorithm as is shown in Algorithm 1.

Algorithm 1: Pose estimation based on consistent line clustering and planes intersection

Input: The image pair 〈I1, I2〉, the two camera matrices P1, P2, and the initial pose constraint.
Output: The 3D position and 3D attitude of the straight wing aircraft.
Step 1 Extract line features in image pairs using the LSD algorithm;
Step 2 Locate the center of the aircraft in the 2D images and cluster spatially consistent line segments;
Step 3 Rule out line segments shorter than a certain threshold;

Step 4
Classify line segments into orientation-consistent clusters, extract the directions of the fuselage
and the wings in the image pair, and re-estimate the center of the aircraft;

Step 5 Calculate the 3D attitude and 3D location using the plane–plane intersection method.

The flowchart of the algorithm is shown in Figure 7.

Figure 7. The flowchart of our pose estimation algorithm.

4. Experiments and Results

Experiments were performed to validate the effectiveness and accuracy of the proposed structure
extraction and pose estimation methods. Real images of different straight wing aircraft downloaded
from the Internet were used to demonstrate the effectiveness and universality of the structure extraction
method, and simulated images of straight wing aircraft were exploited to evaluate the accuracy of our
pose estimation algorithm. Our method was implemented using MATLAB on a laptop equipped with
an Intel Core i7 CPU with a 2.80 GHz processor and 8.00 GB of RAM.
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4.1. Experimental Results of Structure Extraction

The qualitative evaluation of our structure extraction method was performed using real images
downloaded from the Internet. A total of 60 images of different sizes were downloaded and used in
the experiment. Each image contains one aircraft whose planform is the straight wing or its variant,
and the structure extraction method was used to identify the orientation of the aircraft’s main structure
in a single 2D image. Among these images, some are challenging for structure extraction since they
contain a cluttered background, other objects, random noise, or perspective effects.

In the experiment, the directions of the fuselage and the wings in 51 of the 60 images were correctly
identified. Figure 8 shows some of the results of structure extraction. As we can see, our structure
extraction algorithm can be applied flexibly to different types of straight wing aircraft without needing
3D models of aircraft or other datasets, and it can also deal with different aircraft poses effectively
and robustly extract the main structure under self-occlusion or a cluttered background. Moreover,
the parallel assumption does not need to hold strictly. Even if perspective effects exist or the line
segments are not strictly parallel to each other, our algorithm can still recognize the main structure of
the aircraft.

 

Figure 8. Results of the structure extraction method.

While the algorithm achieved good results in most downloaded images, Figure 9 shows some
cases in which our structure extraction method obtained incorrect results. There are two main reasons
for these incorrect results:

1. The structure of the aircraft (fuselage or wings) does not satisfy the assumption of parallel line
clustering, i.e., the line segments distributed along this structure are not parallel to each other in
the image (see row 1, Figure 9).

2. Some parts of the aircraft (tail or external mounts) or the background affect the consistent line
clustering (see row 2, Figure 9).

Changing weather or light conditions may also affect the success rate of our algorithm. When the
weather condition or brightness/darkness level changes, the edges of the aircraft’s main structure may
be blurred during image acquisition, and unreliable line features will be detected. Changing weather
or light conditions may affect the accuracy and robustness of the line feature detection, which in
turn disturbs the consistent line clustering results and reduces the accuracy and success rate of our
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algorithm. In our method, the LSD algorithm used to detect line features can adapt to optical blur and
illumination changes to some extent.

 

Figure 9. Some incorrect results from our structure extraction algorithm.

The situations shown in Figure 9 are uncommon in our application scenarios, and despite the
fact that our algorithm is mainly for estimating the pose of a straight wing aircraft at long distance,
the experimental results show that the proposed algorithm is able to recognize the aircraft’s main
structure robustly even at close range.

4.2. Experimental Results of Pose Estimation

Simulated image pairs were used to test our pose estimation algorithm. Two models were used
in our experiment to simulate straight wing aircraft, as shown in Figure 10. These two models were
created using Autodesk 3ds Max [37], which is a professional 3D computer graphics program for
making 3D animations, models, and images. Model 1 (see Figure 10a) represents a general commercial
UAV with standard straight wings while Model 2 (see Figure 10b) is a full-size simulation of the
MQ-9 unmanned aircraft which has straight tapered wings (a variant of the standard straight wing).
The size of Model 1 is 3.4 m × 5.0 m × 0.7 m (length, width, height), and the size of Model 2 is
10.4 m × 24.8 m × 3.1 m (length, width, height).

  
(a) (b) 

Figure 10. Two aircraft models: (a) Model 1; (b) Model 2.

33



Sensors 2019, 19, 342

Two cameras in 3ds Max were used to simulate the dual-station photoelectric theodolite at the
flight test site. The internal parameters and spatial layouts of the cameras for aircraft pose estimation
are shown in Table 1. As we can see from Table 1, flight simulation scenarios were established for
Model 1 (Scene 1, see Table 1) and Model 2 (Scene 1, see Table 1).

Table 1. The internal parameters and spatial layouts of the cameras in Scene 1 and Scene 2.

Camera Focal Length Field of View Image Resolution Location (x,y,z)

Scene 1
1 70 mm 28.842◦ × 21.832◦ 1280 × 960 (−15 m,−25 m, 0)
2 75 mm 26.991◦ × 20.408◦ 1280 × 960 (−20 m, 30 m, 0)

Scene 2
1 300 mm 6.867◦ × 5.153◦ 1280 × 960 (350 m, 550 m, 30 m)
2 275 mm 7.49◦ × 5.621◦ 1280 × 960 (170 m,−390 m, 0)

In our simulation experiments, cameras with different internal parameters and spatial layouts
were used to test the performance of our algorithm, and the two cameras in the scene were located on
both sides of the aircraft trajectory. The location coordinates of the cameras were in the East-North-Up
(ENU) coordinate system. In Scene 1, the baseline between the two cameras was 55.23 m, while the
two cameras in Scene 2 had a baseline of 957.55 m. The image pairs were generated by the two
cameras in the scenes, and it is very difficult to obtain reliable feature correspondences in these
wide-baseline images.

In order to test the performance of our pose estimation algorithm on different poses in simulation
image pairs, we rotated Model 1 around the x, y, and z axes to simulate changes in the roll angle γ,
pitch angle ψ, and yaw angle ϕ, respectively. Table 2 shows the selected rotation angles (θx, θy, θz) of
Model 1, where θx represents the roll angle, θy represents the pitch angle, and θz represents the yaw
angle. As detailed in Table 2, 13 image pairs were generated for Model 1, and the selected angle range
was reasonable considering actual flight situations. The translation vector of Model 1 in Scene 1 was
Ttrue = (0, 0, 20 m).

Table 2. The selected rotation angles of Model 1 in Scene 1.

1 2 3 4 5 6 7 8 9 10 11 12 13

θx 0◦ 0◦ 0◦ 0◦ 0◦ 0◦ 0◦ 0◦ 0◦ 0◦ 0◦ −15◦ 15◦

θy 0◦ 0◦ 0◦ 0◦ 0◦ 0◦ 0◦ −30◦ 30◦ −15◦ 15◦ 0◦ 0◦

θz 0◦ −30◦ 30◦ −60◦ 60◦ −90◦ 90◦ 0◦ 0◦ 0◦ 0◦ 0◦ 0◦

For Model 2 in Scene 2, an aircraft trajectory was designed to simulate the flight. During the flight
simulation, the pitch angle of Model 2 varied from −15◦ to 15◦, the roll angle varied from −10◦ to 10◦,
and the translation vector was Ttrue = (x, 0, 200 m), where x ranged from 0 to 600 m. The simulated
flight path was rendered into 13 image pairs in steps of 50 m in Scene 2, and the rotation angles of each
step are shown in Table 3.

Table 3. The rotation angles of Model 2 in Scene 2.

1 2 3 4 5 6 7 8 9 10 11 12 13

θx 0◦ 0◦ 0◦ −10◦ −5◦ −5◦ 10◦ 0◦ 5◦ 5◦ 0◦ 0◦ 0◦

θy 0◦ 0◦ 0◦ 0◦ 15◦ 10◦ −5◦ 5◦ −5◦ 0◦ −15◦ −10◦ 0◦

θz 0◦ 0◦ 0◦ 0◦ 0◦ 0◦ 0◦ 0◦ 0◦ 0◦ 0◦ 0◦ 0◦

We used the 3ds Max rendering engine to generate the simulated image pairs of these two models;
these are shown in Figure 11a,b. In Figure 11a, the top row and the bottom row represent the simulated
images of Model 1 captured by Camera 1 and Camera 2, respectively, in Scene 1, and every column
represents an image pair captured at the same time. In Figure 11b, the top row and the bottom
row represent the simulated images of Model 2 captured by Camera 1 and Camera 2, respectively,
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in Scene 2, and every column represents an image pair captured at the same time. The rotation angles
(θx, θy, θz) of the aircraft in each shot are also displayed in Figure 11.

In order to make the simulation scenes more realistic, a sky background with clouds and different
types of natural light was also simulated (see Figure 11). As shown in Figure 11, the wide-baseline
image pairs contain aircraft with different scales, poses, and self-occlusion, and optical blur exists due
to long-range imaging. Under these challenging circumstances, a robust algorithm is needed to obtain
accurate pose information from a single image pair.

 
(a) 

 
(b) 

Figure 11. Examples of simulated image pairs generated by the 3ds Max rendering engine: (a) Image
pairs of Model 1; (b) Image pairs of Model 2.

Figure 12 presents the results of our structure extraction method on the simulated image pairs
shown in Figure 11. The directions of the fuselage and the wings are indicated by the red lines in
Figure 12. As we can see, the main structure of the aircraft was correctly extracted by our structure
extraction method, and the results further validate the performance of our method. The 3D pose of the
aircraft can be obtained effectively only when the 2D pose information in the image pair is extracted
robustly and accurately.

We compared our pose estimation algorithm with Li’s method [8] and pose estimation errors were
used to evaluate the algorithms. In Li’s method, the 3D pose of a non-cooperative target is estimated
by a stereo camera based on a triangulation method, and the feature points obtained by the line feature
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extraction are used for stereo matching and 3D reconstruction. The triangulation method is typically
applied to estimate 3D position in computer vision, and the pose estimation pipeline of Li’s method is
also widely used, so it was selected for comparison to validate our proposed method.

 
(a) 

 
(b) 

Figure 12. Structure extraction results on the simulated images: (a) Results on Model 1’s simulated
image pairs; (b) Results on Model 2’s simulated image pairs.

For the ground truth pose of the aircraft (Rtrue and Ttrue) and corresponding estimated pose (R̂
and T̂), the rotation error is calculated by errorrot = ‖θ̂− θtrue‖ where θ̂ and θtrue are the Euler angles
of R̂ and Rtrue, respectively, and the translation error is calculated by errortrans = ‖T̂ − Ttrue‖.

Since Li’s method can hardly obtain reliable feature matching results across these wide-baseline
views in our experiments, we manually removed mismatched features, selected correct matches in the
image pairs, and confirmed that there were enough corresponding feature points for pose estimation.
The 3D models are also used in Li’s method to obtain the absolute pose of the aircraft, while our
algorithm is model free and acquires the 3D pose information automatically.

Figure 13 shows the pose estimation errors of our algorithm and Li’s method for the simulated
images of Model 1. In Figure 13a, the rotation errors are presented, and the translation errors are
shown in Figure 13b. As we can see from Figure 13, the translation accuracy of our method is similar to
that of Li’s method, and our pose estimation method performs consistently better than the compared
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method in the estimation of the rotation angle. The rotation angle errors of our method are within 1◦,
the average rotation error is 0.47◦, and the average translation error is 177.91 mm.

  
(a) (b) 

Figure 13. Pose estimation errors for the simulated images of Model 1: (a) Rotation errors;
(b) Translation errors.

Figure 14 shows the pose estimation errors of our algorithm and the compared method for the
simulated images of Model 2. In Figure 14a, the rotation errors are presented, and the translation
errors are shown in Figure 14b. Model 2 is more complex than Model 1 and there is a greater imaging
distance in Scene 2, while our algorithm still achieves accurate and stable pose estimation results
compared to the results for Model 1. In Figure 14, the proposed method outperforms the compared
method in the estimation of the rotation angle and translation vector, which is due to the accuracy
and robustness of our structure extraction and planes intersection methods. The large fluctuations
in the result curves indicate that the triangulation process used in Li’s method is sensitive to various
errors. The triangulation method uses the intersection of two lines to estimate the 3D position;
with the measure distance increasing, the uncertainty increases, making the results more sensitive
to noise. The average rotation error of our method is 1.21◦, and the average translation error is
336.49 mm. The experimental results indicate that our method can extract the structure and estimate
the pose accurately.

  
(a) (b) 

Figure 14. Pose estimation errors for the simulated images of Model 2: (a) Rotation errors;
(b) Translation errors.
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In addition, our method is also efficient. We ran our method 1000 times and recorded the
execution time. The average execution time was 30.74 ms (including the structure extraction and
planes intersection methods), which means that our algorithm can estimate the 3D pose efficiently.

The simulation experiment results show that our algorithm estimates the pose of the straight
wing aircraft more accurately and robustly than does the compared method. Meanwhile, our method
is efficient and flexible and can be applied to different types of straight wing aircraft.

5. Conclusions

An accurate and robust pose estimation method for straight wing aircraft was proposed in this
paper. The geometry structure features of straight wing aircraft were utilized for structure extraction
and the pose information was acquired by the planes intersection method. Our method establishes
a universal framework for pose estimation of straight wing aircraft without relying on 3D models
or other datasets, unlike other existing methods, and can be extended to other targets with similar
geometric constraints. For an aircraft without similar geometric constraints to straight wing aircraft,
our proposed method is unable to extract its main structure robustly and accurately. In the case of
a swept wing aircraft, only the fuselage contains enough parallel lines can be detected effectively,
while the wings cannot be extracted accurately. Extending our algorithm to aircraft with different wing
planforms will be the focus of our future research.

Our method can also provide initial pose information for algorithms with higher precision
efficiently. For an image sequence captured during flight, our future work will also focus on using an
extended Kalman filter or particle filter to improve the accuracy of our algorithm.
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Abstract: The discriminative correlation filters-based methods struggle deal with the problem of
fast motion and heavy occlusion, the problem can severely degrade the performance of trackers,
ultimately leading to tracking failures. In this paper, a novel Motion-Aware Correlation Filters
(MACF) framework is proposed for online visual object tracking, where a motion-aware strategy
based on joint instantaneous motion estimation Kalman filters is integrated into the Discriminative
Correlation Filters (DCFs). The proposed motion-aware strategy is used to predict the possible region
and scale of the target in the current frame by utilizing the previous estimated 3D motion information.
Obviously, this strategy can prevent model drift caused by fast motion. On the base of the predicted
region and scale, the MACF detects the position and scale of the target by using the DCFs-based
method in the current frame. Furthermore, an adaptive model updating strategy is proposed to
address the problem of corrupted models caused by occlusions, where the learning rate is determined
by the confidence of the response map. The extensive experiments on popular Object Tracking
Benchmark OTB-100, OTB-50 and unmanned aerial vehicles (UAV) video have demonstrated that
the proposed MACF tracker performs better than most of the state-of-the-art trackers and achieves a
high real-time performance. In addition, the proposed approach can be integrated easily and flexibly
into other visual tracking algorithms.

Keywords: visual tracking; correlation filters; motion-aware; adaptive update strategy; confidence
response map

1. Introduction

Visual object tracking is one of the most popular fields in computer vision for its wide applications
including unmanned vehicles, video surveillance, UAV, and human-computer interaction, where the
goal is to estimate the locus of the object given only by an initial bounding box from the first frame in
the video stream [1]. Although significant progress has been achieved in recent decades, accurate and
robust online visual object tracking is still a challenging problem due to the parameters of fast motion,
scale variations, partial occlusions, illumination changes and background clutters [2].

In recent decades, visual object tracking has been widely studied by researchers resulting in a
large body of work. The most relevant works, which had been tested on the benchmark datasets of
OTB-50 [3], OTB-100 [4], and the Visual Object Tracking benchmarks of VOT-2014 [5], and VOT-2016 [6],
are discussed below.

In general, visual object tracking approaches can be broadly classified into two categories,
generative methods [7–13] and discriminative methods [14–25]. The generative methods use the
features extracted from the previous frame to establish the appearance model of the target, and
then search for the most similar region and locate the position of the target in the current frame.
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Robust Scale-Adaptive Mean-Shift for Tracking (ASMS) [8] and Distractor-Aware Tracker (DAT) [7]
are the two most representative trackers in generative methods. ASMS is a real-time algorithm using
the color histogram features for visual tracking where a scale estimation strategy is added to the
classical mean-shift framework. However, it is easily distracted by similar objects in the surroundings.
The improved method DAT is a distractor-aware tracking algorithm based on the color probabilistic
model of the foreground and the background. It uses the Bayesian method to determine the probability
of each pixel belonging to the foreground or background to suppress similar objects in the vicinity.
However, these methods make the trend of scale shrink for the use of color features where the edge
pixels are always overlooked. Meanwhile, the discriminative approaches which are also called as
‘track-by-detection methods’ are popular for their high accuracy, robustness, and real-time performance.
These methods employ machine-learning techniques to train classifiers by numbers of positive and
negative samples extracted from the previous frame, and then use the trained classifiers to find the
optimal area of the target and locate the position of the target. Among the discriminative approaches,
the Discriminative Correlation Filter-based (DCF-based) approach is one of the most popular approach.

1.1. DCF-Based Trackers

Lately, Discriminative Correlation Filters (DCFs) have been extensively applied to visual object
tracking in computer vision. It was introduced into the visual tracking fields by Bolme and colleagues
in the article visual object tracking using adaptive correlation filters [1]. It named by Minimum Output
Sum of Squared Error (MOSSE) which produced astonishing results with tracking speed reaching
about 700 Frames Per Second (FPS). Thereafter, numerous improved algorithms [14–17,26–28] based
on DCFs have been published with accurate and robust tracking results by sacrificing the tracking
speed. The DCF technique is a computationally efficient process in the frequency domain transformed
by fast Fourier transform (FFT) [1,29,30]. It is a supervised method for learning a linear classifier
or a linear regressor, which trains and updates DCFs online with only one real sample given by the
bounding box and various synthetic samples generated by cyclic shift windows. Then the trained
DCFs are used to detect the position and scale of the target in the subsequent frame.

Currently, DCF-based methods such as Discriminative Scale Space Tracking (DSST) [16],
Fast Discriminative Scale Space Tracking (FDSST) [16], and Spatially Regularized Discriminative
Correlation Filters (SRDCF) [26] have demonstrated excellent performance on the popular benchmarks
OTB-100 [4], VOT-2014 [5], and VOT-2016 [6]. The DSST trains separate translation and scale correlation
filters by the Histogram of Oriented Gradient (HOG) features. And the trained correlation filters
are used to respectively detect the position and scale of the target. Then the improved FDSST use
the principal component analysis (PCA) method to reduce the dimension of the features to speed up
the DSST. However, all these methods detect the target by exploiting a limited search region usually
smaller than the whole figure. Although it can reduce computational costs, it can result in tracking
failures when the target moves out of the search region due to fast motion or heavy occlusion.

Generally, to reduce the computation costs, the standard DCF-based method tracks the
target using a padding region which is several times larger than the target but with size limited.
In addition, it multiplies a cosine window with the same size of padding region to emphasize on the
target [1,14,16,17,26,31]. Despite its excellent properties, the DCF approach cannot detect the position
of the target correctly when the target moves to the boundaries of the padding region. Additionally,
it fails to track the target when the target moves out of the padding region due to fast motion or
heavy occlusion. The dilemma between a larger padding region which is more computationally
expensive and a smaller padding region which lacks the ability to track the target, significantly
influences the capabilities of the DCF methods. Furthermore, most of the state-of-the-art DCF-based
methods [7,16,17,26,27,32] estimate the scale of the target by using a limited number of scales of various
sizes. It results in scale tracking failures when the scale changes significantly due to the fast motion.
The dilemma between the exhaustive scale search strategies resulting in higher computational costs
and the finite number of scale estimation method leading to failures of scale estimation, severely
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reduced the robustness of the DCF algorithm. Resolving these two dilemmas are the main aims of the
present paper.

1.2. Solutions to the Problem of Fast Motion

To solve the dilemmas, a concise and efficient instantaneous motion estimation method (which is
implemented by the differential velocity and acceleration between frames) is applied to predict the
possible position and scale of the detected target. Nevertheless, the noises existing in the detected
results can dramatically affect the performance of this method. For eliminating the noises of the
detected results, we prefer to choose the optimal Kalman filter [33–37] which is a highly efficient
autoregressive filter. It can estimate the state of a dynamic system in a combination of many
uncertainties. In addition, it is a powerful and versatile tool which is appropriate for changing
constantly systems. In recent decades, Kalman filters have been widely used in the field of visual
object tracking due to the advantage of a small memory footprint (just retaining the previous state) and
computational efficiency. It is ideal for real-time problems and embedded systems [33,34,36,38–41],
which can improve the performance of trackers without sacrificing the real-time property.

1.3. Our Contributions

This paper, inspired by the works [16,42–45], proposes a novel Motion-Aware Correlation Filters
(MACF) visual tracker which aims to solve the two dilemmas described in Section 1.1. The proposed
approach initializes the joint instantaneous motion estimation Kalman filters by using the parameters
of the bounding box given by the first frame. Then the improved Kalman filters are used to predict the
probable position and scale of the target in the subsequent frame. This makes the target near the center
of the padding region which improves the robustness and accuracy of the tracker. The DCFs-based
tracker [16] is chosen as the fundamental framework to train correlation filters to detect the location
and scale of the target based on the predicted results. For the convenience of computation and
integration, the Kalman Filters are decomposed into two parts including a two-dimensional in-plane
motion estimation filter and a one-dimensional depth motion estimation filter [46]. In addition, a novel
function is proposed to compute the confidence of the response map to determine whether to update
the correlation filters. The lower the confidence score is, the higher probability the model is corrupted.
Hence, the score below the set threshold means that the target has been occluded or has changed
greatly. Then, the learning rate is reduced according to the confidence of the response map to overcome
the problem. In this paper, all the implementation and testing codes are all open source in the following
Github web: https://github.com/YijYang/MACF.git.

In summary, the main contributions of this paper include:

1. A novel tracking framework named MACF which corrects the padding region using motion cues
predicted by separated joint instantaneous motion estimation Kalman filters, one for in-plane
position prediction and the other for scale prediction;

2. An attractive confidence function of the response map to identify the situation where the target is
occluded or corrupted and an adaptive learning rate to prevent the model from being corrupted.

3. Qualitative and quantitative experiments on OTB-50, OTB-100 and UAV video have demonstrated
that our approach outperforms most of the state-of-the-art trackers.

2. The Reference Tracker

In this section, the reference framework of the FDSST tracker is introduced in detail. In contrast to
the FDSST, the proposed MACF tracker has been improved on this baseline tracker and achieved a
significant progress on the benchmarks as shown in Figure 1.
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Figure 1. The comparison of tracking results between our MACF tracker (in red) and the standard
FDSST tracker (in green) in three sequences on OTB-100 benchmark. Our tracker performs better than
FDSST in the example frames which are shown from the “Board” of fast motion (top row), “Gym1” of
scale change (middle row) and “Human4.2” of heavy occlusion (bottom row) videos.

The FDSST tracker is chosen as the baseline of the proposed MACF framework due to its
superior performance on VOT-2014. Unlike the other DCFs-based methods, the FDSST tracker learns
1-dimensional scale estimation correlation filters and 2-dimensional translation estimation correlation
filters separately, which is implemented by adjusting the feature extraction procedure only for each
case [16]. The objective function of correlation filter f can be denoted as follows including a response
score function (1) and an L2 error function (2) with t samples:

S f (x) =
d

∑
l=1

xl ∗ f l (1)

ε( f ) =
t

∑
k=1

∥∥∥S f (xk)− gk

∥∥∥2
+ λ

d

∑
i=1

∥∥∥ f l
∥∥∥2

(2)

where * denotes circular convolution operation and x denotes the HOG features extracted from the
target samples. In function (1), l indicates the l-dimensional HOG features and d represents the
total dimension of the HOG features. In function (2), the desired output gk presents a 2-dimentional
Gaussian function with the same size of f and x, and k denotes the k represents the kth sample of the
input. The second term in Equation (2) is a regularization term with a parameter λ (λ ≥ 0).

The function (2) is a linear least square problem which can be solved efficiently in frequency
domain transformed by FFT. Therefore, through minimizing the function (2), the final solution can be
computed by Equation (5), which is equivalent to solving a system of linear equations as follows:

Al
t = GFl (3)

Bt =
d

∑
k=1

Xk
t Xk

t + λ (4)
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Fl
t =

Al
t

Bt
, l = 1, 2, . . . , d (5)

where the capital letters denote the FFT and Ft denotes the correlation filter in the Fourier domain.
In Equations (3) and (4), At denotes the numerator of the filter, and Bt denotes the denominator of the
filter. The overbar of X denotes the complex conjugation of X.

For computational efficiency, the size of the filter Ft is the same as the padding region which
is twice the size of the bounding box. An optimal update strategy is utilized to the numerator At

in Equation (6) and the denominator Bt in Equation (7) of the filter Ft with a new sample feature Xt

as follows:
Al

t = (1 − η0)Al
t−1 + η0GFl (6)

Bt = (1 − η0)Bt−1 + η0

d

∑
k=1

Xk
t Xk

t (7)

where the scalar η0 is a parameter of the learning rate.
To detect the variations of position Pt and scale St of the target, the FDSST firstly learns a

2-dimensional DCF for position estimation and then learns a 1-dimensional DCF for scale estimation.
The responding scores yt for a new frame can be formulated by function (8).

yt = F−1

⎧⎪⎪⎪⎨⎪⎪⎪⎩
d
∑

l=1
Al

t−1Zl

Bt−1 + λ

⎫⎪⎪⎪⎬⎪⎪⎪⎭ (8)

where Zl denotes the l-dimensional HOG features extracted from the frame of pending detection.
F−1 represents the Inverse Fast Fourier Transform (IFFT). In Algorithm 1, the capital letter Yt,trans

denotes the response scores of translation model and Yt,scale denotes the response scores of scale model.
By computing the IFFT, the obtained spatial distribution of the response map is used to determine the
spatial location and scale of the target.

Consequently, the position or the scale of the target is determined by the maximal value of the
scores y of the corresponding DCFs. In addition, to ultimately reduce the computational costs, the
principal component analysis (PCA) method is utilized to decrease the dimension of Histogram of
Oriented Gradient (HOG) features. For further details see references [5,6].

3. Our Approach

In this section, two different approaches for motion estimation of the target is introduced,
including the instantaneous motion estimation method and Kalman Filters-based motion estimation
method. Then the proposed MACF framework is introduced in detail. Firstly, the Joint instantaneous
motion estimation Kalman filters for motion prediction are investigated. Secondly, an update scheme
with an adaptive learning rate to prevent the model corrupted by heavy occlusion or fast motion is
presented. Finally, the algorithm framework of MACF is described in Algorithm 1.

3.1. Instantaneous Motion Estimation between Three Adjacent Frames

A single scheme for incorporating motion estimation is to estimate instantaneous velocity and
acceleration between three contiguous frames as shown in Figure 2. Firstly, this method initializes
the parameters of position and scale to (x1, y1, s1), and sets the velocity and acceleration of the x-axis,
y-axis, and z-axis (vx1 , vy1 , vs1 ), (ax1 , ay1 , as1 ) to (0, 0, 0) in the first frame. Secondly, these parameters
are utilized to predict the possible region of the target by Equation (11) in the second frame. Then the
FDSST is used to detect the position (x2, y2) and the scale s2 of the target to update (vx2 , vy2 , vs2 ) by
function (9). In the third frame, the accelerations (ax2 , ay2 , as2 ) are updated by function (10). Finally,
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it continuously predicts and detects the location and scale of the target until the last frame of the
video stream. ⎧⎪⎨⎪⎩

vxt = xt − xt−1

vyt = yt − yt−1

vst = st − st−1

(9)

⎧⎪⎨⎪⎩
axt = vxt − vxt−1

ayt = vyt − vyt−1

ast = vst − vst−1

(10)

⎧⎪⎨⎪⎩
Pxt+1 = xt + vxt · Δt + 0.5 · axt · Δt2

Pyt+1 = yt + vyt · Δt + 0.5 · ayt · Δt2

Pst+1 = st + vst · Δt + 0.5 · ast · Δt2
(11)

where Δt denotes time step, Δt = 1 is used to facilitate the calculation, (x, y, s) denote the results of
detection, and (Px, Py, Ps) denote the results of the prediction.

However, this approach can be affected easily by the noise of the detected results. In addition, the
basic tracker FDSST has quite a fine scale detection. Hence, the error scale estimation, which is caused
by measurement noise, probably leads to tracking failures.

           

 

v (vx1, vy1, vs1) v (vx2, vy2, vs2)

P1(x1, y1, s1) P2(x2, y2, s2) P3(x3, y3, s3) 

a (ax1, ay1, as1) 

Figure 2. Illustrating of instantaneous motion estimation on the test sequence of UAV.

3.2. Kalman Filters-Based Motion Estimation

For high accuracy of the motion prediction, Kalman Filters serve as a strategy of motion
estimation [38,39]. Assuming that the motion model of the target is a constant acceleration model,
the motion model can be described by the linear stochastic differential functions as follows:

P(t) = AP(t − 1) + BM(t) + W(t) (12)

Z(t) = HP(t) + V(t) (13)

In the above two equations, P(t) is the target state of the t-th frame of the video sequence, and
M(t) is the motion model of the target in the t-th frame. In function (12), A and B are the parameters
of the motion model. In Formula (13), Z(t) is the measured value of the target state of the t-th frame
and H is the parameter of the measurement system. In the two equations, W(t) and V(t) represent the
process and measured noise respectively and they are assumed to be White Gaussian Noise. Their
covariances are Q and R which are assumed not to change with the system state. Q and R respectively
represent the confidence of the predicted value and the measured value. It can affect the weight of
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the predicted value and the measured value through affecting the value of the Kalman gain in the
Equation (16). When the value of R is larger, the confidence of the measured value is smaller.

3.2.1. Prediction

For a system which satisfies the above conditions, the Kalman Filter is the optimal information
processor. Firstly, the motion model of the target is used to separately predict the position and scale
of the target in the next state. Secondly, the current system state is t, the function (14) can be used to
predict the position or scale in the current state based on the previous state P(t − 1|t − 1) of the target.
Finally, the current covariance of C(t − 1|t − 1) can be updated by Equation (15).

P(t|t − 1) = AP(t − 1|t − 1) + BM(t) (14)

C(t|t − 1) = AC(t − 1|t − 1)A′ + Q (15)

where, P(t|t − 1) is the current predicted position or scale of the target, and P(t − 1|t − 1) is the result
of the previous state optimization. In Equation (15) C(t|t − 1) is the covariance corresponding to
P(t|t − 1) and C(t − 1|t − 1) is covariance corresponding to P(t − 1|t − 1). In formula (15), A′ denotes
the transpose matrix of A and Q is the covariance of the motion model which has been set in the
first frame.

3.2.2. Measurement and Correction

The position and scale of the target detected by FDSST mentioned in Section 3.1 is used as the
measurement value Z(t). Combined with the prediction result P(t|t − 1), the measurement value Z(t),
and the Kalman gain calculated by Equation (16), the optimal estimate of the current position P(t|t) is
achieved using Equation (17).

Kg(t) =
C(t|t − 1)H′

HC(t|t − 1)H′ + R
(16)

P(t|t) = P(t|t − 1) + Kg(t)[Z(t)− HP(t|t − 1)] (17)

where Kg(t) is the Kalman gain in current frame and H′ denotes the transpose matrix of H, and R
denotes the measuring error. In short, Q and R respectively represent the confidence of the predicted
value and the measured value and can affect the weight of the predicted value and the measured
value by affecting the value of the Kalman gain Kg(t). The larger the R, the less the confidence is the
measured value.

To keep the Kalman filter running until the last frame of the video streaming [47], the new
covariance of C(t|t) is updated by function (18).

C(t|t) = [I − Kg(t)H]C(t|t − 1) (18)

where, I is a unit matrix.

3.3. Motion-Aware in Our Framework

Assuming that White Gaussian Noises exist in the measured velocity and acceleration in
Equations (9) and (10), the measured results are utilized to predict the position of the target by a linear
Equation (11). Obviously, the predictions include the White Gaussian Noises which potentially result
in tracking failures. Therefore, the joint instantaneous motion estimation Kalman Filters are utilized
to filter out the noise of the predicting results. It means that the predicted values by Equation (11)
are taken as the observed input value of the Kalman filter and then output an optimal prediction by
Equation (17).
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Figure 3. Visualization of the separate translation and scale prediction and detection on the video
sequence of UAV. The previous position and scale are indicated by red bounding box, and the predicted
position and scale are denoted in green, and the detected position and scale are shown with blue
bounding box.

As mentioned in Section 3.2, the instantaneous motion estimation method is affected greatly by
the noise, but it can deal with the nonlinear motion model. However, the Kalman Filter filters out
the noises, but cannot solve the nonlinear motion model. Hence, for achieving the advantages of
both methods, the two methods are combined for Motion estimation of the target. Additionally, for
convenient and efficient computation, the optimal Kalman Filters are set up separately for position
and scale prediction as shown in Figure 3.

(I) The position prediction filter is responsible for the prediction of the target location and noise
filtering. First, motion parameters (vxt−1 , vyt−1 , axt−1 , ayt−1 ) are employed in the previous frame to
predict the translation PPt (Pxt, Pyt) of the target in the next frame through Equation (11). After that,
the two-dimensional Kalman position filter is utilized to eliminate the noises of the prediction by
function (17).

(II) The scale prediction filter is employed to predict accurately and reliably the scale of the target
by filtering noises. The prediction parameters (vxs−1 , ast−1 ) are first utilized in the front frame to predict
the scale Pst of the target in the following frame by Equation (11). Afterwards, the one-dimensional
Kalman scale filter is employed to remove the noises of the prediction by function (17).

3.4. Position and Scale Detection

The two-dimensional translation correlation filter Ft,trans of the FDSST (described in Section 3.1) is
used to detect the position of the target in a small padding region based on the filtered predictions.
Then, the results of detection (xt, yt) is utilized to update the in-plane motion model parameters
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(vxt , vyt , axt , ayt ) via Equations (9) and (10). Similarly, for estimating the scale of the target, the scale
correlation filter Ft,scale is utilized to correct the scale of the target on the foundation of the predicted
scale. Then, the estimated scale st is utilized to update the deep motion model parameters (vst , ast ) by
Equations (9) and (10).

 

(a) None Occluded          ( ) Response Map            (c) Squared Response Map 

    
(d) Slightly Occluded        (e) Response Map            (f) Squared Response Map 

APCE=10.79 CSRM=355.85, tr=0.95 

APCE=4.03 CSRM=97.04, tr=0.26 

     
(g) Heavily Occluded        (h) Response Map            (i) Squared Response Map 

APCE=3.09 CSRM=86.35, tr=0.23 

Figure 4. The Confidence of the Squared Response Map (CSRM) in the proposed MACF comparing
with the Average Peak-to-Correlation Energy (APCE) of the response map. The example frames are
from the sequence “Tiger1” on OTB-100 benchmark. The higher value of the CSMR, the more confident
the response map is. The value of parameter tr determine the adaptive learning rate which compute by
Equation (20). From the figure, the gap of CSMR is larger than APCE between the slightly occluded,
heavily occluded and none occluded target.

3.5. A Novel Model Update Strategy

After the study of Average Peak-to-Correlation Energy (APEC) in [42], a novel confidence
function (19) of the responding map is proposed in the MACF algorithm in this paper. In [42],
APEC is defined as APEC = Rmax/E(R), here, Rmax denotes the max value of the response scores,
and E(R) denotes the expected value of the response scores. APCE indicates the fluctuated degree of
response maps and the confidence level of the detected targets. Figure 4b,e,h illustrate that if the target
apparently appears in the detection scope, there is a sharper peak in the response map and the value
of APEC becomes smaller. On the contrary, if the object is occluded, the peak in response map appears
smoother, and the relative value of APEC becomes larger.

Unlike the APCE, the proposed method in this article squared the value of response map (the proof
is given in Appendix A) and then calculated the value of Confidence of Squared Response Map (CSRM).
CSRM stands for the fluctuated degree of the response maps and the confidence level of the detected
targets. The numerator of the CSRM represents the peak of the response map, and the denominator
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of CSRM represents the mean square value of the response map. Figure 4c,f,i illustrate that if the
target is not occluded or contaminated, the corresponding response map presents a sharp peak. It is
concluded that when the peak value is larger and the mean square value is smaller, and the result is
that the corresponding CSRM value is larger. On the contrary, if the target is occluded or contaminated,
the corresponding response map will present a smoother peak and even multiple peaks. It could be
concluded that when the peak value is smaller and the mean square value is larger, and the result is
that the corresponding CSRM value is smaller. This increases the gap between the confidence response
and the diffident response as shown in Figure 4, making it easier to find the threshold between them.
Consequently, a threshold is set to distinguish whether the target is occluded or contaminated and an
adaptive learning rate η is set by Equation (20) to prevent the model from being corrupted. In addition,
Equation (20) is effective and accurate for model learning which can be readily and neatly integrated
into DCF-based trackers to improve the tracking performance.

CSRMt =

∣∣R2
max − R2

min

∣∣2
1

MN

M
∑

i=1

N
∑

j=1

∣∣∣R2
ij − R2

min

∣∣∣2 (19)

⎧⎪⎪⎪⎨⎪⎪⎪⎩
trt =

CSRMt
CSRM0

ηt = η0, trt > tr0

ηt = η0 · trt, others

(20)

where, CSRM0 is the Confidence of the Squared Response Map in the initial frame where the response
is identified as the most confidence response, CSRMt is the confidence of the squared response map in
the t-th frame, and tr0 is the threshold to decide the learning rate. In Equation (19), the response map
R is a two-dimensional M ∗ N matrix.

Algorithm 1. MACF tracking algorithm

Input:

1: Image It.
2: Predicted target position PPt and scale Pst in previous frame.

Output:

1: Detected target position Pt and scale St in current frame.
2: Predicted target position PPt+1 and scale Pst+1 subsequent frame.

Loop:

1: Initialize the Translation model A1,trans, B1,trans and Scale model A1,scale, B1,scale in the first frame by
Equations (3) and (4), and initialize the Confidence of the Squared Response Map CSRM0 in the initial frame
by Equation (19).

2: for t ∈
[
2, t f

]
do.

3: Position detection and prediction:

4: Extract pending sample feature Zt,trans from It at PPt and Pst.
5: Compute correlation scores Yt,trans by Equation (8).
6: Set Pt to the target position that maximizes Yt,trans.
7: Predict the position PPt+1 of the target of subsequent frame by joint Equations (11) and (17).
8: Scale detection and prediction:

9: Extract pending sample feature Zt,scale from It at Pt and Pst.
10: Compute correlation scores Yt,scale by Equation (8).
11: Set St to the target scale that maximizes Yt,scale.
12: Predict the position Pst+1 of the target of subsequent frame by joint Equations (11) and (17).
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13: Model update:

14: Compute the Confidence of the Squared Response Map CSRMt in current frame by Equation (17).
15: Compute the adaptive learning rate ηt by Equation (18).
16: Extract sample features Xt,trans and Xt,scale from It at Pt and St.
17: Update motion parameters (vxt , vyt , vst ), (axt , ayt , ast ) by Equations (9) and (10).
18: Update Kalman filters by Equation (18).
19: Update the translation model At,trans, Bt,trans by adaptive learning rate ηt.
20: Update the scale model At,scale, Bt,scale by adaptive learning rate ηt.
21: Return Pt, and PPt+1, Pst+1.
22: end for.

4. Experiments and Results

In this section, firstly, the implement details and parameter settings are introduced clearly. Then
the comprehensive experiments have been tested on the popular benchmark OTB-50, OTB-100 and
UAV video, and the results have demonstrated that our MACF approach surpasses most of the
state-of-the-art methods.

4.1. Implement Details

All the methods compared in this paper are implemented in MATLAB R2016a, and all experiments
run on an INTEL i3-3110 CPU with 6 GB memory.

State-of-the-art trackers: for other trackers compared to our MACF tracker in this paper,
we follow the parameter settings in their papers.

Trackers proposed in this paper: Introduced in Section 3.1, the FDSST is employed as the basic
tracker. Thus, all parameters of FDSST remain the same as in the paper [16] except for the regularization
term λ, learning rate η, search region padding, and scale factor α. In our proposed trackers, the
regularization term parameter is set to λ = 0.02, the padding region is set to padding = 1.8, the scale
factor is set to a = 1.03 and the adaptive learning rate is calculated from Equation (20) with a threshold
tr0 = 0.6. For two-dimensional translation Kalman Filter, the covariances of motion and measured
noise in Equations (12) and (13) are set to Q = [25, 10, 1], R = 25. In the one-dimensional scale
Kalman Filter, the covariances are set to Q = [2.5, 1, 0.1], R = 2.5. However, there are some different
parameter settings about the adaptive learning rate enable parameter, the Kalman position filter enable
parameter, the Kalman scale filter enable parameter and the instantaneous motion estimation enable
parameter. As described in subsequent Section 4.2, in the proposed MACF tracker, these parameters
are respectively set to (1, 1, 1, 1). In the IME_CF tracker, these parameters are respectively set to (0, 0, 0,
1). In the KE_CF tracker, these parameters are respectively set to (0, 1, 1, 0). In the ALR_CF tracker,
these parameters are respectively set to (1, 0, 0, 0).

4.2. Ablation Experiments

To validate the effectiveness of the strategy proposed in this paper, an ablation experiment is
performed on OTB-50, and the MACF is compared with the standard FDSST introduced in Section 2,
based on instantaneous motion estimation CFs (IME_CF) discussed in Section 3.1, based on Kalman
filters CFs (KF_CF) described in Section 3.2 and based adaptive learning rate CFs (ALR_CF) proposed
in Section 3.5. Obviously, Table 1 indicates that the proposed schemes all achieved varying degrees
of the tracking performance improvement compared to the standard FDSST. Overall, the proposed
MACF achieves a gain of 2.3%, 4.8% and 4.1% in OPE, TRE and SRE, respectively, of LET at 20 pixels
and a gain of 1.7%, 1.4% and 2.9% in OPE, TRE and SRE, respectively, of OT at 0.5 compared to the
standard FDSST. Furthermore, the proposed MACF run at a real-time speed of 51 FPS in my i3-3110
CPU. However, the strategy of adaptive learning rate achieves the best results instead of our fused
MACF. That’s because motion-aware strategy is more suitable to track the target of fast motion in a
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gradient background. Nevertheless, most video sequences on OTB-50 dataset are with the background
of dramatic changes.

Table 1. The comparison of ablation results on OTB-50 dataset. Clearly, the success plots (SP) of one
pass evaluation (OPE), temporal robustness evaluation (TRE), and spatial robustness evaluation (SRE)
utilizing the location error threshold (LET) and the precision plots (PP) of OPE, TRE and SRE using
overlap threshold (OT) and the tracking speed are shown in the table below. And the best results are in
red and the second results are in blue.

Trackers
Precision Plots (AUC%) Success Plots (AUC%)

Speed (FPS)
OPE SRE TRE OPE SRE TRE

FDSST 62.8 55.6 60.8 50.6 44.2 53.0 49
IME_CF 63.7 58.6 63.3 52.6 46.7 53.7 48
KF_CF 64.5 59.3 65.5 54.4 46.9 54.0 46

ALR_CF 65.0 61.1 66.6 54.6 48.6 54.6 55
MACF 65.1 59.7 65.6 52.3 47.1 54.4 51

4.3. Experiment on OTB-50

OTB-50 is an influential benchmark with 50 sequences which are all labeled manually. Th proposed
MACF is evaluated on this dataset and compared to 11 state-of-the-art trackers from the works:
Tracking-Learning-Detection (TLD) [2], DSST [17], FDSST [16], Compressive Tracking (CT) [20],
exploiting the Circulant Structure of tracking-by-detection with Kernels (CSK) [21], high-speed tracking
with Kernelized Correlation Filters (KCF) [22], Long-term Correlation Tracking (LCT) [45], Locally
Orderless Tracking (LOT) [48], Least Soft-threshold Squares tracking (LSS) [49], robust visual tracking
via Multi-Task sparse learning (MIT) [50], Distribution Fields for Tracking (DFT) [19]. Only the ranks
for the top eight trackers are reported.

As is shown in Figure 5, the proposed MACF obtains the top ranks 51.5%, 61.9% and 65.2%
among the top eight trackers in 3 different attributes of occlusion, motion blur and fast motion and
significantly outperforms the standard FDSST. In other words, the proposed adaptive learning rate
scheme is accurate and robust for tracking when the target is occluded or blurred. Furthermore,
the proposed motion-aware strategy can effectively track the target of fast motion.

(a) The PP of OPE on attribute Occlusion. 

Figure 5. Cont.
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(b) The PP of OPE on attribute Motion Blur. 

(c) The PP of OPE on attribute Fast Motion 

Figure 5. The Precision Plots (PP) of One Pass Evaluation (OPE) on OTB-50 benchmark for the top
eight trackers determined by 3 different attributes: occlusion, motion blur and fast motion. Among the
top eight trackers our MACF obtains the best results on all 3 attributes.

Figure 6 and Table 2 show the SP of OPE, TRE, and SRE utilizing the LET. The PP of OPE, TRE and
SRE using OT with the total 50 sequences on OTB-50 are also shown in Figure 6. Generally, the
proposed MACF acquires the best results of the top eight trackers including 65.1%, 59.7% and 65.1% in
OPE, TRE and SRE, respectively, of LET at 20 pixels and 52.3%, 47.1% and 54.4% in OPE, SRE and TRE,
respectively, of OT at 0.5. Furthermore, the proposed MACF achieves a visibly gain of 4.3%, 4.1% and
2.3% in OPE, SRE and TRE, respectively, of LET at 20 pixels and a gain of 1.7%, 2.9% and 1.4% in OPE,
SRE and TRE, respectively, of OT at 0.5 compared to the standard FDSST.

Table 2. The Success Polts (SP) and Precision Plots (PP) of One Pass Evaluation (OPE) for the proposed
MACF and the other 7 top trackers on the OTB-50 dataset. The best results are highlighted in red and
the second results are highlighted in blue.

Trackers
OPE SRE TRE

SP (%) PP (%) SP (%) PP (%) SP (%) PP (%)

MACF 52.3 65.1 47.1 59.7 54.4 65.1
FDSST 50.6 60.8 44.2 55.6 53.0 62.8

LCT 49.3 61.3 44.0 57.4 52.9 63.0
DSST 47.0 58.5 44.0 56.1 53.8 64.6
KCF 43.9 59.7 40.1 54.7 49.0 61.8
CSK 36.5 47.0 33.2 43.2 43.4 53.7
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Table 2. Cont.

Trackers
OPE SRE TRE

SP (%) PP (%) SP (%) PP (%) SP (%) PP (%)

CT 25.4 32.1 26.1 33.6 29.0 36.7
DEF 26.4 32.3 25.4 32.3 33.1 39.4

 
(a) The Precision Plots of OPE (b) The Success Plots of OPE 

(c) The Precision Plots of SRE (d) The Success Plots of SRE 

 
(e) The Precision Plots of TRE (f) The Success Plots of TRE 

Figure 6. The Success Plots (SP) and Precision Plots (PP) of One Pass Evaluation (OPE), Temporal
Robustness Evaluation (TRE) and Spatial Robustness Evaluation (SRE) using by Overlap Threshold
(OT) and Location Error Threshold (LET) comparing MACF with the state-of-the-art trackers on OTB-50
benchmark. The ranks for the top 8 trackers are reported with the Area Under the Curve (AUC) marked
in brackets.

4.4. Experiment on OTB-100

OTB-100 is a more challenging benchmark with 100 sequences which are extended by OTB-50.
The proposed MACF is evaluated on this dataset and compared to 11 state-of-the-art trackers from
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the works: TLD [2], DSST [17], FDSST [16], CT [20], CSK [21], KCF [22], LCT [45], LOT [48], LSS [49],
MIT [50], DFT [19]. Only the ranks for the top eight trackers are reported.

Figure 7 shows SP of OPE, TRE, and SRE utilizing the LET. The PP of OPE, TRE and SRE using OT
with the whole 100 sequences on OTB-100 are shown in Figure 5 as well. Overall, the proposed MACF
obtain the top ranks of the top eight trackers including 69.6%, 69.5% and 64.1% in OPE, TRE and
SRE, respectively, of LET at 20 pixels and 56.6%, 58.1% and 50.4% in OPE, TRE and SRE, respectively,
of OT at 0.5. In addition, the proposed MACF achieves a gain of 1.9%, 0.7% and 1.8% in OPE, TRE
and SRE, respectively, of LET at 20 pixels and a gain of 0.5%, 0.5% and 1.7% in OPE, TRE and SRE,
respectively, of OT at 0.5 compared to the standard FDSST. However, compared to the experiment on
OTB-50, the gains go down due to the extent of 50 video sequences are more challenging with dynamic
background. Hence, the additional experiments are conducted on the UAV video in Section 4.6 to
validate the accurate and robust gains of the MACF on the video streams with static background.

Table 3 shows the PP of TRE for the top eight trackers determined by 11 different attributes.
Among the top eight trackers, the proposed MACF obtains the best results on 8 out of 11 attributes
of TRE. Table 4 shows the PP of OPE for the top eight trackers determined by 11 different attributes.
Of the top eight trackers the proposed MACF acquires the best ranks on 9 of the 11 attributes of OPE.
Table 5 demonstrates the PP of SRE for the top eight trackers determined by 11 different attributes.
Of the top eight trackers the proposed MACF achieves the best results on 7 out of 11 attributes of SRE.

Figure 8 qualitatively evaluates the representative frames from four videos successfully tracked by
the MACF compared to the top five trackers. From the example frames of Skater1 (the situation of fast
motion), it is obvious that the proposed MACF approach performs better than the other four trackers
during fast motion and it can be seen from the frames of “Human2” (the situation of occlusion),
“Human6” (the situation of occlusion and scale changing greatly), and “Tiger1” (the situation of
fast motion and occlusion), the proposed MACF approach is more accurate and robust of the five
state-of-the-art trackers when the target is occluded.

 
(a) The Precision Plots of OPE (b) The Success Plots of OPE 

 
(c) The Precision Plots of TRE (d) The Success Plots of TRE 

Figure 7. Cont.
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(e) The Precision Plots of SRE (f) The Success Plots of SRE 

Figure 7. The Success Plots (SP) and Precision Plots (PP) of One Pass Evaluation (OPE), Temporal
Robustness Evaluation (TRE) and Spatial Robustness Evaluation (SRE) using by Overlap Threshold
(OT) and Location Error Threshold (LET) comparing the MACF with the state-of-the-art trackers on
OTB-100 benchmark. In addition, the ranks for the top 8 trackers are reported with the Area Under the
Curve (AUC) marked in brackets.

Table 3. Success plots of Temporal Robustness Evaluation (TRE) for the MACF and the other 7 top
trackers on different attributes: scale variation (SV), illumination variation (IV), out-of-plane rotation
(OPR), occlusion (OCC), background cluttered (BC), deformation (DEF), motion blur (MB), fast motion
(FM), in-plane rotation (IPR), out-of-view (OV), and low resolution (LR). The last column is the Area
Under the Curve (AUC). The best results are in red and the second results are in blue.

Trackers SV IV OPR OCC BC DEF MB FM IPR OV LR AUC

MACF 64.6 68.4 64.9 65.6 70.8 64.3 62.1 61.0 65.8 55.6 72.1 69.5
FDSST 62.6 68.0 63.4 63.5 71.4 61.6 63.7 62.5 65.2 49.4 69.9 67.7

LCT 61.3 67.4 64.1 62.1 68.9 63.5 60.8 57.9 65.3 45.8 66.8 68.6
DSST 62.0 67.5 61.9 60.2 67.4 60.8 56.8 54.3 63.6 46.4 68.3 64.7
KCF 60.5 65.2 63.1 60.4 71.6 60.8 56.3 57.0 63.4 46.5 65.1 63.7
CSK 50.3 54.6 52.0 48.7 57.0 51.4 42.7 41.7 52.9 33.5 54.7 55.7
CT 38.4 35.8 40.9 38.2 38.3 39.9 22.9 25.9 39.9 31.8 49.3 38.7

DEF 38.9 43.5 46.1 43.5 47.6 45.7 35.2 34.9 45.3 29.4 41.6 46.0

Table 4. Success plots of One Pass Evaluation (OPE) for the MACF and the other 7 top trackers on
different attributes: SV, IV, OPR, OCC, BC, DEF, MB, FM, IPR, OV, and LR. The last column is the AUC.
The best results are in red and the second results are in blue.

Trackers SV IV OPR OCC BC DEF MB FM IPR OV LR AUC

MACF 66.2 71.8 65.5 63.5 72.6 62.5 63.6 63.9 67.0 57.3 65.2 69.6
FDSST 61.8 68.4 62.8 59.5 70.5 58.5 61.6 63.2 66.9 50.4 64.7 68.8

LCT 61.9 67.8 66.6 60.2 66.1 61.6 60.2 62.0 69.9 52.0 64.3 68.1
DSST 59.3 67.5 60.6 56.6 63.8 52.8 52.0 51.0 62.8 43.1 63.6 66.9
KCF 58.2 64.2 62.9 60.0 65.2 58.6 55.3 58.1 63.8 48.0 62.3 66.5
CSK 44.2 47.3 46.7 42.0 52.7 42.5 34.9 38.7 49.5 27.7 43.8 49.3
CT 32.8 29.7 35.6 32.4 35.8 31.5 20.7 21.1 34.9 30.8 40.3 33.0

DEF 34.5 39.7 43.0 41.6 43.1 40.4 27.6 30.5 41.4 34.4 41.9 40.6
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Table 5. Success plots of Spatial Robustness Evaluation (SRE) for the MACF and the other 7 top trackers
on different attributes: SV, IV, OPR, OCC, BC, DEF, MB, FM, IPR, OV, and LR. The last column is the
AUC. The best results are in red and the second results are in blue.

Trackers SV IV OPR OCC BC DEF MB FM IPR OV LR AUC

MACF 60.6 64.5 59.8 58.7 63.4 56.1 56.9 57.9 62.3 51.7 67.5 64.1
FDSST 56.9 60.0 57.8 55.7 62.5 51.2 56.1 58.4 61.4 44.2 64.1 61.8

LCT 57.4 61.8 62.0 56.5 59.7 58.8 52.7 49.9 64.8 44.7 62.7 63.3
DSST 56.8 62.7 56.8 53.7 60.9 50.1 49.0 55.1 59.6 42.5 64.3 60.6
KCF 53.7 58.9 57.0 52.9 60.1 53.8 48.8 53.1 58.3 39.7 56.9 59.4
CSK 41.2 44.7 45.0 41.5 45.7 38.9 33.4 36.4 46.8 28.9 45.9 46.2
CT 35.0 30.9 35.8 33.7 31.6 32.8 22.2 24.6 36.4 30.2 42.6 34.4

DEF 31.9 34.8 38.7 36.0 40.3 35.3 28.9 30.4 40.3 28.3 34.5 37.8

    

    

   

    

Figure 8. The representative frames from four videos successfully tracked by the MACF (in red)
compared to the top 5 trackers including FDSST (in green), LCT (in blue), DSST (in black) and KCF (in
purple). From top to bottom, the sequences are “Human6”, “Human2”, “Skater1” and “tiger1” on the
OTB-100 benchmark.
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4.5. Comparation on Raw Benchmark Results

The proposed MACF algorithm is compared to Efficient Convolution Operators for tracking
(ECO) [51], Multi-Domain convolutional neural Networks for visual tracking (MDNet) [52],
Structure-Aware Network for visual tracking (SANet) [53], Continuous Convolution Operators
for visual Tracking (C-COT) [54], Fully-Convolutional Siamese networks for object tracking
(SiamFC_3s) [55], Multi-task Correlation Particle Filter for robust object tracking (MCPF) [56],
Deep learning features based SRDCF (DeepSRDCF) [26], ECO based on Hand-Crafted features
(ECO-HC) [51], Discriminative Correlation Filter Tracker with Channel and Spatial Reliability
(CSR-DCF) [25] and FDSST [16] on the raw benchmark results. In addition, all the raw benchmark
results are open source on the web. Furthermore, the proposed MACF framework is integrated into
the ECO-HC tracker (ECO-HC+MACF) and have been tested on the datasets of OTB-50 and OTB-100.
The implementation codes are also open source in our Github https://github.com/YijYang/MACF-
ECO_HC.

As shown in Table 6, the fused ECO-HC + MACF tracker achieves a gain of 1.5% and 3.2% in
SP and PP of OPE on OTB-50 and a gain of 1.3% and 1.9% in SP and PP of OPE compared to the
ECO-HC standard FDSST. In addition, it runs at a real-time speed of 19 FPS compared to the ECO-HC
tracker with a speed of 21 FPS. Hence, it indicates that the proposed MACF can be integrated easily
and flexibly into other visual tracking algorithms, and with little loss of real-time performance while
improving the accuracy. Most trackers based on deep learning features are more accurate than the
proposed MACF method. However, these trackers usually have a lower running speed than MACF
except SiamFC_3s method which runs at 86 FPS on a GPU. The proposed MACF achieves a trade-off
between the tracking speed and the accuracy. Hence, it is suitable for the embedded real-time systems
(for instance, UAV surveillance or unmanned vehicles) which have strict memory and speed limitation.

Table 6. SP and PP of OPE for the proposed MACF, ECO-HC + MACF and the other 10 top trackers on
the raw benchmark results of OTB-50 and OTB-100. The last column is the performance of Real-Time
and the results are from the original paper, not tested on the same platform. The column of Deep
Learning indicates whether the tracker is based on deep learning features. The best results are in red
and the second results are in blue.

Trackers
OTB-50 OTB-100 Deep

Learning
Real Time

(FPS)SP of OPE (%) PP of OPE (%) SP of OPE (%) PP of OPE (%)

ECO 64.3 87.4 69.4 91.0 Y N (6)
MDNet 64.5 89.0 67.8 90.9 Y N (1)
SANet – – 69.2 92.8 Y N (1)
C-COT 61.4 84.3 67.1 89.8 Y N (0.3)

SiamFC_3s 51.6 69.2 58.2 77.1 Y Y (86)
MCPF 58.3 84.3 62.8 87.3 Y N (0.5)

DeepSRDCF 56.0 77.2 63.5 85.1 Y N (<1)
CSR-DCF 59.7 66.7 59.8 73.3 N Y (13)
ECO-HC +

MACF 60.7 84.6 65.6 87.5 N Y (19)

ECO-HC 59.2 81.4 64.3 85.6 N Y (21)
MACF 52.3 65.1 56.6 69.6 N Y (51)
FDSST 50.6 60.8 56.2 67.9 N Y (49)

4.6. Experiment on UAV Video

4.6.1. Materials and Conditions

The UAV video is taken by a high-definition camera without calibration in the mobile phone.
The tested UAV is a high-effective drone from Attop company. The specific parameters of the camera
and UAV are illustrated in the Table 7. The UAV video is converted to multi-frame images which have
the format of JPG file with three channels, and its resolution is 480 × 640 pixels. In the further research,
if the camera for experiment is calibrated, the relative experiment results will be improved [57,58].
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Table 7. The parameters of the tested camera and UAV.

Camera Parameters UAV Parameters

Aperture size F2.2 Product number W5
Number of Pixel 1200 W Expand Size 15.5 × 15.5 × 10 cm

Size of Pixel 1.25 μm Color Red
Focusing speed 0.23 s Type of Control Signal Wireless Fidelity (Wi-Fi)

Image dimensions 3 Others No Antivibration used and No gimbal [59] used

4.6.2. Results and Analysis

As mentioned above, our adaptive learning rate compute by CSRM scheme is greatly suitable
for the scenes of occlusion, motion blur, defocus blur and so on when the appearance model of the
target is corrupted. Therefore, it can obtain significant gains on OTB-50 and OTB-100. Nevertheless,
the motion-aware scheme proposed in this paper is more propitious to the video sequences with
static background and target of fast motion. Hence, in order to validate this point, the MACF is
compared with the state-of-the-art trackers including Efficient Convolution Operators with HOG
feature and Color name feature (ECO-HC) [51], Background-Aware Correlation Filters (BACF) [14],
fast tracking via Spatio-Temporal Context learning (STC) [28], Sum of Template And Pixel-wise
LEarners (Staple) [27], learning Spatially Regularized Discriminative Correlation Filters (SRDCF) [26],
Distractor-Aware Tracking (DAT) [7] and FDSST [16] on the test video which include the target of UAV
of fast motion with static background. The results have been shown in Figure 9, which demonstrate
that the proposed MACF is more accurate and robust in scale and translation detection when tracking
a fast-moving target. It runs at a high speed of 56 FPS.

Figure 9 and Table 8 indicate that the proposed MACF tracker outperforms most of state-of-the-art
trackers when undergoes the situation of fast motion. Figure 10 shows the predicted trajectory by the
MACF approach is almost coincides with the actual trajectory. It illustrates our motion-aware strategy is
accurate for predicting the position and scale of fast-moving target with a static background. As shown
in Figure 10a,b, there are still small burrs in the predicted trajectory. However, after correcting by
Kalman filters, the trajectory becomes smoother and more accurate as shown in Figure 10e,f.

Table 8. The Success Plots (SP) and Precision Plots (PP) of One Pass Evaluation (OPE) for the proposed
MACF and the other 7 top trackers on the UAV video. The best results are in red and the second results
are in blue.

Trackers MACF ECO_HC BACF STC STAPLE SRDCF DAT FDSST

SP of OPE (%) 100.0 94.8 20.6 31.4 21.8 98.7 23.1 46.8
PP of OPE (%) 100.0 98.6 24.1 32.2 29.1 99.5 32.5 52.6
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Figure 9. The qualitative experiment comparing the MACF (in red) with state-of-the-art trackers
ECO-HC (in blue), BACF (in cyan), STC (in white), Staple (in green), SRDCF (in black), DAT (in yellow)
and FDSST (in pink) on UAV video sequence with static background.

  
(a) The actual position of the UAV in the plane (b) The predicted position of the UAV in the plane 

Figure 10. Cont.
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(c) The actual position of the UAV in the space (d) The predicted position of the UAV in the space 

 
(e) The compared results with the predicted, actual 

and corrected positions in the plane 
(f) The compared results with the predicted, actual 

and corrected positions in the space 

Figure 10. Illustration of the accuracy of the predicted position and scale of the UAV. Here, the Actual
position (in blue) is the actual UAV position which is calibrated by manual in the video, the Predict
position (in red) is predicted by the instantaneous motion estimation method and the Correct position
(in green) is filtered position by Kalman filters. (a,b) indicate respectively in-plane predicted and actual
positions. (c,d) show apart 3D predicted and actual positions where the scale represents the dept
motion. (e,f) display the overall results.

5. Conclusions

In this paper, a novel tracking framework called MACF is proposed in detail, which fuses the
motion cues with the FDSST algorithm for accurately estimating the position and scale of the target.
The proposed approach utilizes the instantaneous motion estimation method to predict the position
and scale of the target in the next frame. The optimal Kalman Filters are employed to filter noises, and
then the FDSST tracker is used to detect the position and scale based on the predictions. Moreover, an
improved confidence function of response map is further proposed to determine whether the results
of detection are accurate enough to update. Then an adaptive learning rate is set according to the
confidence function to prevent model corrupted by occlusions. Furthermore, the proposed MACF
framework is flexible and can be readily incorporated into other visual tracking algorithms. Numerous
experiments on popular benchmark OTB-50, OTB-100 and UAV video indicate that the proposed
MACF achieve a significant improvement among the compared trackers. In this work, the situation
where the target is occluded is detected by utilizing the confidence function. Then it prevents model
drifting by reducing the learning rate. It is suitable for handling the situations of incomplete occlusions.
When the target is severely occluded or completely occluded, the proposed MACF sets the learning
rate to 0, hence, the model of the target is not be degraded by occlusions. However, if the target comes
out of the other side of the occlusion object and moves out of the current search area, the tracking will
fail. Therefore, in future work, a re-detect method is expected to track the target when the target is
severely occluded or completely occluded to ensure robust tracking. For instance, when the object is
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completely occluded, the search area should be extended, and the position and scale of the target can
be predicted by the previous velocity and acceleration until the target is re-detected judging by the
confidence function.
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Appendix

In this section, the expressions bellow are used to prove that the squared response map has a
significant effect on confidence calculation. As described in Section 3.5, the Confidence of the Squared
Response Map function (CSRM) is defined as follows:

CSRM =

∣∣R2
max − R2

min

∣∣2
1

MN ∑M
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j=1

∣∣∣R2
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The Confidence of Response Map function (CRM) is defined as follows:

CRM =
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Hence, the difference between the CSRM and CRM compute by follows:
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Therefore, CSRM ≥ CRM and the difference between them increases as the value of Rmax

increases. Furthermore, the larger value of Rmax means the higher confidence score. Hence, this
increases the gap between the confidence response and the diffident response.
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Abstract: In the study of indoor simultaneous localization and mapping (SLAM) problems using
a stereo camera, two types of primary features—point and line segments—have been widely used
to calculate the pose of the camera. However, many feature-based SLAM systems are not robust
when the camera moves sharply or turns too quickly. In this paper, an improved indoor visual
SLAM method to better utilize the advantages of point and line segment features and achieve
robust results in difficult environments is proposed. First, point and line segment features are
automatically extracted and matched to build two kinds of projection models. Subsequently, for
the optimization problem of line segment features, we add minimization of angle observation in
addition to the traditional re-projection error of endpoints. Finally, our model of motion estimation,
which is adaptive to the motion state of the camera, is applied to build a new combinational Hessian
matrix and gradient vector for iterated pose estimation. Furthermore, our proposal has been tested
on EuRoC MAV datasets and sequence images captured with our stereo camera. The experimental
results demonstrate the effectiveness of our improved point-line feature based visual SLAM method
in improving localization accuracy when the camera moves with rapid rotation or violent fluctuation.

Keywords: indoor visual SLAM; adaptive model; motion estimation; stereo camera

1. Introduction

Simultaneous localization and mapping (SLAM) is used to incrementally estimate the pose of a
moving platform and simultaneously build a map of the surrounding environment [1–3]. Owing to its
ability of autonomous localization and environmental perception, SLAM has become a key prerequisite
for robots to operate autonomously in an unknown environment [4]. Visual SLAM, a system that uses a
camera as its data input sensor, is widely used in platforms moving in indoor environments. Compared
with radar and other range-finding instruments, a visual sensor has the advantages of low power
consumption and small volume, and it can provide more abundant environmental texture information
for a moving platform. Consequently, visual SLAM has drawn increasing attention in the research
community [5]. As a unique example, integration of visual odometry (VO) with these strategies has
been applied successfully to planet rover localization of many planetary exploration missions [6–9], and
has assisted the rovers to travel through challenging planetary surfaces by providing high-precision
visual positioning results. Subsequently, many researchers attempted to improve the efficiency and
robustness of SLAM methods. In terms of improving efficiency, some feature extraction algorithms such
as Speeded-Up Robust Features (SURF) [10], Binary Robust Invariant Scalable Keypoints (BRISK) [11],
and oriented FAST and rotated BRIEF (ORB) [12] were proposed. Further, some systems introduced
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parallel computing to improve efficiency, such as Parallel Tracking and Mapping (PTAM) for small
Augmented Reality (AR) workspaces [13]. This is the first SLAM system to separate feature tacking and
mapping as two threads, realizing real-time SLAM. As for improving accuracy and robustness, some
SLAM systems have introduced the bag-of-words model [14] for the detection of loop closure. Once a
loop closure is detected, the closure error is greatly reduced. In recent years, the ability of autonomous
localization and environmental perception has rendered visual SLAM an important method, especially
in global navigation satellite system (GNSS) denied environments such as indoor scenes [15,16].

Visual SLAM can be implemented using a monocular camera [17–20], multi-camera [21–23],
and RGB-D camera [24–26] setups. The iterative closet point (ICP) algorithm is used in motion
estimation from consecutive frames containing dense point clouds and has been applied effectively
in RGB-D-based SLAM [27,28]. However, dense point clouds, produced by dense matching and
triangulation of stereo or multi-camera, have uncertainties and invalid regions in environments of low
texture and illumination change [29], so in most of the visual SLAM methods, sparse feature extraction
and matching are employed to calculate pose of the moving platform. Point and line segments are
the two types of primary features used in visual SLAM. Point features have been predominantly
used because of their convenient parameterization and implementation in feature tracking between
consecutive frames. The visual SLAM systems based on point features estimate camera pose and
build an environmental map by minimizing the reprojection error of the observed and corresponding
reprojected point features. Furthermore, this optimization process is often solved using the general
graph optimization algorithm [30]. ORB-SLAM2 is a representative state-of-the-art visual SLAM
method based on point feature [31]; it supports monocular cameras, stereo cameras, and RGB-D
cameras, and can produce high-precision results in real time.

In addition to point feature-based visual SLAM systems, line feature-based SLAM systems have
been developed recently. Although a line feature is not as easily parameterized as a point feature, as a
higher-dimensional feature than a point feature, it can express more environmental information in
indoor scenes. Zhang et al. built a graph-based visual SLAM system using 3D straight lines instead
of a point feature for localization and mapping [32]. StructSLAM used structure lines of buildings
and demonstrated the advantage of a line feature in an indoor scene with many artificial objects [33].
Although the line features can provide more structural information, their endpoints are instable. This
problem has been tackled in [34] by utilizing relaxed constraints on their positions.

The above systems use point and line features separately. Some visual SLAM methods combine
point and line features. For example, a semi-direct monocular VO, named PL-SVO [35], can obtain
more robust results in low-textured scenes by combining points and line segments. The PL-SVO uses
the photometric difference between pixels of the same 3D line segment point to estimate the pose
increment. The authors of PL-SVO also proposed a robust point-line feature-based stereo VO [36].
In this stereo system, the camera motion is recovered through non-linear minimization of the projection
errors of two kinds of features. Based on the work of [35,36], the authors extended [36] with loop
closure detection algorithm, and developed a stereo SLAM system named PL-SLAM [37]. Note that
there is also a real-time monocular visual SLAM [38], which combines point and line features for
localization and mapping, and the nonlinear least square optimization model of point and line features
is similar to [37]. The major difference between them is that the former uses a monocular camera and
the latter uses a stereo camera. In literature [39], the authors proposed a tightly-coupled monocular
visual-inertial odometry (VIO) system exploiting both point-line features and inertial measurement
units (IMUs) to estimate the state of camera. In those point-line feature based VO or SLAM systems,
the distances from the two re-projected endpoints to the observed line segments are often used as
the values to be optimized. However, the structural information of line segments, such as the angle
between the re-projected and observed line segments, is not considered in the process of optimization.
Furthermore, only the VO system in [36] weighted the errors of different features according to their
covariance matrices, and other reported systems do not consider the distribution of weight among
different features. Di et al. obtained the inverse of the error as the weights of different data sources
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in RGB-D SLAM and achieved good results [40], but the motion information of the camera was
not considered.

In this paper, an improved point-line feature based visual SLAM method in indoor scenes is
proposed. First, unlike the traditional nonlinear least square optimization model of line segment
features, an improvement of our method is the addition of the minimization of angle observation,
which should be close to zero between the line segments of observation and re-projection. Compared
with the traditional nonlinear least square optimization model, which includes distances between the
re-projected endpoints and the observed line segment, our method combines angle observation and
distance observation and shows a better performance at large turns. Second, our visual SLAM method
builds an adaptive model in motion estimation so that the pose estimation model is adaptive to the
motion state of a camera. With these two improvements, our visual SLAM can fully utilize point and
line segment features irrespective of whether the camera is moving or turning sharply. Experimental
results on EuRoC MAV datasets and sequence images captured with our stereo camera are presented
to verify the accuracy and effectiveness of this improved point-line feature-based visual SLAM method
in indoor scenes.

2. Methodology

Figure 1 illustrates our method in a simplified sequence flowchart, which consists of the following
main parts: (1) extraction and matching of point and line segment features; (2) building nonlinear
least square optimization models of the two kinds of features; (3) motion estimation with an adaptive
model. Technical details of the algorithms and models are given in the following sub-sections.

Figure 1. Flowchart of our proposed visual SLAM method.
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2.1. Extraction and Matching of Point and Line Segment Features

In point feature tracking, the ORB algorithm [12] is adopted in our method to extract 2D point
features and create binary descriptors for initial matching. The matching of the extracted point
features in consecutive frames is followed by random sample consensus (RANSAC) algorithm and a
fundamental matrix constraint, which is used to eliminate some erroneous corresponding keypoints
from the matched results. The fundamental matrix constraint is also called epipolar constraint. That
is, if the point m of the left image is obtained, its corresponding point on the right image will be
constrained on the epipolar line l′ like Figure 2 shows. As a stereo camera has a baseline, we can
calculate the depths and 3D coordinates of all the keypoints with respect to the optical center of the
left camera.

Figure 2. Illustration of the fundamental matrix constraint.

We use the line segment detector (LSD) algorithm [41] for the extraction of line segment features.
It can extract line segment features from indoor scenes in linear time, satisfying the real-time
requirement of SLAM. Although there are many low-texture environments such as white walls in
indoor scenes, the LSD algorithm can stably extract line features, as shown in Figure 3. Furthermore, the
line band descriptor method [42] is employed to match line segment features in stereo and consecutive
frames with binary descriptors. Similar to the matched point features, we can obtain the 3D coordinates
of two endpoints of line segment features and their 2D coordinates.

 

Figure 3. Common low-texture environment in an indoor scene with white walls, and point features
(green x marks) extracted using ORB algorithm and line segment features (red lines) extracted using
LSD algorithm.
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2.2. Nonlinear Least Square Optimization Models for Motion Estimation

Once the 3D and 2D coordinates of the point and line segment features are obtained, the
relationships between two consecutive frames can be established using the homologous features.
Subsequently, the point and line segment features are back-projected from the previous frame to the
current frame. Subsequently, back-projection error models are built for both the points and the line
segments. As these error models are nonlinear, the camera motion should be iteratively estimated using
the nonlinear least square optimization method. In this study, we use the Gauss–Newton algorithm
for the minimization of the back-projection errors. This section presents the nonlinear least square
optimization models of point and line segment features.

2.2.1. Optimization Model of Point Features

For the point features, we use the perspective-n-point method to optimize the camera pose.
The error model is the re-projection error, which is the difference between the re-projected 2D position
and the observed (matched) 2D position. The optimization process can be divided into three steps. First,
3D map points at the current frame are obtained from stereo image matching and space intersection
computation. The world 3D map points are transformed into the coordinate system of the current
frame using the iteratively estimated pose of the camera. Subsequently, these 3D map points are
re-projected into the image coordinate system of the current frame. Finally, by minimizing the distance
error between the re-projected points and their corresponding observed points on the current frame,
the error model of point features can be established. This process is illustrated in Figure 4.

Figure 4. Process of building an error model of point features. The blue dots and black dots represent
the world 3D map points and current 3D map points, respectively. The black triangles represent the
re-projected 2D points and the white triangles represent the observed 2D points.

In the re-projection error model, the error of the i-th point feature can be described as follows:

ei
p(ζ) = K · T(ζ) · PXYZ−world − p. (1)

Here, ζ is a six-dimensional vector of Lie algebras that represents the motion of the camera, and
T(ζ) represents the transformation matrix from the world coordinate system PXYZ−world(X, Y, Z) to
the current coordinate system P′(X′, Y′, Z′) based on the pose of the camera. K represents the internal
parameters of the camera and p(x, y) is the corresponding observed point of the re-projected point
p′(x′, y′). ei

p(ζ) is the resultant error vector.
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To use the Gauss–Newton method, the partial derivative of the error function with respect to the

variables is required, which is the Jacobian matrix
∂ei

p(ζ)

∂ζ and can be obtained via the chain rule:

∂ei
p(ζ)

∂ζ
=

∂ei
p(ζ)

∂p′
∂p′

∂P′
∂P′

∂ζ
=

∂ei
p(ζ)

∂p′
∂p′

∂ζ
. (2)

By calculating ∂p′
∂P′ and ∂P′

∂ζ , we can obtain ∂p′
∂ζ as follows:

∂p′

∂ζ
=

[
fx

1
Z′ 0 − fx

X′
Z′2 − fx

X′Y′
Z′2 fx(1 + X′2

Z′2 ) − fx
Y′
Z′

0 fy
1
Z′ − fy

Y′
Z′2 − fy(1 + Y′2

Z′2 ) fy
X′Y′
Z′2 fy

X′
Z′

]
. (3)

As for
∂ei

p(ζ)

∂p′ , it is a function matrix whose independent variables are the pixel coordinates x′ and
y′. Thus, the following equation is obtained:

∂ei
p(ζ)

∂p′
=

⎡⎣ ∂(x′−x)
∂x′

∂(x′−x)
∂y′

∂(y′−y)
∂x′

∂(y′−y)
∂y′

⎤⎦ =

[
1 0
0 1

]
= I2∗2. (4)

After
∂ei

p(ζ)

∂p′ and ∂p′
∂ζ are calculated, we can obtain the Jacobian matrix of point features

∂ei
p(ζ)

∂ζ . In this
study, the Gauss–Newton algorithm is used for the iterative estimation of the camera motion. Therefore,
we must calculate the Hessian matrix Hi

p and gradient vector gi
p required by the Gauss–Newton

algorithm. The Jacobian matrix is represented by Jp and the Hessian matrix and gradient vector can be
obtained as follows: {

Hi
p = Jp

T · P · Jp

gi
p = −Jp

T · P · ei
p(ζ)

, (5)

where P is the weight matrix of a point feature and can be defined as:

P =

⎡⎣ 1
1+‖ei

p(ζ)‖
0

0 1
1+‖ei

p(ζ)‖

⎤⎦. (6)

Thus, we can add Hi
p and gi

p of each point and obtain the Hessian matrix Hp and gradient vector
gp of all point features in the current frame:

Hp =
n

∑
i=1

Hi
p, gp =

n

∑
i=1

gi
p. (7)

Through the above steps, the optimization model of point features is established.

2.2.2. Optimization Model of Line Segment Features

As for the error model of line segment features, we use two kinds of error functions. One is the
traditional minimization of the distances from the re-projected endpoints to the observed line segment.
The other is our proposal for use in this study: the error of angle observation, which should be close to
zero between the line segments of observation and re-projection. Each line segment feature has two
distance errors and two angle observation errors. The process of establishing an error model of line
segment features is shown in Figure 5. Consequently, by minimizing both the distance errors and the
angle observation errors, the optimization model of line segment features can be established.
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The error function of the j-th line segment feature is an 4 × 1 error vector e
j
l(ζ), which can be

expressed as follows:

e
j
l(ζ) =

⎡⎢⎢⎢⎣
e1(ζ)

e2(ζ)

e3(ζ)

e4(ζ)

⎤⎥⎥⎥⎦ =

⎡⎢⎢⎢⎢⎣
a × xp′ + b × yp′ + c
a × xq′ + b × yq′ + c

(
→

qp′ · →
qp)/(‖

→
qp′‖ × ‖ →

qp‖)− 1

(
→

pq′ · →
qp)/(‖

→
pq′‖ × ‖ →

qp‖)− (−1)

⎤⎥⎥⎥⎥⎦, (8)

where: {
p′(xp′ , yp′) = K · exp(ζ∧) · PXYZ−world
q′(xq′ , yq′) = K · exp(ζ∧) · QXYZ−world

.

In Equation (8), a, b, and c are the three coefficients of the general equation of the observed
line. Point p(xp, yp) and point q(xq, yq) are the starting and ending endpoints of the observed line,
respectively. Similarly, point p′(xp′ , yp′) and point q′(xq′ , yq′) represent the endpoints of the re-projected
line segment. The error e1(ζ) can be considered the distance between point p′ and the observed line
pq, and error e2(ζ) is the distance between point q′ and the observed line. In addition to the two error
functions of distance, we add the error functions of angle. Here, e3(ζ) is the cosine of the angle between

vector
→

qp′ and vector
→
qp, and e4(ζ) is the cosine of the angle between vector

→
pq′ and vector

→
qp.

Figure 5. Process of building an error model of line segment features. The blue lines and black
lines represent the world 3D map line segments and current 3D map line segments, respectively.
The black and white lines with triangular endpoints represent the re-projected and observed line
segments, respectively.

Similar to the point features, we use the chain rule to calculate the Jacobian matrix ∂e
j
l(ζ)
∂ζ of line

segment features as follows:

∂e
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∂q′
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⎤⎥⎥⎥⎥⎥⎥⎥⎥⎦
. (9)

The 3D coordinates of the endpoints P′(XP′ , YP′ , ZP′) and Q′(XQ′ , YQ′ , ZQ′) are obtained using

the pose transformation exp(ζ∧). Using Equation (3), we can calculate ∂p′
∂ζ and ∂q′

∂ζ . The subsequent
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step is to calculate ∂e1(ζ)
∂p′ , ∂e2(ζ)

∂q′ , ∂e3(ζ)
∂p′ , and ∂e4(ζ)

∂q′ . They are functions of points p′(xp′ , yp′) or q′(xq′ , yq′)

and can be calculated as follows:⎧⎨⎩
∂e1(ζ)

∂p′ = [a, b]

∂e2(ζ)
∂q′ = [a, b]

,

⎧⎨⎩
∂e3(ζ)

∂p′ = [ fp′x, fp′y]

∂e4(ζ)
∂q′ = [ fq′x, fq′y]

, (10)

where a and b are the coefficients of the general equation of the observed line; fp′x, fp′x, fp′x, and fp′x
are partial derivatives of the coordinates of the re-projected points p′(xp′ , yp′) and q′(xq′, yq′).⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩
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(11)

Thus, using Equations (3), (10), and (11), we can obtain the Jacobian matrix ∂e
j
l(ζ)
∂ζ of the j-th line

segment features.
Similar to the point features, the Hessian matrix H

j
l and gradient vector g

j
l of line segment features

are also required by the Gauss–Newton algorithm. The Jacobian matrix is represented by Jl and the
Hessian matrix and gradient vector can be obtained as follows:{

H
j
l = Jl

T · P · Jl

g
j
l = −Jl

T · P · e
j
l(ζ)

, (12)

where P is the weight matrix of the j-th line segment feature. As the dimensions of the two distance
error functions and the two angle error functions are different, they are weighted in two ways. Thus, P

can be defined as:

P =

⎡⎢⎢⎢⎢⎣
1

1+‖e1(ζ)‖ 0 0 0

0 1
1+‖e2(ζ)‖ 0 0

0 0 1
‖e3(ζ)‖ 0

0 0 0 1
‖e4(ζ)‖

⎤⎥⎥⎥⎥⎦. (13)

Subsequently, we add H
j
l and g

j
l of each line segment and obtain the Hessian matrix Hl and

gradient vector gp of all the line segment features in the current frame as follows:

Hl =
m

∑
j=1

H
j
l , gl =

m

∑
j=1

g
j
l . (14)

Through these steps, the optimization model of line segment features is established. Compared
with the traditional error model of line segment features used in literature [38,39], we add the angular
error functions. We have tested our error model on the EuRoC datasets [43] and compare the results
with those obtained from the traditional error model. Figure 6 shows the resulting trajectories of the
two models tested on dataset Vicon room 1 “medium”. As shown in Figure 6, A and B are two big
turns. From the accuracy heat map of the positioning results of these two places, our extended error
model with added angular error functions is observed to be superior to the traditional error model.
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(a) (b) 

Figure 6. Positioning accuracy heat maps of the two error models. (a) The resulting trajectory of the
traditional error model used in reference SLAM system; (b) The resulting trajectory of the extended
error model used in our proposed SLAM system. The gray dotted line represents the ground-truth.
The color solid lines represent the accuracy of the trajectories. A change in color from blue to red
indicates a gradual increase in the positioning error.

We use the relative pose error (RPE) as the evaluation metric, which describes the error between
pairs of timestamps in the estimated trajectory file. Then we calculate the average RPE at these two big
turns A and B to represent the average drift rate between the estimated trajectory and ground-truth.
As shown in Table 1, the average RPE of our extended error model is less at A and B than that of
traditional error model, meaning that our proposed error model has less drift rate at A and B. This also
shows that proposed error model has good robustness at large turns. More detailed results will be
given in the experimental results section.

Table 1. Average RPE results at A and B turns of traditional error model and our proposed error model.
The numbers in bold indicate that these terms are better than those of another model. The unit of RPE
is meter.

Turns in Figure 6 Traditional Error Model Proposed Error Model

A 0.149500 0.138527
B 0.142878 0.131200

2.3. Adaptive Weighting Model of Motion Estimation

After the Hessian matrices and gradient vectors of both point features and line segment features
are established, our motion estimation model, which is adaptive to the motion state of a camera, is
applied to build a new recombined Hessian matrix and gradient vector for iterated pose estimation.

As shown in Figure 7, we have collected the residual errors of nearly 1000 positions and their
corresponding motion states of a camera with respect to the previous frame. We use the displacement
of the current frame relative to the previous frame as a measure of the current motion state. The blue
line in Figure 7 is the linear fitting curve according to these data. It can be observed from Figure 7 that
there is a certain degree of correlation between the positioning residual errors and the motion state of
the camera. Thus, we calculated the correlation coefficient between them and obtained the result of
0.57. The correlation coefficient is greater than 0.5, indicating that the positioning residual errors and
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the motion state of the camera are strongly correlated. In other words, the motion state of the camera
will affect the positioning result to some extent. However, the reference method does not consider
this. Therefore, it can be observed from the accuracy heat maps in the following experiment section
that reference method has a large absolute trajectory error (ATE) when the camera moves with large
rotation or rapid fluctuation. Hence, we build an adaptive model in the iterative motion estimation.
The model is adaptive to the motion state of the camera.

Figure 7. Linear fitting curve between the residual error of the positioning result and the current
motion state of a camera. There are 994 motion states and their corresponding residual errors to fit the
blue linear curve.

With each iteration, we can obtain the motion of the current frame relative to the previous one.
As the frame rate of the camera is fixed, the motion state on the three axes can be represented by the
change of camera position ΔP(ΔX, ΔY, ΔZ). If the motion of the camera relative to the previous frame
is greater in the image plane direction than in the direction perpendicular to the image plane, i.e., ΔX
and ΔY are larger than ΔZ, this indicates that the camera is shaking, which may result in blurred or
weakened image texture. According to our experience, line segment features can provide significant
structural information of the environment, and hence, the detection of the line segment is more robust
than the detection of a point feature in such poor texture scenes. It can also be observed from the
experimental results in Figure 6 that the line segment features play an important role when the camera
makes a big turn. Thus, in such situations, the weight of the line segment features should be larger than
the weight of the point features according to the experimental results and experience. If the motion
of the camera relative to the previous frame is greater in the direction perpendicular to the image
plane than in the image plane direction, ΔZ will be larger. According to the experiments, the point
features in this situation are relatively rich and stable. Hence, the weight of the point features should
be larger than the weight of the line segment features. Moreover, we use the inverse of the average
re-projection error as a factor in weighting the point feature and line segment feature. Based on the
comparative experiments and the above analysis, we propose the following adaptive weighting model
of motion estimation: ⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

Wp =
exp(sqrt((ΔX×fps)2+(ΔY×fps)2))

(
n
∑

i=1
‖ei

p(ζ)‖)/n

Wl =
exp(sqrt((ΔZ×fps)2))

(
m
∑

j=1

∥∥∥ej
l(ζ)
∥∥∥)/m

. (15)
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With Equation (15), a new recombined Hessian matrix H and gradient vector g can be obtained
as follows: {

H = Hp × Wp + Hl × Wl
g = gp × Wp + gl × Wl

. (16)

Thus, we can use the Gauss–Newton algorithm to estimate the motion of the camera iteratively.
With new frames acquired sequentially, our point-line based visual SLAM system calculates the new
positions according to our adaptive weighting model of motion estimation.

3. Experimental Results

In this section, to verify the actual performance of the proposed method, we have performed a
series of experiments using two types of datasets: public datasets with ground-truth, and sequence
images captured using our stereo camera. We also compared our method with the reference method
adopted in literature [38,39], which uses the traditional error model of line feature and its weighting
model is based on residual errors. All the experiments were performed on a desktop computer with
an Intel Core i7-6820HQ CPU with 2.7 GHz and 16 GB RAM without GPU parallelization. The results
of the experiments are described in detail below.

3.1. EuRoC MAV Datasets

The EuRoC MAV datasets were collected by an on-board micro aerial vehicle (MAV) [43]. They
contain two batches of datasets. The first batch was recorded in the Swiss Federal Institute of
Technology Zurich (ETH) machine hall and the second batch was recorded in two indoor rooms.
They were both captured with a global shutter camera at 20 FPS. Each dataset contains stereo images
and accurate ground-truth. Furthermore, calibration parameters such as the intrinsic and extrinsic
parameters of the stereo camera are provided in the datasets. We compared our proposed method with
the reference method adopted in recent paper and changed the optimization parameters of the reference
method to better adapt to different scenarios for fair comparison. We use the absolute trajectory error
(ATE) as the evaluation metric, which directly calculates the error between the estimated trajectory
and the ground truth [44]. And we calculate both translation and rotation part of ATE as an evaluation
of six degree-of-freedom (DoFs).

Figure 8 shows the accuracy of the three coordinate axes on several different datasets. The dotted
line represents the ground truth of the dataset. The solid lines in blue and red represent the results of
reference method and our proposed method, respectively. As shown in Figure 8a,b, when the Z-axis
values have a large fluctuation while the X-axis and Y-axis are stably changing, our proposed method
is superior to reference method in the Z-axis. Further, as shown in Figure 8c, when the values of all the
three axes fluctuate greatly, our proposed method is more stable and accurate than reference method
in these quivering parts. For example, in the X-axis section of Figure 8c from 55–70 s and in the 40–60 s
part of the Z-axis, our estimated trajectory is much closer to the ground truth than that of reference
method. And then we calculate the average RPE at these places in Figure 8 where camera has rapid
fluctuation. The average RPE can represent the average drift rate between the estimated trajectory and
ground-truth. As can be seen in Table 2, the average RPE of our proposed method is less than that of
reference method, which means our proposed method has less drift rate at these quivering parts.
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(a) (b) 

 

(c) 

Figure 8. Accuracy of reference method (blue) and our proposed method (red) on the three coordinate
axes. (a) 50–64 s part of MH_02_easy dataset; (b) 45–80 s part of MH_05_difficult dataset. (c) 25–90 s
part of V1_03_difficult dataset. The trajectories of our proposed method are closer to the ground truth
than those of reference method when the camera has large fluctuation.

78



Sensors 2018, 18, 3559

Table 2. Average RPE results at three quivering parts of reference method and our proposed method.
The numbers in bold indicate that these terms are better than those of another method. The unit of RPE
is meter.

Part of Datasets Reference Method Proposed Method

MH02 50–64 s 0.086233 0.084906
MH05 45–80 s 0.224745 0.152861
V103 25–90 s 0.182875 0.113256

These good performances in the case of rapid fluctuation of camera are mainly attributed to our
extended error model and adaptive weighting model of motion estimation. The adaptive weighting
model considers both the average re-projection error and the motion state between frames. Therefore,
it can better utilize the advantages of different features in different motion states, so as to obtain better
positioning results. Figure 8 and Table 2 also confirm that our proposed method performs better
when the camera shakes quickly. For quantitative evaluation, we employed the open-source package
evo, an easy-to-use evaluation tool (github.com/MichaelGrupp/evo), to evaluate reference method
and our proposed method. Table 3 shows the root mean square error (RMSE) of the translation part
and rotation part of ATE. Histograms of RMSE and the range of the translation part of ATE are also
provided in Figure 9.

Table 3. Translation parts and rotation parts of ATE of the two methods on several EuRoC MAV
datasets. The numbers in bold indicate that these terms are better than those of another method. The
unit of translation part is meter and the unit of rotation part is degree.

EuRoC MAV
Datasets

Reference Method Proposed Method

ATE (Tran.) ATE (Rot.) ATE (Tran.) ATE (Rot.)

MH_01_easy 0.103648 2.642111 0.127967 1.545874
MH_02_easy 0.211978 1.367287 0.187721 1.180007
MH_03_medium 0.173194 1.406898 0.131740 0.861475
MH_04_difficult 1.088483 5.847468 0.538066 3.039995
MH_05_difficult 0.742775 6.197293 0.428191 3.260860
V1_01_easy 0.124277 1.522630 0.106866 1.057048
V1_02_medium 0.208179 2.397838 0.139928 1.747601
V1_03_difficult 0.434853 2.777067 0.304662 2.514817
V2_01_easy 0.179175 2.817506 0.145582 2.487347
V2_02_medium 0.193462 4.059261 0.183889 3.992289

 
(a) (b) 

Figure 9. Comparison of RMSEs and the range of translation parts of ATE for reference method and
our proposed method using the EuRoC MAV datasets. (a) RMSEs of reference method (blue) and our
proposed method (red); (b) The range of translation parts of ATE of the two methods. The three points
on each error bar from top to bottom are the maximum ATE error, average ATE error, and minimum
ATE error respectively.
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Table 3 shows that our proposed method performs better in almost all scenes of EuRoC MAV
datasets for the RMSE in terms of the translation parts and rotation parts of ATE. From Figure 9a,
in easy and medium scenes, such as MH_02_easy, V1_01_easy, and V2_02_medium, our proposal
shows slightly improved accuracy of the results. However, our method can greatly improve the
accuracy in difficult scenes, such as MH_04_difficult, MH_05_difficult, and V1_03_difficult. The main
reason for such situations is that the camera shakes rapidly in these difficult scenes. Our method
considers this situation and better utilizes the respective advantages of point and line segment features
through the adaptive weighting model of motion estimation. Furthermore, as shown in Figure 9b, our
proposed method has a smaller range of translation parts of ATE, indicating that the motion estimation
is relatively stable.

To demonstrate the results intuitively, several accuracy heat maps of trajectories estimated using
reference method and our proposed method are shown in Figure 10. The gray dotted line represents
the ground-truth. The color solid lines represent the estimated trajectories. The color bar represents
the size of the translation part of ATE. A change in color from blue to red indicates a gradual increase
in translation part of ATE. Each row shows the results of the two methods with the same dataset, and
the two color bars of each row have the same maximum error and minimum error. Comparing the
three trajectories, we can observe that our method shows better accuracy in some areas with large
rotations of camera. This also shows that the angular error function added in our model shows a good
performance at large turns. Thus, we can conclude that our proposed method with an adaptive motion
model and angular error functions can yield smaller errors than reference method when the camera
moves with large rotation or rapid fluctuation.

 

(a) (b) 

 

(c) (d) 

Figure 10. Cont.
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(e) (f) 

Figure 10. Comparison of several trajectories estimated using reference method and our proposed
method. The three accuracy heat maps of the left column are estimated using reference method on
the (a) MH_03_medium, (c) MH_04_difficult, and (e) V1_03_difficult sequences. The three accuracy
heat maps of the right column are estimated using our proposed method on the (b) MH_03_medium,
(d) MH_04_difficult, and (f) V1_03_difficult sequences. The two color bars of each row have the same
maximum error and minimum error. The redder the color is, the larger the translation part of ATE is.

3.2. Sequence Images Captured by Our Stereo Camera

In addition to testing the performance and accuracy of our proposed visual SLAM method on
public datasets with ground-truth, we also test the universality with sequence images captured with
our stereo camera. The sequence images acquired using the stereo camera should be rectified first
in order to use them in high-accuracy SLAM processing. In this experiment, a ZED stereo camera
is adopted as our data input sensor. It can capture images with a resolution of 720p at up to 60 fps.
Although the ZED camera has been adjusted in production, it does not satisfy the requirements of the
experiment. We used Stereo Camera Calibrator, a MATLAB-based software package, to complete the
camera calibration process, through which the calibration parameters of the stereo camera including
lens distortion coefficients and internal and external parameters were calculated. The calibration
results are shown in Tables 4 and 5. Using these parameters, we can obtain the rectified stereo
sequence images.

Table 4. Internal parameters of the left and right camera. The units of fx, fy, cx, and cy are pixels.

Camera fx fy cx cy k1 k2 k3 p1 p2

Left Camera 659.38 659.51 605.17 375.78 0.00093 −0.00041 0.0 0.0016 0.00036
Right Camera 659.46 659.52 605.98 375.27 0.00063 0.000037 0.0 0.0013 0.00084

Table 5. External parameters of the left camera and right camera.

Rotation Angles (◦) 0.00015 −0.0012 −0.00077

Translation Vector (mm) −119.7164 0.0348 −0.22480

Figure 11 shows the ZED stereo camera used in this experiment. Figure 3 shows a typical image
acquired in this experiment. In the acquisition of sequence images, an operator (one of the co-authors of
this paper) first placed the camera at the start point on the floor. Subsequently, he picked up the camera
and went on a quadrilateral path along the indoor corridor. Finally, he returned to the starting point.
Thus, the whole sequence images form a loop closure. In this experiment, we also present a simple
comparison with the point-to-point ICP method adopted in [45]. As no ground truth of the trajectory
is available for the sequence images captured with our stereo camera, we evaluate the performance by
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comparing the closure errors of ICP method, reference method used in before experiment (hereinafter
referred to as reference method) and our proposed method. Furthermore, for a fair comparison of the
three methods, we do not use loop closure detection in this experiment.

 

Figure 11. ZED stereo camera used in this experiment.

The statistical results are shown in Table 6 and the three estimated trajectories are shown in
Figure 12. The percentage error of our proposed method is 1.07%, which is better than the error
obtained using the ICP method, i.e., 4.64%, and also better than the error obtained using the reference
method, i.e., 1.82%. The path length calculated by three methods is 64.393 m, 65.272 m and 65.120 m,
respectively. The three path lengths are close to each other. However, our method shows only
approximately a quarter of the closure error of ICP method and half the closure error of reference
method. As observed from the trajectories depicted in Figure 12a, the operator moved from the start
point and went forward to corner A. After passing through corner A, he went straight to corner B. We
can observe that the trajectories of the three methods are very close to each other in this part. However,
from corner B to corner C, the trajectories of ICP method and reference method have a large deviation,
which eventually leads to a larger closure error than our method.

By analyzing the motion states at corner A and corner B, we observe that Corner A starts on
frame 295 and ends on frame 330 (35 frames in total), whereas Corner B starts on frame 397 and ends
on frame 422 (25 frames in total). As the FPS of the camera was fixed, it took more time at corner
A. In other words, the speed of the camera at corner B is higher than that at corner A, and hence,
the motion is more intense. Further, as shown in Figure 12b, from the top view of the three trajectories,
the trajectories of ICP method and reference method begin to deform after corner B. However, owing
to the two improvements of our method, i.e., the adaptive weighting model for motion estimation and
the angular error functions, the positioning result of our method is less affected by the rapid rotation
at corner B than that of ICP method and reference method. Therefore, our trajectory is closer to the
predetermined quadrilateral path. This experiment also shows that our proposed method is applicable
to the sequence images captured with our stereo camera.

Table 6. Localization results of ICP method, reference method and our proposed method.

Method Total Length (m) Closure Error (m) Percentage Error

ICP Method 64.393 2.9913 4.64%
Reference Method 65.272 1.1912 1.82%
Proposed Method 65.120 0.6988 1.07%
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(a) 
(b) 

Figure 12. Estimated trajectories from the three methods. The blue curve represent the trajectory
estimated using reference method. The red curve represent the trajectory estimated using our proposed
method. The green curve represent the trajectory estimated using ICP method. (a) 3D display of the
three trajectories; (b) Top view of the three trajectories.

4. Conclusions

In this paper, we have presented an improved point-line feature-based visual SLAM method for
indoor scenes. The proposed SLAM method has two main innovations: the angular error function
added in the optimization process of line segment features, and the adaptive weighting model in
iterative pose estimation. Line segment feature is a higher-dimensional feature than point features and
has more structural characteristics and geometric constraints. Our optimization model of line segment
features with added angular error functions can better utilize this advantage than the traditional
optimization model. Furthermore, after the Hessian matrices and gradient vectors of the two kinds
of features are established, our model of motion estimation, which is adaptive to the motion state
of camera, is applied to build a new recombined Hessian matrix and gradient vector for iterative
pose estimation.

We also presented the evaluation results of the proposed SLAM method as compared with the
point-line SLAM method developed in [38,39], which uses the traditional error model of line feature
and its weighting model is based on residual errors, on both the EuRoC MAV datasets and the sequence
images captured with our stereo camera. We also compared the point-to-point ICP method [45] using
the sequence images from our stereo camera. According to the experimental results, we arrive at two
conclusions. First, the proposed SLAM method has more geometric constraints than the traditional
point-line SLAM method and classic ICP method, because the angular error function is added to the
optimization model of line segment features. Furthermore, it has good robustness and positioning
accuracy at large turns. This is particularly useful for robot navigation in indoor scenes as they include
many corners. Second, the adaptive weighting model for motion estimation can better utilize the
advantages of point and line segment features in different motion states. Thus, it can improve the
system accuracy when the camera moves with rapid rotation or severe fluctuation.

At present, we mainly used the 2D structural constraints of line segment features. In the future,
we plan to further improve our SLAM method by introducing the 3D structural constraints of spatial
line segment features. Furthermore, topological relations between point features and line segment
features will also be considered in our method in the future, so as to better match point and line
segment features in indoor environments with repeated textures.
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Abstract: In this paper, a novel Pixel-Voxel network is proposed for dense 3D semantic mapping,
which can perform dense 3D mapping while simultaneously recognizing and labelling the semantic
category each point in the 3D map. In our approach, we fully leverage the advantages of different
modalities. That is, the PixelNet can learn the high-level contextual information from 2D RGB
images, and the VoxelNet can learn 3D geometrical shapes from the 3D point cloud. Unlike the
existing architecture that fuses score maps from different modalities with equal weights, we propose
a softmax weighted fusion stack that adaptively learns the varying contributions of PixelNet and
VoxelNet and fuses the score maps according to their respective confidence levels. Our approach
achieved competitive results on both the SUN RGB-D and NYU V2 benchmarks, while the runtime
of the proposed system is boosted to around 13 Hz, enabling near-real-time performance using an i7
eight-cores PC with a single Titan X GPU.

Keywords: semantic mapping; RGB-D SLAM; visual mapping

1. Introduction

Real-time 3D semantic mapping is often desired in a number of robotics applications, such as
localization [1,2], semantic navigation [3,4] and human-aware navigation [5]. The semantic information
provided with a 3D dense map is more useful than the geometric information [6] itself in robot-human
or robot-environment interaction. It enables robots to perform advanced tasks requiring high precision,
such as nuclear waste classification [7] and sorting or autonomous package delivery in warehouse
environments. For intelligent mobile robotics applications, extending 3D mapping to 3D semantic
mapping enables robots not only to localize themselves with respect to the scene’s geometrical features,
but also to simultaneously understand the higher-level semantic meaning of a complex scene.

A variety of well-known methods such as RGB-D SLAM [8], Kinect Fusion [9] and
ElasticFusion [10] can generate a dense or semi-dense 3D map from RGB-D videos. However,
these 3D maps contain no semantic-level understanding of the observed scenes. On the contrary,
impressive results in semantic segmentation have been achieved with the advancement of
convolutional neural networks (CNN). RGB [11–13], RGB-D [14–17] and point cloud [18,19] data
have been successfully utilized for semantic segmentation. However, some of those methods are
painfully slow due to their high computational demands. Thus, these methods are not yet integrated
in real-time systems for robotics applications.

Compared to the well-investigated research on geometric 3D reconstruction and scene
understanding, limited literature is available for 3D semantic mapping [20–23]. To date, there are no
existing methods that make use of both RGB and point cloud data for semantic mapping. In this paper,
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we propose a dense RGB-D semantic mapping system with a Pixel-Voxel neural network, which can
perform dense 3D mapping, while simultaneously recognizing and semantically labelling each point
in the 3D map. The main contributions of this paper can be summarized as follows:

1. A Pixel-Voxel network consuming the RGB image and point cloud is proposed, which can obtain
global context information through PixelNet while preserving accurate local shape information
through VoxelNet.

2. A softmax weighted fusion stack is proposed to adaptively learn the varying contributions of
different modalities. It can be inserted into a neural network to perform fusion-style end-to-end
learning for arbitrary input modalities.

3. A dense 3D semantic mapping system integrating a Pixel-Voxel network with RGB-D SLAM is
developed. Its runtime can be boosted to around 13 Hz using an i7 eight-core PC with Titan X
GPU, which is close to the requirements of real-time applications.

The rest of this paper is organized as follows. First, the related work is reviewed in Section 2
followed by the details of the proposed methods in Section 3. The experimental results and analysis
are presented in Section 4. Finally, we conclude the paper in Section 5.

2. Related Work

2.1. Dense 3D Semantic Mapping

To the best of our knowledge, the online dense 3D semantic mapping methods can be
further grouped into three main sub-categories: semantic mapping based on 3D template
matching [20,24], 2D/2.5D semantic segmentation [21,22,25–27] and RGB-D data association from
multiple viewpoints [23,28,29].

The first type of methods such as SLAM++ [20] can only recognize known 3D objects in a
predefined database. The approach is limited to situations where repeated and identical objects
are present for semantic mapping. For the second type of methods, both approaches [21,25] adopt
human-designed features with random decision forests to perform per-pixel label predictions of the
incoming RGB videos. Then, all of the semantically-labelled images are associated together using visual
odometry to generate the semantic map. Because of the state-of-the-art performance provided by the
CNN-based scene understanding, SemanticFusion [22] integrates deconvolutional neural networks [30]
with ElasticFusion [10] to obtain a real-time-capable (25 Hz) semantic mapping system. All of these
three methods require fully connected CRF [31] optimization as an offline post-processing stage,
i.e., the best performing semantic mapping methods are not capable of online operation. Zhao et al. [27]
proposed the first system to perform simultaneous 3D mapping and pixel-wise material recognition.
It integrates CRF-RNN [32] with RGB-D SLAM [8], and a post-processing optimization stage is not
required. Keisuke et al. [26] proposed a real-time dense monocular CNN-SLAM method, which can
perform depth prediction and semantic segmentation simultaneously from a single image using a
deep neural network.

All the above methods mainly focus on semantic segmentation using a single image and perform
3D label refinement through a recursive Bayesian update using a sequence of images. However,
they do not take full advantage of the associated information provided by multiple viewpoints of a
scene. Yu et al. [23] proposed a data-associated recurrent neural network (DA-RNN) integrated with
Kinect Fusion [9] for 3D semantic mapping. DA-RNN employs a recurrent neural network to tightly
combine the information contained in multiple viewpoints of an RGB-D video stream to improve
the semantic segmentation performance. Ma et al. [28] proposed a multi-view consistency layer,
which can use multi-view context information for object-class segmentation from multiple RGB-D
views. It utilizes the visual odometry trajectory from RGB-D SLAM [8] to wrap semantic segmentation
between two viewpoints. Further, Armin et al. [29] proposed a network architecture for spatially-
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and temporally-coherent semantic co-segmentation and mapping of complex dynamic scenes from
multiple static or moving cameras.

2.2. Fusion Style Semantic Segmentation

Most of the fusion-style semantic segmentation methods take advantage of both RGB and depth
images. FuseNet [14] can fuse RGB and depth cues in a single encoder-decoder CNN architecture
for RGB-D semantic segmentation. The long short-term memorized context fusion (LSTM-CF)
network [15] fuses contextual information from multiple channels of RGB and depth images through
stacking of several convolution layers and a long short-term memory layer. FuseNet normalizes the
depth value into the interval of [0, 255] to have the same spatial range as colour images, while the
LSTM-CF network encodes depth to a horizontal, height, angle (HHA) image to obtain three channels
as the colour image. The HHA representation can improve the depth-based semantic segmentation;
however, the HHA representation requires a high computational cost and hence cannot be performed
in real time. Spatio-temporal data-driven pooling (STD2P) [33] involves a novel superpixel-based
multi-view convolutional neural network for RGB-D semantic segmentation, which uses the
spatio-temporal pooling layer to aggregate information over space and time. Locality-sensitive
deconvolution networks (LS-DeconvNets) [16] involve a locality-sensitive DeconvNet to refine the
boundary segmentation and also a gated fusion layer for combining modalities (RGB and HHA);
however the number of input modalities is limited to two. Lin et al. [17] introduced a cascaded
feature network (CFN) with a context-aware receptive field (CaRF) with a better control on the
relevant contextual information of the learned features for RGB-D semantic segmentation. All of
the above RGB-D fusion networks treat the depth image similarly to an RGB image using a CNN
with a max-pooling layer. However, this also makes the depth image lose shape information.
In contrast, the 3D point cloud should have more 3D geometry information compared to the
depth image. We believe there should be the potential to combine RGB and point cloud data for
semantic segmentation. The forerunner work PointNet [18] provides a unified architecture for both
classification and segmentation, which consumes the raw unordered point clouds as input. PointNet
only employs a single max-pooling layer to generate the global feature, which describes the original
input clouds; thus, it does not capture the local structures induced by the 3D metric space points
live in. The improved version PointNet++ [19] is a hierarchical neural network that applies PointNet
recursively on a nested partitioning of the input point set, which can learn local features with increasing
contextual scales.

2.3. Discussion

For the task of semantic segmentation, conventional CNN-based methods have struggled with
the balance between global and local information. The global context information can alleviate the
local ambiguities to improve the recognition performance, while local information is crucial to obtain
accurate per-pixel accuracy, i.e., shape information. How to increase the receptive field to get more
global context information, while preserving a high resolution feature map, is still an open problem.

Processing the depth image in a similar manner to the RGB image using CNN with max-pooling
cannot preserve all the local geometry information. Compared to RGB and RGB-D data, a 3D point
cloud can provide rich spatial information. For example, in PointNet [18], a single fully-connected
multi-layer network followed by a single global max-pooling layer are used for semantic segmentation
of a point cloud. The resolution does not decrease, and it can keep the original spatial information of
the data. However, these methods lack the context information because of the usage of a single global
max-pooling layer. Intuitively, combining RGB-based and point cloud-based networks together can
alleviate each of their drawbacks and leverage each of their advantages. The RGB image can provide
global context information as a supplement for point cloud segmentation, while the point cloud can
help refine the boundary shape for RGB segmentation.
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Moreover, during RGB-D mapping, both the RGB image and point cloud can be obtained
directly from an RGB-D camera, which is easily available and enables a potential combination for
semantic mapping. This motivated us to utilize a Pixel-Voxel neural network for dense RGB-D
semantic mapping.

In addition, the networks in [11,14,15,17] simply fuse the score maps from different modalities
using equal weights. The gated fusion in LS-DeconvNets [16] is limited to fusion of the features from
(at most) two modalities. However, each modality should have different contributions in different
situations for different categories. Therefore, in this paper, a softmax weighted fusion stack is proposed
for adaptively learning the varying contribution of each modality.

3. Proposed Method

3.1. Overview

The pipeline of the proposed dense RGB-D semantic mapping with a Pixel-Voxel neural network
is illustrated in Figure 1. The input RGB image and point cloud pairs of each key-frame are fed into the
Pixel-Voxel network. The architecture of the proposed network is displayed in Figure 2. The output
of the network—a semantically-labelled point cloud—is combined incrementally according to the
visual odometry of RGB-D SLAM. The label probability of each voxel is refined by a recursive Bayesian
update. Finally, the dense 3D semantic map is generated. Note that in our current architecture, a voxel
consists of just a single 3D point.

Figure 1. The pipeline of the proposed dense RGB-D semantic mapping with the Pixel-Voxel neural
network. The RGB image and 3D point cloud are obtained from an RGB-D camera, Kinect V2.
The RGB and point cloud data-pair of each key-frame is fed into the Pixel-Voxel network for semantic
segmentation. The semantically-labelled point clouds are then combined incrementally through the
visual odometry of RGB-D SLAM. The label probability of each voxel is further refined by a recursive
Bayesian update. Finally, the dense 3D semantic map is generated.
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Figure 2. The architecture of the proposed Pixel-Voxel network. The proposed architecture consists of
two parallel feed-forward sub-networks: PixelNet and VoxelNet. The PixelNet is comprised of three
building blocks: truncated CNN, context stack and skip architecture. The VoxelNet is composed of the
following blocks: fully-connected stacks, local and global information combination stack and reshape
layer. It obtains global context information through PixelNet while preserving accurate local shape
information through VoxelNet. The enlarged architecture of the softmax weighted fusion stack can be
found in Figure 3. It can fuse the score maps from PixelNet and VoxelNet according to their respective
confidence at different resolutions.

Figure 3. The architecture of the softmax weighted fusion stack. H, W, C are the hight, width and
channel number of the feature map. The convolution operation can learn the correlations of the multiple
score maps from different modalities to obtain the weight/confidence of each modality.

3.2. Pixel Neural Network

The sub-network PixelNet is comprised of three units: truncated CNN, a context stack similar
to [34] and the skip architecture. The input of PixelNet is an RGB image. For the truncated CNN,
VGG-16 (http://www.robots.ox.ac.uk/~vgg/research/very_deep/) or ResNe (https://github.com/
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KaimingHe/deep-residual-networks) (truncated after pool5), pre-trained on ImageNet (http://www.
image-net.org/challenges/LSVRC/), can be employed as a baseline. After the truncated CNN,
the resolution of the feature maps is decreased 32-times compared with the input image; thus, it drops
a significant amount of shape information, which is recovered utilizing the VoxelNet sub-network.

Note that the receptive fields after the pool5 layer of VGG-16 are of dimension 212 × 212, which is
not large enough to cover the whole 512 × 512 input image. Therefore, a context-stack, composed of a
chain of 6 layers of 5× 5× 512 convolution stacks [Conv + BN + ReLU], is concatenated on the top of a
pre-trained truncated VGG-16 network. The context stack can expand the receptive field progressively,
as shown in Figure 4, to cover all the elements in the current feature map (the whole original image).
The receptive field of the context stack can be described as:

RF j = RF j−1 + (kj − 1)×
j−1

∏
i=0

Si, j ∈ [1, n] (1)

where RF j and kj are the receptive field and kernel size of the j-th context stack, Si refers to the stride
of the i-th context stack, RF 0 and S0 are the receptive field and stride product before the first context
stack and n = 6 is the number of context stacks. In addition, the score maps of all the context stacks
are fused together to aggregate multi-scale context information. Notice that the spatial dimensionality
of the feature maps in a context stack is unchanged.

Figure 4. The receptive field (the area of red square) of the context stack is progressively extended to
cover all the elements in the feature map.

The skip architecture consists of 3 skip stacks [Conv+ BN +ReLU +Conv (score)] following pool2,
pool3 and pool4 separately. In order to prevent the network training from divergence, conventionally,
a smaller learning rate is adopted for the skip architecture during training (similar to [11]). We utilize
batch normalization, which stabilizes the back-propagated error signals; thus, a bigger learning
rate (0.01) can be employed for training. The skip architecture retains the low-level features of the
RGB image.

3.3. Voxel Neural Network

The input of VoxelNet is a point cloud, which is represented as a set of 3D points {pi | i =

1, 2 . . . , n } stored in a vector of length n × 6, where n is the number of points and pi is a
6-dimensional vector containing position information (X, Y, Z)T in the world coordinates and pixel
colour information (R, G, B)T . Inspired by PointNet [18], we also use max pooling as an invariant
function. The max-pooling operation obtains the global feature from all the points, which are
concatenated with the pixel features to predict point-wise semantic labels. The higher dimensional
feature representation for each point of the subnetwork can be summarized by the following equation.

[F 1
global ...Fn

global ] = T
(
M
(
[ f k

mlp(p1)... f k
mlp(pn)]

))
(2)

Here, fmlp is the multi-layer perception network, i.e., FC + BN + ReLU, and k is the number of
multi-layer perception networks before max pooling. Each point shares the same set of fully-connected
weights. M is the max pooling operation with kernel size n × 1, and T is the tile operation, which
restores the shape of the feature map from 1 × 1 to n × 1.
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The output [F 1
global ...Fn

global ] is the global feature map of the input set. This is fed to the per-point
feature of the multi-layer perception network to concatenate the global and local information.

[F 1
concat...Fn

concat] = Concat
(
[F 1

global ...Fn
global ], ...[ f i

mlp(p1)... f i
mlp(pn)]

)
, i ∈ [1, k] (3)

Then, the new per-point features are extracted though the multi-layer perception network using
the combined global and local point features as:

F 1...n
h×w = R

(
[ f m

mlp(F 1
concat)... f m

mlp(Fn
concat)]

)
(4)

where m is the last multi-layer perception network and R is the reshape operation, which transforms
the shape of the score map from n × 1 to h × w through back-projection (It is worth noting that the
distortions are incorporated during the projection to pixel coordinates):

du,v

⎡⎢⎣u
v
1

⎤⎥⎦ =

⎡⎢⎣ fx s cx

0 fy cy

0 0 1

⎤⎥⎦
⎡⎢⎣X

Y
Z

⎤⎥⎦ (5)

where fx, fy are the focal lengths, (cx, cy) is the principal point offset, s is the axis skew and (u, v)
is the pixel position in the image plane. Here, the radial distortion had been incorporated during
the projection to the pixel coordinates. In detail, the feature of the point cloud in (X, Y, Z) can be
transformed to the position (u, v) in the image plane, so the score map of VoxelNet can be fused with
the score map of PixelNet.

The spatial dimensionality of the features is the same as that of the input data in VoxelNet, so it
can preserve all the original shape information. However, if only a single max pooling layer is adopted
to generate the global feature, it will drop significant context information from the input point cloud.

3.4. Softmax Weighed Fusion

In contrast to the conventional methods, which simply fuse score maps from different modalities
using equal weights, a softmax weighted fusion stack, as shown in Figure 3, is designed to learn the
varying contribution of each modality in different situations for different categories. To be precise,
let us define the score maps by F 1,F 2 . . .Fn ∈ Rc×h×w, generated from n different modalities, where c
is the number of categories and h × w are the dimensions of the score map. Then, the fusion score map
F f used ∈ Rn·c×h×w can be written as:

F f used = C([F 1,F 2 . . .Fn])�Wconv (6)

where � is the convolution operation, C is the concatenation operation and Wconv ∈ Rn·c×n·c×1×1 are
the weights of the convolution. The convolution operation learns the correlations of the multiple score
maps from n different modalities. The channel values of F f used are further normalized into the interval
[0, 1] according to the softmax operation. Then, the weights of the score map are obtained through a
slice operation as:

W1,W2 . . .Wn = S
[

softmax(F f used)
]

(7)

where S is the slice operation, softmax(x) =
exp(x)

∑n·c
i=1 exp(xi)

and W1,W2 . . .Wn ∈ Rc×h×w are

the corresponding weights of the score maps. The weights signify the confidence of each model.
The weighted fusion score map Fscore ∈ Rc×h×w can be written as:
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Fscore =
n

∑
j=1

F j �W j, (8)

where � is the element-wise multiplication operation, ∑n·c
j=1 W j = 1 and 1 ∈ Rh×w.

For our problem, the three score maps from PixelNet and VoxelNet are fused together according
to their respective confidence levels. Note that the proposed weighted fusion stack can fuse the score
maps of an arbitrary number of modalities. Moreover, it can be easily inserted into a neural network
that requires fusion of multiple modalities and can be trained end-to-end. Thus, it can potentially be
applied to many other similar problems.

3.5. Class-Weighted Loss Function

In most of the datasets for semantic segmentation, we observe highly imbalanced class
distributions. Thus, focusing more on the rare classes to boost their recognition accuracy can improve
the average recognition performance significantly, while overall recognition performance might
decrease a little. We adopt the class-weighted negative log-likelihood as the loss function:

loss = − ∑
i∈Θ

(1yi=j)2
�log10(δ/pj)� · logL

(
softmax(Fi), yi

)
(9)

where Θ are the training data, L is the likelihood function, Fi is the final score map, yi refers to the
one-hot training label. 1yi=j is a function that returns 1 if yi = j, or 0 otherwise. pj is the occurrence

frequency of class j, and 2�log10(δ/pj)� is the weight of class j. δ is the threshold of frequency criteria for
the rare class. �� is the ceiling operation. This will force the network to assign a higher weight to rare
classes. The value of δ is set to 2.5% following the 85%–15% rule described in [35], i.e., the frequency
sum of all the rare classes is 15%.

3.6. RGB-D Mapping and 3D Label Refinement

RGB-D SLAM [8] is adopted for dense 3D mapping. Its visual odometry can provide the
transformation information between two adjacent semantically-labelled point clouds. It is then used
for generating a global semantic map and enabling incremental semantic label fusion.

After obtaining the semantically-labelled point clouds from different viewpoints, label hypotheses
are fused by a recursive Bayesian update to refine the 3D semantic map. Each voxel in the semantic
point cloud stores both the label value and the corresponding discrete probability. The voxels from
different viewpoints can be transformed to the same coordinate through the visual odometry of RGB-D
SLAM. Then, the voxel’s label probability distribution is updated by means of a recursive Bayesian
update as:

P(x = li|I1,...,k) =
1
Z

P(x = li|I1,...,k−1)P(x = li|Ik) (10)

where li is the label prediction, Ik is the k-th frame and Z is the normalizing constant. The label
refinement is applied to all label probabilities of each voxel to generate a proper distribution.

4. Experiments

We evaluate the proposed Pixel-Voxel network using two popular indoor scene datasets, i.e.,
the SUN RGB-D (http://rgbd.cs.princeton.edu/) and NYU V2 (https://cs.nyu.edu/~silberman/
datasets/nyu_depth_v2.html) datasets. The former is used to evaluate the semantic segmentation on
a single frame, while the latter provides raw RGB-D sequences, which can be used for the semantic
segmentation evaluation on multiple frames.

The SUN RGB-D dataset contains 5285 synchronized RGB-D image pairs for training/validation
and 5050 synchronized RGB-D image pairs for testing. The RGB-D image pairs with different
resolutions are captured by 4 different RGB-D sensors: Kinect V1, Kinect V2, Xtion and RealSense.
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The task is to segment 37 indoor scene classes such as table, chair, sofa, window, door, etc. Pixel-wise
annotations are available in these datasets. However, the extremely unbalanced distribution of class
instances makes the task very challenging. The rareness frequency threshold is set to 2.5% in the
class-weighted loss function following the 85–15% rule.

The NYU V2 dataset provides synchronized 1449 pixel-wise annotated RGB-D image pairs
captured by Kinect V1, which includes 795 frames for training/validation and 654 frames for testing.
The task is to segment 13 classes similar to the SUN RGB-D dataset in an indoor scene. Comparing
with the other larger RGB-D datasets, the NYU V2 dataset provides raw RGB-D videos rather than
discrete single frames. Therefore, using the odometry of RGB-D SLAM, the semantic segmentation
based on multiple frames can be evaluated for the dense semantic mapping.

4.1. Data Augmentation and Preprocessing

For the PixelNet training, all the RGB images are resized to the same resolution 512 × 512 through
bilateral filtering. We randomly flip the RGB image horizontally and rescale the image slightly to
augment the RGB training data.

For the VoxelNet training, there is still no available large-scale ready-made 3D point cloud
dataset. We generated the point cloud using the RGB-D image pairs and the corresponding intrinsic
parameters of the camera through back-projection, e.g., Equation (5) for the SUN RGB-D and NYU V2
datasets. Following [14], 514 training and 558 testing RGB-D image pairs containing invalid values,
which might lead to incorrect supervision during training, are excluded from the SUN RGB-D dataset.
We also randomly flip the 3D point cloud horizontally to augment the training data. There is huge
computational complexity if the original point clouds are used for VoxelNet training. Therefore,
we uniformly down-sample the original point cloud to a sparse point cloud in 3 different scales.
The numbers of points in these sparse point clouds are 16,384, 4096 and 1024, respectively.

4.2. Network Training

The whole training process can be divided into 3 stages: PixelNet training, VoxelNet training and
Pixel-Voxel network training. Firstly, PixelNet and VoxelNet are each trained separately. Then, the
pre-trained weights are inherited for the Pixel-Voxel network training.

All the networks are trained using stochastic gradient descent with momentum. The batch size
is set to 10, the momentum fixed to 0.9 and the weight decay fixed to 0.0005. The new parameters
are randomly initialized from a Gaussian distribution with variance 10−2. The step learning policy
is adopted for PixelNet training, and the polynomial learning policy is adopted for PixelNet and
Pixel-Voxel Network training. The learning rate is initialized to 10−3, and the learning rate of the
newly-initialized parameters is set to 10-times higher than that of the pre-trained parameters. Because
there are 3 softmax weighed fusion stacks, 3 rounds of fine-tuning are required during the Pixel-Voxel
network training.

4.3. Overall Performance

Following [11], three standard performance metrics for semantic segmentation are used for the
evaluation: pixel accuracy, mean accuracy and mean intersection over union (IoU). The three metrics
are defined as:

• Pixel accuracy: ∑i nii/ ∑i ti

• Mean accuracy: (1/ncl)∑i nii/ti

• Mean IoU: (1/ncl)∑i nii/(ti + ∑j nji − nii)

where ncl is the number of classes, nij is the number of pixels of class i classified as class j and ti = ∑j nij
is the total number of pixels belonging to class i.
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In the experiment on the SUN RGB-D dataset, the performance of the Pixel-Voxel network and all
the baselines are evaluated on a single frame. In the second experiment, the results are obtained by
fusing multiple frames (provided by the raw data). To be more specific, visual odometry is employed
to associate the pixels in consecutive frames, and then, a Bayesian-update-based 3D refinement is used
to fuse all predictions. Similar strategies are used in the baseline methods, i.e., Hermans et al. [21],
SemanticFusion [22] and Ma et al. [28].

From Figures 5 and 6, it is clear that after combining VoxelNet with PixelNet, the edge prediction
can be improved significantly. Preserving 3D shape information through VoxelNet, the results have
accurate boundaries, such as the shape of the bed, toilet and especially the legs of the furniture.

(a) (b) (c) (d)

Figure 5. (a,c) are the coarse predictions from PixelNet, and (b,d) are the predictions after combining
VoxelNet with PixelNet. It can be seen that the boundary shape is more accurate after the VoxelNet
refinement. The colour palette can be found in Figure 6.

Figure 6. Qualitative results (best viewed in colour) for the Pixel-Voxel network on the SUN RGB-D
dataset. For different scenes in each row, the following images are displayed: RGB image (Row 1),
3D point cloud (Row 2), ground truth image (Row 3), 2D semantic image (Row 4) and 3D semantic
point cloud (Row 5). The Pixel-Voxel network produces results with accurate boundary shape such as
the shape of the bed, toilet and especially the legs of the furniture.
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The comparison of overall performance on the SUN RGB-D and NYU V2 datasets are shown in
Tables 1 and 2. The class-wise accuracy on the SUN RGB-D and NYU V2 datasets are shown in Tables 3
and 4. The class-wise IoU of the Pixel-Voxel network is also provided. For the SUN RGB-D dataset,
we achieved 79.04% for overall pixel accuracy, 57.65% for mean accuracy and 44.24% for mean IoU.
After combining VoxelNet edge refinement, the pixel accuracy increased slightly from 77.25%–77.82%
for VGG-16 and from 78.30%–78.76% for ResNet101, while the mean accuracy shows a significant
increase from 49.33%–53.86% for VGG-16 and from 54.22%–56.81% for ResNet101. For the NYU V2
dataset, we achieved an overall pixel accuracy of 82.53%, a mean accuracy of 74.43% and a mean IoU
of 59.30%. After combining VoxelNet edge refinement, the overall accuracy increases slightly from
80.74%–81.50% for VGG-16 and from 81.63%–82.22% for ResNet101, while the mean accuracy shows a
significant increase from 70.23%–72.25% for VGG-16 and from 72.18%–73.64% for ResNet101.

Table 1. Comparison of the overall performance on the SUN RGB-D dataset. Some results are copied from [12].
The best performance among the compared methods is marked as bold.

Methods Pixel Acc. Mean Acc. Mean IoU

FCN [11] 68.18% 38.41% 27.39%
DeconvNet [30] 66.13% 33.28% 22.57%

SegNet [12] 72.63% 44.76% 31.84%
DeepLab [13] 71.90% 42.21% 32.08%

Context-CRF [36] 78.4% 53.4% 42.3%
LSTM-CF [15] (RGB-D) - 48.1% -
FuseNet [14] (RGB-D) 76.27% 48.30% 37.29%

LS-DeconvNets (RGB-D) [16] - 58.00% -
RefineNet-Res101 [37] 80.4% 57.8% 45.7%
RefineNet-Res152 [37] 80.6% 58.5% 45.9%

CFN (VGG-16, RGB-D) [17] - - 42.5%
CFN (RefineNet-152, RGB-D) [17] - - 48.1%

Pixel Net (VGG-16) 77.25% 49.33% 38.26%
Pixel Net (ResNet101) 78.30% 54.22% 41.73%

Pixel-Voxel Net (VGG-16, without fusion) 77.82% 53.86% 41.33%
Pixel-Voxel Net (ResNet101, without fusion) 78.76% 56.81% 43.59%

Pixel-Voxel Net (VGG-16) 78.14% 54.79% 42.11%
Pixel-Voxel Net (ResNet101) 79.04% 57.65% 44.24%

Table 2. Comparison of overall performance on the NYU V2 dataset. Some results are copied from [28].
The methods with † take advantage of the data from multiple views. The best performance among the
compared methods is marked as bold.

Methods Pixel Acc. Mean Acc. Mean IoU

Hermans et al. [21] (RGB-D) † 54.3% 48.0% -
SemanticFusion [22] † 67.9% 59.2% -

SceneNet [38] 67.2% 52.5% -
Eigen et al. [39] (RGB-D) 75.4% 66.9% 52.6%

FuseNet [14] (RGB-D) 75.8% 66.2% 54.2%
Ma et al. [28] (RGB-D) † 79.13% 70.59% 59.07%

Pixel Net (VGG-16) † 80.74% 70.23% 55.92%
Pixel Net (ResNet101) † 81.63% 72.18% 57.78%

Pixel-Voxel Net (VGG-16, without fusion) † 81.50% 72.25% 57.69%
Pixel-Voxel Net (ResNet101, without fusion) † 82.22% 73.64% 58.71%

Pixel-Voxel Net (VGG-16) † 81.85% 73.21% 58.54%
Pixel-Voxel Net (ResNet101) † 82.53% 74.43% 59.30%
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Modelling the global context information and simultaneously preserving the local shape
information are the two key problems in CNN-based semantic segmentation. The main idea of
Pixel-Voxel net is to leverage the advantages of two complementary modalities, to extract high-level
context features from RGB and fuse them with low-level geometric features from the point cloud.
The improvement can be attributed to three parts: the hierarchical convolutional stack in PixelNet,
the boundary refinement by VoxelNet and the softmax weighted fusion stack. First, the hierarchical
convolutional stack can learn the high-level contextual information through an incrementally-enlarged
receptive field. As shown in Tables 1 and 2, the standalone PixelNet can achieve a very competitive
performance. Second, the proposed VoxelNet can refine the 3D object boundaries through learning
the low-level geometrical features from the point clouds. As shown in Figure 5, the objects have finer
boundaries after combining with VoxelNet. As shown in Tables 1 and 2, the quantitative performance
improves significantly through 3D-based shape refinement from VoxelNet. Third, the proposed
softmax fusion layer can adaptively learn the confidence of each modality. As a result, the predictions
from different modalities can be fused more effectively. As shown in Tables 1 and 2, the quantitative
results also increase slightly through the so f tmax fusion stack. Note that the overall accuracy cannot
be improved significantly, as pixels/voxels on the object edge only occupy a very small percentage of
the whole pixels/voxels. However, the mean accuracy experiences a substantial improvement due to
the increased accuracy on rare classes, for which the edge pixels occupy a relatively large percentage
of all pixels.

Most state-of-the-art methods employ multi-scale CRF or a 2D/3D graph to refine the object
boundaries. Their main limitation is slowness because of the excessive usage of multi-resolution
high computational CRF or graph optimization. Although their performance is slightly better than
ours, these methods are unlikely to be applied to real-time robotics applications. Our method
can preserve the fine boundary shape through learning the low-level features from 3D geometry
data. There is no computational optimization in the Pixel-Voxel network, so it is faster than most
state-of-the-art methods.

4.4. Dense RGB-D Semantic Mapping

The dense RGB-D semantic mapping system is implemented under the ROS (http://www.ros.
org/) framework and executed on a desktop with i7-6800k (3.4 Hz) 8-core CPU and NVIDIA TITAN X
GPU (12G). Kinect V2 is used to obtain the RGB images and point clouds. IAI Kinect2 package2 (https:
//github.com/code-iai/iaikinect2/) is employed to interface with ROS and calibrate with the Kinect2
cameras. The Pixel-Voxel network is implemented using the Caffe (http://caffe.berkeleyvision.org/)
toolbox. The network is trained on a TITAN X GPU, accelerated by CUDA and CUDNN.

The system with a pre-trained network was also tested in a real-world environment, e.g., a living
room and bedroom containing a curtain, bed, etc., as shown in Figure 7. It can be seen that most of
the point clouds are correctly segmented, and the results have accurate boundaries, but there are still
some points on the boundary with wrongly-assigned labels. Some error predictions are caused by
upsampling the data through a bilateral filter to the same size as the Kinect V2 data. Furthermore,
this network was trained using the SUN RGB-D and NYU V2 datasets, but was tested using the
real-world data. Therefore, some errors occur due to illumination variances, category variances, etc.
In addition, the noise of the Kinect V2 also causes some errors in predictions.
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Figure 7. The dense 3D map and dense 3D semantic map (best viewed in colour) of a living room and bedroom.

Using the quad high definition (QHD) data from Kinect2, the runtime performances of our system
are 5.68 Hz (VGG16) and 3.23 Hz (ResNet101) when the RGB is resized to 512 × 512 and the point
cloud is down-sampled to three scales, 16,384 × 1, 4096 × 1 and 1024 × 1. During real-time RGB-D
mapping, only a few key-frames are used for mapping. Most of the frames are abandoned because of
the small variance between two consecutive frames. It is not necessary to segment all the frames in
the sequence, but only the key-frames. As mentioned in [21], the 5-Hz runtime performance is nearly
sufficient for real-time dense 3D semantic mapping. It is worth noting that the running time can be
boosted to 13.33 Hz (VGG16) and 9.01 Hz (ResNet101) using half-sized data with a corresponding
decline in segmentation performance. Thus, there is a trade-off between performance requirement and
time consumption. The inference running time of Pixel-Voxel Net using different sizes of data can be
found in Table 5, and the corresponding decline in performance can be found in Table 6.

Table 5. The average inference runtime of Pixel-Voxel Net (PVNet) using different sizes of data.

Network on the Different Sizes of Data
Inference Runtime

Full Size Half Size

PVNet (VGG-16) 0.176s 0.075s
PVNet (ResNet101) 0.310s 0.111s

Table 6. The declining performance of Poxel-Voxel Net (PVNet) using half-sized data. � represents
the declining performance (in percentage) with half-sized data compared to that with full-sized data.

Network on the Half Size Data
SUN RGB-D NYU V2

� Pixel acc. � Mean acc. � Mean IoU � Pixel acc. � Mean acc. � Mean IoU

PVNet (VGG-16) −1.35% −1.87% −1.59% −1.08% −0.62% −1.53%
PVNet (ResNet101) −1.16% −2.34% −1.94% −1.41% −0.84% −1.96%

5. Conclusions

This paper introduced an end-to-end discriminative Pixel-Voxel network for dense 3D semantic
mapping. The hierarchical convolutional stack structure in PixelNet can model the high-level
contextual information through an incrementally-enlarged receptive field, while the VoxelNet learns
geometrical shapes via a non-linear feature transform in order to identify 3D objects with fine object
boundaries. More importantly, an adaptive fusion layer, i.e., so f tmax fusion, can learn the probabilistic
confidences in order to fuse features from RGB and depth (3D) modalities in the non-linear fashion.
We achieved competitive performance on the SUN RGB-D benchmark (pixel acc.: 79.04%, mean acc.:
57.65% and mean IoU: 44.24%) and NYU V2 benchmark (pixel acc.: 82.53%, mean acc.: 74.43% and
mean IoU: 59.30%). Our method is fully parametric without running time optimizations. Consequently,
a straightforward inference is used for deployment, which guarantees near-real-time performance.
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Our method is faster than most state-of-the-art methods (up to around 13 Hz using an i7 eight-core PC
with Titan X GPU) and can be integrated into a SLAM system for near-real-time application in robotics.

For future work, we will investigate the possibility of applying the proposed VoxelNet for semantic
segmentation [40] with 3D LiDAR data, where only 3D geometric data are available. Moreover, and
we will investigate adopting the proposed semantic mapping method to domestic robot navigation
and manipulation tasks. The source code will be published upon acceptance. A real-time demo can be
found on the author’s Youtube channel (https://youtu.be/UbmfGsAHszc).
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Abstract: Vision-based motion estimation is an effective means for mobile robot localization and is
often used in conjunction with other sensors for navigation and path planning. This paper presents a
low-overhead real-time ego-motion estimation (visual odometry) system based on either a stereo
or RGB-D sensor. The algorithm’s accuracy outperforms typical frame-to-frame approaches by
maintaining a limited local map, while requiring significantly less memory and computational power
in contrast to using global maps common in full visual SLAM methods. The algorithm is evaluated
on common publicly available datasets that span different use-cases and performance is compared to
other comparable open-source systems in terms of accuracy, frame rate and memory requirements.
This paper accompanies the release of the source code as a modular software package for the robotics
community compatible with the Robot Operating System (ROS).

Keywords: visual odometry; ego-motion estimation; stereo; RGB-D; mobile robots

1. Introduction

Accurate and real-time motion estimation to enable robot perception and control tasks is a
fundamental problem in mobile robotics. Despite being well studied, it remains challenging to provide
timely and accurate robot motion estimates for applications where the mobile robot is operating
in uncontrolled and previously unknown environments. Examples of such applications include
micro-aerial vehicles (MAVs) exploring a new environment, advanced driver-assistance systems
(ADAS) in modern automobiles and autonomous self-driving vehicles.

A mobile robot’s position estimation can be performed through dead reckoning using a
combination of wheel odometers in ground vehicles and inertial measurement units (IMUs). However,
continuous integration of measurements from these sensors results in drift in position estimates,
rendering them unsuitable for sustained long-term operation. Sonar and ultrasonic sensors can be
used for robot localization; however, they are active sensors and can interfere with each other. The
global positioning system (GPS) provides absolute position with no error accumulation over time.
However, GPS sensors are unavailable in indoor and closed areas and they lose satellite lock in tunnels
and urban canyons.

Cameras are attractive sensors for performing the motion estimation task. Cameras are low-cost
sensors and can provide a rich stream of information. Furthermore, since cameras are passive sensors,
they do not interfere with each other when multiples are deployed. Visual odometry (VO) is the
process of estimating the position and orientation of an agent (e.g., a vehicle) using only the input of a
single or multiple camera attached to it [1].

In this paper, we present our innovative visual odometry system called lightweight visual tracking
(LVT). Unlike typical visual odometry approaches where features are tracked and motion is estimated
between consecutive frames only, our system tracks features for as long as possible. This results in a
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system that is approaching full visual simultaneous localization and mapping (V-SLAM) systems in
terms of accuracy while still maintaining low computational overhead. Moreover, the system supports
both stereo and RGB-D cameras. For the benefit of the community, the full source code of the system is
made publicly available under a permissive license and with support for the Robot Operating System
(ROS) at: (https://github.com/SAR-Research-Lab/lvt).

2. Related Work

Visual odometry is an active area of research where many different methods have been developed
over the years. A detailed review of the field of visual odometry was published by Scaramuzza and
Fraunhofer [1]. The problem of estimating vehicle motion from visual input was first approached
by Moravec [2] in the early 1980s. Moravec established the first motion-estimation pipeline, whose
main functional blocks are still used today. However, the term visual odometry was first coined by
Nister et al. in their landmark paper [3]. Their paper was the first to demonstrate a real-time long-run
implementation with a robust outlier rejection scheme.

Kitt et al. presented a visual odometry algorithm based directly on the trifocal geometry between
image triples [4]. Howard has presented a visual odometry system in which inliers are detected
based on geometric constraints rather than on performing the more commonly used outlier rejection
schemes [5]. However, those approaches follow the typical visual odometry scheme of matching or
tracking features between consecutive frames and using these features for ego-motion estimation.
The first to propose using the whole history of tracked features is the work by Badino et al. [6]. They do
so by computing integrated features, which are the sample mean of all previous measured positions of
each feature. Integrated features are then used in the motion computation between the two consecutive
frames. Our approach differs in that we employ a transient local 3D map for tracking. It consists of a
sparse set of 3D points (features) that are used for tracking and, therefore, motion estimation. This local
map is internal to the system and is not an attempt to build a global map of the environment. As long
as a feature is useful and can be utilized for motion estimation, it is kept alive in this local map.

Related to visual odometry is the simultaneous localization and mapping (SLAM) problem, where
the goal is to build an accurate map of the environment while simultaneously localizing within this map.
Visual SLAM systems employ sophisticated techniques to improve their accuracy, such as detecting
loop-closures, where the system detects a previously visited location and uses this information to
correct the map. Early work of bringing vision into SLAM was Davison’s MonoSLAM [7], which
was a filter-based method utilizing an Extended Kalman Filter (EKF). Filter-based methods were
dominant until the development of the Parallel Tracking and Mapping (PTAM) system by Klein and
Murray [8]. PTAM separated and parallelized the motion estimation and mapping tasks through a
keyframe-based architecture while employing bundle adjustment [9]. An excellent introduction and
survey of keyframe-based visual SLAM is by Younes et al. [10]. Unlike typical visual SLAM systems,
by employing our local map approach our system is able to achieve high accuracy while maintaining
low memory and computation requirements.

Additionally, Visual SLAM and odometry systems can be classified as either direct or feature-based
methods. Feature-based methods try to extract distinctive interest points and track them in subsequent
frames to estimate camera ego-motion. In contrast, direct methods operate on the whole image directly.
That is, the camera is localized by optimizing directly over image pixel intensities. Key representatives
of feature-based visual SLAM systems are S-PTAM [11] and ORB-SLAM [12], whereas a representative
of the direct visual SLAM systems is LSD-SLAM [13]. Our system is based on point or corner-like
features as they enable real-time performance while running completely on a CPU.

With the introduction of commodity depth sensors, RGB-D cameras have become popular in
robotics. Huang et al. have introduced a visual odometry system based on RGB-D cameras called
Fovis [14]. Their system extracts point features from the image and then each feature’s depth is
extracted from the depth image. They follow an inlier detection approach similar to Howard’s [5] and
track features between consecutive frames. On the other hand, DVO by Kerl et al. [15] is a dense visual
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odometry method that aims to exploit both the intensity and depth information of RGB-D cameras.
Yet other approaches use depth information alone for ego-motion estimation. One common approach
is by 3D point-cloud registration, which is commonly performed using an iterative closest point (ICP)
algorithm [16,17]. KinectFusion by Newcombe et al. [18] is one of earliest and most well-known RGB-D
SLAM systems. It fuses depth data into a volumetric dense model that is used for tracking camera
motion. Our system supports RGB-D data as well, where features are detected from the RGB image
and depth information is extracted from the depth image. The rest of the system remains intact and
performs the same operations regardless of the used sensor.

3. System Description

A high-level overview of the visual odometry algorithm is shown in Algorithm 1. In the rest of
the paper, camera pose is understood to encompass both position and orientation, that is, the complete
6 degrees-of-freedom transformation. The world reference coordinate frame is set at the pose of the
first frame of the sequence.

Algorithm 1. Visual Odometry Algorithm Overview

for each frame (stereo or RGB-D)
Extract features (AGAST, BRIEF)
if first frame

Initialize local map
Set world reference coordinate frame

else

Predict new pose
Track local map
Estimate pose using tracked measurements
Update staged map points
Perform new triangulations if necessary
Clear no longer trackable map points

end if

end for

The details of different components are illustrated below.

3.1. Image Sequence

The first step is to feed the system a frame that is acquired either from a stereo or RGB-D sensor.
In the stereo camera case, the retrieved stereo frame consists of the synchronized images from the
left and the right cameras. The stereo frame is assumed to be stereo-rectified. Stereo rectification is
the process of virtually transforming the stereo frame so that it appears as if the two cameras of the
stereo rig have their image planes aligned to be coplanar. Consequently, epipolar lines are now parallel
to the stereo baseline between the cameras. This reduces the stereo correspondence problem to a
one-dimensional search, as matching features between the two cameras will lie on the same pixel row,
assuming a horizontal stereo rig [19]. In the RGB-D sensor case, the RGB image is converted into a
grayscale one and then it is fed along with the depth image to the system.

3.2. Feature Extraction

As a feature-based method, salient point or corner-like features will be extracted and used for
subsequent processing. Corner-like features are fast to compute and many good corner detectors are
available. In this work, the adaptive and generic accelerated segment test (AGAST) [20] corner detector
is used. AGAST builds on the features from accelerated segment test (FAST) [21] corner detector, which
enjoys a high degree of repeatability and computational performance. AGAST improves the accelerated
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segment test that underlies FAST by making it more generic while increasing its performance. No scale
pyramid of any image is built and the corners are extracted from the full-size images.

For each detected feature, a feature descriptor is computed. A feature descriptor acts like a
signature for that feature. Matching between features can then be performed by comparing their
descriptors. In this work, binary robust independent elementary features (BRIEF) [22] descriptors are
used. BRIEF descriptors are binary feature descriptors, that is, descriptors that are in the form of a
binary string. This means that matching is fast, based on hamming distance. Hamming distance is
defined as the number of positions at which the corresponding bits are different. Hamming distance is
simple and fast to compute because it is just an exclusive-OR (XOR) operation and a bit count, that is,
sum(xor(descriptor1, descriptor2)). However, BRIEF descriptors lack rotational invariance.

An important problem to consider is the distribution of the detected features across the image.
Poor distribution where detected features are concentrated in one region of the image can lead to
poor results. We follow a two-step process to overcome this problem. First, the image is divided into
cells where features will be detected in each cell separately. Then, a technique known as adaptive
non-maximal suppression, as described by Brown et al. [23], is performed in each cell. Adaptive
non-maximal suppression aims to limit the maximum number of features extracted while at the same
time ensuring good distribution across the image. Features are suppressed based on corner strength
and only ones that are local maxima in the neighborhood are retained.

3.3. Pose Prediction

Before proceeding to the next step, a prediction of the current camera pose is performed. For
ground vehicles, dead reckoning using wheel odometry can be used to perform such prediction since
it is usually available. In this work, we will follow a simple motion model where velocity is assumed
constant between frames and then computed velocities are averaged over frames. In this simple
motion model, a constant frame rate is assumed, that is, time is not considered in the calculations.
The motion is calculated as follows: assuming the pose at frame k to be Ck, which consists of orientation
represented as a quaternion, qk ∈ SO(3) and position tk ∈ R3. Ck is the pose to be predicted. The linear
velocity at frame k is computed as:

vk = tk−1 − tk−2 (1)

This linear velocity is then averaged over time:

vk = (vk + vk−1)/2 (2)

A similar approach is followed for the rotational component where quaternion multiplication
is performed:

wk = qk−1q−1
k−2 (3)

and then the rotational velocity is also averaged over time using the spherical linear interpolation
(SLERP) operation:

wk = slerp(wk, wk−1, 0.5) (4)

After computing the new velocities, the predicted pose is easily computed as follows:

tk = tk−1 + vk (5)

qk = qk−1wk (6)

The predicted pose is then used as a guide in the next local map-tracking step.

3.4. Tracking Local Map

The goal of this step is to correctly associate visible 3D map points with 2D image features.
This 3D-2D data association is used by the following pose estimation step. Note that the associated 2D
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image features here are, in the stereo camera case, the ones extracted from the left camera image only.
The 3D map points are projected onto the image plane of the left camera in the stereo camera case and
of the RGB camera in the RGB-D camera case using the pinhole camera model. The neighborhood of
each projected 3D map point is then examined for the best matching 2D feature detected in the feature
extraction step. In our current implementation, the search neighborhood is set to a 25-pixel radius
around each projected feature. If no enough matches are found, the search radius is doubled and the
tracking step is performed again. This process is illustrated in Figure 1, where the local 3D map is
shown to the left and the detected 2D image features in the current frame are shown to the right.

Figure 1. An illustration showing: (a) local 3D map and (b) detected 2D image features. The goal is
to find the correspondence between each 3D map point and detected 2D feature. Sample image from
KITTI dataset.

Neighborhood search is accelerated by means of spatial hashing. During the feature extraction
step, the image plane is divided into a two-dimensional grid. Each cell of this grid is assigned the list
of corners that happen to be within its boundaries. Now, the projected point’s prospective grid cell is
computed and thus the list of potential matches is readily available. Once candidate neighborhood
features are identified, finding the best match of the projected point proceeds by using the widely
accepted ratio test proposed by Lowe [24]. The ratio test works by comparing the distance of the
closest neighbor to that of the second closest one. The nearest neighbor here is defined as the one with
the minimum hamming distance for the BRIEF descriptor. If the nearest feature is much closer than
the second nearest one, then it has a higher probability of being the correct match. The ratio test value
is set to 0.80 in our implementation.

3.5. Pose Estimation

The found matches are then used for computing the camera pose. Camera pose consists of
orientation R ∈ SO(3) and position t ∈ R3. Finding the camera pose is formalized as an optimization
problem to find the optimal R, t that minimizes the reprojection error between the matched 3D points
and the image 2D features:

{R, t} = argmin
R,t

∑
i∈S

ρ
(
||xi − π

(
RXi + t

)
||2
)

(7)

where xi ∈ R2 are image features, Xi ∈ R3 are world 3D points, for i ∈ S the set of all matches. ρ is the
Cauchy cost function. π is the projection function. This minimization problem is solved iteratively
using the Levenberg–Marquardt algorithm. Furthermore, outliers are detected and excluded and the
optimization is run for a second time with the inlier set.
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3.6. Local Map Maintenance

We maintain a secondary map of points we refer to as staged points, which are also tracked over
time but are not used in motion estimation until they are found to be of high quality. After camera
pose is computed, staged map points are updated. When a new 3D-points triangulation occurs, these
new points are initially stored in this staging area and are not added immediately to the local map.
If a staged point is tracked successfully for a specified number of frames, then it is declared of good
quality and added to the map. If it fails tracking, then it is removed. However, if the number of map
points drops below 1000 point, then staged points will be added immediately to the map in order to
always maintain a minimum number of points in the map.

For the purpose of triggering a new points triangulation, we will monitor the number of 2D-3D
matches found in the current frame and in the previous two frames. If the number of matches is
decreasing, a new triangulation is performed. New points are triangulated from features that were
not tracked in the current frame. These newly triangulated points are added to the staging area as
described previously. Additionally, map points that fail tracking for a specified number of frames are
deleted from the map. Hence, the local map is kept fresh with good immediately useful points from
the staging area, while no-longer-trackable points are removed.

When the system initially starts, the local map is empty, so the first frame is used to triangulate
the initial set of 3D points, which are added immediately to the local map. This first frame also sets the
world reference coordinate frame. All reported poses will be with respect to this world coordinate
frame. In the stereo case, triangulations are performed using the Linear-LS method described by
Hartley and Sturm [25]. As the stereo frame is rectified, matching corners between the left and right
images is greatly simplified, as the search is restricted to the same row in both images. In the RGB-D
case, triangulations are performed by extracting depth values directly from the depth image.

3.7. General Implementation Remarks

The algorithm is implemented using the C++ programming language. OpenCV library was used
to perform image processing tasks. Corner detector and descriptor extractor implementations available
as part of OpenCV library were used. The general graph optimization (g2o) library [26] was used to
perform the Levenberg–Marquardt minimization in the pose estimation step.

The algorithm runs purely on the CPU, with no GPU acceleration used. Moreover, the algorithm
runs primarily in one thread. However, a parallel thread is spawned to perform the features
computation step on the right image in the stereo cameras case while the main thread is busy
performing it on the left one.

4. Evaluation

We present results of the evaluation of our visual odometry system on three challenging, publicly
available datasets—namely, the KITTI dataset [27], the EuRoC MAV dataset [28] and the TUM RGB-D
dataset [29]. Each dataset has its unique characteristics, which will enable comprehensive evaluation
of our visual odometry system.

4.1. KITTI Dataset

The KITTI dataset is widely used for evaluating autonomous driving algorithms. The dataset
was collected by driving in different traffic scenarios in the city of Karlsruhe, Germany. Some of the
challenging aspects of the dataset are the presence of dynamic moving objects (vehicles, cyclists and
pedestrians), the different lighting and shadow conditions as the vehicle is moving and the presence of
foliage, which results in the detection of many non-stable and challenging-to-track corners.

The presented visual odometry system is also evaluated against two open-source systems,
S-PTAM [11] and LIBVISO2 [30]. S-PTAM is a state-of-the-art full V-SLAM system. S-PTAM was
compiled without loop-closing capability but all other operations remain intact. LIBVISO2 is a famous
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stereo visual odometry system that tracks features and estimates motion between consecutive frames
only. With S-PTAM being a V-SLAM system and LIBVISO2 a frame-to-frame visual odometry system,
they provide a good comparison ground for our presented system, which aims to reach V-SLAM
systems accuracy while being lightweight like typical visual odometry systems.

4.1.1. Accuracy

For evaluating the accuracy, two error metrics will be reported. First is the average translation
error Et over all subsequences of length (100, . . . , 800) meters as defined in the KITTI dataset paper [27].
We define the other metric ξ as:

ξ = RMSE(T1:n) =

(
1
n

n

∑
i=1

T2
i

)1/2

(8)

where Ti is the magnitude of the Euclidean distance along the horizontal plane between the estimated
and ground truth pose at frame i.

The computed error metrics for KITTI sequences (00–10) except for sequence 01 are shown in
Table 1. Sequence 01 is a challenging highway with unreliable far features. Although our algorithm
does not lose tracking, it drifts badly and fails to provide meaningful estimates. Hence, it was excluded.
From the presented results, it can be seen how our proposed visual odometry algorithm comes very
close to S-PTAM, which is a complete V-SLAM system and surpasses LIBVISO2. Plots of the estimated
path against ground truth are shown in Figure 2.

Table 1. Results on KITTI dataset.

Sequence Length (km)
LVT S-PTAM LIBVISO2

Et (%) ξ (m) Et (%) ξ (m) Et (%) ξ (m)

00 3.7223 1.25 11.01 0.84 8.81 2.74 47.03
02 5.0605 1.33 13.59 0.96 22.20 2.20 69.52
03 0.5590 1.04 2.48 1.14 3.43 2.27 4.66
04 0.3936 0.56 0.78 1.29 2.72 1.08 2.67
05 2.2046 0.89 4.27 0.91 3.01 2.26 19.80
06 1.2326 1.04 2.11 1.28 3.34 1.28 4.20
07 0.6944 0.98 3.17 0.88 2.97 2.34 5.74
08 3.2137 1.25 6.57 1.05 6.69 2.83 44.52
09 1.7025 1.76 9.23 1.21 9.28 2.84 24.32
10 0.9178 1.02 3.81 0.64 3.61 1.39 2.97

Total 19.701 1.23 9.05 0.97 11.73 2.45 43.98

Additionally, we submitted our system for evaluation on the KITTI sequences (11–21) which
are test sequences that have no publicly available ground truth. Our system achieved an average
translation error of 5.8%. While running the analysis, we suspect the main source of error is sequence
21 which is a highway and suffers from the same issue as sequence 01 before. The problem with
highway scenes is that features are far away relative to the stereo baseline causing the stereo cameras
to degenerate into a monocular one. This results in the loss of scale information. Moreover, the KITTI
evaluation server provides the path plots of a portion of the test sequences which are shown in Figure 2.
From these path plots, we can see that our system is able to provide accurate estimates on the test
sequences comparable to its estimates on the training ones. This means with the exclusion of the
highway sequence 21, we expect our system to attain a comparable average translation error to the
one achieved on the training sequences which is 1.23%. Properly handling the problematic far away
features is a task for future work.

An important observation is that through our innovative approach of keeping features alive in a
local 3D map and tracking them for as long as possible, we were able to greatly improve estimation
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accuracy compared to LIBVISO2. LIBVISO2 follows the traditional visual odometry approach of
tracking features between consecutive frames, that is, from frame to frame only. We will define feature
age as the number of frames in which this feature was successfully tracked and used in pose estimation.
Average feature age in each frame for KITTI sequence 00 is shown in Figure 3.

Figure 2. Estimated trajectory (dashed blue) from lightweight visual tracking (LVT) against ground
truth (solid red) in KITTI dataset training sequences (00, 02, 05, 08) and evaluation sequences (11, 13,
14, 15).
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Figure 3. Average feature age in each frame of KITTI sequence 00.

4.1.2. Runtime Performance

Runtime performance evaluation experiments were performed on a laptop computer running
the Ubuntu 16.04 operating system, with an Intel i7-7700HQ CPU and 16 GB of memory (RAM).
For evaluating the runtime speed, we have timed the processing time of each frame from KITTI
sequence 00, excluding the portion where the system is retrieving the stereo image and with no
visualization enabled. As for evaluating the memory requirement, memory is read from the System
Monitor utility just before the last frame. This process was repeated five times to account for operating
system loading variability and the results are listed in Table 2.

Table 2. Runtime performance measurements.

Algorithm Mean ± Std (ms) Memory

LVT 13.82 ± 4.4 22.12 MiB
S-PTAM 36.7 ± 23.8 1.5 GiB

LIBVISO2 23.2 ± 4.5 41.82 MiB

We have timed the four main stages of the visual odometry system and the result is shown in
Figure 4.

Figure 4. Relative runtime speed of the main stages of the visual odometry system.

The suitability of the presented visual odometry system for constrained real-time applications is
evaluated on two embedded Linux single-board computers, namely, the Raspberry PI 3 [31] and the
ODROID XU4 [32]. The time to process each frame of KITTI sequence 00 is recorded and computational
performance is listed in Table 3.
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Table 3. Computational performance on embedded computers.

Single-Board Computer Mean ± Std (ms)

Raspberry Pi 3 162.37 ± 42.38
ODROID XU4 87.96 ± 20.35

4.2. EuRoC Dataset

The EuRoC datasets [28] were collected on board a micro-aerial vehicle (MAV). Stereo images
were collected at a rate of 20 Hz with a stereo camera that provides monochrome WVGA images.
The different datasets vary in their level of difficulty based on the flight dynamics and illumination
conditions. The fact that AGAST corners and BRIEF descriptors used in LVT are by their design
not invariant to in-plane rotations will provide useful insights, given that the MAV is moving in
all 6 degrees of freedom. We will use the five sequences collected in an industrial machine hall for
evaluation. The VICON room sequences constitute primarily of white plain surfaces and there is not
enough texture in the scene for the feature detector to detect corners, thus they were not used in the
evaluation. A sample image from the first machine hall dataset showing the detected features is shown
in Figure 5.

Figure 5. A sample image from Machine Hall 01 of the EuRoC datasets, where detected features are
plotted (red dots).

4.2.1. Accuracy

For evaluating the accuracy, two error metrics, absolute trajectory error (ATE) and relative pose
error (RPE), as defined Sturm et al. [29], are used. The ATE is well suited for evaluating Visual SLAM
systems, as it measures the global consistency of the estimated trajectory. On the other hand, the RPE
is more suited for evaluating visual odometry systems, as it measures the local accuracy of a trajectory
over a fixed time interval. That is, it measures the drift in a trajectory. In our evaluation, as the stereo
images are recorded at a rate of 20 Hz, we will set the fixed time interval for RPE to be 0.05 s. Therefore,
RPE will correspond to drift in units of meters per second. We have also run LIBVISO2 [30] on the
same dataset. The results are reported in Table 4. Both visual odometry systems are achieving similar
drift rates.
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Table 4. RMSE values of absolute trajectory error (ATE) and relative pose error (RPE) on
EuRoC datasets.

LVT LIBVISO2

Sequence ATE (m) RPE (m/s) ATE (m) RPE (m/s)

MH_01_easy 0.232 0.028 0.234 0.028
MH_02_easy 0.129 0.028 0.284 0.028

MH_03_medium 1.347 0.070 0.86 0.069
MH_04_difficult 1.635 0.069 1.151 0.068
MH_05_difficult 1.768 0.060 0.818 0.060

4.2.2. Effect of Rotational-Invariant Features

AGAST corners and BRIEF descriptors used in our presented visual odometry system do not
provide rotational invariance capability. When evaluated previously on the KITTI dataset, this did
not pose a problem, as the vehicle is moving on a locally planar ground. However, in the EuRoC
datasets, the MAV is flying in all 6 degrees of freedom. In order to evaluate said effect, we have
replaced the default AGAST/BRIEF with oriented fast and rotated brief (ORB) [33]. ORB provides
rotational-invariant features. With everything else remaining fixed, we have re-run the evaluation and
the results are reported in Table 5.

Table 5. RMSE values of ATE and RPE on EuRoC datasets using rotational-invariant oriented fast and
rotated brief (ORB) features.

Sequence ATE (m) RPE (m/s)

MH_01_easy 0.292 0.029
MH_02_easy x x

MH_03_medium 1.328 0.071
MH_04_difficult 2.194 0.070
MH_05_difficult 1.515 0.061

From Table 5, with the same original parameters, LVT now fails to complete the MH_02_easy
dataset. The cause is that the system fails to track enough ORB features in a motion-blurred frame.
Drift rates are almost the same and no clear improvement in accuracy is attained by the new feature
detector alone. We found from this experiment that simply replacing the feature detector with a
rotationally-invariant one did not result in any major improvement in the results as was expected.

4.3. TUM RGB-D Dataset

The Technical University of Munich (TUM) RGB-D dataset [29] is a large dataset collected indoors
using an RGB-D sensor under different illumination, texture and movement scenarios. The data was
collected at a 30 Hz frame rate and a sensor resolution of 640 × 480. The evaluation results on a
subset that is suited for V-SLAM and visual odometry evaluation are reported in Table 6 along with
an evaluation against Fovis. Although our visual odometry system was initially designed for stereo
cameras, it was, surprisingly, able to achieve low drift rates on RGB-D data. The main difference is
that we found it necessary to trigger a new triangulation operation at every frame, unlike the default
behavior as described in map maintenance before. We can see from Table 6 that our system is able to
achieve similar drift rates to Fovis which was originally designed for RGB-D cameras. However, a
fast rotation while the camera faces a low-textured wall during the movement results in the error in
fr1_room for our system.
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Table 6. RMSE values of ATE and RPE on TUM RGB-D dataset.

LVT Fovis

Sequence ATE (m) RPE (m/s) ATE (m) RPE (m/s)

fr1_desk 0.109 0.010 0.259 0.009
fr1_desk2 0.116 0.012 0.125 0.009
fr1_room 4.138 0.077 0.184 0.007
fr1_xyz 0.035 0.006 0.051 0.006
fr2_desk 0.080 0.003 0.103 0.003
fr2_xyz 0.014 0.002 0.013 0.002

fr3_office 0.132 0.006 0.188 0.005

5. Conclusions and Future Work

In this paper, we have presented our feature-based visual odometry system called LVT, which is
compatible with both stereo and RGB-D sensors. Its innovative usage of a transient local map enables
it to approach the estimation accuracies common to full V-SLAM systems. The algorithm is designed
for real-time operation with low computational overhead and memory requirements. The system
was evaluated on KITTI autonomous driving datasets and compared with state-of-the-art V-SLAM
and VO systems. Furthermore, it was also evaluated on the EuRoC MAV industrial machine hall and
TUM RGB-D datasets as other use cases. This paper accompanies the release of the source code of
the system under a permissive license and with support for the Robot Operating System (ROS). The
source package contains the example codes used to run our system on the three datasets used in the
evaluation along with the used parameters.

Visual SLAM and odometry approaches can be classified as either monocular when one camera is
used or stereo when more than one is used. One of the major issues in monocular methods is the scale
ambiguity, which means that motion trajectory can be estimated with only an ambiguous scale factor.
On the other hand, with a known baseline distance between cameras, stereo methods can estimate
the exact motion trajectory, that is, they are able to recover global metric scale. Another issue with
monocular methods is that they require careful initialization procedures and usually involve tricky
ones, whereas in stereo methods it is easier to achieve a power-and-go system. The main downside of
stereo methods is that they degenerate into the monocular case for scenes with very distant objects
relative to the stereo camera baseline. This downside was the main failure cause for the KITTI sequence
01, which consists of a highway with far features dominating. Properly handling far away features
should be addressed in future work. The loss of scale for highway scenes in our algorithm occurs
because 3D point placement is based entirely on stereo disparity. Increasing the stereo camera baseline
and/or resolution could provide better depth measurement and address this challenge. Moreover,
as far points have large uncertainty in their placement, re-initializing them in subsequent frames
is expected to contribute to this problem solution. Another solution would be to use other sensor
modalities to estimate scale, such as integrating inertial sensors, or using other odometry techniques
based on wheel odometers or LIDAR.

In our experience, building a visual odometry system is tricky as there are many heuristics
involved in each part of it. We aimed to build a framework that is adaptable and extensible.
For example, switching different feature extractors can be done easily in our system. Furthermore, as
the system was initially designed for stereo cameras, the ease of extending it to RGB-D cameras was
a pleasant surprise. We expect that extending the system to additional specialized depth sensors in
future work, such as infrared (IR) cameras, to be easy as well.

Some challenging frames, such as abrupt movements, lighting changes and low texture, might
result in poor pose estimates by visual odometry or even complete loss of tracking. A mechanism
to bridge these moments of disruptions is a potential future work. Integrating with an IMU could
provide such a mechanism. Additionally, it could reduce drift accumulated by visual odometry.
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Abstract: This paper provides details of hardware and software conception and realization of a stereo
embedded system for underwater imaging. The system provides several functions that facilitate
underwater surveys and run smoothly in real-time. A first post-image acquisition module provides
direct visual feedback on the quality of the taken images which helps appropriate actions to be
taken regarding movement speed and lighting conditions. Our main contribution is a light visual
odometry method adapted to the underwater context. The proposed method uses the captured
stereo image stream to provide real-time navigation and a site coverage map which is necessary to
conduct a complete underwater survey. The visual odometry uses a stochastic pose representation
and semi-global optimization approach to handle large sites and provides long-term autonomy,
whereas a novel stereo matching approach adapted to underwater imaging and system attached
lighting allows fast processing and suitability to low computational resource systems. The system is
tested in a real context and shows its robustness and promising future potential.

Keywords: image processing; underwater imaging; embedded systems; stereo vision; visual odometry;
3D reconstruction

1. Introduction

Mobile systems nowadays are undergoing a growing need for self-localization to determine their
absolute/relative position over time accurately. Despite the existence of very efficient technologies
that can be used on-ground (indoor/outdoor), such as the Global Positioning System (GPS), optical
signals, and radio beacons, in the underwater context, most of these signals are jammed so that
similar techniques cannot be used. On the other hand, solutions based on active acoustics, such as
imaging sonars, water linked GPS or Doppler Velocity Log (DVL) devices remain expensive and
require high technical skills for deployment and operation. Moreover, their size specifications prevent
their integration within small mobile systems or even the ability to be handheld. The research for an
alternative is ongoing; notably, recent advances in embedded systems have led to relatively small,
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powerful and cheap devices. This opens promising potential to adopt a light visual odometry approach
that provides a relative trajectory in real-time using image sensors, and this describes our main research
direction. The developed solution is integrated within an underwater archaeological site survey where
it plays an important role in facilitating image acquisition.

In underwater survey tasks, mobile underwater vehicles (or divers) navigate over the target site
to capture images. The obtained images are treated in a later phase to obtain various information and
also to form a realistic 3D model using photogrammetry techniques [1]. In such a situation, the main
problem is covering the underwater site totally before ending the mission. Otherwise, we may obtain
incomplete 3D models, and the mission cost will rise significantly as further exploitation will bw
needed. However, the absence of an overall view of the site, especially under bad lighting conditions,
makes the scanning operation blind. In practice, this leads to over-scanning the site which is a waste of
time and cost. From another perspective, the quality of the taken images may go below an acceptable
limit. This mainly happens in terms of lightness and sharpness, which is often hard to quantify visually
on the fly. In this work, we propose solutions for the aforementioned problems. Most importantly,
we propose to guide a survey based on a visual odometry approach that runs on a distributed system
in real-time. The output ego-motion helps to guide the site scanning task by showing approximate
scanned areas. Moreover, overall subjective lightness and sharpness indicators are computed for each
image to help the operator control the image quality.

Overall, we provide a complete hardware and software solution for the problem through
the conception and realization of a stereo embedded system dedicated to underwater imaging.
Two configurations are considered: first, a handheld system to be used by a diver (see Figure 1),
and second, a system attached to a customizable Remotely Operated underwater Vehicle (ROV) from
BlueRobotics [2] (see Figure 2). Both configurations share similar main architecture (all provided
details are for both configurations unless otherwise stated). The system, equipped with two high
definition cameras (three cameras in the ROV-attached configuration), can take and store hardware
synchronized stereo images while having long-term autonomy. In contrast to other commercially
available off-the-shelf products where the system’s role ends with image storage, the designed system
is based on distributed embedded systems with ARM processors and a Linux operating system and is
capable of running most image processing techniques smoothly in real-time. The available optimized
open source libraries, such as OpenCV [3] and OpenCL [4], allow straightforward extension of the
provided functions and full customization of the system to suit different contexts.

In common approaches of visual odometry, a significant part of the overall runtime is spent on
feature point detection, description, and matching, whereas another significant part is dedicated
to the optimization process, namely, the bundle adjustment (BA) [5] procedure. In the tested
baseline algorithm, feature point matching represents ≈65% of runtime in the local/relative bundle
adjustment (BA) approach. Despite their accuracy and successful broad application, modern feature
descriptors, such as Scale Invariant Feature Transform (SIFT) [6] and Speeded Up Robust Features
(SURF) [7], rely on differences of Gaussians (DoG) and fast Hessian, respectively, for feature
detection. These methods are two times slower than the traditional Harris detector [8]. Further,
the sophisticated descriptors that are invariant to scale and rotation, which is not necessary for stereo
matching, slow down the computation. Moreover, brute force matching is often used which is also
time-consuming. In our proposed method, we rely on low-level Harris-based detection and a template
matching procedure which significantly speeds up the point matching. Further, whereas in traditional
stereo matching the search for correspondence is done along the epipolar line within a specific fixed
range, in our method, we proceed first by computing, a priori, a rough depth belief based on image
lightness and following the law of light divergence over distance. This is only valid for a configuration
in which the only light source is fixed to the system, which is the case here. Hence, our first contribution
is that we benefit from rough depth estimation to limit the point correspondence search zone to reduce
the processing time. It is worth mentioning that even for the surveys in shallow water where the
sunlight provides good visibility, it is preferable to wait for sunset before starting the survey because
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of the sunlight ripple effect on the scanned site [9] which misleads the photogrammetry process,
as it disturbs the photometric consistency.

From another perspective, traditional visual odometry methods based on local BA suffer from
rotation and translation drift that grow with time [10]. In contrast, solutions based on using features
from the entire image set, such as global BA [5], require more computational resources which are
very limited in our case. Similarly, simultaneous localization and mapping (SLAM) approaches [11],
which are known to detect loop closure, although being efficient in most robotics applications, suffer
from a growing processing time [12], or are not suitable for raster scan trajectories such as hierarchical
approaches [13,14]. In our method, we adopt a semi-global approach which proceeds in the same way
as local methods for optimizing a subset of image frames. However, it differs in terms of selecting the
frame subset, as local methods use the Euclidean distance and deterministic pose representation to
select frames, but ours represents the poses in a probabilistic manner and uses a divergence measure to
select such subset of frames. The uncertainty of each newly-estimated pose is computed using a novel
approach that uses a machine learning technique on the simulated pose estimation system. This is
handled by a neural network that is trained to handle a wide range of ego-motion vectors. This will be
addressed in detail in Section 5.4.

Figure 1. The handheld stereo system design and prototype.

Figure 2. The built trifocal system integrated within a blueROV 2 (the front enclosure).
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The rest of the paper is organized as follows: We survey related works in Section 2. In Section 3,
we describe the designed hardware platform and the two configurations that we used to implement
our solution. The image acquisition and the quality estimation procedure are explained in Section 4.
Our proposed visual odometry method is presented in Section 5. The analytical results of the
underwater experiments are presented in Section 6. Finally, we present a summary and conclusions.
We note that parts of this work have been presented in [15,16].

2. Related Works

In this section, we review related works concerning the two aspects that we mainly aim to improve
in our framework: feature point matching and ego-motion estimation.

2.1. Feature Point Matching

Common ego-motion estimation methods rely on feature point matching between several
poses [17–24]. Real-time methods tend to use fast feature detectors. The most popular are Features
from Accelerated Segment Test (FAST) [25], as in [19,20,23], and Harris-based [26], as in [18,21,22].
These types of detectors are frequently associated with patch descriptors. In general, the choice of
approach for matching feature points depends on the context. For instance, feature matching between
freely-taken images (six degrees of freedom) with baseline toleration has to be invariant to scale and
rotation changes. Scale Invariant Feature Transform (SIFT) [6] and the Speeded Up Robust Features
(SURF) [7] are well used in this context [17,24,27,28]. In this case, besides being more computationally
expensive, the search for a point’s correspondence is generally done using brute force matching.

A new family of feature descriptors that aims to accelerate the extraction process makes use of
binary representation computed from image intensity differences tests. The Binary Robust Independent
Elementary Features (BRIEF) method [29] is the first in this direction. The method measures the
intensity difference on a fixed chosen location pairs around the keypoints which are commonly
detected using FAST. An improvement to BRIEF is the Binary Robust Invariant Scalable Keypoints
(BRISK) [30], which adds scale and rotation invariance features. This is achieved by introducing
multi-scaling and using regular circular pattern around the keypoint. Another difference to BRIEF
is that BRISK proposes its own detector, an extension of the AGAST detector [31] (based on FAST)
that performs a scale-space search for saliency. Overall, using this over-sampled representation of the
keypoint neighborhood makes these methods more sensitive to noise. As this does not has significant
inference on terrestrial images, underwater images suffer mostly from turbidity and dust which makes
the use of these methods less robust based on our experiments.

In certain situations, some constraints can be imposed to facilitate the matching procedure,
in particular, limiting the correspondence search zone. For instance, in the case of pure forward motion,
where the focus of expansion (FOE) is a single point in the image, the search for the correspondence
of a given point is limited to the epipolar line [32]. Similarly, in the case of sparse stereo matching,
the correspondence point lies on the same horizontal line in the case of a rectified stereo or on the
epipolar line otherwise. This speeds up the matching procedure, firstly by having fewer comparisons
to perform and secondly because low-level features can be used [33,34]. According to our knowledge,
no method proposes an adaptive search range following a rough depth estimation from lightness
in underwater imaging. We refer to [8] for a comprehensive study of feature point detection and
matching.

It is worth mentioning that direct visual odometry methods are well-established when a depth map
is available, such as using RGB-D cameras [35]. These featureless methods use geometry transformation
between rigid objects in several views to infer ego-motion. Methods that deal with stereo cameras
proceed by computing a dense depth estimation that is used to establish a relationship between
objects within adjacent views [36], whereas monocular methods [37,38] use a variational approach for
estimating pixel-wise depth. The problem is solved under convex assumption using GPU. The main
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inconvenience of those approaches is the required high computational power and the small baseline
between adjacent images which are hard to guarantee in our context.

2.2. Ego-Motion Estimation

Estimating the ego-motion of a mobile system is an old problem in computer vision. Two main
categories of methods are developed in parallel, namely, simultaneous localization and mapping
(SLAM) [34] and visual odometry [18]. In the following text, we highlight the main characteristics of
both approaches.

The SLAM family of methods uses probabilistic models to handle a vehicle’s pose. Although this
kind of method was developed to handle motion sensors and map landmarks, it works efficiently with
solely visual information [24]. In this case, a map of the environment is built, and, at the same time,
it is used to deduce the relative pose which is represented using probabilistic models. Several solutions
to SLAM involve finding an appropriate representation for the observation model and motion model
while preserving an efficient and consistent runtime. Most methods use additive Gaussian noise to
handle the uncertainty which is imposed using the extended Kalman filter (EKF) to solve the SLAM
problem [34]. In cases where visual features are used, EKF may fail to estimate the trajectory accurately
due to the significant uncertainties that appear in large loops [13]. Additionally, runtime and used
resources grow constantly for large environments. Later works tried mainly to handle scalability issues.

A remarkable improvement of SLAM is the FastSLAM approach [12] which aims at greater
scalability. It uses recursive Monte Carlo sampling to directly represent the non-linear process model.
Although the state-space dimensions are reduced when the Rao–Blackwellisation approach is used [39],
the method remains not scalable to large autonomy. In the context of long trajectories, several solutions
have been proposed to handle relative map representations, such as [22,24,40,41]. In particular,
these involve breaking the estimation into smaller mapping regions, called sub-maps, and then
computing individual solutions for each sub-map. In the same manner, hierarchical SLAM [13] divides
the map into two levels—a lower level that is composed of a set of a sequence of local maps of
limited size and an upper level that handles the relative relations between local maps, which are
maintained using a stochastic approach. Although these solutions perform well in large environments,
sub-mapping is not efficient for raster scanning/motion as this will cause very frequent sub-maps
switches. Also, there are some issues in defining the size, overlapping, and the fusion of sub-maps.

In all reviewed SLAM methods, in case of using pure visual information, the measurement noise
(such for relative motion estimation) is modeled by a diagonal covariance matrix with equal variances
that are set empirically [14]. This modeling leads to the production of uncorrelated measurement
error among dimensions. However, the estimated pose should have an associated full degrees of
freedom (DOF) uncertainty. Although several works exist in the literature that studied the uncertainty
of 3D reconstructed points based on their distance from the camera and the baseline distance between
frames, such as [19,42], or the matching error propagation in 3D, such as [9], the effect of the relative
motion parameters on the uncertainty of the pose estimation has not been taken into account.

From another perspective, visual odometry methods use structure from motion (SfM)
methodology to estimate the relative motion [18]. Based on multiple view geometry fundamentals [43],
an approximate relative pose can be estimated. This is followed by a BA procedure to minimize
re-projection errors, which yields an improvement in the estimated structure. Fast and efficient BA
approaches are proposed to be able to handle a large number of images [44]. However, in the case
of longtime navigation, the number of images increases constantly and prevents the application of
global BA if real-time performance is needed. Hence, several local BA approaches have been proposed
to handle this problem. In local BA, a sliding window copes with motion and select a fixed number
of frames to be considered for BA [10]. This approach does not suit the raster scans commonly
used in surveys, since the last n frames to the current frame are not necessarily the closest. Another
local approach is relative BA, proposed in [45]. Here, the map is represented as a Riemannian
manifold-based graph with edges representing the potential connections between frames. The method
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selects the part of the graph where the BA will be applied by forming two regions—an active region that
contains the frames with an average re-projection error changes by more than a threshold, and a static
region that contains the frames that have common measurements with frames in the active region.
When performing BA, the static region frames are fixed, whereas active region frames are optimized.
The main problem with this method is that distances between frames are deterministic, whereas the
uncertainty is not considered when computing inter-frame distances.

In the context of underwater robotics, SLAM solutions based on active sensors, such as DVL,
the Inertial Navigation Unit (INU) and Side Scan Sonars (SSS) have mostly been proposed [46,47].
An early attempt to use a vision system was proposed in [48], where a fusion is performed between
sonar and visual information, and a Lucas Kanade feature tracking is applied to the image stream—
it is used to only extract robot’s bearing observation which does not generalize to free motion. A more
general solution was proposed in [49], in which the ego-motion is estimated by finding the rigid
transformation between two point clouds which are generated using a stereo system at two time
intervals. The relative motion is then integrated with SLAM which uses an SSS as well. Works relying
solely on visual sensors are surprisingly rare; noticeably, they use the same terrestrial SLAM techniques
as those reviewed above [50]. The majority of these methods rely on stereo vision to estimate metric
trajectory [9,28,51].

3. Hardware Platform

Throughout our hardware design and implementation, we were committed to a low-cost solution.
Thanks to the latest developments of single-board computers, power-efficient systems equipped with
a high-performance multi-core CPUs, and most modern peripheral networking interfaces are available
in the size of a credit card. Being increasingly available and cheap, we chose the popular Raspberry Pi
(RPi) [52] (a credit card-sized ARM architecture-based computer with 1.2 GHz 64-bit quad-core CPU
and 1 GB of memory, running Rasbain, a Linux-based operating system. We used RPi version 3 in
this project) as the main processing unit of our platform. This allowed most image processing and
computer vision techniques to be run smoothly. As already mentioned, we designed and implemented
two configurations of our system that we present in the following text.

3.1. ROV-Attached Trifocal System

The design here is based on the BlueROV2 from BlueRobotics [2], Figure 2 shows the full system
design and implementation. The ROV is equipped with six thrusters (four vectored and two vertical),
controlled by a Pixhawk autopilot [53] which allows 4 DoF navigation to be performed—all but pitch
and yaw. The ROV is operated from a surface computer (laptop) that also receives the live video
feedback. We used 4 × 1500 lumens diffuse led torches for lighting oriented at a tilt of 135◦.

A cylindrical enclosure (34 × 15 cm) is attached to the front side of the ROV, as shown in
Figure 2. It hosts the designed trifocal system, which is composed of three RPi computers; each is
connected to one camera module (Sony IMX219 8M Pixel 1/4′′ CMOS Image Sensor, 3 mm focal length,
f/2 aperture). Using the trifocal system allows three stereo pairs with different baseline distances (set
to 5, 10 and 15 cm in our implementation) to be present, which helps to handle image acquisition
at different distances. Figure 3 (right) shows the range of each baseline distance. Here, we can
deduce that a short baseline is preferred in close-range image acquisition. For instance, with the used
configurations, it is difficult to get closer than 80, 53 and 26 cm to the scene using 15, 10 and 5 cm
baseline distances, respectively. From another perspective, small baseline distances are less accurate for
larger distances. We note here that the visibility limit underwater (≈5 m using our lighting system) is
much smaller than the stereo range whatever the used baseline distance. The cameras are synchronized
using a hardware trigger connected to the general-purpose input/output (GPIO) interface of the RPi
computers. The latter are finally connected to an Ethernet switch that is connected to the surface
computer. Figure 4 shows the ROV-attached trifocal system in action.
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Right imageLeft image
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Figure 3. Illustration of stereo disparity ranges (left): (1) impossible due to stereo constraint;
(2) impossible in deep underwater imaging due to light fading at far distances; (3) possible disparity;
(4) the point is very close, so it becomes overexposed, undetectable, or out of focus. At (right),
the disparity evaluation in pixels as a function of distance (in meters) to the camera for the 3 available
baseline distances.

Figure 4. The built trifocal Remotely Operated underwater Vehicle (ROV)-attached system in action.

3.2. Handheld Stereo System

An illustration of the built handheld system is shown in Figure 1. It is composed of two RPi
computers; each is connected to one camera module to form a stereo pair. The cameras are synchronized
using a hardware trigger in the same manner as the previous system. Both RPi computers are connected
through Ethernet to the surface. A high contrast monitor is embedded in the same enclosure and is
visible from outside (see Figure 5). The monitor is attached to one of the RPi computers and shows
real-time preview and diverse information, such as image quality, storage, and connections.

Figure 5. The built handheld stereo system in action.

In both designed systems, the embedded computers are responsible for image acquisition.
The captured stereo images are first partially processed on the fly to provide image quality information,
as will be detailed in Section 4. Images are then transferred to a central computer which handles the
computation of the ego-motion that the system undergoes. This will be detailed in Section 5. We note
that our implementation assumed calibrated stereo pairs. Therefore, we employed a traditional but
efficient approach that uses an underwater target of chessboard pattern and the camera calibration
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toolbox in OpenCV [3]. The procedure was performed offline before the mission. After observing
stable extrinsic parameters of two trials, we did not perform any further recalibration.

4. Image Acquisition and Quality Estimation

Since underwater images do not tend to be in the best condition, a failing scenario in computing the
ego-motion is expected and has to be considered. Here, we could encounter two cases. First, when there
is a degenerated configuration that causes a failure to estimate the relative motion, this can be due to
poor image quality (blurred, dark or overexposed), lack of textured areas or large camera displacements.
This may raise ill-posed problems at several stages. Second, imprecise estimation of the relative
motion due to poorly distributed feature points or the dominant presence of outliers in the estimation
procedure may occur. While a mathematical analysis can identify the first failure case, the detection of
the second case is not trivial. Nevertheless, small errors can be corrected later using the BA procedure.

A real-time image quality estimation provides two benefits: first, it can alert the visual odometry
process of having poor image quality. Two reactions can be taken in this case, either pausing the
process until the taken image quality goes above a certain threshold or producing position estimation
based on previous poses and speed. We went for the first case while leaving the second for further
development in the future. Second, the image quality indicator provides direct information to the
operator to avoid it going too fast in case of a blur or changing the distance to the captured scene when
it is under or over-exposed.

To estimate the image sharpness, we rely on an image gradient measure to detect the high
frequencies often associated with sharp images. Thus, we used Sobel kernel-based filtering which
computes the gradient with a smoothing effect. This removes the effect of dust commonly present in
underwater imaging. Given an image, I, we start by computing the image gradient magnitude, G, as

G =
√
(SK� ∗ I)2 + (KS� ∗ I)2, (1)

where
S = [1 2 1]�

K = [−1 0 1]�

∗ is a convolution operator.
We consider our sharpness measure to be the mean value of G. A threshold can be easily learned

from images by solving a simple linear regression problem. First, we record the number of matched
feature points per image versus the sharpness indicator. Then, by fixing the minimum number of
matched feature points needed to estimate the ego-motion correctly, we can compute the minimum
sharpness indicator threshold (in our experiments, we fixed the number of matches to 100 matches;
the obtained threshold was ≈20). It is worth noting that several assumptions used in our work,
including this measure, do not hold for terrestrial imaging scenarios. In particular, the seabed texture
guarantees a minimum sharpness even in object-free scenes.

From another perspective, good scene lighting yields better images, so it influences the accuracy
of odometry estimation. Similar to the image sharpness indicator, an image lightness indicator can be
integrated into the odometry process as well as helping the operator to take proper actions. To estimate
the lightness indicator, we convert the captured images to the CIE-XYZ color space and then to the
CIE-LAB color space. We consider the lightness indicator to be the mean value of the lightness channel
L (using a percentile-based measure, such as the median, is more representative but it takes around
22 times longer to compute than the mean). The threshold is computed in the same way as for
the sharpness.

Both indicators are computed using a sub-sampled image without interpolation. This allows
the processing time to be decreased by 80%, with an average time of 60 ms on a single RPi computer,
while keeping the accuracy above 95% compared to using the full resolution images.
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5. Visual Odometry

After computing and displaying the image quality measures, the images are transferred over the
network to the surface computer (average laptop computer). This computer is responsible for hosting
the visual odometry process, which will be explained in this section. We begin by introducing the used
stereo matching approach, and then we present the ego-motion estimation. Finally, we explain the
semi-global BA approach.

5.1. Speeded Up Stereo Matching

Matching feature points between stereo images is essential for the estimation of ego-motion. As the
alignment of the two cameras is not perfect, we start by calibrating the camera pair. Hence, for a given
point on the right image, we are able to compute the epipolar line containing the corresponding point
in the left image. However, based on the known fixed geometry, the corresponding point position
is constrained by a positive disparity. Moreover, given that, in deep water, the only light source is
the one attached to our system, the farthest distance that feature points can be detected is limited
(see Figure 6 for illustration). This means that there is a minimum disparity value that is greater than
zero; the red dots in Figure 6 refer to the minimum disparity, for instance. It was at least 130 pixels for
the 10 cm baseline stereo pair. Furthermore, when going too close to the scene, parts of the image will
become overexposed, undetectable, or out of focus. Similar to the previous case, this imposes a limited
maximum disparity. Figure 3 illustrates the constraints mentioned above by dividing the epipolar
line into four ranges, in which only one was an acceptable disparity in our context. This range can be
directly identified by learning from a set of captured images (oriented at 30◦ for better coverage).

Figure 6. Examples of underwater images taken with our system and the computed rough depth
using only the luminance channel. The rough depth was used later to speed up the stereo matching
procedure. The red dots show the minimum detectable disparity (≈130 pixels in 10 cm baseline setup),
while the blue dots show the maximum disparity (≈450 pixels in 10 cm baseline setup). See Figure 3
for corresponding distances and conversion to other baselines.
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In our approach, we propose to constrain the so-defined acceptable disparity range further,
which corresponds to the third range in Figure 3(left). Given the used lighting system, we can
assume a light diffuse reflection model where the light reflects equally in all directions. Based on
the inverse-square law that relates light intensity over distance, image pixels intensities are roughly
proportional to their squared disparities. Based on such an assumption, we can use the pixel intensity
to constrain the disparity and hence, limit the range of searching for a correspondence. To do so,
we used a dataset of rectified stereo images. For each image pair, we performed feature point matching.
Moreover, for each matching pair of points (xi, yi) and (x′i , y′i), x being the coordinate in the horizontal
axis, we computed the squared disparity, d2

i = (xi − x′i)
2. Next, we associated each d2

i to the mean
lightness value, denoted l̄xi ,yi , of a window centered at the given point computed from the lightness
channel, L, in the CIE-LAB color space. We assigned a large window size of (≈15) to compensate
for using the Harris operator that promotes local minimum intensity pixels as salient feature points.
Several examples of the computed rough depth maps are shown in Figure 6. The computed (l̄xi ,yi , d2

i )

pair shows the linear relationship between the squared disparity and the average lightness. A subset
of such pairs is plotted in Figure 7(left).

v2t

Lightness

Disparity2

l

Dmax

Dmin

Figure 7. Disparity vs. lightness relationship for a subset of matched points. Left: local average pixel
lightness vs. squared disparity. Right: an illustration of disparity tolerance, t, for a given lightness, l.

In addition to finding the linear relationship between both variables, it was also necessary to
capture the covariance that represents how rough our approximation is. More specifically, given the
relation shown in Figure 7, we aim to define a tolerance, t, associated with the disparity as a function
of the lightness, l. In our method, we rely on the Principal Component Analysis (PCA) technique to
obtain this information. In detail, for a given lightness, l, we first compute the corresponding squared
disparity, d2, using a linear regression approach as follows:

d2 = −αl − β (2)

where

α =
Cov(L, D2)

Var(L)
(3)

β = l̄ − αd̄2, (4)

where D and L , both vectors of n × 1 with n being the data size, are the disparity and the lightness
training vectors, respectively, and d̄ and l̄ are their respective means. Second, let V2 = [v2,x v2,y]

� be
the computed eigenvector that corresponds to the smallest eigenvalue, λ2, of the n × 2 matrix [L D2].
Based on the illustration shown in Figure 7 (right), the tolerance, t, associated with d2 can be written as:
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t =

√√√√λ2
2(

v2
2,x

v2
2,y

+ 1). (5)

By considering a normal error distribution of the estimated rough depth and based on the fact
that t is related to the variance of D2, we define the effective disparity range as

d ± γ
4
√

t, (6)

where γ represents the number of standard deviations. It is trivial that γ is a trade-off between the
runtime and the probability of having point correspondences within the chosen tolerance range. We set
γ = 2 which that means there is 95% probability of covering the data. In practice, this translates
to less than 100 pixels, which is a significant reduction of the searching range (the used camera has
a resolution of 3280 × 2464, or 1640 × 1232 in a faster binned-mode).

The proposed methodology deals with errors in the rough depth estimation. For example, the rock,
which appears in the first image of the second row in Figure 6, is farther away from where it is estimated
in the rough depth map. This is due, generally, to variable surface reflectance among underwater
objects or the angle of light incidence. We note that a general indication of the rough depth estimation
quality is the eigenvalue (a smaller value means better depth estimation) that corresponds to the
eigenvector, V2, as it represents a deviation in the lightness value from the linear relationship given
in Equation (2). An illustration of a true depth (computed from disparity) vs. the depth estimated
from the lightness is shown in Figure 8 (left). The residuals of this estimation are illustrated in Figure 8
(right). We reiterate that the range defined in Equation (6) leaves a sufficient margin to account for the
deviation from the true value.

Figure 8. Lightness vs. true depth relationship for a subset of matched points (the same as that used in
Figure 7). Left: local average pixel lightness vs. true depth (10 cm baseline); the red line represents the
lightness to depth transformation—it is deduced from Equation (2). Right: the residuals of the depth
estimation from lightness vs. true depth.

5.2. Initial Ego-Motion Estimation

An initial ego-motion is calculated every time a new image pair is captured. Let ( f1, f2, f3, f4)

denote the previous left, previous right, current left, and current right frames, respectively (see Figure 9
for illustration). We consider here that the relative positions of the previous left frame to the current
left frame ( f1 → f3) represent the system motion. The pipeline of the ego-motion estimation proceeds
is as follows:

1. Feature point detection of f1 using the Harris-based Shi–Tomasi method [26].
2. Perform feature point matching using the patch descriptor (11 × 11, as advised in [8]), and the

normalized sum of squared differences as a distance measure for the frames ( f1, f2). Given the
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camera calibration parameters, the search range across the epipolar lines is reduced using the
analysis presented in Section 5.1.

3. The feature points detected in f1 are tracked in f3 using the Pyramidal Lucas–Kanade (LK)
method [54].

4. The fundamental matrix is computed for the frames ( f1, f3) using the normalized eight point
method with RANSAC as described in [43]. The matrix is used to reject the tracking outliers.
This step is optional—although it improves the accuracy slightly, more computation time adds up.

5. Repeat Step 2 for frames ( f3, f4) using the tracked feature points found in Step 3.
6. Compute two 3D point clouds using triangulation for the matched feature points in frames ( f1, f2)

and ( f3, f4) respectively. We note that the correspondence between the two point clouds is known.
7. Compute the relative transformation between the two 3D point clouds, which represents the

ego-motion that the ROV undergoes (to be explained in the following text).

We note that starting from the second run of the procedure, Step 1 is appended so that the detected
feature points are first compared against those of the previous estimation (using a truncated resolution
of 0.1 pixel). This yields two groups of points: new detections and the points that have been already
processed from the previous run. Their correspondence is already established within the f2 frame,
and their 3D position is computed. Hence, Steps 2–6 will only be computed for new detections.

X

Y

Z

Left current (3)

X

Y

Z

Right  current (4)

X

Y

Z

Left previous (1)

X

Y

Z

Right previous (2)
(R21|T21) Fixed

(R13|T13)
(R43|T43)Fixed

(R13|T13)

3D Point cloud (previous)

3D Point cloud (current)

Figure 9. Image quadruplet: the current (left and right) and previous (left and right) frames are used to
compute two 3D point clouds. The transformation, [R13|T13], between the two points clouds is equal to
the relative motion between the two camera positions.

The choice of using the LK approach is justified by the relatively slow scene change over time,
which is reasonably correct due to system mass and smooth motion underwater. Since the LK method
employs a closed-form formulation to measure the optical flow, it remains faster than a patch matching
scheme. However, it does not suit stereo matching due to the large disparity between corresponding
points (up to several hundreds of pixels, as seen earlier).

As there is no scaling problem between the two 3D point clouds, the relative transformation can be
expressed as a 3 × 3 rotation matrix R and a 3 × 1 translation vector, T, namely [R13|T13] (see Figure 9).
The method to compute this transformation is presented in the following text. Let P and P′ be the
point clouds associated with the image pairs ( f1, f2) and ( f3, f4), respectively. Let pi ∈ P and p′i ∈ P′

be two homologous points (correspondence relationship established in Step 3). We have:
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p′i = R13 pi + T13. (7)

We seek a transformation the minimizes the error, r, the sum of squared residuals:

r =
n

∑
i=1

∥∥R13 pi + T13 − p′i
∥∥2 . (8)

To solve this problem, we follow the method proposed in [55]. Briefly, a 3× 3 matrix C is formed as

C =
n

∑
i=1

(pi − p̄)(p′i − p̄′)�, (9)

where p̄ and p̄′ are the centers of mass of the 3D point sets, P and P′, respectively. Given C = USV�,
the singular value decomposition (SVD) of the matrix, C, the final transformation is computed as

R13 = VU� (10)

T13 = −R13 p̄ + p̄′. (11)

This solution could potentially return reflected rotations, where det(R13) = −1. This can be
corrected by multiplying the third column of R13 by −1.

Once the image pair ,( f3, f4), is expressed in the reference system of the image pair, ( f1, f2), the 3D
points can be recalculated using the four observations that we have for each point. A set of verifications
are then performed to minimize the pairing errors (verification of the epipolar line, the consistency of
the y-parallax, and re-projection residuals). Once validated, this initial ego-motion estimation is used
in the BA procedure that will be described later.

5.3. Uncertainty in Visual Odometery

As shown in the literature review, relative visual odometry represents a good solution for
long-term autonomy. This kind of approach deals with a selected region of the map at a time. The aim is
to reduce the optimization runtime for a new pose. In detail, given a set of frames resulting from camera
trajectory. For a new frame at time, t, the pose is estimated w.r.t. frame t − 1. Here, a relative approach
would perform a selection of frames within a certain distance. These frames are assumed to have the
largest potential overlap with the current frame. Using these frames, BA is performed to optimize the
trajectory. As we have seen earlier, most of the proposed methods assume equal and uncorrelated
Gaussian noise for all axes. This is illustrated in Figure 10 (right). In this case, when searching for
the nearest frames to be included in the optimization process, the distance, d2, is larger than d1, both
geometrically and statistically. However, having a full covariance representation of the pose, for
instance, as shown in Figure 10 (left), the Euclidean distance measure is no more appropriate. Here,
any divergence measure would estimate d2 to be smaller than d1, which is more realistic. Since the
visual odometry approach suffers from drifting, it is essential to consider an efficient uncertainty
measure to represent and determine adjacent frames.

Like any visual odometry estimation, the estimated trajectory using the method mentioned in
the previous section is exposed to a computational error, which translates to some uncertainty that
grows over time. A global BA may handle this error accumulation; however, it is time-consuming.
From another side, a local BA is a tradeoff for accuracy and runtime. The selection of n closest frames is
made using the standard Euclidean distance. Loop closure may occur when overlapping with already
visited areas which, in return, enhances the accuracy. This approach remains valid as soon as the
uncertainty is equal for all estimated variables. However, as the uncertainty varies, the selection of the
closest frames based on the Euclidean distance is not suitable. In the following text, we prove that it
is the case for any visual odometry method. Also, we provide a formal definition of the uncertainty
associated with ego-motion estimation.
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Figure 10. Example of a trajectory with uncertainty modeled by the full covariance matrix (left).
The distance, d2, is statistically estimated to be smaller than d1. In contrast, it is the inverse when the
noise is modeled with equal variances (right).

Most visual odometry and 3D reconstruction methods rely on matched feature points to estimate
the relative motion between two frames. The error in the matched features is resulting from several
accumulated errors. These errors are due, non-exclusively, to the following reasons: optical distortion
modeling, the discretization of 3D points when projected to image pixels, motion blur, depth of field
blur, internal camera noise, salient points detection, and matching. By performing image undistortion,
and constraining the point matching with the fundamental matrix, the accumulation of the errors
mentioned above can be approximated with a Gaussian distribution. This is implicitly considered in
most computer vision fundamentals. Based on this assumption, we can prove that the error distribution
of the estimated relative pose is unequal among dimensions. Indeed, it can be fitted to a multivariate
Gaussian whose covariance matrix has unequal Eigenvalues, as we will see later.

To better demonstrate this idea, we will take the traditional example of computing the relative
pose by means of the fundamental matrix (the results of this analysis also hold for our method, which
will be considered in Section 5.4). Formally, a pair of matched points, m ↔ m′, between two frames, can
be represented by a multivariate Gaussian distribution N (m, Σ) ↔ N (m′, Σ), where Σ = diag(σ2, σ2).
The pose estimation procedure relies on the fundamental matrix that satisfies m′ F m = 0. Writing
m = [x y 1]� and m′ = [x′ y′ 1]� in homogeneous coordinates, the fundamental matrix constraint
for this pair of points can be written as

x′x f11 + x′y f12 + x′ f13 + y′x f21 + y′y f22 + y′ f23 + x f31 + y f32 + f33 = 0, (12)

where fij is the element at row i and column j of F. To show the estimated pose error distribution,
we consider one configuration example, the identity camera intrinsic matrix, K = diag(1 1 1). Let us
now take the case of pure translational motion between the two camera frames, T = [TX TY TZ]

�,
and θ = [θx θy θz]� = [0 0 0]�, where T and θ are the translation and rotation vectors respectively.
The fundamental matrix, in this case, is given as a skew-symmetric matrix of T, denoted [T]×. In this
case, Equation (12) is simplified to

− x′yTZ + x′TY + y′xTZ − y′TX − xTY + yTX = 0. (13)

By using enough matched points, we can recover the translation vector, T, by solving a linear
system. However, the Gaussian error associated with x, y, x′and y′ will propagate equally to variables
TX and TY, with a variance equal to 2σ2. In contrast to TZ where the error distribution is different
due to the product of two variables, each follows a Gaussian distribution. In addition to not being
Gaussian-distributed in general cases, their product’s variance is approximate (there is no analytical
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solution to find the variance of the product of two Gaussian distributed variables). The product of two
Gaussian distributed variables follows a normal product distribution; it has been proven that it tends
towards a normal distribution when μ/σ is large enough, which is not the case here. Alternatives
include numerical integration, Monte Carlo simulation and analytical approximation. The given
formula results from the latter case σ2(x2 + y′2 + x′2 + y2), which largely exceeds the error variance
associated with TX and TY.

Moreover, due to the usage of least square approach through an SVD decomposition, as in our
method, or two consecutive SVDs (used for fundamental matrix computation and essential matrix
decomposition) in traditional visual odometry, the error distributions associated with recovered pose
parameters are correlated (even though the observations are uncorrelated), as explained in [56]; this is
also demonstrated experimentally in the next sub-section. Overall, this leads to having the estimated
pose follow a Gaussian distribution with a full DOF covariance matrix (within the symmetric positive
semi-definite constraint).

5.4. Pose Uncertainty Modeling and Learning

Pose uncertainty is difficult to estimate analytically. This is due to the complexity of the pose
estimation procedure and the number of variables involved. In particular, the noise propagation
through SVD decomposition cannot be analytically modeled. Instead, inspired by the unscented
Kalman filter approach [57], we proceed similarly by simulating the noisy input and trying to
characterize the output error distribution in this case. This process is illustrated in Figure 11. In our
work, we propose to learn the error distribution based on finite but numerous pose samples. This is
done using a neural network approach which fits well with our problem as it produces a soft output.

Pose
 Estimation

θZ θY
θX

X

Y

X

Z

Y

Z
Estimated pose uncertainty

Figure 11. Illustration of error propagation through the pose estimation procedure. The estimated
pose uncertainty is shown for each of the six DOF. A full error covariance matrix could result from
uncorrelated error distribution of matched 2D feature points.

Two factors play a role in the estimated pose uncertainty. First, the motion, Ω = [T θ]�, between
the two frames is expressed by a translation T and a rotation θ, which is explained in the previous
section. Second, is the 3D location of the matched feature points. Although their locations are not
computed explicitly in our method, their distances from the camera affect the computation accuracy.
In particular, the further the points are from the camera the less accurate the estimated pose is. This is
because close points yield larger 2D projection disparity which becomes less sensitive to discretization
error. For instance, in a pure translation motion, if all matched points are within the blind zone of the
vision system (produce zero-pixel disparity after discretization), the estimated motion will be equal
to zero. This problem can be solved with points closer to the camera. Both mentioned factors are
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correlated to some extent. For instance, given some points in 3D (n > 7), the estimated pose accuracy is
a function of their depth, but also of the baseline distance and the angle between the two optical centers
of the cameras [43] (p. 323). Hence, considering one factor is sufficient. In our work, we consider the
motion as a base to predict the uncertainty.

Formally, given a motion vector, Ω = [T θ]�, ideally, we seek to find the covariance matrix that
expresses the associated error distribution. Being positive semi-definitive (PSD), an n × n covariance
matrix has (n2 + n)/2 unique entries. Having n = 6, in our case, yields 21 DOF, of which six are
variances. However, learning this number of parameters freely violates the PSD constraint. Whereas
finding the nearest PSD, in this case, distorts the diagonal elements largely because of being mush
less. At the same time, we found, experimentally, that the covariance between T and θ variables is
relatively small compared to that of intra T and intra θ. Thus, we consider the estimation of two
distinct covariance matrices, ΣT and Σθ . So, in total, we have 12 parameters to learn, of which six are
the variances.

For the aim of learning ΣT and Σθ , we created a simulation of the pose estimation procedure.
For a fixed well-distributed 3D points Xi ∈ R3 : i = 1..8, we simulated two cameras (to form a stereo
pair) with known intrinsic and extrinsic values. The points were projected according to both cameras’
2D image points. A motion vector, Ω, was applied to the cameras. Then, the 3D points were projected
again. All projected points were then disturbed with random Gaussian noise. Next, the ego-motion
was estimated by applying the method proposed in Section 5.2 on the disturbed points. Let Ω̃ = [T̃ θ̃]�

be the estimated motion. Repeating the same procedure (with the same motion Ω) produced a set of
motion vectors which represented a point cloud of poses around the real one. Next, we computed the
covariance matrices, ΣT and Σθ , of the resulting motion vectors to obtain the uncertainty associated
with the given motion, Ω. Furthermore, this procedure was repeated for a large number of motion
vectors that covered a wide ranges of its six composing variables (in the performed simulation, we use
the range [0 − 1] with a step size of 0.25 for the translation for each of the 3 dimensions. For rotations,
we used the range [0 − π/2.5] with a step of π/10. This raised up to 15,625 training samples).

At this stage, having produced the training data by means of motion vectors and the corresponding
covariance matrices, we proceeded to build a system to learn the established correspondences (motion
⇔ uncertainty), so that, in the case of new motion, we would be able to predict the uncertainty.
Neural networks offer this soft output by nature, which is the reason why we adopted this learning
method. In our experiments, we found that a simple neural network with a single hidden layer [58]
was sufficient to fit the data well. The input layer had six nodes that corresponded to the motion
vector. The output layer had 12 nodes which corresponded to the unique entries in ΣT and Σθ . Thus,
we formed our output vector as

O = [Σ11
T Σ22

T Σ33
T Σ12

T Σ13
T Σ23

T Σ11
θ Σ22

θ Σ33
θ Σ12

θ Σ13
θ Σ23

θ ]�, (14)

where Σij
· is the element of row i and column j of a covariance matrix. In the learning phase, we used

the Levenberg–Marquardt backpropagation which is a gradient-descent based approach, as described
in [59]. Further, by using the mean-squared error as a cost function, we were able to achieve around
a training error rate of 3%. The obtained parameters were rearranged into two symmetric matrices.
In practice, the obtained matrix is not necessarily PSD. We proceeded to find the closest PSD as QΛ+Q−1,
where Q is the eigenvector matrix of the estimated covariance matrix, and Λ+ is the diagonal matrix of
eigenvalues, in which negative values are set to zero.

To validate the training phase, the procedure to generate the training set was repeated but using
different values of motion vectors. The validation of this test set using the trained neural network
showed an accuracy of 87.6% and a standard deviation of 6.1, which is reasonably acceptable in
this context.
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5.5. Semi-Global Bundle Adjustment

After initiating the visual odometry, the relative pose estimation at each frame is maintained
within a table that contains all poses’ related information (18 parameters per pose, in which 6 for
the position, and 12 for two covariance matrices). At any time, it is possible to identify the poses in
the neighborhood of the current pose being estimated to find potential overlaps to consider while
performing BA. Since we were dealing with a statistical representation of the observations, a divergence
measure had to be considered. Here, we chose the Bhattacharyya distance as suitable for our problem
(modified metric variation could be also used [60]). Formally, the distance between the two poses,
{Ω1, Σ1

T , Σ1
θ} and {Ω2, Σ2

T , Σ2
θ}, is given as:

D =
1
8
(Ω1 − Ω2)�Σ−1(Ω1 − Ω2) +

1
2

ln(
det Σ√

det Σ1 + det Σ2
), (15)

where

Σ· =

[
Σ·

T 0

0 Σ·
θ

]
, Σ =

Σ1 + Σ2

2
. (16)

Having selected the set of frames, F, in the neighborhood of the current pose statistically,
we performed BA as follows; First, we divided F into two subsets similar to [45]. The first subset,
Fd, contained the current and previous frames in time, whereas the other subset Fs contained the
remaining frames, mostly resulting from overlap with an already scanned area. Second, BA was
performed on both subsets. However, the pose parameters related to Fs were masked as static, so they
were not optimized, in contrast to Fd. This strategy was necessary to reduce the number of variables
to optimize.

After determining the error distribution arising with a new pose, it has to be compounded with
the error propagated from the previous pose. Similar to SLAM approaches, we propose to use a Kalman
filter like gain which allows controllable error fusion and propagation. Given an accumulated previous
pose estimation, defined as {Ωp, Σp

T , Σp
θ}, and a current one, {Ωc, Σc

T , Σc
θ}, an updated current pose,

{Ωu, Σu
T , Σu

θ }, is calculated as:

Ωu = Ωc (17)

Σu
θ = (I − Σp

θ (Σ
p
θ + Σc

θ)
−1)Σp

θ (18)

Σu
T = (I − Σp

T(Σ
p
T + Σc

T)
−1)Σp

T . (19)

6. Experimental Results

The first experiments were carried out to test the hardware platform stability, reliability,
and autonomy. Snapshots of the operations for both systems are shown in Figures 4 and 5, whereas
examples of the taken images are shown in Figure 6. An underwater site was scanned, and the taken
images were processed using photogrammetry techniques to validate the quality of the taken images.
We use Agisoft Photoscan [61] to perform the 3D reconstruction. Examples of resulting 3D models are
shown in Figure 12. Stereo image synchronization was also validated by observing the relative pose
estimation between each pair and comparing it with the stereo calibration extrinsic parameters.

It was desired that the proposed visual odometry method would represent a trade-off between
accuracy and runtime, the maximum accuracy being the case for global BA, whereas the fastest
runtime was an optimization free visual odometry. Moreover, a performance improvement was
expected w.r.t the local optimization method due to a better selection of neighboring observations.
Therefore, we analyzed the performance of our method from two points of view: runtime and accuracy.
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Figure 12. 3D reconstructed models using images captured with the handheld system.

6.1. Runtime Evaluation

We implemented our method using OpenCV [3] bindings in Java. The BA scheme was
implemented using the speed optimized BA toolbox proposed in [44]. The image stream processing
on the embedded systems including the image quality assessment took around 100 ms per stereo pair
to execute. The maximum image acquisition frequency was 3 per second, due to hardware limitations.
Therefore, a mid-range laptop computer (with Intel Core i5-7300U CPU @3.50GHz with 16GB RAM)
was enough to handle the visual odometry process.

The major improvement that reduced the processing time was the proposed stereo matching
method. To demonstrate the time gain, we started by comparing the runtime of our method with an
implementation that does not employ any range reduction. The method with range reduction showed
an average gain of 72% processing time. Then, we compared this to methods using high-level feature
descriptors, in particular, SIFT, SURF, and BRISK. At the same time, we monitored the accuracy for
each run. The evaluation was done using the same set of images. In this test, the computational times
increased to 342%, 221%, and 142% for SIFT, SURF, and BRISK, respectively. Nevertheless, we noticed
a slight gain in accuracy of 1.1% for the average translational error and 0.6% for the average rotational
error when using SIFT and SURF, which we do not judge as significant. On the contrary, BRISK
performed less accurately, with an increase of 4.1% in average translational error and 0.8% in average
rotational error, which is probably due to its sensitivity to water turbidity and dust.

The results above (given in percentages) were more or less consistent across several processing
environments, including the running on an RPi computer. Nevertheless, in Table 1, we provide the
exact processing times using the same laptop computer mentioned above, applied to full resolution
images. The table also shows the percentage of correct matches for each method (our method is not
concerned here, as it uses the epipolar geometry to search for matches), which were obtained using the
first-order geometric error and a threshold of 0.005. We observe that BRISK features produced less
correct matches in underwater images than SIFT and SURF.

Table 1. Performance of used feature matching methods regarding processing time and correct matches.
The correct matches are defined as having a first-order geometric error [43] (p. 287) less than 0.005.

Method Detector Correct Matches (%) Processing Time (ms)

Ours Shi-Tomasi [26] - 220
Stereo matching (no range reduction) Shi-Tomasi [26] - 785
SIFT DoG 49.5 752
SURF Fast Hessian 48.7 486
BRISK AGAST [31] 34.3 313
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A break-up of the average time required to run the visual odometry is illustrated in Figure 13.
It shows that the stereo matching procedure occupies as little as 16.5% of the total runtime, whereas
the BA procedure occupies the majority of time with 42.2%. We note that this result is for using five
frames in the optimization phase. More frames can be used to improve the accuracy but with a cost of
more time complexity. This will be detailed in the next section.

4.7%

Feature points detection

16.5%

Stereo Matching

7.3%

LK tracking

5.9%

Point Clouds alignment

4.8%

Outliers rejection

4.3%

Pose map maintaining and selction

42.2%

Bundle adjustment

14.3%

others

Figure 13. Runtime analysis of the visual odometry system for new pose estimation.

6.2. Visual Odometry Evaluation

Unlike terrestrial odometry datasets that come with ground-truth, there is no such option for
underwater odometry. Alternatively, to validate the proposed visual odometry method, we conducted
an underwater survey using several scenarios, for instance, long trajectories with loop closures or
raster scans. We estimated the overtaken trajectories using Agisoft Photoscan which employs a global
optimization approach. We used the best available accuracy settings with large numbers of matching
points. We considered the estimated trajectories as a reference for comparison in our experiments.
An example of a dense reconstruction of such trajectories is shown in Figure 14. It measures around
5 m × 12 m and contains several loop closures. We followed a standard evaluation procedure,
as described in [62], where, for all test trajectories, we computed translational and rotational errors
for all possible sub-trajectories of one-meter length. The errors were measured as percentages for
translation and degrees per meter for rotation.

Figure 14. An example of the long trajectory 3D reconstructed model using images captured with
the ROV-attached system. Such trajectories were used as ground truths to validate and tune the
proposed method.

We first evaluated the effect of varying the number of frames considered in the optimization
phase in our method. Table 2 shows the trajectory errors for using 3, 5, and 11 frames. Although the
BA running time for the case of using five frames was around half that of using 11 frames, the accuracy
gain was not significant for this latter case. Hence, we found that using five frames is the best accuracy
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vs. runtime trade-off, and also it is the limit to remain within a real-time performance. The caused drift
of 3.8% remained acceptable even for large sites. Figure 15 (right) shows the effect of using different
numbers of frames on trajectory estimation for the example shown in Figure 14.

Figure 15. Comparison of trajectory estimation using several methods and parameters. The trajectory
obtained using Agisoft Photoscan was considered a reference. It was compared to our method,
local optimization using 5 frames, and EFK-SLAM [50] (left column). It was also compared to our
method in cases where 3, 5, or 11 frames were used for optimization (right column). All units are
in meters.

Second, we compared our semi-global BA to three cases—using local BA with the same number
of frames, using the underwater EFK-SLAM method [50], and without using any BA. Our method
(using five frames) remained ahead of these three variations. From another perspective, although we
managed to run a BA-free approach entirely on the third RPi computer in the ROV-attached system.
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The trajectory drifts were large (with large variance) as shown in Table 2. Trajectory estimation using
these methods is shown in Figure 15. From another perspective, although the EFK-SLAM performed
better than the local approach, the runtime grew constantly.

Table 2. A comparison of translational and rotational errors for several methods and parameters.
The trajectory estimation performed in Agisoft Photoscan was considered to be a reference.

Translation Error (%) Rotation Error (deg/m)

Ours (11 frames)—slow 3.8 0.024
Ours (5 frames) 4.3 0.026
Ours (3 frames) 8.2 0.088
EFK-SLAM [50] 5.7 0.032
Local (5 frames) 8.4 0.079
No BA 16.1 0.137

7. Conclusions and Perspectives

In this work, we introduced several improvements to the current traditional visual odometry
approach to serve in the context of underwater surveys. The goal was to adapt the approach to
low resource systems. The sparse feature points matching, guided with a rough depth estimation
using lightness information, is the main factor associated with most of the gain in computation time
compared to sophisticated feature descriptors combined with brute-force matching. Also, using
stochastic representation and the selection of frames in the semi-global BA improved the accuracy
compared to local BA methods while remaining within real-time limits.

The developed hardware platforms represent efficient low-cost solutions for underwater surveys.
The live feedback of image quality and navigation helps to achieve better performance and leads to
faster reactions on site. Both systems are flexible for upgrades and modifications; new functionalities
can be easily added thanks to the compatible optimized image processing libraries.

Our future perspectives are mainly centered on performing the visual odometry within the system.
Further code improvements and parallelism are to be considered. Furthermore, at the time of writing
this article, new embedded systems that have double the computational power of the used ones have
been released, which makes our objective even closer.

On the other hand, dealing with visual odometry failure is an important challenge, especially
in the context of underwater imaging, which is mainly due to bad image quality. The ideas of
failing scenarios discussed in this paper can be extended to deal with the problem of interruptions in
an obtained trajectory.
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Abbreviations

The following abbreviations are used in this manuscript:

ROV Remotely Operated underwater Vehicle
ARM Advanced RISC Machine
GPS Global Positioning System
DVL Doppler Velocity Logs
3D Three Dimensional
GPU Graphics Processing Unit
DOF Degree Of Freedom
BA Bundle Adjustment
SLAM Simultaneous Localization And Mapping
RANSAC RANdom SAmple Consensus
RGB-D Red Green Blue Depth
RPi Raspberry Pi
INU Inertial Navigation Unit
SONAR SOund Navigation And Ranging
SSS Side Scan Sonar
SVD Singular Value Decomposition
CPU Central Processing Unit
PSD Positive Semi-Definitive
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Abstract: This work presents a visual information fusion approach for robust probability-oriented
feature matching. It is sustained by omnidirectional imaging, and it is tested in a visual localization
framework, in mobile robotics. General visual localization methods have been extensively studied
and optimized in terms of performance. However, one of the main threats that jeopardizes the final
estimation is the presence of outliers. In this paper, we present several contributions to deal with
that issue. First, 3D information data, associated with SURF (Speeded-Up Robust Feature) points
detected on the images, is inferred under the Bayesian framework established by Gaussian processes
(GPs). Such information represents a probability distribution for the feature points’ existence, which
is successively fused and updated throughout the robot’s poses. Secondly, this distribution can be
properly sampled and projected onto the next 2D image frame in t + 1, by means of a filter-motion
prediction. This strategy permits obtaining relevant areas in the image reference system, from
which probable matches could be detected, in terms of the accumulated probability of feature
existence. This approach entails an adaptive probability-oriented matching search, which accounts
for significant areas of the image, but it also considers unseen parts of the scene, thanks to an internal
modulation of the probability distribution domain, computed in terms of the current uncertainty
of the system. The main outcomes confirm a robust feature matching, which permits producing
consistent localization estimates, aided by the odometer’s prior to estimate the scale factor. Publicly
available datasets have been used to validate the design and operation of the approach. Moreover,
the proposal has been compared, firstly with a standard feature matching and secondly with a
localization method, based on an inverse depth parametrization. The results confirm the validity of
the approach in terms of feature matching, localization accuracy, and time consumption.

Keywords: omnidirectional imaging; visual localization; catadioptric sensor; visual information fusion

1. Introduction

There is a growing tendency for the use of visual sensors, to the detriment of the range sensory
data approaches [1,2]. Visual sensors, which are essentially represented by digital cameras, have
contributed with valuable advantages to the state of the art [3,4], such as the ability to acquire large
amounts of information with only one snapshot. They have become a robust alternative to former
sensors, and thus they have been extensively integrated in the framework of localization, in mobile
robotics. In particular, they can perform as the main sensor [5–7], where no other sensory data are
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used, and can assist as a secondary sensor [8,9] where the main sensor is unable to produce measures,
for instance under GPS (Global Positioning System)-denied circumstances, in unmanned vehicle
applications [10].

We have concentrated on catadioptric systems, such as omnidirectional cameras, due to their
ability to capture large scenes and their wider field of view, in comparison to planar cameras. Different
omnidirectional visual approaches have been proposed. They can be categorized according to the sort
of method that processes the visual content of a scene. First, some approaches make use of specific
visual points in an image (local feature methods or visual landmark methods) [7,11]. Additionally,
a more recent research line has come up with global appearance or holistic methods, relying on the
processing of the image as a whole [12,13]. Despite the fact that these recent advances have evidenced
a pronounced growth in the efficiency, we have opted for using local feature methods since they have
been vastly accepted and tested in terms of performance [14,15], accuracy [7,16], and robustness [17,18].

Nevertheless, both processing methods are required to associate visual data correctly, regardless
of the final application, they are intended for. This is a non-trivial aspect that implies an important
challenge, which sometimes results in a general issue in many mobile robotics applications [19–21].
In this sense, visual features matching [22,23] is one of the most extended techniques in order to
describe and associate visual features from one image to another, by comparing certain pixel description
metric. Unfortunately, the final estimation typically reflects the harmful effect of false positives in
the data association, denoted as outliers. A considerable amount of research in this area has been
conducted [24–28]. Nevertheless, the rejection methods normally need substantial computational
efforts and external requirements [29,30], beyond the specifications of the target system application.

In this work, we propose an adaptive matching approach, which takes the most of the same visual
data input used by our former localization approach [31], which is aided by the odometer’s prior
in order to estimate the scale factor. To that end, the visual data are fused at every motion step of
the vehicle by means of a Bayesian technique, namely Gaussian processes (GPs) [32]. Such a scheme
permits inferring a model of the environment that accounts for the probability of feature existence in
the 3D global reference system. In this manner, obtaining a reliable probability distribution permits
identifying relevant areas from which some visual features might be detected, in terms of probability
of existence. This idea inherits the foundations from exploration models [33], which are aimed at
discovering new areas in the environment, and fusing the new information into the estimated models.

The design of these contributions seeks a more realistic approach, with the objective of obtaining
robust results in challenging environments, ensuring computational efficiency. Synthesizing, the main
differences and contributions of this paper, in contrast to the previous work [31], are as follows:

• The probability framework considers the 3D global reference system, instead of a 2D image
frame representation.

• A 3D probability distribution is computed and projected onto the next image, associated to the
next pose of the robot, by means of a filter-motion prediction stage. Such probability projection
represents relevant areas on the image, where matching detection is more probable.

• The matching process is performed in a single batch, using the entire set of feature points
associated with the probability areas projected on the image, instead of a multi-scaled matching,
computed feature by feature.

• The information metric permits modulating the probability values for the probability areas,
instead of simply representing a set of less precise coefficients for weighting the former
multi-scaled matching.

Finally, since this work pursues the achievement of quantitative benefits, a specific application
of visual localization has been considered. In this context, different publicly available real datasets
have been used in the experimental section, in order to confirm the validity of the approach, and
to evaluate its final performance when producing robust and adaptive probability-oriented visual
feature matching. Furthermore, extended comparison results have been generated to reinforce and
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highlight the improvements of the approach, after embedding the implementation into a visual
localization application.

The remainder of this paper is structured as follows. First, a general overview to the omnidirectional
vision system is provided in Section 2; Section 3 describes the design of the localization model, which
relies on the adaption of the epipolar constraint to the omnidirectional geometry of the vision system [31];
the main contributions, regarding the design of the probability distribution of feature points’ existence,
are presented in Section 4; Section 5 comprises the experiments conducted with publicly available real
datasets, which assess the validity and the reliability of the approach, in contrast to well-recognized
methods; Section 6 summarizes the main outcomes extracted from the results. Section 7 outlines the
fundamental conclusions derived from this work.

2. Vision System

The equipment used in this work consists of a mobile robot, which is equipped with a laser range
finder and a catadioptric vision system [31], as shown in Figure 1. The vision system is constituted by
a hyperbolic mirror with a CCD (Charge-Coupled Device) camera jointly assembled. This represents a
complete omnidirectional vision system, namely an omnidirectional camera.

Figure 1. Real equipment constituted by a Pioneer P3-AT robot equipped with an internal odometer, a
SICK-LMS200 laser range finder, and a catadioptric vision system, namely an omnidirectional vision
system. This vision system is composed of a CCD (Charge-Coupled Device) FireWire DMK21BF04
camera, assembled with a hyperbolic Eizo h Wide 70 Mirror.

According to [34], the projection model of our omnidirectional camera can be posed in terms of a
central sphere projection system. Figure 2 reproduces the omnidirectional image generation in terms
of such a projection, where a 3D scene point, Q(xQ, yQ, zQ) ≡ Q, is projected onto the mirror surface as
P, onto the unitary sphere as S, and onto the camera plane as p(u, v) ≡ p. The focals of the hyperbolic
mirror are F and F′, F being coincident with the optical center of the CCD camera, whose optical
axis lies in the Z-axis. Notice that the central sphere unifies the notation of the projection vectors for
normalization purposes, according to the calibration of the omnidirectional camera [35], regardless of
the characteristics of the mirror and its non-linearities. Thus the mapping of a 3D point onto the image
plane can be analytically expressed as follows [34]:

ρ

[
p

a0 + a2||p||2 + . . . + an||p||n

]
= CQ (1)

where C ∈ R3×4 is the projection matrix, denoted as C = [R|T], with R a rotation matrix ∈ R3×3 and
with T = [tx, ty, tz] a translation ∈ R3, between the camera and the global reference system. A Taylor
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expansion is introduced in order to model the effect of the mirror, whose coefficients (a0, a2, · · · , an)
are experimentally estimated by a calibration toolbox [35]. Note that the monocular characteristic of
this system leads us to include a scale factor, ρ = |T|.

Figure 2. Omnidirectional camera 3D projection model from an XYZ-view.

3. Omnidirectional Visual Localization

The design of the localization model is constrained by the epipolar geometry [34] of two poses of
the robot, from which two associated images are acquired. As in our former work [31], a conversion
of the standard epipolar constraint is needed in this work in order to adapt it to the geometry of the
omnidirectional system.

Solving the epipolar constraint implies estimating the essential matrix, E3×3 [36], in order to
extract the motion relation between two poses of the robot. To that aim, a set of matched points
between the images acquired from these two poses, has to be introduced into the epipolar constraint:

x̃′TEx̃ = 0 (2)

with x̃T = (x0, y0, z0) and x̃′T = (x1, y1, z1) being the normalized matched points expressed in the
3D global reference system, using the calibration of the vision system, which has been previously
estimated [35].

The essential matrix E can be decomposed into a rotation R and a translation T, as denoted in
Section 2. Assuming that the motion of our mobile robot is restricted to a 2D motion plane ∈ XY, E
can be expressed by means of the skew symmetric [T]x and the mentioned rotation R:

E = [T]xR =

⎡⎢⎣ 0 0 sin(φ)
0 0 − cos(φ)

− sin(φ) cos(φ) 0

⎤⎥⎦
⎡⎢⎣cos(β) − sin(β) 0

sin(β) cos(β) 0
0 0 1

⎤⎥⎦
=

⎡⎢⎣ 0 0 sin(φ)
0 0 − cos(φ)

sin(β − φ) cos(β − φ) 0

⎤⎥⎦ =

⎡⎢⎣ 0 0 e1

0 0 e2

e3 e4 0

⎤⎥⎦
(3)

where�ei=[e1, e2, e3, e4] stores the elements in E. Therefore, the motion relation can be recovered as a
pair of rotation and translation angles (β, φ), between two poses of the robot, up to a scale factor ρ.
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3.1. Angular Motion Recovery

More specifically, the retrieval of the rotation and translation angles, is expressed as the following
linear system, which results from including Equation (3) into the epipolar constraint, expressed in
Equation (2):

Dμx4 ·�ei =
[

x0z1 y0z1 z0x1 z0y1

] [
e1 e2 e3 e4

]T
=�0 ∀i ∈ [1, . . . , N] (4)

with μ being the total number of pairs of matching points, x̃T = (x0, y0, z0) and x̃′T = (x1, y1, z1).
Consequently, for each μ-th pair of matching points, the μ-th row of Equation (4) constrains the angular
motion by means of the elements in�ei. It is worth noting that the system may be solved by using a
minimum set of μmin = 4 matching pairs. Finally, the application of Singular Value Decomposition (SVD)
to Equation (4) allows us to compute the angular pair (β, φ). There is a quaternion of possible solutions
that is eventually disambiguated by finding the positive ray’s intersection in front of the camera.

φ = a tan
−e1

e2
; β = a tan

e3

e4
+ a tan

−e1

e2
. (5)

This angular motion, which finally determines the visual localization of the robot, is graphically
depicted in Figure 3, where a univocal image-to-pose equivalence is presented. The same equivalence is
expressed in the 3D robot reference system, in Figure 3a, and in the image reference system, in Figure 3b.
A 3D point, Q(xQ, yQ, zQ), is represented in the 3D robot reference system and its projections, p1(u, v)
and p2(u, v), in the corresponding 2D image reference systems, captured from �x1(x1, y1, θ1) and
�x2(x2, y2, θ2), which are �x1 and �x2, the 2D traversed poses, with orientation θ. The transformation
between poses �x1 and �x2 is determined by the rotation R ≡ R(β), the translation T ≡ T(φ), and the
scale factor ρ.

(a) (b)

Figure 3. Omnidirectional visual localization between poses �x1 and �x2. (a) a 3D point Q(xQ, yQ, zQ) is
observed from the robot reference system; (b) additionally, the projections of Q, p1(u, v), and p2(u, v)
are presented onto the camera reference system.

3.2. Scale Estimation

The lack of scale can be disambiguated by introducing certain visual patterns or specific objects
with well-known 3D dimensions [11]. Since the 2D image projection for such objects or patterns can
also be determined over different images, this leads to a triangulation problem [34] sustained by the

149



Sensors 2018, 18, 2041

epipolar constraint, where the 3D real dimensions and the 2D projections are known, and thus the
variable to estimate is the scale factor, ρ. However, if such patterns or objects are not seen in the current
frame for a long period of time, the estimation might be inaccurate. For this reason, we opted for using
the scale estimate provided by the odometer, ρodo, which we input into the filter-based core system.
Thus ρodo is implicitly present into the prior measure of the filter, represented as the odometer’s control
input, ut, as detailed in Section 4.2. That permits obtaining updated estimates of the scale at every t
and thus at the baseline between poses.

The odometer provides readings (ρodo, φodo, βodo), which permit obtaining a relationship between
two consecutive 2D poses traversed by the robot, expressed in the odometer’s notation as
�xodo1(x1, y1, θ1) and �xodo2(x2, y2, θ2), being θ the orientation. As it may be observed in Figure 4,
the relation between poses can be stated as follows:⎡⎢⎣x2

y2

θ2

⎤⎥⎦ =

⎡⎢⎣x1

y1

θ1

⎤⎥⎦+
⎡⎢⎣cos(φodo) 0 0

sin(φodo) 0 0
0 1 1

⎤⎥⎦
⎡⎢⎣ρodo

βodo
φodo

⎤⎥⎦ . (6)

The error model for the odometer is parametrized by a probabilistic motion model [37], which
adds zero-mean Gaussian noise, N (0, σ2):

ρ̂odo = ρodo + ερ → ερ ≡ N (0, σ2
ρ ) (7)

φ̂odo = φodo + εφ → εφ ≡ N (0, σ2
φ) (8)

β̂odo = βodo + εβ → εβ ≡ N (0, σ2
β). (9)

The standard deviations required to complete the parametrization are computed by using the
empiric parameters provided by the manufacturer (α1, α2, α3, α4), as follows:

σρ = α3ρodo + α4(|φodo|+ |βodo|) (10)

σφ = α1|φodo|+ α2ρodo (11)

σβ = α1|βodo|+ α2ρodo. (12)

Figure 4. Odometer model.

3.3. Notation Definitions

In this subsection, the notation of the localization method is presented. We define a state vector,
s(t), that comprises the different variables implied in the estimation. This state vector stores a set of
consecutive poses of the robot which are estimated by the localization method. These poses are the
result of discretizing the trajectory traversed by the robot. Assuming that an omnidirectional image
is captured from a certain 2D pose �xi(x, y, θ), θ being the robot’s orientation, such an image can be
denoted as a view, encoded as a set of SURF feature points [23] that are extracted from it. The pose of
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each view is included in the state vector as �xn = (xn, yn, θn)T , ∀n∈ [1, · · · , N]. The current pose of the
robot at time t is expressed as �xt = (xt, yt, θt)T . Thus the definition of the state vector includes �xt and
�xn, with the following 2D structure:

s(t) =
[
�xt �x1 · · · �xn · · · �xN

]T
. (13)

Therefore, the state vector comprises a trajectory with a total number of N views. These variables
represent a dual encoding model of the environment. They are expressed in 2D, due to the fact that we
work with a robot that is assumed to move in a 2D plane. However, given a specific calibration [35]
and the estimation of the scale factor, every 2D point detected inside the views can be back-projected
to the 3D global reference system by means of Equation (1). Therefore, re-estimating a view, implies
that the entire 3D information of the map is re-estimated at once. This aspect makes the approach more
efficient than traditional 3D landmark models [11,38], which need the 3D re-estimation of every single
landmark at every t.

Considering this framework within the field of mobile robotics, it is also worth defining a formal
observation model, which permits estimating the localization. The procedure has been detailed in
the previous subsection. However, it is expressed here in accordance with the state vector’s variables,
s(t). The motion relation between two poses of the robot can be retrieved in an angular format,
as in Equation (5). Transferring the angular localization relation (β, φ) into the robot’s reference
nomenclature, the following observation measurement can be established:

zt,n =

[
φ

β

]
=

[
arctan

(
yn−yt
xn−xt

)
− θt

θn − θt

]
(14)

where the notation corresponds to the one expressed in Equation (13), and thus zt,n represents the
angular motion between the current pose of the robot, �xt, and a view in the state vector, �xn.

4. Visual Information Fusion

Once the localization model has been described, this section introduces the implementation
of the visual information fusion into the system and the rest of the details associated with the
main contribution.

The main goal is to obtain a model that accounts for the visual changes in the environment and
encodes the probability of existence of visual feature points in the 3D global reference system. Figure 5
illustrates an example of this idea, where the 3D environment is modeled with a specific probability of
feature existence. This approach will be extended in order to predict spatial areas from which visual
information is more likely to be detected. Such areas can be also projected onto the next image frame
so as to map pixel areas where matching is more likely to appear, rather than in other parts of the
image, in terms of probability.

A first sketch might consist in recording statistics of feature points that are tracked along the
navigation of the robot through the environment. This would lead us to infer a probability distribution
for the existence of 3D points along the trajectory of the vehicle, in terms of percentage of occurrence.
Nonetheless, a more precise formulation can be introduced as follows, by using Bayesian inference.

A general overview of the entire process can be observed in Figure 6. The main contributions,
which try to obtain a probability-oriented feature matching, are present in the following blocks: the
3D back-projection, the GP computation to produce the 3D probability distribution, the probability
sampling, and the 2D image projection over the next predicted pose.
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Figure 5. Robot navigation example in an office-like scenario along three poses: �xn−1, �xn, and �xt.
The 3D probability distribution of feature points’ existence permits associating visual feature points
with a specific probability, indicated with colored spheres, whose probability values are encoded
according to the left-side colorbar. Projections of a 3D point Q(xQ, yQ, zQ), pn−1(u, v) and pn(u, v), are
also indicated. The 3D global reference system is denoted as Sglobal , and the 3D robot reference system
as Srobot.

Figure 6. Block diagram of the presented approach.
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4.1. 3D Probability Distribution of Feature Existence: GP Computation and 3D Probability Sampling

4.1.1. GP Computation

In this work, we use the same Bayesian regression technique applied in [31], formulated as a
Gaussian Process (GP) [32]. However, in this approach, we pursue the probability distribution of
feature points’ existence in the 3D global reference system rather than in the 2D image frame. GP is able
to produce reliable regression results without the need of common associations between inputs and
outputs, in comparison to traditional inference techniques [33]. Its general notation is the following:

f (x) ∼ GP [m(x), k(x, x′)] (15)

where the GP function is expressed as f (x), with mean m(x) and covariance k(x, x′). The training and
test input points, x and x′, respectively, represent 3D points at which the value of the function is tested
in terms of probability of existence.

Since we intend to obtain a probability distribution in 3D, the nomenclature for the output
function has to be adapted to the formulation of our approach, so f (x) ≡ f [X(x, y, z)], X(x, y, z) being
a general 3D point in the global reference system, such that X(x, y, z) ≡ Xglobal . Thus f (·) evaluates
the probability of existence of a feature point over a 3D point in the space. Then f (·) ∈ [0,1].

The input for the GP is represented by the feature matching between two images associated with
two poses traversed by the robot, up to time t. As mentioned above, the Bayesian inference requires
data in the 3D global reference system, so the 2D feature matching has to be back-projected to the 3D
global reference system. As initially presented in Equation (1), this transformation can be achieved
thanks to the scale factor estimation, and the specific camera calibration [35], which establishes the
conversion between the 2D image frame and the 3D global reference system.

There is a final step before obtaining the exact 3D global reference system representation.
The previous back-projection is expressed in the current 3D robot reference system, therefore we
apply the following expression in order to formally convert to the proper 3D global reference system.

Xglobal = ρT + RXrobot (16)

where a 3D point expressed in the current 3D robot reference system, as Xrobot, is transformed into the
3D global reference system, expressed as Xglobal , by means of the rotation, R, translation T, and scale
factor ρ, presented in Section 3, according to the localization measures.

4.1.2. 3D Probability Sampling

At this point, we have obtained a 3D probability distribution of feature existence up to time t,
denoted as f [X(x, y, z)]. The next step seeks the reduction of computational resources. To that purpose,
a 3D sampling over f [X(x, y, z)] has to be devised in order not to compromise the computational
resources of the system. In consequence, a normalization of the 3D probability distribution is carried
out. Then, the sampling discretization corresponds to a 3D square grid, as follows:

Pacc =
∫∫∫

V
f [X(x, y, z)] dx dy dz (17)

fnorm[X(x, y, z)] =
f [X(x, y, z)]

Pacc
(18)

pnorm =
M

∑
xm

M

∑
ym

M

∑
zm

fnorm(xm, ym, zm) = 1 m ∈ [1, M] (19)

p(xm, ym, zm) ≡ fnorm(xm, ym, zm) (20)

where Pacc is the total accumulated probability, which is computed for normalization purposes, so as
to obtain fnorm(·). Then the definition of the 3D square grid, with M3-elements, allows us to obtain
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a sampled normalized probability distribution, p(xm, ym, zm). Additionally, Figure 7 presents a real
example of a 3D sampled probability distribution of feature points’ existence. Figure 7a shows the
complete sampled distribution, p(xm, ym, zm), whereas Figure 7b shows the evaluation of such a
distribution at the last feature points observed, as test points, after being back-projected from the 2D
image frame to 3D. Notice that, for better illustration, high probability values are represented with a
higher radius. These data will be fused into the distribution as the next input data that the GP uses to
update the current distribution. The axes represent the 3D global position within the sampling grid
(xm, ym, zm) and the 3D probability of feature existence at such positions. p(xm, ym, zm) is expressed by
a gradient of color.

(a)
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X(m)

0
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0.5
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1
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(m

)
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1.5
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0-1

2

-1.5 -1

-2 -2

0.55 0.6 0.65 0.7 0.75 0.8 0.85 0.9

(b)

Figure 7. 3D sampled probability distribution of feature existence. (a) Complete 3D sampled probability
distribution, p(xm, ym, zm); (b) p(xm, ym, zm) evaluated at the last feature points observed (test points).

4.2. Motion Prediction and 2D Image Projection

Since the main goal is to predict relevant areas in the 2D image frame, where feature matching
is more likely to appear, the resulting 3D probability distribution obtained by GP up to time t,
p(xm, ym, zm) after sampling, has to be projected onto the next 2D image frame in time t + 1, associated
with the next pose of the robot. Therefore, the configuration of a prior prediction stage is essential.
In this sense, we take the most of an EKF (Extended Kalman Filter)-based filter formulation, similarly
to [31,39].

After customizing this configuration properly, we are able to predict the next pose �̂xt+1.
As detailed in Section 3.2, the scale factor is disambiguated as the estimate provided by the odometer,
ρodo. It is worth noting that this value is present in the odometer’s control input, ut ≡ f (ρodo, φodo, βodo),
which represents the prior input for the EKF-based system. This can be observed in the notation of the
EKF-based prediction stage, listed in Table 1.

Thereby we are able to decompose [34] the predicted motion from pose �xt to �̂xt+1, in a rotation R̂
and a translation T̂.

R̂ ∼ N(β̂, σβ); T̂ ∼ N(φ̂, σφ) (21)

where σβ and σφ are the standard deviations that characterize the proposed localization method
described in Section 3. Figure 8 synthesizes the motion prediction process, where zt,n represents the
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observation measurement of a certain view in the environment, �xn, computed from the current pose,
�xt, as described in Equations (13) and (14).

Table 1. EKF-based Filter: Prediction stage.

Filter-Based SLAM Stages

Stage Expression Terms

Prediction �̂xt+1|t = ft(�̂xt|t, ut) ft: relates the odometer’s control input ut and the current state
ẑt+1|t=ht(�̂xt+1|t,�xi) ut: odometer’s control input, initial prior

Pt+1|t =
∂ ft|t
∂x Pt|t

∂ ft|t
∂x

T
+ Wt ht: relates the observation zt,n and the current state

Pt: uncertainty covariance
Wt: input noise covariance

Finally, the 3D probability distribution p(xm, ym, zm) is projected onto the pixels of the 2D image
frame associated with the next pose of the robot, denoted as p(um, vm), by applying Equation (1).
Furthermore, a specific probability range with custom values can be defined, [pmin–pmax], in order to
only select points from the distribution with probabilities within that range. The immediate outcome is
the generation of probability areas in the image frame, where feature matching is more likely to appear.
Figure 9 presents a real example after applying the overall method to the image acquired from the
current robot pose. The visualized probability range is p ∈ [0.7–1]. Figure 9a represents the projection
of p(xm, ym, zm) onto the image plane, as p(um, vm) in 2D, and Figure 9b in 3D. Figure 9c presents the
same 2D projection after transforming the axes in order to generate a histogram representation. This last
representation is useful for data processing tasks. Finally, Figure 9d reveals that polar space encoding
might produce a better modeling of the distribution rather than Cartesian coordinates. This may
be implicitly induced from the elliptical constitution of the epipolar curves in an omnidirectional
vision system.

Figure 8. Graph diagram of a robot trajectory. Real path poses, �xt, and predicted poses, �̂xt, at each t are
indicated, following the notation described in Equations (13) and (14). Observation measurements, zt,n,
and views in the environment, �xn, are also depicted.
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Figure 9. Projection of the 3D sampled probability distribution of feature existence,
p(xm, ym, zm) ∈ [0.7–1], onto the image pixel axes, in t. (a) 2D representation, p(um, vm). (b) 3D
representation with Z-axis expressing probability, p(xm, ym, zm). (c) 2D histogram
representation. (d) Euclidean versus polar coordinates.

4.3. Probability-Oriented Feature Matching

The final stage is intended to perform feature matching. Using the method presented in the
previous subsection, probability areas can be detected on the image. Considering this, a straightforward
design would entail using a feature detector only on the desired areas, and thus filtering by high
probabilities. This would avoid processing the entire image. Nevertheless, it would lead to errors,
under certain circumstances, especially when the robot discovers new scenes in the environment. If we
assume that there may be substantial changes in the visual appearance as the robot goes through new
areas, then it will be necessary to let these new areas be processed in order to detect new features.
This is the main reason why we keep detecting features all over the images, so that we allow the GP to
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update its output when new visual content is discovered. Otherwise the visual content of these new
scenes would never be fused into the probability of feature existence, computed by GP.

Taking these last considerations into account, we measure the proximity between the pixels,
(um, vm), associated with the sampled projected probability distribution on the 2D image frame,
p(um, vm), and all the feature points detected in the next image, q(u, v). Such proximity is computed
by means of the Mahalanobis distance [40], ||(um, vm)− q(u, v)||. Those feature points in q(u, v) are
accepted as matching candidates when their pixel distance to (um, vm) meets the confidence threshold
established by the chi distribution, χ(do f ), evaluated at the degrees of freedom that represent the
dimensionality of the involved variables. Since the image frame is defined at a pixel level, the degrees
of freedom are do f = dim(u, v) = 2.

||(um, vm)− q(u, v)|| ≤ χ[dim(u, v)]. (22)

The feature points in q(u, v) that meet Equation (22), namely matching candidates, are then
matched through a standard matching process by visual descriptor comparison. In the end,
these matching points are the final data which will be used in the localization system in order to
obtain an estimation of the current pose of the robot, as previously introduced in Section 3. Finally,
the same real example presented in Figure 9 is further detailed in Figure 10, over the corresponding
real omnidirectional images, between poses at t and t + 1. Here, the proposed approach is compared
with a standard matching block [23]. It can be observed how the standard matching (blue circles)
produces a significant amount of false positives. Our proposal produces a set of valid matching points
(green crosses) under the constraint of the probability area represented by its projection on the image
(red dots).

Figure 10. Matching results between images acquired from poses at t and t + 1. Standard matching
results are indicated with blue circles, and those obtained with the proposed approach are indicated
with green crosses. The pixels associated with the projected probability of feature existence p(um, vm)

are indicated with red dots.

Regardless of the smaller set of matches obtained, we can rely on the consistency and robustness
of these points, since they are highly probable according to the current navigation of the robot.
Even under a hypothetical situation where no match is obtained, we can rely on the filter-based
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estimation until new matches are detected in a subsequent frame. Moreover, as already mentioned,
there is no restriction for other new feature points to be matched. A modulation of the selected
probability range p ∈ [pmin–pmax] is achieved through an adaptive scheme, which is referred to as the
current uncertainty of the entire probability distribution p(xm, ym, zm). Similarly to [31], we assess the
drifts on uncertainty by evaluating the information gain, using the information-based Kullback–Leibler
divergence (KL) [41], with the aid of the standard entropy metric [42]. In this manner, when there are
considerable changes in the visual appearance of the scene, the probability distribution produced by
GP will change accordingly. The KL measure will encode such change, which will lead the system
to modulate the desired range p ∈ [pmin–pmax], in order to adapt the final matching to the current
uncertainty conditions of the system. Nonetheless, and in contrast to [31], this approach encodes
fluctuations in the probability expressed in a 3D global reference system, rather than in the particular
2D image frame of each pose. Furthermore, its application is also different, since we use it to modulate
the custom probability ranges, rather than using it as a weighting coefficient for the matching.

5. Results

This section presents a set of experiments conducted with publicly available datasets [43,44].
They assess and compare the performance of the matching and the visual localization, in comparison
with well-acknowledged methods [6,23,45]. A public benchmark toolkit [44,46] has also been used to
produce such comparisons. Table 2 comprises the characteristics of the datasets.

Table 2. Dataset characteristics.

Real Datasets

Dataset Images Distance Publicly Available

Dataset 1: Innova trajectory 1450 174 m [43]
Dataset 2: Bovisa 10-04-2008 57,733 1310 m [44]

The computation specifications of the real equipment presented in Figure 1 are: CPU 2 × 1.7 GHz;
RAM 2 Gb. The acquisition of omnidirectional images (1280 × 980 px) demands the system to compute
estimates at 1.5 Hz. The SICK-LMS200 laser data are utilized to obtain a ground truth estimation for
comparison purposes. Finally, the robot is run by the operating platform ROS [47].

5.1. Matching Results

The first set of experiments was conducted with the Innova trajectory dataset, in order to evaluate
the capability of the approach to produce robust probability-oriented matching results. Each subset
within these results’ series was configured with a 300-times execution setup, so as to obtain consistent
average results. The first set of results evaluates the matching performance between poses of the robot,
from which omnidirectional images were captured.

This performance is evaluated through the number of feature matches, the accuracy, and the
computation time.

5.1.1. Number of Feature Matches

Figure 11 presents matching results with different configurations. The X-axis represents the
minimum range for the probability of feature existence, pmin. The distance between consecutive poses
has been considered a variable parameter (d1 to d4), being di = 0.25i meters, and the influence of this
distance was tested. The left-side Y-axis represents the number of features obtained by a standard
matching technique [23] (grey), the proposed matching candidates (dark blue), and the final number
of matches of the proposed approach (light blue). The right-side Y-axis (log) represents the size of
p(xm, ym, zm) < pmin. Additionally, the influence of using either Euclidean coordinates (left column) or
polar coordinates (right column) was assessed.
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Figure 11. Left axes: number of matches versus pmin. Right axes: size of the probability distribution (log)
versus pmin. −•− size[p(xm, ym, zm)]. Euclidean coordinates and distance between capture points: (a) d1;
(c) d2; (e) d3; (g) d4. Polar coordinates and distance between capture points: (b) d1; (d) d2; (f) d3; (h) d4.
Legend: � Standard matching; � proposed matching candidates; � proposed final matching.
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Figure 11 evidences that higher distances between images produce a lower number of matching
points, considering both the standard matching and the proposed approach. Despite this fact, our
proposal provides more matching candidates than the standard approach. Moreover, the drop in
the final number of matching points is less accentuated in the proposal, thus ensuring a minimum
of matching points, even when images are captured from distant poses. Polar coordinates produce
more matches only when pmin is high. In other words, when the size of p(xm, ym, zm) is low, the
probability areas on the image, where matches may be found, are reduce. In any other case, Euclidean
coordinates are more suitable due to their good balance between computational cost and the amount
of matching data. According to these results, only Euclidean coordinates and extreme distances, d1

and d4, are considered.

5.1.2. Accuracy

The accuracy of the approach is compared with a standard matching technique [23] in Figure 12.
Figure 12a,b show the percentage of false positive matches obtained with the standard matching (grey)
and the proposed matching (dark blue), respectively. In the same manner, Figure 12c,d compare the
resulting localization error (mean of β and φ), according to Equation (5) for the standard matching
(grey) and the proposed matching (dark blue). All these results show correlated errors due to the fact
that the same percentage of false positives is still present in the localization computation.
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Figure 12. Top row: percentage of false positives. (a) Distance d1; (b) distance d4. Bottom row:
localization error (in β and φ) versus pmin. (c) Distance d1; (d) distance d4. Legend: � standard
matching; � proposed matching.
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Besides this, the error decreases with pmin, up to an intermediate value, after which it rises slightly.
This is due to the fact that high values of pmin may restrict the probability of feature existence on the
image, to a set of few areas which may be closely arranged. Hence, this may lead the system to focus
only on narrow areas of the image, dismissing newer visual information. Although this effect was
considered in Section 4, and in the modulation of p ∈ [pmin–pmax] by the KL divergence, there is still
a subtle influence that can be observed in Figure 12. As a result, it is worth configuring the system
with intermediate values such as p ∈ [0.65–0.75], and then modulating its limits within that range,
by means of the evaluation of the current uncertainty through the KL divergence.

5.1.3. Computation Time

Figure 13 compares the computation time for the standard matching and the proposed matching,
versus pmin, and distances d1, d4. The total computation time has been divided into different parts,
as indicated in the legend, in order to determine the different contributions:

(a) feature matching;
(b) matching candidates;
(c) final localization estimation.
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Figure 13. Computation time versus pmin. (a) Distance d1; (b) distance d4. Legend: � standard
matching: matching computation; � standard matching: localization computation; � proposed
matching: candidates’ computation; � proposed matching: matching computation; � proposed
matching: localization computation.

These results are closely related to those presented in Figure 11, since the standard matching and
the proposed matching, spend less time when the number of matches is lower. This permits selecting
a suitable tradeoff solution between computation and accuracy, as pmin = 0.7. In addition to this,
the proposed approach is shown to produce more efficient results than the standard matching technique.

5.2. Localization Results

This section deals with the localization estimation, produced by this approach. Figure 14 presents
localization results for the Innova trajectory dataset. Figure 14a shows a bird’s eye view of the estimated
poses (plane XY, meters). Estimations obtained with the standard matching [22,23] and the proposed
matching are compared. Figure 14b carries out the same comparison in terms of the root mean square
error (RMSE), for both approaches. It can be observed that our proposal outperforms the localization
method with standard matching and is capable of ensuring a bounded error at every t, in contrast to
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the standard method error, which increases substantially with t. These results validate the design of
this approach and its performance, according to the previous subsection.
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Figure 14. Localization results in Dataset 1, Innova trajectory. (a) Localization estimation obtained with
ground truth (black), standard matching (grey), and the proposed matching (blue); (b) RMSE (m) for
the localization estimation with standard matching (grey) and the proposed matching (blue).

In addition to the previous localization results, we compared our method with a widely recognized
approach, the inverse EKF with depth parametrization [38]. To that end, we used the benchmark toolkit,
publicly available in [44], and which also provides Dataset 2, Bovisa 2008-10-04. The results generated
by the inverse EKF technique can be further consulted in [6,45]. Figure 15 presents localization results
in a very challenging outdoor scenario, where dynamic conditions are highly relevant and challenging.
Localization estimation results for the inverse EKF (red), the proposal (blue), and the zones where
ground data (GPS) are available (black) are depicted. At first inspection, our approach demonstrates
an improved reliability.
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Figure 15. Localization results in Dataset 2, Bovisa 10-04-2008. Localization estimation obtained with
ground truth (GPS) (black), inverse EKF (red), and the proposed matching (blue).

Moreover, further accuracy results are provided in Figure 16, where histograms of the error at
each estimated pose in t, are presented. Two different setups have been considered to obtain these
histograms. The inverse EKF does not disambiguate the lack of scale [6,45]. That is the reason why the
final estimate only confers reliability on its topological form with respect to the ground truth, but not
on its metric form. According to this, the benchmark toolkit provides a Maximum Likelihood Estimator
(MLE) that can be applied in order to align the final estimated trajectory, and thus overcoming this
issue. Hence, we can enable/disable this alignment method. Therefore, Figure 16a,c, represent the
error histograms for the proposed approach, with alignment enabled and disabled, respectively. In the
same manner, Figure 16b,d, represent the error histograms for the inverse EKF. It can be noted that
the proposed approach improves the accuracy results in contrast to the inverse EKF, regardless of the
operation of the alignment method, with average localization errors under 2 m.
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Figure 16. Localization error histograms in Dataset 2, Bovisa 10-04-2008. (a) Proposed approach with
alignment enabled. (b) Inverse EKF approach with alignment enabled. (c) Proposed approach with
alignment disabled. (d) Inverse EKF approach with alignment disabled.

6. Discussion

This section analyzes the main aspects regarding the implications extracted from the results.
Initially, Figure 11 revealed the capability of the approach to provide probability-oriented matching
points, which meet a specific probability distribution of feature existence, according to the Bayesian
inference provided by GP. Despite the fact that increasing the distance between capture points implies
a substantial decrease on the number of matches found, this proposal proves to keep a stable amount
of valid matches, even at long distances, contrarily to a standard matching.

A similar deduction can be made by inspecting Figure 12. In this figure, false positives and
localization errors are assessed, and a robust matching procedure is confirmed. Considering that the
matching data are then processed into the localization system, it is evident that these results are closely
correlated. This approach confirms a good and stable accuracy under the worst situation expected
in a matching process, that is, under the presence of false positives. It is worth noting the effect of
varying pmin. High values of pmin may lead the system to narrow on a reduced set of probability
areas over the image. This fact may also imply that the visual information contained in new visual
spaces discovered by the robot, is dismissed. However, we took this issue into account in order to
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modulate pmin. To that purpose, the localization system is set to work autonomously and computes
the information divergence, KL, as a measure of the drifts of the uncertainty of the system. Despite
this fact, a subtle influence of this effect is still present, and it can be noticed in the figures. Therefore,
an optimal configuration can be selected with values within pmin ∈ [0.65–0.75].

To complete the analysis, the computational costs required by this approach were evaluated.
Figure 13 demonstrates that the proposal can be adequately tuned in order to confer valid and robust
estimates, which permit working in real time. A relaxed tradeoff can be easily established between
accuracy and computation resources. This approach proves to be a more efficient solution than a
standard matching technique, at every studied aspect.

Finally, the outcomes of this work have been evaluated in terms of the localization performance.
Figure 14 presents suitable results in a large indoor environment. A reliable and robust operation is
ensured with stable error, in contrast to the performance offered by a standard matching. Furthermore,
the results of a well-acknowledged method are presented in Figure 15 for comparison. Once again, the
validity and robustness of our approach in terms of the accuracy of the final estimation, regardless of
the challenging conditions in such environment, are reinforced.

Summarizing, the following achievements can be highlighted:

• Adaptive probability-oriented feature matching.
• Stable amount and accurate matches provided, in contrast to standard techniques.
• Efficient approach to work in real time.
• Robust final localization estimate in large and challenging scenarios.

7. Conclusions

This work has presented an information fusion approach for robust probability-oriented feature
matching. It uses an omnidirectional vision system for visual localization purposes, and it is an
improved extension of [31]. The approach is sustained by visual data fusion through Bayesian
inference. The real system is constituted by a mobile robot, equipped with a monocular omnidirectional
vision system, which is adequately adapted to work under the constraint of the epipolar geometry
between images.

The main goal was to produce a robust approach to obtain relevant and reliable matching points
for further localization tasks. To that end, several contributions were designed and implemented.
Firstly, the 3D visual information associated to feature points is inferred by a Bayesian technique,
represented by GP. Its output, at every t, provides a 3D probability distribution of feature existence
in the global reference system. This probability is successively fused and updated while the robot
navigates. Secondly, a normalization and sampling is produced in order to alleviate the computation
requirements. After that, by taking most of the EKF prediction stage, the sampled probability can be
projected in the next 2D image frame, at t + 1. This is the last step that allows us to map relevant areas
in the next image, from which matches with high probability of appearance are expected.

The principal output of the implemented contributions is a dynamic model that adapts the
matching according to the visual changes on the scene, by introducing formal probability definitions.
The approach has demonstrated to adequately balance the matching between highly relevant areas,
in terms of current probability, and new visual spaces discovered by the robot. This has been achieved
by modulating the probability areas on the image, by a KL metric over the uncertainty of the system.

The benefits of the contributions presented in this approach have been reinforced by the results
obtained with real data, computed with publicly available datasets. The suitability and robustness
of the matching proposal have been demonstrated with performance tests, in terms of accuracy and
efficiency, in comparison with standard matching techniques. Furthermore, its performance has been
further evaluated under a visual localization context, in both large indoor and outdoor scenarios.
It has also been shown to outperform a well-acknowledged localization method (the inverse EKF).
These results have confirmed the validity and consistency of the proposed approach.
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The following abbreviations are used in this manuscript:

CCD charge-coupled device
EKF extended Kalman filter
GP Gaussian process
GPS global positioning system
KL Kullback–Leibler divergence
MLE maximum likelihood estimator
SURF speeded-up robust features
SVD singular value decomposition
RMSE root mean square error
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Abstract: This paper presents a new texture descriptor booster, Complete Local Oriented Statistical
Information Booster (CLOSIB), based on statistical information of the image. Our proposal uses
the statistical information of the texture provided by the image gray-levels differences to increase
the discriminative capability of Local Binary Patterns (LBP)-based and other texture descriptors.
We demonstrated that Half-CLOSIB and M-CLOSIB versions are more efficient and precise than
the general one. H-CLOSIB may eliminate redundant statistical information and the multi-scale
version, M-CLOSIB, is more robust. We evaluated our method using four datasets: KTH TIPS (2-a) for
material recognition, UIUC and USPTex for general texture recognition and JAFFE for face recognition.
The results show that when we combine CLOSIB with well-known LBP-based descriptors, the hit
rate increases in all the cases, introducing in this way the idea that CLOSIB can be used to enhance
the description of texture in a significant number of situations. Additionally, a comparison with
recent algorithms demonstrates that a combination of LBP methods with CLOSIB variants obtains
comparable results to those of the state-of-the-art.

Keywords: CLOSIB; statistical information of gray-levels differences; Local Binary Patterns; texture
classification; texture description; Visual Sensors

1. Introduction

Texture description is one of the main and active fields of research in computer vision [1] and it has
a high impact in several research areas connected to image processing and pattern recognition. Texture
description is a challenging task that deals with several open problems, e.g., highly discriminate
inter-class textures while achieving robustness to intra-class variations. Moreover, the same texture
can be displayed in different images under very different appearance due to modifications in the
luminance, quality of the camera, snapshot angle, occlusions, and so on. It is for all of these reasons
that texture description is still an open problem. Many experimental datasets [2,3] have been created
to analyze and fairly compare new methods about texture description. Two of such datasets are UIUC
and USPTex, and recent proposals on computer vision are tested on them. Among the most relevant
ones, in 2017, Backes et al. [4] obtained discriminative texture signatures by using the LBP approach
and fractal dimension to calculate features from the LBP sources of information resulting in an accuracy
of 72.50% and 86.52% for the UIUC and USPTex respectively. Florindo et al. [5] in 2016 computed
a connectivity index within a local image neighborhood that corresponded to the number of pixels
more closely related to the central pixel yielding a success rate of 88.6% on UIUC dataset. In 2017,
Cernadas et al. [6] tested different normalization algorithms for color texture classification on USPTex
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dataset achieving an accuracy of 95.6%. Casanova et al. [7] in 2016 expressed the complexity of the
relations among color channels and obtained a hit rate of 97.04% on USPTex dataset. A wide range
of applications needs an appropriate texture description of the regions of interest, such as quality
control in factories [8], pedestrian detection in crowded streets [9], medical image diagnoses [10] or
geographical analyses of optical remote sensing (RS) images [11].

Material recognition is an important field of visual recognition. Even though it differs from texture
recognition since one pattern can be made of different materials, texture features are commonly used
for material description. Plenty of industries need quality control of their manufactured products,
and the use of cameras multiply the speed of this process, avoiding the possibility of subjective
interpretations by an operator. In this line of work, González et al. [12] proposed an adaptative method
based on pattern spectrum texture descriptor, in which the structural element shape depends on
a distance criterion using euclidean and geodesic metrics. Alegre et al. [13] used texture features
based on the Laws filters information to evaluate the surface roughness of inserts in milling head
tools. In this paper, we evaluate our proposed method for material recognition purposes using KTH
Tips2-a [14] dataset. This dataset, created by Caputo et al. and presented in [15], is very popular
for material recognition. Chen et al. [16] proposed a method called Weber Local Descriptor (WLD)
based on the Weber’s Law that achieved a 64.7% of hit rate on this dataset. Hussain et al. in 2012
presented a method called Local Quantified Patterns (LQP) [17] which yielded an accuracy of 64.2%
on the same dataset whereas Hafiane et al. [18] in 2015 achieved a 70.3% of accuracy using a method,
Adaptive Median Binary Pattern (AMBP), based on LBP. Due to the high intra-class variation of the
classes in KTH TIPS2-a, the accuracy obtained in different works of the literature for this dataset
is still moderate. Face recognition is another interesting field for many commercial applications in
which texture description has demonstrated to be very useful [19]. Faces are highly variable even
though the geometry and appearance are not too complicated. Due to the difficulty of the face
recognition task, the number of techniques proposed is large and diverse [20,21]. In this paper, we used
the JApanese Female Facial Expression (JAFFE) dataset [22] which was developed by Lyons et al.
in 1998 and is still extensively used not only for facial expression but also for facial recognition
tasks [23]. Rangaswamy et al. proposed a new technique for face recognition based on a fusion of
Wavelet and Fourier features [24]. In the same line of work, Wan et al. [25] achieved a 79% of hit
rate using a new method called Quasi-Singular Value Decomposition Random Weight Network
(Q-SVD + RWN). Zang et al. [26] yielded an accuracy equal to 86.42%, employing Elastic Preserving
Projections (EPP) algorithm.

In recent years, local descriptors have been widely used for multiple problems with very promising
results. LBP is one of the most popular methods since Ojala et al. introduced it in Ref. [27]. It presents
a low computational cost and complexity and a high capability to describe the texture. Nowadays,
there are plenty of research groups studying and proposing new methods based on LBP. The original
research group at Oulu University proposed several modifications such as Local Binary Patterns
Histogram Fourier Features [28], the spatio-temporal LBP –Volume LBP (VLBP) and LBP on Three
Orthogonal Planes (LBP-TOP)—[29] or Lineal Configuration Pattern model (LCP) [30]. Guo and his
research group at Honk Kong University developed several variants aiming to add extra information
to LBP descriptors. Some of their methods can be found in [31–33] and are briefly explained in the
related works section. Specifically, Completed LBP (CLBP) has proven to be one of the best performing
non-parametric texture description operators by independent authors [34]. Many more variants of LBP
exist; we refer the reader to a recent review on this topic for further details [35]. However, none of the
previous works deals with the study of the variations of the gray-level differences at several orientations
of the image. García-Olalla et al. studied methods that make use of the statistical information of the
image and combine them with LBP [36–38], developing a new booster algorithm which improved
previous results [39]. Although this booster outperformed LBP and other state-of-the-art methods, it is
very specific and is only able to evaluate one statistical order, the mean of the gray level differences
along several orientations, for a unique neighborhood configuration.
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In this paper, we present a novel method following the work carried out in Ref. [39] that we
name CLOSIB, that stands for Complete Local Oriented Statistical Information Booster [40]. CLOSIB
is a new texture booster which extracts statistical information of the gray-scale differences in several
orientations of the image. Therefore, it can be fused with other descriptors in order to comprise
statistical information of the image. We compare our method versus LBP and three LBP-based methods
(Adaptive LBP (ALBP) [31], LBP Variance (LBPV) [32] and Complete LBP (CLBP) [33]) due to the high
confidence and performance of these methods in a wide application range. Furthermore, we propose
and discuss three new variants of CLOSIB based on multi-scale and feature selection: Half CLOSIB
(H-CLOSIB), Multi-scale CLOSIB (M-CLOSIB) and Half Multi-scale CLOSIB (HM-CLOSIB). In order to
evaluate the performance of CLOSIB and its efficiency in combination with LBP-based descriptors,
we tested our method with four texture datasets. Specifically, KTH Tips2-a [15] for material recognition,
UIUC [41] and USPTex [42] for general texture classification, and JAFFE [22] for face recognition.
At the moment of the submission of this paper, we have already published results using CLOSIB
combined with HOG features [43], where we worked on textile retrieval from images obtained on
indoor environments. Regardless of this publication [43], where we applied CLOSIB to the mentioned
specific problem, in this paper, we present and explain, for the first time, the whole method and context.
We evaluate it on four publicly available datasets, comparing it against 18 handcrafted and three deep
learning-based state-of-the-art approaches.

2. Related Works

In this section we review the four LBP variants studied. Due to the number of parameters
introduced in our study, we include a table of notations, Table 1, to improve the equation readability.

Table 1. Local Binary Patterns (LBP) variants notation.

Parameter Meaning

gc Gray value of the central pixel
gp Gray value of neighbor p
P Number of neighbors
R Radius of the neighborhood

wp Weight element used to minimize the directional difference
w Weight, it is a constant between 0 to the maximum gray level value difference
N Number of rows in the image
M Number of columns in the image
k A bin of a histogram
K Maximum value of LBP
u Mean over the neighbors
c Threshold, mean value of the differences between the central pixel and neighbors

2.1. Descriptors Based on LBP

2.1.1. Local Binary Patterns (LBP)

LBP [44] describes the texture of gray-scale images extracting their local spatial structure and
using a very simple computation. For each pixel, a pattern code is obtained by comparing its value
with the value of its neighbors:

LBPP,R =
P−1

∑
p=0

s(gp − gc)2p , s(x) =

{
1 if x ≥ 0
0 if x < 0

(1)

where gc is the gray value of the central pixel, gp is the value of its neighbor p, P is the number of
neighbors and R is the radius of the neighborhood. An image is described by means of a histogram of
the LBP values at each pixel of the image. Ojala et al. [44] introduced the rotation invariant uniform
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operator, LBPriu2
P,R , which is invariant to monotonic transformations of the gray scale and to rotation,

and it is defined as:

LBPriu2
P,R =

⎧⎪⎨⎪⎩
P−1

∑
p=0

s(gp − gc) if U(LBPP,R) ≤ 2

P + 1 otherwise

(2)

where

U(LBPP,R) = |s(gP−1 − gc)− s(g0 − gc)|

+
P−1

∑
p=1

|s(gp − gc)− s(gp−1 − gc)|
(3)

There are only P + 1 uniform patterns U (“pattern”), which are defined as the ones presenting
a number of bit-wise transitions less than or equal to 2, in a neighbor of P pixels. On the other hand,
all non-uniform patterns are labelled under the same category. Finally, a histogram of P+ 2 bins is built
by computing LBPriu2

P,R for each pixel of the image, yielding the feature set of the image. In this work,
we use LBPriu2

P,R but, for simplicity, we call it LBP henceforth.

2.1.2. Adaptive Local Binary Patterns (ALBP)

ALBP [31] was motivated by the lack of information about the orientation in LBP. It takes
into account the mean and the standard deviation along different orientations over all the pixels
in order to improve the robustness against changes in the local spatial structure at the matching step.
Guo et al. proposed a scheme to minimize the directional differences between the gray levels of the
concerned pixels. This scheme allows softening the variations of the mean and standard deviation of
the directional differences. The objective function is defined as follows:

wp = argw min

{
N

∑
i=1

M

∑
j=1

|gc(i, j)− w · gp(i, j)|2
}

(4)

where wp is the weight element used to minimize the directional difference, w is in the range from 0 to
the maximum gray level value difference, and N and M are the number of rows and columns in the
image respectively. Each weight wp is estimated along one orientation 2pπ/P for the whole image.

The ALBP output is defined as:

ALBPP,R =
P−1

∑
p=0

s(gp − wp · gc)2p , s(x) =

{
1 if x ≥ 0
0 if x < 0

(5)

In this paper, we compute ALBP using the uniform rotation invariant approach explained in
Section 2.1.1, ALBPriu2

P,R .

2.1.3. Local Binary Patterns Variance (LBPV)

LBPV [32] combines LBP and a contrast distribution method. First, the uniform LBP is calculated
in the whole image. Then, the variance of the image is used as an adaptive weight to adjust the
contribution of the LBP code in the histogram calculation. The LBPV histogram is computed as:

LBPVP,R(k) =
N

∑
i=1

M

∑
j=1

w(LBPP,R(i, j), k), k ∈ [0, K] (6)
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where k represents a bin of the histogram, K the maximum value of LBP and w is defined as:

w(LBPP,R(i, j), k) =

{
VARP,R(i, j), LBPP,R(i, j) = k
0 otherwise

(7)

VARP,R is the variance of the neighborhood.

VARP,R =
1
P

P−1

∑
p=0

(gp − u)2 (8)

where u represents the mean over the different neighbors:

u = 1/P
P−1

∑
p=0

gp (9)

In this work, we calculate the uniform rotation invariant LBPV, LBPVriu2
P,R .

2.1.4. Completed Local Binary Patterns (CLBP)

A local region is represented by its center pixel and a Local Difference Sign—Magnitude Transform
(LDSMT). LDSMT decomposes the local structure of an image into two complementary components:
the difference signs and the difference magnitudes. In order to code both components, Guo et al. [33]
introduced two operators, CLBP-Sign (CLBP_S) and CLBP-Magnitude (CLBP_M). We concatenate
both operators to form the final CLBP histogram. CLBP_S is identically defined as the original LBP in
Equation (1), and CLBP_M is defined in Equation (10).

CLBP_MP,R =
P−1

∑
p=0

t(mp, c)2p , t(x, c) =

{
1 if x ≥ c
0 if x < c

(10)

where c is a threshold that we set to the mean value of the differences between the central pixel and its
neighbors, following [33].

In this paper, we use the uniform rotation invariant CLBP, CLBPriu2
P,R . Note that Guo et al.

also presented a third operator CLBP-Center (CLBP_C) that extracts the image local gray level but,
for simplicity, we have not used it in this work.

3. Method

In this section, we describe in detail the booster that we propose, CLOSIB. Then, we present
different CLOSIB variants which are very interesting in terms of accuracy (M-CLOSIB and HM-CLOSIB)
and in terms of computational cost (H-CLOSIB). We include a summary of the notation used in
Section 3 in Table 2.

Table 2. CLOSIB variants notation.

Parameter Meaning

I Image
c Central pixel
p Neighbor pixel
gc Gray value of pixel c
gp Gray value of neighbor pixel p
R Radius of the neighborhood

Δp Absolute difference image at bearing p
μi,p i − th moment of image Δp�

Concatenation function
θ Order of the statistical moment considered
η Variable that allows choosing between CLOSIB and H-CLOSIB
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3.1. Overview

In this subsection we present a brief description of CLOSIB with the support of Figure 1. Let us
consider a given relative position of a pixel in the image with respect to the central pixel, for example
the pixel that is placed to the right (P = 1) next to (R = 1) the central pixel. The absolute differences of
the gray-scale values of pixels placed at a given position with respect to a central pixel |g1 − gc| are
computed and stored at the position of the central pixel. This operation is done for every pixel of the
image being considered as the central pixel of the image, which outputs the image Δ1. The values
of Δ1 are represented in a histogram of absolute differences for a given relative position. Then,
some statistical measure is computed on the histogram (mean, standard deviation). CLOSIB descriptor
is made up of the statistical measures obtained when considering a set of relative positions around the
central pixels.

Figure 1. Overview of Complete Local Oriented Statistical Information Booster (CLOSIB) method.
Example about the calculation of CLOSIB8,1,1 on an image.

LBP-based descriptors describe the texture of gray-scale images extracting their local spatial
structure, whereas CLOSIB extracts statistical information of the gray-scale differences of an image.
Thus, the nature of the information provided by LBP-based descriptors is completely different to the
one provided by CLOSIB. This difference can be clearly noticed since LBP-based descriptors are local
descriptors of the image, but CLOSIB is a global descriptor. Up to our knowledge, this is the first time
the statistical information of the image is exploited on the basis of LBP approach.

3.2. Complete Local Oriented Statistical Information Booster (CLOSIB)

We propose a new enhancer that we name Complete Local Oriented Statistical Information Booster
(CLOSIB). CLOSIB aims at improving the description performance of image feature descriptors.

CLOSIB is computed from the statistical information of the gray-scale differences of each pixel
of the image. The gradient information of an image has been used in several texture descriptors in
state-of-the-art. However, the statistical information of the gray-levels differences is infrequently taken
into account for the description of an image. CLOSIB is conceptually simple and straightforward
to implement.

Let us consider an image I, a particular pixel c ∈ I and a circularly symmetric set
N = {p | p ∈ [1, . . . , P]} where each p represents an equally spaced bearing around c. Let gc and gp be
the gray values of pixel c located at (xc, yc) and its neighbor pixel

(
xp, yp

)
at bearing p on a circle of

radius R respectively. Equation (11) states this relationship between gc and gp explicitly.(
xp, yp

)
= (xc + R cos (2πp/P) , yc − R sin (2πp/P)) (11)

The gray value of neighbors that are not located in the centers of pixels is estimated by
interpolation of their connected pixels.
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We define Δp as the absolute difference image at bearing p:

Δp =
[
| gc − gp |

]
, ∀gc ∈ I (12)

Figure 2 shows an example of the Δp images representing the absolute differences of the gray
values for P = 8 orientations in a neighborhood of radii R = 1 and R = 2.

Figure 2. Δp images showing the absolute differences of the gray values for P = 8 orientations in
a neighborhood of radii R = 1 and R = 2. The original image I is shown in the center. The main change
in the intensity of the original image occurs in the horizontal direction p = 1 and p = 5.

Let μi,p represent the i−th moment of image Δp:

μi,p =
1
N ∑

∀gc∈I
| gc − gp |i (13)

where N represents the number of pixels of image I.
We define the CLOSIB vector of image I for P bearings on a circle of radius R and θ-th moment:

CLOSIBP,R,θ =

P/η�

p=1

(
(θ − 1)μ2,p − (−1)θ(μ1,p)

θ
)1/θ

(14)

where
�

represents the concatenation function, θ ∈ {1, 2} is the order of the statistical moment
considered, and η is a factor that controls the portion of the considered orientations in the quantized
angular space. If not specified, we set η = 1. Therefore, CLOSIB is a feature set of dimensionality P/η.

CLOSIB allows to adjust three parameters: the order of the statistical moment θ, the radius of the
neighborhood R and the quantization of the angular space P.

The order of the statistical moment, θ, determines the statistical measure that is used to compute
CLOSIB. For θ = 1, CLOSIB is a feature set whose elements are the means of the Δp images representing
the absolute differences of the gray values for each orientation and every pixel in the image. In the
case of θ = 2, the elements of CLOSIB are the standard deviations of the Δp images.

Parameter R determines the spatial resolution of the booster. Small radii are quite useful in images
with a high level of heterogeneity. As the size of the neighborhood increases, noise is reduced but at
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the expense of a possible loss of valuable information, especially in images with high variability of the
pixel values.

P controls the quantization of the angular space. A higher value of P means that a greater
number of orientations are considered in the computation of CLOSIB. As the texture becomes more
heterogeneous, the number of orientations should increase in order to capture all the variety of
the image. However, using an excessive number of orientations on homogeneous textures may be
counter-productive due to the loss of weight of the important ones.

3.3. CLOSIB Variants

In the literature, LBP is typically computed for (P, R) pairs of values equals (8, 1), (16, 2) or
a concatenation of both. Likewise CLOSIB can be computed for (P, R, θ) triples of values equals
(8, 1, 1), (8, 1, 2), (16, 2, 1), (16, 2, 2) or a concatenation of several of them. CLOSIB can also be computed
for any other triple of values. We indicate the concatenation of several CLOSIBs with the symbol

�
.

For example, the concatenation of CLOSIB8,1,1 and CLOSIB16,2,1 is represented as CLOSIB8,1,1
�

16,2,1.
In this section, we propose and describe three specific ways of obtaining CLOSIB.

3.3.1. Multi-Scale CLOSIB (M-CLOSIB)

Chang et al. in [45] proposed a multi-scale LBP (MSLBP) method for face detection that benefits
from the multi-resolution information captured from the regional histogram. MSLBP has been extended
and applied to other fields in the literature [46,47].

Similarly, we introduce a multi-scale CLOSIB which we name M-CLOSIB. M-CLOSIB is
a concatenation of the CLOSIBs obtained for a fixed number of orientations P and several radii
of the neighborhood R. Figure 3 shows an schema of the computation of M-CLOSIB8,1,θ

�
8,2,θ

�
8,3,θ ,

which results from the concatenation of CLOSIB8,1,θ , CLOSIB8,2,θ and CLOSIB8,3,θ .

Figure 3. (Better viewed in color) Neighborhood around a center pixel, (28), considered for the
computation of M-CLOSIB8,1,θ

�
8,2,θ

�
8,3,θ and HM-CLOSIB8,1,θ

�
8,2,θ

�
8,3,θ . CLOSIB considers P = 8

orientations, while H-CLOSIB only P = 4 orientations. In the figure, neighbour pixels considered for
H-CLOSIB are shown in bold.

3.3.2. Half CLOSIB (H-CLOSIB)

For even values of P, CLOSIB encompasses statistical information of the absolute differences of
the gray values dp(xc, yc) along directions that differ in π radians. Figure 4a shows this fact for P = 8.
The statistical information along directions that differ in π radians is usually very similar. Figure 4b,c
illustrates two examples.
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Figure 4. (a) Circumference that represents the neighborhood considered for the computation of
CLOSIB with P = 8. Four pairs of neighbors differ in π radians, such as the neighbors for values
p = 2 and p = 6. (b,c) Schemas that represent the computation of CLOSIB8,1,θ for two different
images. We show the original image in the centre and the eight images of the absolute differences
of the gray values dp(xc, yc) in the outer layer. The red and green numbers indicate the values of
each element of CLOSIB8,1,1 and CLOSIB8,1,2 feature set, respectively, obtained for the corresponding
p values of dp(xc, yc). Note that the values of the elements of CLOSIB computed for neighbors that
differ in π radians diverge in only a maximum of 0.0002 units whereas the ones that differ in a different
angle diverge in at least 0.0006 units.

We define a Half CLOSIB (H-CLOSIB) following Equation (14) with η = 2. The angular space
is yet quantized in P equal parts but only the first P/η orientations are taken into account for the
computation of H-CLOSIB. Figure 5 shows an example of the orientations considered when computing
CLOSIB8,1,θ and H-CLOSIB8,1,θ .

Figure 5. Schemas of the computation of CLOSIB8,1,θ (left) and H-CLOSIB8,1,θ (right) using the
example of Figure 4c.

H-CLOSIB presents two main characteristics. First, it may eliminate redundant statistical
information. As the algorithm computes the magnitude of the first derivative, without sign, the absolute
value of the differences between any pair of pixels is the same, without matter the direction of the
gray-levels. In Figure 6, can be seen an example that allows to understand this fact better. In Figure 6a,
the gray level values of the original image can be found. In Figure 6b,d are the values obtained applying
p = 1 and R = 1 in the first case and p = 5 and R = 1 in the second. As can be seen, the value of the
first order moment, denoted in this Figure as mean is the same in both cases, 23.9. Figure 6c presents the
same calculation as in (b) but keeping the sign of the derivative. In this case, the mean has a different
value of −14.1. The second characteristic is that the size of H-CLOSIB is half of the equivalent CLOSIB.
The dimensionality might be decisive in some cases when the amount of memory or computational time
are critical, such as in embedded systems with little RAM.
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Figure 6. (a) Example of gray values of an Original Image. (b) Matrix obtained from the first
difference of the gray values at 0 degrees. It corresponds with the first element of CLOSIB8,1,1. (d) Matrix
obtained from the first difference of the gray values at 180 degrees. It corresponds with the fifth element
of CLOSIB8,1,1. (c) Differences, with sign, at 0 degrees. CLOSIB uses the absolute value of the differences,
therefore these values with sign are never computed.

3.3.3. Half Multi-Scale CLOSIB (HM-CLOSIB)

We propose a Half Multi-scale CLOSIB (HM-CLOSIB) which is obtained as a M-CLOSIB when
η = 2. This variant combines the advantages and disadvantages of both M-CLOSIB and H-CLOSIB.
Figure 3 shows a schema of the computation of HM-CLOSIB8,1,θ

�
8,2,θ

�
8,3,θ , which results of the

combination of H-CLOSIB8,1,θ , H-CLOSIB8,2,θ and H-CLOSIB8,3,θ .

4. Experiments and Results

4.1. Datasets

4.1.1. KTH TIPS2-a

KTH TIPS2-a dataset (http://www.nada.kth.se/cvap/databases/kth-tips/download.html) aims
at evaluating algorithms for classifying materials [15]. It includes a total of 4608 images grouped into
11 classes. The dataset contains four physical samples of each of the 11 materials. The dataset presents
a high intra-class variation regarding texture and colour. All samples were taken at nine scales and
three poses under four different illumination conditions, which makes the dataset very challenging.

4.1.2. UIUC

The University of Illinois Urbana-Champaign (UIUC) texture dataset (http://www-cvr.ai.uiuc.
edu/ponce_grp/data/index.html) [41] contains 25 different texture classes within 40 images per
class, giving a total 1000 un-calibrated, unregistered gray-scale images of resolution 640 × 480 pixels.
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The database contains materials, fabrics and other textures such as water. Within each class, significant
viewpoints variations, scale changes and non-rigid deformations are strongly present [2]. This dataset
contains a few numbers of images per class but a high intra-class variability, being a challenging
dataset regarding scale and other viewpoint variations.

4.1.3. USPTex

USPTex dataset (http://fractal.ifsc.usp.br/dataset/USPtex.php) [42] contains 191 different classes
of 24-bit color png images of general scenes like roads, vegetation, walls, clouds and materials such as
seeds, rice or tissues. The most challenging feature of this dataset is the low number of images per
class (12), their low resolution (128 × 128 pixels) and the high number of classes included [3].

4.1.4. JAFFE

JAFFE dataset (http://www.kasrl.org/jaffe.html) [22] comprises 213 images of 7 facial expressions
(6 basic facial expressions and 1 neutral) posed by 10 Japanese female models. Each subject appears
in 20 to 23 images. The images were taken from a frontal pose, and tungsten lights were used to
create even illumination on the face. All images are 256 × 256 pixels in size. In this paper, we use
JAFFE dataset for face recognition instead of expression recognition. Therefore, we are dealing with
a multiclass classification that comprehends 10 classes.

4.2. Experimental Setup

For KTH-TIPS 2a dataset, we used the experimental protocol developed by Caputo et al. [15,16],
which is 4-fold cross-validation along the samples of each material. For each fold, we used all images
of one sample of each material for testing and the rest for training. This experimental setup is more
challenging than a random division of the images into training and test sets due to the high inter-sample
variation. We report the results as the average hit rate over the four runs. We define the hit rate as the
number of correctly classified images divided by the total number of images in the test set. We used
a Support Vector Machine (SVM) to classify the images with the Least Squares training algorithm and
a polynomial kernel of order 2. We used the one-vs-one paradigm [48] in which n(n − 1)/2 binary
classifiers are trained for a n-way multi-class problem; each receives the samples of a pair of classes.
For testing, all binary classifiers are applied to an unseen sample, and the class that gets the highest
number of predictions for all binary classifiers gets predicted.

Concerning UIUC and USPTex datasets, we carried out random sub-sampling cross-validation
with 10 repetitions to avoid overfitting. In each iteration, the model is fit to a training set of 75% of the
images, and predictive accuracy is assessed using the rest of the images. The results were averaged
over the splits. We used an SVM trained using Least Square algorithm and a linear kernel.

Regarding JAFFE dataset, we used the same evaluation setup proposed by Sharma et al. [49].
Specifically, one random image of each facial expression and person forms the test set, and the rest
define the training set. We repeat the classification 10 times to avoid biased results due to the random
process. We used the multi-block approach introduced by Zang et al. [50] for describing a face using
LBP-based descriptors and CLOSIB. We split the image into 8 × 8 blocks and compute a descriptor
for each block. We define the descriptor of the image as the concatenation of the descriptors of
the blocks. We performed two sets of experiments with JAFFE dataset. On the one hand, we used the
images provided in the dataset. On the other hand, we automatically cropped the face of the images
using Viola-Jones method [51] and used the cropped images to carry out the experiments. Tables 3
and 4 show the CLOSIBs used in the experiments for CLOSIB and H-CLOSIB, and M-CLOSIB and
HM-CLOSIB, respectively.
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Table 3. Each row describes the parameters used to compute different CLOSIBs and H-CLOSIBs in the
experiments. In column “order”, values 1 and 2 indicate that we obtained CLOSIB as a concatenation
of the CLOSIBs for each statistical moment, CLOSIBP,R,1

�
P,R,2.

Radius (R) Neighbors (Orientations) (P) Order (θ)

1 8 1
1 8 2
2 16 1
2 16 2
1 8 1,2
2 16 1,2

Table 4. Each row describes the parameters used to compute different M-CLOSIBs and HM-CLOSIBs
in the experiments. Several values for a parameter indicate that we obtained CLOSIB as a concatenation
of the CLOSIBs for each single value.

Radius (R) Neighbors (Orientations) (P) Order (θ)

1,2,3 8 1
1,2,3,4,5 8 1

1,2,3 8 2
1,2,3,4,5 8 2

2,3,4 16 1
2,3,4,5,6 16 1

2,3,4 16 2
2,3,4,5,6 16 2

1,2,3 8 1,2
1,2,3,4,5 8 1,2

2,3,4 16 1,2
2,3,4,5,6 16 1,2

In the following subsections, we present and discuss the results obtained using this
experimentation. We aim to check if CLOSIB enhances the performance of LBP-based descriptors on
several public texture datasets for different fields. For KTH Tips2-a, a more thorough review of the
performance of CLOSIB is introduced in order to better understand its behavior.

4.3. Results for KTH Tips2-a

4.3.1. CLOSIB versus LBP-Based Descriptors

We developed CLOSIB as an enhancer of texture descriptors. However, in this section, we show
the performance of CLOSIB as a descriptor itself. Figure 7 presents the results that we obtained
when describing the images with CLOSIB and with descriptors based on LBP. For all CLOSIB
variants, we achieved the best performance using a concatenation of the CLOSIBs for the first
and second statistical moments. For all LBP-based descriptors, we obtained the best results for
R = 2 pixels and P = 16 neighbors. It is remarkable that we achieved the highest performance
using HM-CLOSIB16,2,1

�
16,2,2

�
16,3,1

�
16,3,2

�
16,4,1

�
16,4,2 which yielded a hit rate of 67.93%. Therefore,

the proposed enhancer by itself outperforms some of the state-of-the-art LBP-based descriptors.
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Figure 7. Hit rates when we describe KTH Tips2-a images with different CLOSIBs and LBP-based
descriptors. For each CLOSIB variant –CLOSIB (standard), M-CLOSIB, H-CLOSIB and HM-CLOSIB–,
we only represent the best result obtained among the results with different combinations of parameters.

4.3.2. CLOSIB and LBP-Based Descriptors

The following experiment consists of combining LBP-based descriptors with CLOSIB.
The combination is done by means of a concatenation. Figure 8 and Table 5 graphically and numerically
show the results.

Table 5. Hit rates (in %) obtained with a given LBP-based descriptor (LBP, ALBP, LBPV and CLBP)
and the concatenations of the descriptor with CLOSIB variants. The best results for each LBP-based
descriptor are highlighted in bold. The best overall results are underlined. D stands for Descriptor and
C for CLOSIB.

Descriptor (D) D D||C D||H-C D||M-C D||HM-C

LBP8,1 60.71 68.20 67.80 71.95 71.86
LBP16,2 65.53 70.52 70.33 71.78 72.50
ALBP8,1 56.46 64.86 64.84 68.97 69.15
ALBP16,2 65.97 68.96 68.88 69.84 70.16
LBPV8,1 59.30 67.05 67.51 69.89 71.15
LBPV16,2 62.27 69.00 69.24 70.14 71.17
CLBP8,1 64.37 69.63 69.95 71.97 71.76
CLBP16,2 67.53 71.95 72.54 72.01 72.54

In all experiments, we achieved the best results using CLOSIB as an enhancer of
LBP-based descriptors in opposition to only using LBP-based descriptors. We obtained the
highest hit rates equal to 72.54% with CLBP16,2

�
HM-CLOSIB16,2,1

�
16,2,2

�
16,3,1

�
16,3,2

�
16,4,1

�
16,4,2 and

CLBP16,2
�
H-CLOSIB16,2,1

�
16,2,2 closely followed by LBP16,2

�
HM-CLOSIB 8,1,1

�
8,1,2

�
8,2,1

�
8,2,2

�
8,3,1�

8,3,2
�

8,4,1
�

8,4,2
�

8,5,1
�

8,5,2
with a hit rate of 72.50%. For 6 out of the 8 LBP-based descriptors, we achieved the best results
with the concatenation of HM-CLOSIB.
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Figure 8. Hit rates obtained with a given LBP-based descriptor (LBP, ALBP, LBPV and CLBP) and the
concatenations of the descriptor with CLOSIB variants.

4.3.3. No Multi-Scale versus Multi-Scale LBP-Based Descriptors

The good performance of multi-scale CLOSIB leads us to reproduce the experiments for
multi-scale LBP-based descriptors. Figure 9 shows the comparison between the results obtained
with LBP-based descriptors and their multi-scale versions.

Figure 9. Hit rates for LBP-based descriptors LBP, ALBP, CLBP and LBPV and their multi-scale versions.

We defined a multi-scale LBP as a concatenation of the LBP descriptors obtained with different
neighborhood radii (R) and the same number of neighbors (P). We used R = {1, 2, 3} for P = 8 and
R = {2, 3, 4} for P = 16. The hit rate fairly improves with multi-scale LBP-based descriptors in all
cases. Therefore, multi-scale descriptors are very interesting for texture retrieval.

Best result was obtained with CLOSIB16,2
�

16,3
�

16,4 with a 71.28%. This result means a 5.55% of
improvement compared with the standard CLOSIB16,2. However, our proposed descriptor HM-CLOSIB
combined with CLBP16,2 gets the best performance so far.
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4.3.4. HM-CLOSIB + Multi-Scale LBP-Based Descriptors

Finally, we evaluated the combination of multi-scale LBP-based descriptors with HM-CLOSIB.
We selected HM-CLOSIB due to the high performance achieved in terms of accuracy and computational
time in previous experiments.

Figure 10 shows the hit rate of the concatenation of multi-scale LBP-based descriptors with
HM-CLOSIB. Furthermore, we also present the hit rate of the (non multi-scale) LBP-based descriptors
combined with HM-CLOSIB to represent the improvement in accuracy.

Figure 10. Hit rates obtained with the concatenation of multi-scale LBP-based descriptors and
HM-CLOSIB. The horizontal line represents the hit rate of HM-CLOSIB descriptor.

CLBP16,2
�
HM-CLOSIB16,2,1

�
16,2,2

�
16,3,1

�
16,3,2

�
16,4,1

�
16,4,2 outperformed the rest of the methods

with a hit rate of 74.83%, which represents an improvement of at least 3.16% in hit rate with respect to
the rest of descriptors.

4.3.5. Comparative with the State-of-the-Art

Several authors tested their algorithms using KTH TIPS2-a dataset. In Table 6, we can see the
results achieved by 23 state-of-the-art methods, including three that are based on deep learning
approaches. To the best of our knowledge, the best result has been yielded by by LFV+FC-CNN [52],
an approach where deep features are extracted. The second and third positions are obtained by another
deep features approach NmzNet [53], followed by a handcrafted one, IFV [54].

The classification performance of the proposed descriptor
CLBP16,2

�
HM-CLOSIB16,2,1

�
16,2,2

�
16,3,1

�
16,3,2

�
16,4,1

�
16,4,2 is the fourth over the 20 methods based on

handcrafted approaches. Furthermore, using just the straightforward HM-CLOSIB as a descriptor,
we yielded a higher hit rate than most of these studies.

Note that a direct comparison among the results reported by these methods cannot be made
due to the different approaches that were taken for preprocessing the images—here no preprocessing
has been done—and for carrying out the experiments. It can be found that our booster achieves
comparable results to those of the state-of-the-art and that it can be successfully used in combination
with LBP-based methods to enhance their performance. As we mentioned in Section 1, we published
results using CLOSIB booster together with HOG features [43], demonstrating that CLOSIB could be
successfully combined with several handcrafted features, not only LBP-based methods.
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Table 6. Hit rates obtained by the proposed booster, the combination of the booster with CLBP and
the reported classification scores for 18 state-of-the-art methods on the KTH-TIPS2-a. Scores are
as originally reported. Our proposal is highlighted in bold, together with the best proposal of the
Deep Features.

Descriptor—Handcrafted Hit Rate (%) Reference

WLD 56.4 [16]
MWLD 64.7 [16]
SIFT 52.7 [16]
LTP 60.7 [17]
LQP 64.2 [17]
WLBP 64.4 [55]
LHS 73.0 [49]
CMLBP 73.1 [56]
CMR 69.4 [57]
PC 71.5 [57]
DRLTP 62.6 [58]
DRLBP 59.0 [58]
HoPS 75.0 [59]
IFV 82.2 [54]
AMBP 70.3 [18]
MS4C 70.5 [60]
CRDP3D − 2 (NNC) 73.8 [61]
CRDP3D − 2 (SVM) 78.0 [61]
HM-CLOSIB 67.9 Ours
CLBP16,2

�
HM-CLOSIB 74.8 Ours

Descriptor—Deep Features Hit Rate (%) Reference

DeCAF 78.4 [54]
LFV + FC-CNN 82.6 [52]
NmzNet 82.4 [53]

4.4. Results for UIUC and USPTex

Figure 11 shows the hit rates that we obtained on UIUC and USPTex datasets, respectively.
In both cases, every combination of LBP-based descriptors with any CLOSIB variant yielded higher
hit rates than the LBP-based descriptors alone. M-CLOSIB outperformed the rest of CLOSIB variants.
For UIUC, we obtained the highest hit rate (85.51%), whereas for USPTex, we achieved the highest hit
rate (72.91%), in both cases using CLBP16,2

�
M-CLOSIB16,2,1

�
16,2,2

�
16,3,1

�
16,3,2

�
16,4,1

�
16,4,2.

Figure 11. Results using the concatenation of LBP-based descriptors with CLOSIB variants (CLOSIB,
H-CLOSIB, M-CLOSIB and HM-CLOSIB) on UIUC (left) and USPTex (right) dataset.
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4.5. Results for JAFFE

We carried out two sets of experiments with JAFFE dataset: with the original images and with
automatically cropped images.

Figure 12 shows the hit rates that we obtained in the first experiment, using the original images.
In all cases, the LBP-based descriptors achieved worse results than the combination of the LBP-based
descriptors with any CLOSIB variant. The combination with M-CLOSIB yielded the highest hit rates in
most of the cases, except for LBP16,2 and LBPV8,1 in which the combination with CLOSIB outperformed
the others. We achieved the best results using LBPV16,2

�
M-CLOSIB 8,1,1

�
8,1,2

�
8,2,1

�
8,2,2

�
8,3,1�

8,3,2
�

8,4,1
�

8,4,2
�

8,5,1
�

8,5,2
with a hit

rate of 82.71%.

Figure 12. Results using the concatenation of LBP-based descriptors with CLOSIB variants (CLOSIB,
H-CLOSIB, M-CLOSIB and HM-CLOSIB) on the original images (left) and the cropped ones (right) of
JAFFE dataset.

Regarding the second experiment, Figure 12 shows the hit rates achieved using the cropped images.
Again, tests using LBP-based descriptors yielded worse results than when combined with any CLOSIB
variant. In this case, we obtained the highest hit rate, 90.00%, using CLBP16,2

�
H-CLOSIB16,2,1||16,2,2. It is

important to notice that carrying out the preprocessing step, the performance improves up to 8.81%.

4.6. Computational Cost of CLOSIB and LBP Variants

Finally, we present in Tables 7 and 8 the average computational time per image employed for
the extraction of CLOSIB and LBP variants descriptors, respectively, on the four datasets studied.
The fastest descriptors per dataset are shown in bold.

Table 7. Computational times, in seconds, for the extraction of LBP variants on the four datasets
evaluated. LBP variants with underscored parameters neighborhood, radius.

Dataset LBP8,1 LBP16,2 ALBP8,1 ALBP16,2 LBPV8,1 LBPV16,2 CLBP8,1 CLBP16,2

UIUC 0.09183 0.17636 0.20309 0,44195 0.15119 0.34011 0.1157 0.23574
USPTex 0.00351 0.00488 0.00605 0.01051 0.00428 0.00918 0.00361 0.00594

KTH-TIPS2-a 0.00914 0.01084 0.01297 0.02555 0.0114 0.02283 0.00754 0.01326
JAFFE 0.01116 0.01695 0.02179 0.04263 0.01628 0.03312 0.01013 0.0183
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Table 8. Computational times, in seconds, for the extraction of CLOSIB variants on the
four datasets evaluated. CLOSIB (C) and H-CLOSIB (H-C) with underscored parameters
(radius, neighbors, order). M-CLOSIB (M-C) and HM-CLOSIB (HM-C) with underscored parameters
(minRadius, maxRadius, neighbors, order).

Dataset C1,8,1 C2,16,2 H-C1,8,1 H-C2,16,2 M-C1,3,8,1 M-C2,4,16,2 HM-C1,3,8,1 HM-C2,4,16,2

UIUC 0.08655 0.18975 0.08630 0.18975 0.25392 0.59675 0.25142 0.56396
USPTex 0.00393 0.00594 0.00377 0.00564 0.00938 0.01584 0.00912 0.01471
KTH TIPS2-a 0.00921 0.01782 0.00838 0.01682 0.02284 0.05158 0.02266 0.04846
JAFFE 0.02640 0.02790 0.01442 0.02594 0.03833 0.07177 0.03582 0.06767

In Table 7 we can observe how LBP8,1 is the fastest choice for UIUC and USPTex datasets,
with 0.09183 and 0.00351 seconds per image respectively, while CLBP8,1 is for KTH TIPS2-a and JAFFE
with 0.00754 and 0.01013 seconds, respectively. In Table 8, it can be noticed that CLOSIB variants
require similar or even less computational time than the LBP variants for equal values of neighbors
and order. Regarding CLOSIB variants, the shortest times are achieved by H-CLOSIB1,8,1 proposal,
obtaining an average of 0.0863, 0.00377, 0.00838 and 0.01442 seconds per image on UIUC, USPTex,
KTH TIPS2-a and JAFFE datasets, respectively.

5. Conclusions

We proposed a new texture descriptor booster, called CLOSIB, which is based on the statistical
information provided by the gray-level differences of the image. Furthermore, we presented three
variants of CLOSIB: H-CLOSIB, useful for embedded systems or machines with a low RAM; M-CLOSIB,
a multi-scale descriptor which extracts information for consecutive neighborhoods; and HM-CLOSIB,
which is a multi-scale H-CLOSIB. The experiments demonstrated that H-CLOSIB is a little bit more
efficient than the general version in terms of precision and computational cost. We also saw that
a description of the image at several scales, using the M-CLOSIB, always produces comparable or
better results than the general version of CLOSIB. Those differences are very significative in some
of the used datasets. We evaluated CLOSIB in three applications: material recognition using KTH
TIPS2-a dataset, general texture recognition using UIUC and USPTex datasets and face recognition
using JAFFE dataset.

Regarding material recognition, HM-CLOSIB outperformed some of the state-of-the-art LBP-based
descriptors. To check the performance of CLOSIB as an enhancer of other texture descriptors, we used
a concatenation of LBP-based descriptors with CLOSIB variants. All tested combinations of LBP-based
descriptors with CLOSIB yielded better results than the individual descriptors. Moreover, we proved that
the classification results for material recognition improves when using multi-scale LBP-based descriptors.
We obtained the best result using a concatenation of a multi-scale CLBP and HM-CLOSIB yielding a hit
rate of 74.83%. Finally, this method outperformed some relevant state-of-the-art methods tested on KTH
TIPS2-a images. Concerning general texture recognition (UIUC and USPTex), every concatenation of
LBP-based descriptors with CLOSIB variants yielded higher hit rates than the individual LBP-based
descriptors. In relation to face recognition, the combination of LBP-based descriptors with CLOSIB
variants outperformed the individual descriptors as well. We obtained the highest hit rate of 90% using
a combination of CLBP16,2 and H-CLOSIB when automatically cropping the images of the dataset by
means of the Viola-Jones method.

All in all, in this paper we introduced a new, efficient and powerful texture descriptor enhancer
that adds statistical information about the gray-level differences of the pixels of the image employing
a straightforward implementation. Based on the results obtained, we consider that CLOSIB can be
regarded as a descriptor enhancer of broad purpose that, when fused with other descriptors, provides
new and relevant information that improves the classification results.

In the future, we will evaluate the performance obtained when combining CLOSIB with other
different texture descriptors to determine with which ones it works better and its limitations, if any.
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We also will propose a HM-CLOSIB for color images and we will evaluate how a rotational invariant
codification performs. Among the methods used for pornography detection, skin detection approach
uses texture descriptors [62]. In the context of the 4NSEEK European Project, we will explore how the
combination of CLOSIB booster and texture descriptors affects the accuracy of a system used for porn
detection, and more specifically, for the fight against Child Sexual Abuse (CSA).
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Abbreviations

The following abbreviations are used in this manuscript:

LBP Local Binary Pattern
ALBP Adaptive Local Binary Pattern
ALBPV Adaptive Local Binary Pattern Variance
CLOSIB Complete Local Oriented Statistical Information Booster
H-CLOSIB Half Complete Local Oriented Statistical Information Booster
M-CLOSIB Multi-scale Complete Local Oriented Statistical Information Booster
ASASEC Advisory System Against Sexual Exploitation of Children
CDC Compact Digital Cameras
CNN Convolutional Neural Networks
CSA Child Sexual Abuse
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Abstract: Image saliency detection is a very helpful step in many computer vision-based smart
systems to reduce the computational complexity by only focusing on the salient parts of the image.
Currently, the image saliency is detected through representation-based generative schemes, as these
schemes are helpful for extracting the concise representations of the stimuli and to capture the
high-level semantics in visual information with a small number of active coefficients. In this
paper, we propose a novel framework for salient region detection that uses appearance-based
and regression-based schemes. The framework segments the image and forms reconstructive
dictionaries from four sides of the image. These side-specific dictionaries are further utilized to
obtain the saliency maps of the sides. A unified version of these maps is subsequently employed
by a representation-based model to obtain a contrast-based salient region map. The map is used
to obtain two regression-based maps with LAB and RGB color features that are unified through
the optimization-based method to achieve the final saliency map. Furthermore, the side-specific
reconstructive dictionaries are extracted from the boundary and the background pixels, which are
enriched with geometrical and visual information. The approach has been thoroughly evaluated on
five datasets and compared with the seven most recent approaches. The simulation results reveal
that our model performs favorably in comparison with the current saliency detection schemes.

Keywords: salient region detection; appearance based model; regression based model; human visual
attention; background dictionary

1. Introduction

Salient Region Detection (SRD) is a procedure to confine the image according to human visual
attention and discovers the most useful and informative portion of an image. This procedure tries to
approximate the possibility that the image region that is taking more attention comes out as a salient
object. It is also a very helpful step because it is applied in many computer vision applications to reduce
the computational complexity by only focusing on the salient parts of the image. The conventional
saliency methods are separated into two groups as the bottom-up [1] and top-down [2]. The first
category is a bottom-up method, which is a stimuli-driven approach and it only depends on the prior
knowledge of the object and the background. Whereas, the second category is a top-down approach,
which is data-driven and does not need prior information to detect the saliency.
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The major portion of SRD literature [3–5] is comprised of the bottom-up approaches [1], as these
methods only consider low-level features and demonstrate a remarkable performance. The dense and
sparse appearance-based models are separately applied in [6,7] for the salient region computation.
The dense reconstruction error-based methods [8] have persuasive results when the image border
is large and contains the sparsely connected regions. However, these methods lose their efficiency
when the background contains a latent pattern or the background is complicated with small-scale
high-contrast patterns. The dense appearance-based models [7] provide a more expressive and generic
description of the background. These methods are more sensitive towards the background noise.
So, the dense representation error-based models are very less useful in detecting the salient objects with
a cluttered background. The methods based on a background template set [9–11], and co-similarity
matrix [7] have convincing results whenever the salient objects pop out closer to the center part of the
scene. However, when the salient objects significantly touch the image boundary, parts of them are
wrongly considered as background. Consequently, the extracted saliency is less accurate when the
salient object part is popping out or touching the boundary. In this case, the foreground parts of the
image are mistakenly considered as the reconstructive dictionary and obtain zero weights, and the
salient objects in the remaining parts of the image are found to be less accurate.

In this paper, we introduce a novel SRD method which fuses the compact appearance and
discrimination of the individual scenes into a combined framework. Firstly, the input images are
segmented into superpixels. Secondly, we employ the appearance-based model to measure the
rareness of the features. Thirdly, we apply the regression-based model to rank the previously
computed results on the basis of the foreground and the background multi-feature cues, respectively.
Finally, we utilize an optimization method to produce an even and accurate salient region map.
Our appearance-based model is very simple and easily detects the objects closer to the boundary of
the scene. Our regression-based model makes the initial saliency map smoother and it is very helpful
in highlighting the salient object part. The proposed method utilizes the visual, geometrical and
location information for SRD and shows improved results as compared to the previous contrast-based
methods. To fuse the previously obtained results, we applied an enhancement procedure to compute
more even and precise salient region maps. We compare our method visually as well as graphically
against the seven current SRD methods on the five benchmark databases. From the qualitative and
quantitative evaluation, we found that our method performance remains very consistent on all the
selected databases. The main contributions of our method are summarized as follows:

• The designed model is robust and easily handles the cluttered and noisy background which was a
problem for dense appearance-based models. Also, the side-specific dictionaries of the proposed
model are helpful in detecting the salient objects adjacent to the boundary.

• Sometimes the small segments from the background are extremely highlighted and affect the
computed saliency. The averaging process of the proposed model is very helpful to overcome this
issue by measuring the saliency of a superpixel as an average residual in this segment.

• To enhance the discrimination between the foreground and the background, we engage a
multi-feature graph-learning procedure which incorporates the intrinsic weight of regions to
implement the uniformity among the similar image patches by utilizing the prior information.

• Furthermore, we optimize the salient regions map by applying the guided filter, which removes
the artifacts and further improves the qualitative as well as the quantitative results.

The remaining part of the paper is organized as follows. The current literature about the SRD
is discussed in Section 2. In Section 3, different stages of our method like dictionary construction,
saliency detection, and refinement processes are discussed in detail. The comparison of our model
with the seven most recent methods is given in Section 4. The conclusion of our method is summarized
in Section 5.
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2. Related Work

Several computational methods are proposed for SRD. The majority of the preceding schemes
are appearance-based models, these models mainly depend upon the global or local contrast for their
saliency map computation.

2.1. Dictionary Learning-Based SRD

The dictionary-based approaches [2,12–15] facilitate learning multifaceted labeling procedures
and represent the image in a space where it can be easily processed. In [12], the basis vector is computed
on the belief that the repeatedly activated bases contain less energy as compared to the rare bases.
This model works selectively because the unpredicted bases are selected as salient clues. A dictionary
for an image patch is constructed from a depository of natural images in [6]. Then, the sparse
representation is utilized to find the contrast between each image patch. Shen et al. [13] optimize the
objective of feature transformation and low-rank decomposition for training the dictionary. However,
these methods manually trained their dictionaries using the top-down way. In [1,14], the authors
constructed the dictionary by only utilizing the center-surrounded patches without any training.
However, the saliency results are not satisfactory because the inner-region of the salient object is
not detected properly. In recent dictionary-based method [8], the author utilized the boundary
information to extract the background dictionary. The saliency computed through this background
dictionary is not clear because only the boundary information for background dictionary construction
is insufficient. Currently, some methods engaged the center-remaining strategy [16], while other used
the more background regions [17] to construct their background dictionary. However, most of the time,
the background templates contain limited information that leads to incorrect SRD.

2.2. Sparse Representation-Based SRD

The image boundary is always standing out as a part of the background. So, it can be very helpful
in constructing the background template set [8–10]. The authors computed the sparse representation
error through this background template set. However, the computed results are not significant when
the salient object is touching the image boundary. The center-surrounded strategy is helpful in
detecting, so the authors in [16] engaged the center-remaining procedure to extract the dictionary.
Then, the sparse reconstruction error is calculated through this dictionary. The computed saliency
results averaged and improved through a multi-label inference process. To enhance the difference
between the salient object and the background, a sparse coding-based generative model is discussed
in [17]. To capture all information related to the image a superpixel sparse reconstruction-based model
is defined in [9]. However, the results generated by these models are not very clear because these
methods only utilizing the local image information for SRD. Consequently, all these methods improved
their results through an enhancement process, which recovers the lost information.

2.3. Global or Local Measures-Based SRD

The previously designed SRD techniques are broadly divided into two categories, local and
global methods. The local methods compute the saliency by the rarity of neighbors or surrounded
regions. While the global methods extract saliency using the uniqueness of features over the entire
scene. In [14], the authors computed the saliency as the center-remaining difference of many features.
Graph-based SRD method [18] exploits the rarity of different local features to compute the saliency
map. A fuzzy growing approach is utilized to compute the saliency with the contrast of neighboring
superpixels [19]. Ming Lin et al. [20] proposed the saliency of superpixels by incorporating the global
features, namely spatial distribution and uniqueness. They used the PCA method to incorporate
color and pattern distinctness to find the SRD. In [7], the authors computed the saliency by the global
contrast between the image patches and their spatial position. They performed sampling based on
the conventional three-color cues maps and PCA to extract the main features of the image patches.
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To extract a saliency map with high resolution that is dependent on color contrast, a Histogram
Contrast (HC) method is defined in [21]. In [22], a non-local histogram approach is engaged to improve
the efficiency of the method, and a smoothing procedure is applied to get rid of quantization artifacts.
However, these proposed techniques are only suitable for simple natural images and lose their accuracy
for highly patterned and textured images.

2.4. Multiple Feature-Based SRD

The existing approaches for SRD are mainly focusing on the color features while ignoring the
other features like texture, structure, and the orientation. Therefore, these types of methods are not
successful when dealing with an image that contains rich textural features. Many approaches for SRD
use the RGB color model and few of them depending upon LAB or YCbCr color space for their result
calculation. The authors consider the near-infrared region with the RGB color model for SRD [23],
as tthe near-infrared region provides more clues for recognition and categorization than the RGB color
model. SRD using sparsity-based and graph-based models is proposed in [24]; the authors combine
the multi-features of colors with sparse representation model to compute the saliency. A method for
SRD by combining multiple features of color distribution and contrast is proposed in [25], the authors
exploited a multi-features color difference measure, a multi-features color distribution measure, and a
multi-features salient object measure to compute the saliency. To exploit the multi-features constructing
through image manifold of the different feature, a multi-feature enhancement procedure is discussed
in [16]. However, these methods add some high contrast pixels with the salient object that lead to
insignificant detection.

2.5. Foreground or Background-Based SRD

The discriminative schemes are also very important because these schemes help in enhancing the
contrast between the background and foreground regions for SRD [25]. A number of discriminative
strategies based models have appeared in current years. Shuang Li et al., [26] suggested that the
saliency of a region is computed by the distance from the most assured background and foreground
seeds. Hongyang Li et al., [27] proposed that the saliency of an object is estimated through propagating
the cues extracted mainly from the certain object regions and background. The graph-based methods
can capture more grouping features in the scene with the graph likeness. Graph similarity typically
controls the performance of a graph-based method [11]. Some of them used the semi-supervised
learning to approximate the similarities by incorporating local-grouping features deduced from the
whole image. The foreground represents appearance consistency and uniformity, while the background
many times reveals global or local connectivity with each of the four image boundaries [28]. In [17],
a two-stage saliency scheme is defined which is based on relevance to the given query. After that,
they used the graph-based manifold ranking procedure to rank the foreground and background cues.
However, if the contrast is far from being between the foreground and the background, the computed
saliency results are not accurate. Furthermore, it is very difficult to choose the position and the number
of salient queries because these cues are generated through the random walks on the graphs, especially
for the images that contain, unlike salient objects.

2.6. Deep Convolutional Neural Networks-Based SRD

Since Deep Convolutional Neural Networks (CNN)-based methods [29–31] are engaged for
SRD, tremendous progress has been achieved because of the availability of large visual datasets
and GPU computing resources. The development of deeper and larger DCNNs [29–31] that could
automatically learn more and more powerful feature representations with multiple levels of abstraction
from big data. Significant progress has been made in the past few years to boost the accuracy levels of
SRD [29–31], but existing solutions often rely on computationally expensive feature representation and
learning approaches, which are too slow for numerous applications. In addition to the opportunities
they offer, the large visual datasets also lead to the challenge of scaling up while retaining the
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efficiency of learning approaches and representations for both handcrafted and deeply learned features.
In addition, given sufficient amount of annotated visual data, some existing features, especially
DCNN features [29–31], have been shown to yield high accuracy for visual recognition. However,
there are many applications where only limited amounts of annotated training data can be available or
collecting labeled training data is too expensive. Such applications impose great challenges to many
existing features.

3. The Proposed Salient Regions Detection Approach

In this section, we present the particulars of our proposed approach in detail. In the first stage,
we employ the Appearance-Based Model (ABM) to compute the coarse dense salient region map. In the
second stage, we engage the Regression-Based Model (RBM) to enhance the discrimination between
the foreground and background cues, respectively. Each of the individual stages of the proposed
salient region detection method is illustrated in Figure 1.

Figure 1. The pipeline of proposed salient region detection model.

3.1. The Visual Feature Extraction

To encode and accomplish better structural information regarding the image, we first segment the
input image into superpixels by utilizing the Simple Linear Iterative Clustering (SLIC) mechanism [32].
SLIC adapts a k-means clustering approach to efficiently generate superpixels. Despite its simplicity,
SLIC adheres to boundaries as well as or better than previous methods. At the same time, it is faster and
more memory efficient, improves segmentation performance, and is straightforward to extend to super
voxel generation. SLIC algorithm group pixels into perceptually meaningful atomic regions which can
be used to replace the rigid structure of the pixel grid. SLIC captures image redundancy, provide a
convenient primitive from which to compute image features, and greatly reduce the complexity of
subsequent image processing tasks. Superpixels present a better method for obtaining the features of
an image. As discussed in [6], the conventional color model is supportive for SRD because the colors
surround the major part of the image. To capture more information relating to the image, we used
the mean of the RGB and CIE Lab color space to represent a superpixel as Z = [R G B L a b x y gi ui],
where R, G, B, and L, a, b express the values of RGB color model and CIE Lab color space, respectively
while the x and y express the coordinates of the pixels. Whereas ui is used to indicate the density of
edges. Where gi is used to highlight the salient object part through the following Gaussian function:

gi = exp[−(
xi − xc

2σ2
x

− yi − yc

2σ2
y

)] (1)

where, σx = xc and σy = yc are the image center co-ordinates, xi and yi indicate the superpixel
co-ordinates, si and sj are the ith and jth superpixels of the image. Sometimes due to less contrast
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or same color of the foreground and the background part is mistakenly considered as foreground.
To overcome this issue, our focus is salient object instead of image center. To achieve this objective,
we calculate salient object center using the following equation:

sc =

⎧⎨⎩xc = ∑n
i,j=1

si
∑n

j=1 sj
xi

yc = ∑n
i,j=1

si
∑n

j=1 sj
yi

(2)

Subsequently, the image is presented as Z = [z1, z2, z3, ...., zn]εRD×N , where N and D are the
number of segments and features dimensions of the image, respectively. As a result, the calculated
saliency maps with textural information have more effective representation as shown in Figure 2b,c,
respectively.

(a) OI (b) SRD map (c) Updated SRD map (d) GT

Figure 2. The need for visual features for extracting a good saliency result is obvious from the depicted
results. It is worth noting that the results in the second column are comparably less significant and
missing a lot of real image information.

3.2. Heuristic Background Dictionary

In current SRD schemes, the background contrast, background prior, and boundary information
is used to compute their SRD map. Following the previous assumptions, we also assembled a part
of the background and boundary clues and named it as a Heuristic Background Dictionary (HBD).
Since constructing this HBD, we also used the idea of center-remaining difference to capture high
contrast around the salient objects near the center of the image. The HBD has persuasive results for
simple natural images, however, for complex natural images, the resultant map contains a large amount
of background noise. When the foreground region and background regions are implicated, and the
contrast is much smaller, the HBD is less helpful for finding the foreground region. Consequently,
when the background is complex it is difficult for ABM to train the HBD which is not capable of
extracting complete information from the background, as a result, the salient region map contains
background noises. To achieve improved SRD results, we accumulate the accurate background and
boundary clues as for the dictionary bases. We computed the value of a segment i through the
following expression:

Useg(i) =
∑L={right,le f t,top,down} Si,L.ϕ(seg(i) /∈ segL)

∑L={right,le f t,top,down} ϕ(seg(i) /∈ segL)
(3)

where, ϕ(.) and segL represent the indicator function boundary segment set, respectively. According
to [33,34], the different dataset contains the different size of the salient part and the largest salient
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object contains the 35% of the image. In a 15-pixel wide narrow border region, 98% belongs
to the background [35]. Using this information, we selected the 30% of background pixels for
constructing the dictionary. We used the dictionary-learning procedure to avoid the redundant
sampling and computational problem in which the background samples are directly utilized as
dictionary bases. This training procedure computes more compact heuristic background dictionary
T = [t1, t2, t3, ..., tn] ∈ Qp×n. We use the following function to compute HBD as:

JT,E = arg min
T,E

{
‖Υ − TE‖2

F + ν‖E‖1

}
s. t. t�j tj = 1, ∀j (4)

where, Υ ∈ Rp×n used to signify the background segments sets, E is Representation-Coefficient Matrix
(RCM) of Υ based on T, while ν is used to balance the �F − norm and �1 − norm terms. The Equation (4)
represents a joint-optimization function of T and E. Firstly, the T is initialized and fixed after that
E is solved using [36] as it becomes a standard optimization problem. Then, we update T by fixing
E through the Lagrange multiplier. This procedure is iterated till the values of IT,E are close enough
and at that time, we are able to obtain a more reconstructive dictionary.

The compact appearance frameworks construct their background coefficient matrix which
detains all of the fundamental characteristics of the background part, however, it is very sensitive to
background noises. The dense appearance models provide more meaningful and basic descriptions
of the background region as compared to the foreground region. For messy and complicated scenes,
the ABM is less useful in computing the salient objects. So, we use the background contrast from four
sides of the image boundary and designed four HBDs. Suppose, if the HBD cannot capture all of the
information from one side of the image it will definitely collect some background information from the
other sides. The salient objects are more accurately captured if we apply the clues and seed extracted
from the four sides of the image. The proposed model HBD is designed to handle these issues. In view
of the fact that the distinctive border of the image may possibly enclose a component of the salient
object parts, the HBD is very effective and capable of appreciably eradicating these regions of the
image that are considered as background noises as revealed in Figure 3. Subsequently, the left behind
a set of superpixels is preferred as HBDs, which contain additional stable and consistent background
information.

(a) OI (b) Result without HBD. (c) SRD map with HBD. (d) Ground truth

(e) SRD map with background noise. (f) SRD map with background noise.

Figure 3. Cont.
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(g) SRD map without background noise. (h) SRD map without background noise.

Figure 3. The effectiveness of the heuristic background dictionary for highly precise and exact salient
object maps extraction.

3.3. Appearance-Based Salient Region Detection

Superpixels appearance based saliency computation is the most important step of our model.
The image boundary superpixel contains very important information which can be engaged to obtain
the saliency maps. The methods based on a background dictionary [9–11] have convincing results
whenever the salient objects pop out closer to the center part of the scene. However, when the
salient objects significantly touch the image boundary and parts of them are wrongly considered as
background. However, our designed HBD T = [t1, t2, ..., tm] has D-dimensional cues of boundary and
35% of background segments. We apply this reconstructive background dictionary to remove the
background noise and to compute ABM saliency map. The classical SRD method [7,8] computes the
dissimilarity between the coefficient of segment i as follows:

αi = V�
T (zi − z̄) (5)

where, z̄ = ∑n
i=1 zi is the mean feature of Z and the eigenvalue and eigenvector is calculated via the

normalized covariance matrix of T, VT = [v1, v2, v3....vÉ]. Then, the largest eigenvalues are selected
to form the PCA bases for the reconstructive background dictionary. The corresponding saliency of
segment i can be calculated using the following expression:

ei = ‖zi − (VTαi + z̄)‖2
2 (6)

We believe that the dense representation is more expressive to the background features, and it
is more sensitive towards the noise. In general, the background part of the image is comparably
uniform, sparse, on the contrary, the foreground part is comparably lesser and dense. The key motive
for selecting the PCA framework is this when the salient objects are located at the image boundaries.
In these typical cases, the background is the main ingredient. So, PCA can easily detect the foreground
and filter outs the background. The PCA only deals with simple natural images, however, for complex
natural images the resultant map contains a large amount of foreground noise. For cluttered images,
the ABM is less effective in measuring salient regions. Dense appearance models, data points through
a multivariate Gaussian distribution in feature space, and therefore, it is very difficult to detain
multiple scattered patterns particularly when the number of examples is limited. To accomplish better
performance of salient region detection, we need to accumulate more correct background information
as reconstructive background dictionary bases. We use the background contrast from four sides of the
image boundary and designed four HBDs. By utilizing the reconstructive background coefficient set
from the top side, we compute the dense representation co-efficient of segment i as follows:

αi,right = V�
Si,right

(zi − z̄) (7)
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The saliency value of each segment is proportional to the dense representation. The dense
representation of segment i using the topside dictionary can be calculated using the following
expression:

ei,right = ‖zi − (VSi,right αi,right + z̄)‖2
2 (8)

Particularly, the coarse salient region map of each superpixel z in a region r is extracted as follows:

SABM
i,top =

1
|r| ∑

zi∈r
(1 − di)× ei,top (9)

where di is the Euclidean distance of the superpixel xi from the center part of the image, and |r| express
the numbers of superpixels in r. At the end, we normalize SABM

i,right, i = 1, ..., n in the range [0, 1] to
generate the coarse salient region map from topside. Then the saliency maps are generated from
remaining sides likewise and combined to generate SABM salient region map as depicted in Figure 4.
Commonly, the salient part of the image is compact and restricted in a small part which is similar
in appearance and consistency, whilst the background part is spread over the whole scene with the
same pattern and uniformity. Thus, the superpixels in their correspondences sharing their geometrical
appearance information and also their saliency scores. This thing specifies that the average remaining
in a superpixel is equal to the saliency values in each region. Additionally, this averaging framework is
designed to get rid of the most basic issue in saliency like: a number of small segments having higher
contrast values are described through high saliency values sometimes, so the overall saliency of the
entire salient object is comparably decreased.

(a) OI (b) DRE map (c) ABM map (d) GT

Figure 4. The validity of obtaining a background coefficient matrix is noticeable from the demonstrated
results. The results are arranged as OI, the dense representation error map, ABM map, and the GT.

3.4. Saliency Enhancement through a Regression-Based Model

We compute a graph G = (V, E), where V is set of superpixels and E represents the boundary
edges of the image. In [16,24,25], the following function is used to determine the saliency of all the
superpixels as:
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F = arg min
F

( n

∑
i,j=1

wij(pi − qj)
2︸ ︷︷ ︸

Smoothness

+β
n

∑
i=1

(Fi − ri)
2︸ ︷︷ ︸

Fitting

)
(10)

where ri is the ranking value for ith superpixel, pi =
Fi√
gii

is saliency of ith superpixel, and qj =
Fj√gjj

is the saliency of jth superpixel. W = (wij)n×n is the weight among two superpixels in the CIE LAB
color space and is defined as follows:

wij = exp−
‖ ci − cj ‖

2σ2
w

(11)

while ci and cj represent mean of superpixels i and j in a color model, respectively. Here σw is engage
to balance the color weight. Equation (10) illustrates the energy function, the first expression in the
Equation (10) is smoothness constraint while the second part is fitting constraint. Therefore, the ranking
values of unranked data are computed by solving the above function as:

C = (D − ϕW)−1 (12)

where, D = diag{d11, .., dnn}, and dii = ∑j Wij are degree matrix and weight matrix, respectively.
While the parameter ϕ keeps a balance between the smoothness constraint and the fitting
constraint. Basically, the optimized graph affinities are described through the inverse matrix
C, these graph-affinities are extracted from the prearranged data signified as a graph through
semi-supervised learning without integrating. It also specifies the overall weight between two
connected superpixels and extracts their grouping information for SRD. We suppose that an image
contains k types of features, so weight matrix and degree matrix are computed for k features as:
Wk = (wk

ij)n×n, and Dk = (dk
ij)n×n. In our designed cost function, we take two n × 1 vectors U and V,

which are attained from the previous saliency results by normalizing in the interval of 0 ∼ 1. After that,
we introduce two diagonal matrices v = [vii] = diag(V) and u = [uii] = diag(U). To combine
numerous features in a single salient region map containing the smoother foreground and suppress
background, we define our novel pairwise potential model as:

Fl = arg min
Fl ,l=1..,k

k

∑
l=1

(
λ

n

∑
i=1

m

∑
j=1

wl
ij(Fl

i − Fl
j )

2

︸ ︷︷ ︸
Smoothness

+
n

∑
i=1

ul
ii(Fl

i − 1)2

︸ ︷︷ ︸
Foreground

+
n

∑
i=1

(1 − vl
ii)(Fl

i )
2

︸ ︷︷ ︸
Background

)
(13)

where, Fi and Fj are saliency values of segment i and segment j, respectively. While the λ is a balancing
parameter. The first term on the right-hand side in energy function is the smoothness constraint. For a
good saliency map the salient object should be even and smooth. The second term is used here to
assign higher values to the foreground region. We employ this term for multi-features foreground
computation and highlighting the foreground part. The last defined constraint is background constraint
which assigns less weight to the background regions and also helps in creating well-defined boundaries
of the salient objects. Previously designed methods are dependent on the color information for
computing their saliency. However, the computed images lose their accuracy when the salient objects
are pattern objects. To fully capture the salient objects, we combine the boundary, texture, geometry
and spatial information to obtain our saliency results. The mean of color features are obtained from
the superpixels and utilized after normalizing it. While the textural features like HOG and LBP feature
are also extracted from the superpixels but after normalizing their histogram. The sum of texture and
color discontinuities is computed through gradient G and utilized it as the boundary information.
All of the above features are utilized to compute the weights of superpixels as:
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wl
ij = exp−

( k

∑
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(‖cl
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j‖
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+ β
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i , Ll

j) + γ
k

∑
l=1

dH(Hl
i , Hl

j)

)
(14)

where, the β and γ are used to control the weights between the superpixels. Here, we assign highest
weight to the color parameter because it is more reliable than other features. We take the value of
k = 2, because in this framework we are only dealing with two features. After putting the value of k
this optimization function can be written as:

F1, F2 = arg min
F1,F2

1
2
(
λF�

1 (D1 − W1)F1 +
1
2

u(F1 − D−1
1 )�D1(F1 − D−1

1 ) + λF�
2 (D2 − W2)F2+

1
2

u(F2 − D−1
2 )�D2(F2 − D−1

2 ) +
1
2

F1(1 − v)F�
1
) (15)

We took the value of k = 2 to compute the optimal solution of this energy function. We take the
derivative of this function with respect to F1 and F2 and putting it equal zero. Then we obtained the
following expression as:

E1 = 2λ(D1 − W1) + uD1 + (I − v) (16)

E2 = 2λ(D2 − W2) + uD2 + (I − v) (17)

Motivated from [6], which observed the paired advantages of Lab and RGB color models for
salient region detection, we engaged two types of visual information like E1 and E2 to extract our
results. After that, we take the average of the salient region maps and normalize the computed result
between the range [0, 1] to obtain the final saliency region map. Figure 5 demonstrates the computed
results through the proposed model with single and multi-featured.

(a) OI (b) ABM map (c) RBM map (d) GT

Figure 5. Some examples demonstrating the difference between single and multi-level cues integration
step. The results are arranged as OI, salient region map with single feature integration, and the saliency
map extracted through multi-label features incorporation.

Instinctively, a region with higher contrast in representation to the neighboring elements always
receives high saliency scores. However, the proposed multi-feature inference mechanism not only
processes the salient regions of the image depending upon their degree of relevance but also assigns
higher saliency scores computed from multi-features spaces. This property effects in highlighting the
salient object parts more uniformly and suppressing the background regions. We can note that the ABM
is more robust in dealing with the salient object at the image boundary. However, for complex natural
images, the resultant map contains a large amount of foreground noise. The RBM is more efficient in
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dealing with the complex background but loses its efficiency when the objects are at the boundary of the
image. Consequently, both the RBM and ABM are essential for computing a good salient region map
as shown in Figure 6. In very complex background images, sometimes, background pixels included in
the results, we can see artifacts in the computed maps due to the pre-processing. So, in order to remove
these artifacts and background pixels, we engage the guided filter [37]. The guided filter produces the
background and artifacts free smooth result as revealed in Figure 7.

(a) OI (b) Segmented map (c) ABM map (d) RBM map (e) Optimized map

Figure 6. We individually compare the salient region map of each stage of the proposed method by
using ASD database [38]. The results are organized as OI, the segmented image, ABM salient region
map, enhanced salient region map through RBM, and the final salient region map .

(a) OI (b) MI (c) RS (d) AM (e) BD (f) MC (g) HS (h) UC (i) Our (j) GT

Figure 7. Visual comparison of our scheme with some recent approaches using the ASD database.
The SRD results are arranged as OI, MI, RS, AM, BD, MC, HS, UC, our scheme, and the GT. We can
note that the SRD maps of our proposed scheme are very close to the GT.
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4. Experimental Results

We analyzed and investigate our model on the five largest benchmark datasets against the seven
state-of-the-art methods. For performance assessment, four evaluation measures are selected to
completely analyze the proposed algorithm against seven preceding schemes. In the next section,
we discuss the details of the selected benchmark datasets for performance evaluations.

4.1. Benchmark Datasets

To analyze the computed saliency results, there are many databases available that differ from one
and another in size, number objects, and background. We employ a different database to assess and
analyze the performance of our proposed algorithm. We assess our salient region detection model
on five different standard databases that are: (1) ASD [38], (2) ECSSD [39], (3) DUT-OMRON [28],
(4) SED2 [40], and (5) MSRA [41]. We prefer these databases for the following reasons: (1) background
nature, (2) complexity level, (3) a large number of images, (4) the different number of objects in a
scene, and (5) potential benchmark databases. Firstly, we test the performance of the proposed model
in the ASD database. The images in this database have a large variety in the background structure
like a simple, smooth, complex, and multifaceted nature. The ASD database contains 1000 images
with pixel-wise annotated ground truths. The purpose to include SED2 databases is to assess the
performance of our model with an image contains multiple objects. Lastly, we analyze our model over
Extended Complex Scene Saliency Data-set (ECSSD), which contains 1000 images that are semantically
meaningful, however, having complex and natural images.

4.2. Preceding Methods Selected for Comparison

Our SRD model is compared against seven state-of-the-art models. We first visually and then
graphically compare to check and validate our framework. The schemes we compare with our method
are chosen due to the following four reasons: (1) recency, (2) citations, (3) computation complexity,
and (4) variety. These models are: AM [29], BD [42], RS [43], MC [44], MI [30], HS [39], and UC [31].
The source codes of some of the above-defined approaches are easily accessible for public. While other
we obtained from the saliency results generated by Cheng et al. [34]. Only a few of the source codes
are directly downloaded from the author’s web, therefore, we utilized their source codes to extract the
saliency results for comparison purpose.

4.3. Evaluation Metrics

Numerous techniques are applied to evaluate the concurrence between the obtained results and
the GT. Before computing the evaluation metrics, the produced salient region maps should be changed
in binary form to estimate the generated map. We also apply the adaptive threshold as discussed
in [34], the thresholding is used to get the binary mask of salient region map S, that is calculated as:

Th =
1

w × h

h

∑
a=1

w

∑
b=1

S(a, b) (18)

whereas, w and h represent the height and width of saliency map, respectively.

4.3.1. Precision-Recall

The saliency map S is converted to the binary-mask M using the given ground truth T.
The PR-curve is computed using this expression:

Precision =
|M⋂ T|
|M| , Recall =

|T⋂M|
|T| (19)
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4.3.2. F-Score

F-score is calculated using the Precision-Recall, the evaluation of the SRD is not complete without
F-score. The F-score is computed using the following expression:

Fν =
(1 + ν2)× Precision × Recall

ν2 × (Precision + Recall)
(20)

All of the compared method take the value of ν = 0.3. So, we have take the value of ν = 0.3 for a
fair comparison.

4.3.3. Receiver Operating Characteristics

The ROC-curve is obtained using the binary mask M with a fixed threshold as:

TPR =
|M̄⋂ T|
|M̄| , FPR =

|M⋂ T̄|
|T̄|. (21)

where, T̄ is opposite of T and M̄ is opposite of M. The ROC-curve is obtained through TPR and FPR
with changing the value of the fixed threshold.

4.3.4. Mean Absolute Error

To check the worth of SRD maps might have high significance as compared to binary mask.
We also applied the MAE between the continuous SRD map S and the ground truth T, both are
normalized in the range [0, 1]. The MAE value is defined as:

MAE =
1

w × h

h

∑
a=1

w

∑
b=1

|S̄(a, b)− T̄(a, b)| (22)

4.4. Implementation and Analysis

We visually and graphically analyze the designed algorithm against preceding algorithms. We also
assess the performance of the proposed model with different parameters using PR-curves. In the next
section, we describe the comparison of our model with existing schemes.

4.4.1. Parameter Settings

The performance of our model is affected by different parameters. When we are comparing the
performance of our model, we used the following parameter settings: β = 0.10, γ = 10, λ = 0.35,
σw = 0.05, and N = 200, where N represents the number of superpixels. Figure 8 demonstrates the
effect of these balancing parameters on the performance of our model. We execute simulations 5 times
repetitively to avoid any uncertainty due to the arbitrary initialization.

4.4.2. Evaluation of Our Algorithm

In this section, we evaluate different elements of the designed framework and their impact
on the performance in detail. The PR-curves with and with the single and multi-features are also
demonstrated in Figure 9. We can also see that the final map with the multi-features is little higher than
the final map with a single feature. The final map with a single-feature loses some information during
pre-processing. We evaluate the proposed method against two most recent SRD schemes: NS [45],
and MSC [46] in Table 1. We used the F-measure, AUC, and MAE to check the performance of our
model against these two schemes. We notice that our model outperforms than the opponent schemes
in selected metrics with higher F-score, AUC and lesser MAE.
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Table 1. The performance comparison of our model with recent schemes.

Models
ECSSD SED2 DUT-OMRON ASD

NS MSC Our NS MSC Our NS MSC Our NS MSC Our

F-score 0.710 0.713 0.73 0.775 0.791 0.802 0.616 0.60 0.699 0.870 0.92 0.93
AUC 0.90 0.89 0.907 0.85 0.859 0.861 0.887 0.883 0.895 0.935 0.952 0.953
MAE 0.245 0.229 0.222 0.182 0.155 0.145 0.149 0.126 0.125 0.095 0.080 0.070

Figure 8. PR-curves to validate our proposed method with different parameters values for the MSRA
database. The balancing parameter is tuned at different values to verify the refinement function and
their effect on the final SRD map.

4.4.3. ASD Database

We assess the performance of our scheme with previous methods using the ASD dataset as
revealed in Figure 10. The reason for selecting the ASD database is to investigate the behavior of
our scheme with images having different complexity levels and diversified pattern. We examine
and evaluate the proposed method against seven most well-known SRD schemes such as: AM [29],
BD [42], RS [43], MC [44], MI [30], HS [39], and UC [31]. We used the ROC-curve, F-measure, PR-curve,
and MAE to check the performance of our model. We notice that our model outperforms than the
opponent schemes in selected metrics with a higher precision, recall, F-measure, and lesser mean
absolute error. The RS [43], HS [39], and MC [44] also achieved good. We considers three latest deep
learning-based models for evaluation like [29–31]. We can note from the Figure 10 that proposed
model obtains similar precisions with most deep-learning methods and suppresses the recalls, so the
proposed method yields relatively lower F-measure scores. However, the proposed model is without
preparing expensive ground truth annotations for training the model and overall performs comparable
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with these deep-learning methods. The proposed method is free of computing power and ground
truth annotations and can provide simplicity and easy-to-use generality in many practical inexpensive
applications. From the results, we observe that our SRD approach is more efficient in highlighting the
salient objects as compared to the other recent models.

Figure 9. Graphical performance comparison of different stages of our method using PR-curves to
validate the single feature, multi-featured, and enhanced results using the MSRA dataset.

Figure 10. The graphical assessment of our model against seven current approaches AM [29], BD [42],
RS [43], MC [44], MI [30], HS [39], UC [31] and our proposed model using the ASD dataset.
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4.4.4. DUT-OMRON Database

We also evaluate the performance of the proposed model on a DUT-OMRON database. The motive
for electing DUT-OMRON database is this, it contains a large number of images with different
complexity levels of the background. Most probably all SRD approaches utilize this database to
analyze their methods, therefore, this database is our first priority to evaluate our proposed approach
as shown in Figure 11. We verify the performance of our proposed model graphically using the
preprocessing and post-processing results. We choose PR and ROC-curve to assess the performance of
our proposed method. The resulting graphs are illustrated in Figure 11. Nevertheless, MC [44], RS [43],
and BD [42] also demonstrate persuasive results. We notice from our analysis that our approach is
more effective and more efficient in highlighting the salient objects than the other discussed methods.

Figure 11. The graphical evaluation of our method with seven current approaches such as AM [29], BD [42],
RS [43], MC [44], MI [30], HS [39], UC [31] and our proposed model on the DUT-OMRON database.

4.4.5. ECSSD Database

Moreover, we as well engaged ECSSD database [39] to assess our mechanism graphically. ECSSD
database contains more natural images with a diversified pattern for both foreground and background.
The reason for selecting ECSSD database is to investigate the behavior of our scheme with images
having different complexity levels and diversified pattern. We examine and evaluate the proposed
method against seven most well-known SRD schemes such as: AM [29], BD [42], RS [43], MC [44],
MI [30], HS [39], and UC [31] on the ECSSD database to declare the strength of our algorithm. We pick
four different criteria which are mainly used in the literature to assess the performance of SRD methods.
These criteria are PR-curve, ROC curve, F-score, and MAE to check the performance of our proposed
approach. From the series of experiments, we found that our proposed method achieves very good
results as compared to above-defined approaches. On the other hand, RS [43], BD [42], and UC [31] as

207



Sensors 2019, 19, 421

well accomplished fine results on all four SRD metrics. Our approach remains very unswerving in all
defined evaluation measures and demonstrates significant performance as shown in Figure 12.

Figure 12. Graphical evaluation of our model using the PR-curve, F-measure, ROC-curve, and MAE
with seven most recent models.

4.4.6. SED2 Data-Set

Additionally, we employed SED2 dataset [40] to evaluate and validate the proposed method
graphically. The motive for electing SED2 database is to assess the performance of our scheme through
an image with two objects. We analyze and compare the proposed method against fourteen most
famous state-of-the-art approaches such as: AM [29], BD [42], RS [43], MC [44], MI [30], HS [39],
and UC [31] on SED2 database to assure the validity of our algorithm. We choose four different criteria
like PR-curve, ROC curve, F-measure, and MAE to estimate the strengths and bounds of our SRD
approach. Our SRD model remains very consistent in all the define evaluation measures and shows a
remarkable performance as illustrated in Figure 13.

4.4.7. Limitations

The designed method outperforms against above-discussed state-of-the-art SRD methods with
the higher PR values. However, the performance of our scheme is not very acceptable in some cases.
These typical cases are shown in Figure 14. The proposed method has not achieved very persuasive
results when the color of the foreground is similar to the background; in this situation, the salient
object is not salient accurately, some of the background pixels are combined with the obtained results
and size of the results do not remain significant.
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Figure 13. The graphical analysis of our SRD using four different saliency measures with other
techniques.

Figure 14. A few cases where our model performance is not very persuasive.

4.4.8. Execution Time

The execution time/image of the proposed model with some previous methods by using MATLAB
implementation using the ECSSD data set is elaborated in Table 2. The running time of all the schemes
described in the table is achieved through the machine having the Intel Dual Core i3− 2310M, 2.10 GHz
CPU, and 4 GB RAM. Our designed framework is robust than the other state-of-the-art SRD methods.
Specially, the SLIC [32] consumes 0.16 s almost 50% of the original time.
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Table 2. The comparison of our model with seven state-of-the-art techniques for average running time
(seconds per image).

Method Time(s) Code

AM [29] 0.185 Matlab
BD [42] 0.453 Matlab
MC [44] 0.547 Matlab
MI [30] 0.025 Matlab
UC [31] 0.495 Matlab
RS [43] 0.108 Matlab
HS [39] 25.3 Matlab

Our 0.32 Matlab

5. Conclusions

In this work, we have introduced a new density-based and regression-based salient regions
detection model. To capture the useful structural information, we segmented the image into multiple
uniform segments. To obtain more background information and to evenly suppress the background,
we constructed side-specific dictionaries. Then, we calculated the more effective contrast-based
salient region map using our ABM. To strengthen the generated results, we use RBM to generate
the multi-label cues rarity for each segment. To incorporate pre-computed results followed by an
optimization method that construct more even, accurate and precise salient regions map. Some
previous approaches exploit the single-feature of the background or foreground to produce their
saliency results. However, the proposed model infers multi-label color features and demonstrates
better performance as compared to the preceding appearance-based learning schemes.
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Abstract: Riding the wave of visual sensor equipment (e.g., personal smartphones, home security
cameras, vehicle cameras, and camcorders), image retrieval (IR) technology has received increasing
attention due to its potential applications in e-commerce, visual surveillance, and intelligent traffic.
However, determining how to design an effective feature descriptor has been proven to be the main
bottleneck for retrieving a set of images of interest. In this paper, we first construct a six-layer color
quantizer to extract a color map. Then, motivated by the human visual system, we design a local
parallel cross pattern (LPCP) in which the local binary pattern (LBP) map is amalgamated with
the color map in “parallel” and “cross” manners. Finally, to reduce the computational complexity
and improve the robustness to image rotation, the LPCP is extended to the uniform local parallel
cross pattern (ULPCP) and the rotation-invariant local parallel cross pattern (RILPCP), respectively.
Extensive experiments are performed on eight benchmark datasets. The experimental results
validate the effectiveness, efficiency, robustness, and computational complexity of the proposed
descriptors against eight state-of-the-art color texture descriptors to produce an in-depth comparison.
Additionally, compared with a series of Convolutional Neural Network (CNN)-based models, the
proposed descriptors still achieve competitive results.

Keywords: visual sensor; image retrieval; human visual system; local parallel cross pattern

1. Introduction

Since a huge number of image corpora have been produced by visual sensor equipment,
an increasing demand for efficient encoding and indexing of these image corpora has attracted
the attention of a considerable number of researchers [1–7]. Thanks to the investigators’ breakthroughs,
a myriad of methods [8–28] have continuously been developed for encoding and indexing.

In early work, the local binary pattern (LBP) [8], a grayscale texture descriptor, was first proposed
for encoding the center pixel and its neighborhood pixels. Afterwards, owing to the disadvantage
of losing global information, the LBP was extended to the LBP variance (LBPV) [9] which was
amalgamated with global rotation-invariant matching for texture classification. Further, in order
to completely detail the local differences among the central pixel and its neighborhood pixels, the
completed local binary pattern (CLBP) operator [10] was designed for rotation-invariant feature
representation. The local derivative pattern (LDP) [11] was then produced by refining the magnitude
difference in local neighborhoods. Along another line, taking into account the situation of non-uniform
lighting conditions, the local ternary pattern (LTP) [12] was introduced, and it was combined with
kernel principal component analysis (KPCA) to improve its robustness to illumination. Later, the LTP
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was further modified into the local tetra pattern (LTrP) [13] by using the first-order derivatives in the
vertical and horizontal directions. After that, the LTP was again extended to the local maximum edge
binary patterns (LMEBP) [14], and the LMEBP were combined with the Gabor transform used for image
retrieval and object tracking. Besides these, to achieve robustness to uniform and Gaussian noises,
the noise-resistant LBP (NRLBP) [15] was constructed to preserve local structure information. Inspired
by the fusion strategy, the local neighborhood difference pattern (LNDP) [16] was concatenated with
the LBP map to integrate the local intensity difference information and the local binary information in
a parallel manner. However, all the above methods are confined within grayscale image processing,
so the major drawback of these construction processes is the inevitable loss of color information.

In recent years, a series of color texture descriptors [17–29] have been sequentially developed for
color image processing. Among them, the local oppugnant color texture pattern (LOCTP) [17], a variant
of the multi component LTrP, was combined with the colored pattern appearance model (CPAM) in
the YCbCr, HSV, and RGB color spaces. In reference [18], according to the adder and decoder concepts,
the multi-channel adder local binary pattern (maLBP) and the multi-channel decoder local binary
pattern (mdLBP) were designed to combine the LBP maps in the R, G, and B components. After that,
a class of pairwise-based local binary patterns [19,20] and a series of color-edge approaches [21–23]
were introduced to classify and retrieve natural color images. Recently, on the basis of intra- and
inter-channel encoding concepts, the opponent color local binary patterns (OCLBP) were proposed by
Mäenpää et al. [24]. Further, in reference [25], Bianconi et al. extended the OCLBP to the improved
opponent color local binary patterns (IOCLBP), in which the point-to-point thresholding was replaced
by point-to-average thresholding. Considering the graph-based fusion framework, the bag-of-words
of local features and the color local Haar binary pattern were integrated by Li et al. [26]. Quite
recently, in order to systematically analyze the robustness to illumination changes, a bag of color
texture descriptors [27] was studied under 46 lighting conditions. At the same time, with the help of a
non-linear support vector machine, the orthogonal combination of local binary patterns (OC-LBP) was
concatenated with the color histogram (CH) [28].

In this paper, we present the main following contributions:

1. We design a six-layer color quantizer that is applied to quantize the a* and b* components for
color map extraction.

2. We construct a local parallel cross pattern (LPCP) in which the LBP map and the color map are
integrated into a whole framework.

3. We further extend the LPCP to the uniform local parallel cross pattern (ULPCP) and the
rotation-invariant local parallel cross pattern (RILPCP) to reduce the computational complexity
and achieve robustness to image rotation.

4. We benchmark the comparative experiments with eight state-of-the-art color texture descriptors
on eight benchmark datasets to illustrate the effectiveness, efficiency, robustness, and
computational complexity of the proposed descriptors.

5. We additionally develop a weight-based optimization scheme that shows better improvement.

The rest of this paper is organized as follows. Section 2 briefly introduces the local binary pattern
and the color distribution prior in the L*a*b* color space. Section 3 details the feature representation.
The experiments and discussion are presented in Section 4. Section 5 concludes this paper and indicates
future directions.
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2. Related Work

2.1. Local Binary Pattern

In reference [8], Ojala et al. first designed the local binary pattern (LBP) for texture feature
representation. Given a gray pixel G(i, j), the computational results among G(i, j) and its neighbors
Gx(i, j) are encoded as the LBP value. The formula for the LBP value in pixel G(i, j) is as follows:

LBPn,r(i, j) =
n−1

∑
x=0

ϑ(G(i, j)− Gx(i, j))× 2x, (1)

ϑ(t) =

{
1, t ≥ 0

0, t < 0
, (2)

where Gx(i, j) is a pixel G(i, j)’s x-th neighbor, and n and r represent the number of neighbors and the
radius of the neighborhood, respectively.

To reduce the computational complexity, Ojala et al. [8] defined the uniform LBP, in which each
LBP pattern has, at most, two bitwise changes among its neighbors. The measure operator “U” of an
LBP pattern is defined as the number of bitwise changes. Mathematically, the uniform LBP is defined
as follows:

U(LBPn,r(i, j)) = |ϑ(G(i, j)− G0(i, j))− ϑ(G(i, j)− Gn−1(i, j))|+
n−1
∑

x=1
|ϑ(G(i, j)− Gx(i, j))− ϑ(G(i, j)− Gx−1(i, j))|. (3)

If U(LBPn,r(i,j)) ≤ 2, then LBPn,r(i,j) is classified as the uniform LBP pattern; otherwise, LBPn,r(i,j)
belongs to the non-uniform LBP pattern.

To achieve robustness to image rotation, Pietikäinen et al. [29] designed the rotation-invariant LBP,
in which all types of the same transition were considered as one pattern. The measure operator ROR
(LBPn,r(i, j), x) is defined as a circular bitwise right shift for x times on the n-bit number LBPn,r(i, j).
Mathematically, the rotation-invariant LBP is expressed as follows:

LBPri
n,r(i, j) = min

{
ROR(LBPn,r(i, j), x)

∣∣∣ x ∈ 0, 1, . . . , n − 1
}

. (4)

For details, please refer to references [8,29,30]. For simplicity, referring to reference [19], n and
r were set to 8 and 1, respectively. In the rest of this paper, we refer to the LBP map as LBP(i, j), the
uniform LBP map as ULBP(i, j), and the rotation-invariant LBP map as RILBP(i, j).

2.2. The Selection of the Color Space

The selection of the color space is acknowledged as an important preprocessing stage [1].
Currently, RGB, HSV, HIS, CMYK, YUV, and L*a*b* are widely adopted in feature representation.
Among these, the most commonly used color space is RGB. However, the inferiority of the RGB color
space can be summarized as follows: (1) the yellow is lost; (2) there is a plethora from green to blue;
and (3) it is not suited for the visual perception mechanism. Different from RGB, the superiority of the
L*a*b* color space can be summarized as follows: (1) the L*a*b* remedies the missing yellow in RGB; (2)
there is no plethora from green to blue; and (3) it is suited for the visual perception mechanism. Besides
this, L*a*b* provides excellent decoupling between color (represented by the a* and b* components)
and intensity (represented by the L* component) [31]. Therefore, all images are transformed from RGB
to the L*a*b* color space in the preprocessing stage. Referring to reference [32], the standard RGB to
L*a*b* transformation is carried out as follows:{

L∗ = 116( Y
Yn
)

1/3 − 16 for Y
Yn

> 0.08856

L∗ = 903.3( Y
Yn
)

1/3
for Y

Yn
≤ 0.08856

, (5)
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a∗ = 500( f (
X
Xn

)− f (
Y
Yn

)), (6)

b∗ = 500( f (
X
Xn

)− f (
Y
Zn

)), (7)

with {
f (u) = u1/3 for u > 0.08856
f (u) = 7.78u + Y

Yn
for u ≤ 0.08856

, (8)

where ⎡⎢⎣ X
Y
Z

⎤⎥⎦ =

⎡⎢⎣ 0.412453 0.357580 0.180423
0.212671 0.715160 0.072169
0.019334 0.119193 0.950227

⎤⎥⎦
⎡⎢⎣ R

G
B

⎤⎥⎦, (9)

where Xn, Yn, and Zn are set to 0.950450, 1.000000, and 1.088754.

2.3. Color Distribution Prior Knowledge in the L*a*b* Color Space

In reference [1], the color distribution prior knowledge in the L*a*b* color space was analyzed
and summarized for different color image sets. In Figure 1a,b, an example of the Stex database [33] is
illustrated. It can be seen that the frequency of pixels is mainly concentrated in the middle range of the
a* and b* components. To validate the consistency of this prior knowledge, extensive experiments were
performed on different color image sets, and these results show that the prior knowledge is consistent.

  

   (a) (b) 

  

  (c) (d) 

Figure 1. Cont.
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(e) (f) 

Figure 1. The frequency of pixels on Stex and its subsets: (a,b) Stex, (c,d) 50% of Stex, and (e,f) 10%
of Stex.

Further, the stability of this prior knowledge was also studied when the image database was
changed. Examples of 50% and 10% of the Stex image datasets are presented in Figure 1c–f. From
those figures, except for the frequency of pixels, we can easily see that the pixels are still distributed in
the middle range of the a* and b* components. These phenomena illustrate that the prior knowledge
is stable.

The reason for this was studied more deeply in reference [20]. As depicted in Figure 1a–f, the
frequency of pixels in the a* and b* components gradually declines from the middle to both sides,
but the saturation in the a* and b* components inversely goes up from the middle to both sides.
Through extensive experiments, we propose that the color probability distribution has a negative
correlation with the saturation of the a* and b* components because higher saturation occurs with a
lower frequency.

3. Feature Representation

3.1. Six-Layer Color Quantizer

Inspired by the color distribution prior knowledge in the L*a*b* color space, a novel six-layer
color quantizer was designed, as shown in Figure 2, in which each layer includes a set of bins and its
corresponding indices. In the proposed quantizer, the original range [−128, +127] is first divided into
two equal bins, 28/3, on both sides and two refined bins, 27/3, in the middle. Sequentially, the indices
are named 0, 1, 2, and 3 at layer 1. Second, to further refine the two middle bins, 27/3, they are
uniformly divided into four equal bins, 26/3, from layers 1 to 2. Meanwhile, the remaining bins are
copied from the layer 1 to 2. Third, the operators “Copy” and “Divide” are continuously repeated until
the two middle bins at the layer 6. Finally, combining the layer 1 to 6, we construct a six-layer color
quantizer. The quantization layers in the a* and b* components are denoted Wa* and Wb*, where Wa*,
Wb* ∈ {1, 2, . . . , 6}, and the indices are denoted Ŵa* and Ŵb*, Ŵa* ∈ {0, 1, . . . , Ẅa*} and Ŵb* ∈ {0, 1,
. . . , Ẅb*}, where Ẅa* = 2(Wa* + 1) – 1 and Ẅb* = 2(Wb* + 1) – 1 respectively.

Referring to reference [34], we discuss the quantization error under different quantization layers,
Wa* and Wb*. Figure 3 shows the quantization errors on Stex, 50% of Stex, and 10% of Stex. From the
figures, it can be seen that along with the refinement of layers Wa* and Wb*, where Wa*, Wb* ∈ {1, 2,
. . . , 6}, the quantization error decreases obviously. This phenomenon illustrates the effectiveness of
the proposed quantizer. Moreover, we also note that the values of the quantization errors on Stex, 50%
of Stex, and 10% of Stex are extremely close to each other. This phenomenon confirms the stability
and consistency of the six-layer color quantizer. In particular, the quantization error from layers 5 to 6
decreases only slightly on the three datasets. These results demonstrate that stopping the quantization
layers Wa* and Wb* at the 6th layer is appropriate.
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Figure 2. The details of the six-layer color quantizer.

 

(a) Stex (b) 50% of Stex 

 

 (c) 10% of Stex  

Figure 3. The quantization errors under different quantization layers, Wa* and Wb*, on Stex and its
subsets: (a) Stex, (b) 50% of Stex, and (c) 10% of Stex.
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Furthermore, referring to the visual perception mechanism in reference [35], the original range
[0, +100] in the L* component is divided into three bins, namely, [0, +25], [+26, +75], and [+76, +100].
Herein, the quantization layer of the L* component is denoted WL*, where WL* = 1, and the indices of
the three bins are denoted ŴL*, ŴL* ∈ {0, 1, . . . , ẄL*}, where ẄL* = 2WL*. For a pixel (i, j) in image I,
we combine the indices of WL*, Wa*, and Wb* to construct the color map C(i, j), and the index of C(i, j)
is denoted Ĉ, Ĉ ∈ {0, 1, . . . , Č}, where Č = 3 × 2(Wa* + 1) × 2(Wb* + 1) − 1.

3.2. Local Parallel Cross Pattern

As elucidated in Gray’s Anatomy [36], the human visual system is an important pathway
that codes low-layer visual cues to construct the high-layer semantics perception in parallel and
cross manners. On the basis of the human visual system, we propose a novel local parallel cross
pattern (LPCP) to integrate the color map and the LBP map as a unified framework in “parallel“ and
“cross“ manners.

Given an original map I(i, j), the central point and its eight neighbors are denoted I0(i, j) and
Ik(i, j), where k ∈ {1, 2, . . . , 8}. Firstly, we extract the LBP map LBP(i, j) (see Section 2.1) and the color
map C(i, j) ( see Section 3.1). Secondly, all eight neighbors of the LBP map and the color map are
mutually crossed to construct the LBP and color cross maps. Thirdly, we calculate the frequency of
each neighborhood in the LBP and color cross maps to construct the LBP and color frequency maps,
respectively. Finally, the values of the maximum frequency in the LBP and color frequency maps are
considered the feature vectors, and the central values in the LBP and color frequency maps are flagged
as the indices. For clarity, Figure 4 presents a detailed schematic diagram of the local parallel cross
pattern, in which LPCP is encoded as LPCPLBP(3) = 4 and LPCPcolor(7) = 5. Mathematically, LPCP is
defined as follows:

LPCPLBP(LBP0(i, j)) = arg max Fr{Ck(i, j)|k = 1, 2, . . . , 8}, (10)

LPCPcolor(C0(i, j)) = arg max Fr{LBPk(i, j)|k = 1, 2, . . . , 8}, (11)

where Fr{·} represents the frequency of each neighbor. In particular, when the value of LBP0(i, j) is
equal to C0(i, j), LBP0(i, j) and C0(i, j) can still be separated and encoded as LPCPLBP(LBP0(i, j)) and
LPCPcolor(C0(i, j)), respectively. Herein, the feature dimensions of LPCPLBP and LPCPcolor are 256 and
3 × 2(Wa* + 1) × 2(Wb* + 1). Given a color image dataset T, the optimal quantization layers Wa* and
Wb* are calculated based upon the retrieval accuracy score. This process is defined as the maximization
problem as follows:

max
Wa∗ ,Wb∗

Acc(T|Wa∗, Wb∗), Wa∗, Wb∗ ∈ {1, 2, . . . , 6}, (12)

where Acc(T|Wa*, Wb*) represents the retrieval accuracy score. We provide the optimal color
quantization layers Wa* and Wb* in Section 4.4.
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Figure 4. Schematic diagram of the local parallel cross pattern (LPCP).

To reduce the computational complexity, we define the uniform local parallel cross pattern
(ULPCP) in which ULBP(i, j) replaces LBP(i, j). To achieve robustness to image rotation, we design the
rotation-invariant local parallel cross pattern (RILPCP) in which RILBP(i, j) replaces LBP(i, j).

As presented in Figure 5, RILPCP achieves exactly the same feature encoding in spite of the image
rotation. For Figure 5a, we first extract the RILBP map and the color map. Then, according to Equations
(10) and (11), RILPCP is encoded as [RILPCPRILBP(3) = 4; RILPCPcolor(7) = 4]. When Figure 5a is rotated
90◦ to Figure 5b, we can also extract the same RILBP and color map because both color and RILBP
are rotation invariant. Further, RILPCP is still calculated as [RILPCPRILBP(3) = 4; RILPCPcolor(7) = 4].
In fact, an image can be rotated by an arbitrary degree.
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Figure 5. Illustration of the rotation invariance of the rotation-invariant local parallel cross pattern
(RILPCP).

4. Experiments and Discussion

4.1. Distance Metric

The distance metric is considered as the measure of similarity between a query image and a
database image. In our retrieval framework, we first convert the query image and database images into
feature vectors, and we then calculate the distance measure between the query image and database
images. Referring to references [1,18,20,21,37], the Extended Canberra Distance is exploited, and it is
given as

R(Fq, Fd) =
k

∑
ν=1

∣∣Fq(ν)− Fd(ν)
∣∣∣∣Fq(ν) + μq

∣∣+ |Fd(ν) + μd|
, (13)
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where Fd, Fq, and k respectively denote the image in the database, the query image by the user, and the
feature vector length, and R is the measurement result between the query image Fq and the image Fd
in the database. Further, μq = ∑k

ν=1 Fq(ν)/k and μd = ∑k
ν=1 Fd(ν)/k.

4.2. Evaluation Criteria

In this section, we introduce the most popular evaluation criteria, such as the precision rate,
the recall rate, the average precision rate (APR) value, the average recall rate (ARR) value, and the
precision-recall (PR) curve to validate the proposed descriptors.

First, the precision and recall rates are formulated as follows:

Precision =
1

Nα

Nα

∑
d=1

ξ(η(Fq), η(Fd)) , (14)

Recall =
1

Nβ

Nβ

∑
d=1

ξ(η(Fq), η(Fd)) , (15)

ξ(η(Fq), η(Fd)) =

{
1, η(Fq) = η(Fd)

0, η(Fq) �= η(Fd)
, (16)

where Nβ, Nα, and η(·) denote the total number of images in the same category, the total number of
returned images, and the category information. ξ(·) is defined as the binarized function. If ξ(η(Fq),
η(Fd))) = 1, then η(Fq) and η(Fd) are determined to be in the same category; if ξ(η(Fq), η(Fd))) = 0, then
η(Fq) and η(Fd) do not belong to the same category.

Then, the average precision rate (APR) and average recall rate (ARR) values are given by the
following equations:

APR =
∑N̂

n̂=1 Precision(n̂)
N̂

, (17)

ARR =
∑N̂

n̂=1 Recall(n̂)
N̂

, (18)

where n̂ and N̂ are the total number of query images and the n̂th query image, respectively.
Finally, the precision-recall (PR) curve can be considered an ancillary criterion that evaluates

the dynamic precision by computing the threshold recall. Mathematically, the PR curve is defined
as follows:

PR(τ) =
Nβ

Nτ
· τ × 100%, (19)

where Nβ and Nτ are the total number of images in the same category and the number of retrieval
images at the recall of τ, where τ ∈ {1, 2, . . . , Nα − 1}.

4.3. Image Databases

In our experiments, the eight benchmark databases reported in Table 1, comprising one natural
object image database (Coil-100 [38]), two facial image databases (Face95 [39] and Face96 [40]), and five
color textural image databases (Outex-00031 [41], Outex-00032 [41], Outex-00033 [41], Outex-00034 [41],
and MIT-VisTex [42]), were used to provide a comprehensive evaluation.
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Table 1. Summary of image databases.

No. Name Image Size Class Images in Each Class Images Total Format Website

1 Coil-100
(Rotation) 128 × 128 100 72 7200 JPG http://www.cs.columbia.edu/CAVE/

software/softlib/coil-100.php

2 Face95 180 × 200 72 20 1440 JPG https://cswww.essex.ac.uk/mv/
allfaces/faces95.html

3 Face96 196 × 196 91 19 or 20 1814 JPG https://cswww.essex.ac.uk/mv/
allfaces/faces96.html

4 Outex-00031
(Scale) 128 × 128 68 40 2720 BMP http://lagis-vi.univ-lille1.fr/datasets/

outex.html

5 Outex-00032
(Noise) 128 × 128 68 40 2720 BMP http://lagis-vi.univ-lille1.fr/datasets/

outex.html

6 Outex-00033
(Blur) 128 × 128 68 40 2720 BMP http://lagis-vi.univ-lille1.fr/datasets/

outex.html

7 Outex-00034
(illumination) 128 × 128 204 20 4080 BMP http://lagis-vi.univ-lille1.fr/datasets/

outex.html

8 MIT-VisTex 128 × 128 40 16 640 PPM http:
//vismod.media.mit.edu/pub/VisTex/

The Coil-100 (No. 1) database was produced by a charge-coupled device (CCD)-camera (Sony
XC-77P). It has 7200 images in 100 objects. Each object contains 72 images, each with a size of 128 × 128
in JPG format. Because each image was collected by rotating an object at 5 degrees, the Coil-100 not
only evaluates the effectiveness, but also investigates the robustness to rotation. Some samples are
depicted in Figure 6a in which each row represents the same semantic category.

   

(a) (b) (c) 

   

(d) (e) (f) 

Figure 6. Cont.
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(g) (h) 

Figure 6. Some sample images from the eight databases: (a) Coil-100; (b) Face95; (c) Face96; (d)
Outex-00031; (e) Outex-00032; (f) Outex-00033; (g) Outex-00034; and (h) MIT-VisTex.

The Face 95 (No. 2) and Face 96 (No. 3) databases were collected by an S-VHS camcorder. Among
them, the Face 95 consists of 1440 images in 72 male and female subjects. For each subject, there are
20 images, each with a size of 180 × 200 in JPG format. The Face 96 has 91 male and female subjects.
For each subject, there are 1814 images with a size of 196 × 196 in JPG format. Specifically, all images
are variations of head turns, head scales, face expressions, and illumination changes. Some samples
are presented in Figure 6b,c.

The Outex-00031 (No. 4), Outex-00032 (No. 5), Outex-00033 (No. 6), and Outex-00034 (No. 7)
databases were produced by a charge-coupled device (CCD)-camera (Sony DXC-775P), and the
MIT-VisTex (No. 8) was collected from real-world photographs and videos. Some samples of these
databases are presented in Figure 6d–h. As documented in Table 1, the Outex-00031, Outex-00032,
and Outex-00033 consist of 2720 images in 68 categories. Each category includes 40 images, each with
a size of 128 × 128 in BMP format. Differently, the Outex-00034 has 4048 images in 204 categories.
Each category includes 20 images, each with a size of 128 × 128 in BMP format. Next, the MIT-VisTex
consists of 640 images in 40 categories. Each category includes 16 images, each with a size of 128 × 128
in PPM format. There are resolution differences on Outex-00031, noise differences on Outex-00032, blur
differences on Outex-00033, and illumination differences on Outex-00034. Thus, these four databases
were used to evaluate the robustness to resolution, noise, blur, and illumination.

In addition, all above databases can be freely downloaded from the corresponding websites.
To guarantee accuracy and reproducibility, we chose all images as the query images in the dataset.
Referring to references [1,18,20,37], if not specified, the total number of returned images was set to 10
in all of the following experiments.

4.4. Evaluation of Color Quantization Layers

Table 2 shows the highest APR values of LPCP, RILPCP, and ULPCP with the optimal color
quantization layers (Wa*, Wb*) on the eight databases. The best values are shown in bold. On Coil-100,
three facts are noted: (1) LPCP achieves the highest APR value of 99.47% when (Wa* = 6, Wb* = 5); (2)
RILPCP achieves the highest APR value of 99.44% when (Wa* = 5, Wb* = 5); and (3) ULPCP yields the
highest APR value of 99.52% when (Wa* = 4, Wb* = 6). Next, on Face 95 and Face 96, LPCP, RILPCP,
and ULPCP all achieve their top APR values when (Wa* = 6, Wb* = 6). Similarly, on the remaining color
textural databases, the corresponding color quantization layers Wa* and Wb* result in the best accuracy
scores. As noted above, it can be easily summarized that when LPCP, RILPCP, and ULPCP are used
on the same image database, the coefficients Wa* and Wb* are extremely close to each other. These
phenomena again confirm the stability and consistency of the color distribution prior knowledge.
Moreover, it is noteworthy that a single color quantization layer cannot be suitable for all image
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databases. In the following experiments, the optimal color quantization layers, Wa* and Wb*, were
adaptively selected according to the different databases.

Table 2. The highest average precision rate (APR) values of LPCP, RILPCP, and uniform local parallel
cross pattern (ULPCP) with the optimal color quantization layers (Wa*, Wb*) on the eight databases.

Method Performance
Dataset

Coil-100 Face95 Face96 Outex-00031 Outex-00032 Outex-00033 Outex-00034 MIT-VisTex

LPCP
(Wa*, Wb*) (6, 5) (6, 6) (6, 6) (6, 1) (5, 1) (6, 4) (6, 4) (5, 4)

APR (%) 99.47 92.33 97.03 89.62 84.86 87.80 84.36 98.33

RILPCP
(Wa*, Wb*) (5, 5) (6, 6) (6, 6) (5, 1) (5, 1) (6, 3) (4, 4) (5, 2)

APR (%) 99.44 97.12 97.77 89.53 84.40 87.55 84.06 97.22

ULPCP
(Wa*, Wb*) (4, 6) (6, 6) (6, 6) (5, 1) (5, 1) (6, 3) (5, 4) (3, 2)

APR (%) 99.52 96.65 97.45 89.44 84.07 87.59 84.20 97.39

4.5. Comparison with LBP-Based Descriptors

Table 3 reports comparisons among the proposed descriptors and the LBP-based descriptors in
terms of the APR and ARR. The best {APR, ARR} values are shown in bold. As documented in this table,
the {APR, ARR} values of LPCP are far better than those of LBP by {9.64%, 1.34%} on Coil-100, {28.88%,
14.43%} on Face95, {32.10%, 16.12%} on Face96, {11.63%, 2.90%} on Outex-00031, {15.44%, 3.86%} on
Outex-00032, {12.26%, 3.10%} on Outex-00033, {38.07%, 19.04%} on Outex-00034, and {4.96%, 3.10%} on
MIT-VisTex. Analogous to the proposed LPCP, the {APR, ARR} values of ULPCP and RILPCP are also
definitely higher than those of ULBP and RILBP on all eight databases. Meanwhile, three points can
be observed below: (1) ULPCP has the maximum {APR, ARR} value of {99.52%, 13.82%} on Coil-100;
(2) RILPCP produces the best results of {97.12%, 48.56%} on Face95, and {97.77%, 49.04%} on Face96;
and (3) LPCP has the highest performance of {89.62%, 22.40%} on Outex-00031, {84.86%, 21.21%} on
Outex-00032, {87.80%, 21.99%} on Outex-00033, {84.36%, 42.18%} on Outex-00034, and {98.33%, 61.46%}
on MIT-VisTex. According to the above results, it can be asserted that the improvements given by the
proposed descriptors are very considerable. The main reason for this is that the LBP information is
amalgamated with the color information.

Table 3. The performance comparisons among the proposed descriptors and the local binary pattern
(LBP)-based descriptors on the eight databases.

Method Performance
Dataset

Coil-100 Face95 Face96 Outex-00031 Outex-00032 Outex-00033 Outex-00034 MIT-VisTex

LBP
APR (%) 89.83 63.45 64.93 77.99 69.42 75.54 46.29 93.37
ARR (%) 12.48 31.73 32.55 19.50 17.35 18.89 23.14 58.36

RILBP
APR (%) 84.53 59.78 61.19 76.57 67.00 74.13 45.93 89.75
ARR (%) 11.74 29.89 30.68 19.14 16.75 18.53 22.96 56.09

ULBP
APR (%) 85.40 58.25 59.42 76.03 65.68 73.04 45.51 90.83
ARR (%) 11.86 29.12 29.79 19.01 16.42 18.26 22.75 56.77

LPCP
APR (%) 99.47 92.33 97.03 89.62 84.86 87.80 84.36 98.33
ARR (%) 13.82 46.16 48.67 22.40 21.21 21.99 42.18 61.46

RILPCP
APR (%) 99.44 97.12 97.77 89.53 84.40 87.55 84.06 97.22
ARR (%) 13.81 48.56 49.04 22.38 21.10 21.89 42.03 60.76

ULPCP
APR (%) 99.52 96.65 97.45 89.44 84.07 87.59 84.20 97.39
ARR (%) 13.82 48.33 48.88 22.36 21.02 21.90 42.10 60.87
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4.6. Comparison with Other Color Texture Descriptors

To evaluate the effectiveness, efficiency, robustness, and computational complexity, the proposed
descriptors were compared with eight state-of-the-art color texture descriptors in terms of the average
precision rate (APR) value, the average recall rate (ARR) value, the precision-recall (PR) curve,
the feature vector length, and the memory consumption. All experiments were performed under
the leave-one-out cross-validation principle. For clarity, all comparative color texture methods are
summarized as follows:

• Multi-channel adder local binary patterns (mdLBP) [18]: The 2048-dimensional color texture
descriptor in the RGB color space.

• Multi-channel decoded local binary patterns (maLBP) [18]: The 1024-dimensional color texture
descriptor in the RGB color space.

• Color difference histogram (CDH) [21]: The 90-dimensional color histogram and the
18-dimensional edge orientation histogram in the L*a*b* color space.

• Multi-texton histogram (MTH) [22]: The 64-dimensional color histogram and the 18-dimensional
edge orientation histogram in the HSV color space.

• Micro-structure descriptor (MSD) [23]: The 72-dimensional color histogram and the 6-dimensional
edge orientation histogram in the HSV color space.

• Opponent color local binary patterns (OCLBP) [24]: The 1536-dimensional color texture descriptor
in the RGB color space.

• Improved opponent color local binary patterns (IOCLBP) [25]: The 3072-dimensional color-texture
descriptor in the RGB color space.

• Orthogonal combination of local binary patterns and color histogram (OC-LBP + CH): The
12-dimensional color histogram in the L*a*b* color space and the 96-dimensional LBP variation in
the gray-scale space [28].

• Local parallel cross pattern (LPCP).
• Rotation-invariant local parallel cross pattern (RILPCP).
• Uniform local parallel cross pattern (ULPCP).

Table 4 lists the APR and ARR values for the proposed descriptors and the existing descriptors
on the eight databases. The best values are shown in bold. On Coil-100, the {APR, ARR} value of
RILPCP is significantly superior to those of mdLBP, maLBP, CDH, MTH, MSD, OCLBP, IOCLBP,
and OC-LBP+CH by {7.10%, 0.98%}, {11.11%, 1.54%}, {1.26%, 0.17%}, {0.99%, 0.14%}, {1.43%, 0.20%},
{14.04%, 1.95%}, {10.32%, 1.43%}, and {3.81%, 0.53%}, respectively. Meanwhile, the {APR, ARR} value
of RILPCP is slightly improved (by {+0.03%, +0.01%}) by using LPCP. In this scenario, ULPCP acquires
a higher {APR, ARR} value than RILPCP: {99.44%, 13.81} compared with {99.52%, 13.82}. Similar to
Coil-100, there are more competitive results on Face95, Face96, Outex-00031, Outex-00032, Outex-00033,
Outex-00034, and MIT-VisTex. As a consequence of the above results, it can be summarized that the
effectiveness of the proposed descriptors is demonstrated in terms of APR and ARR. Remarkably,
there are rotation differences on Coil-100, resolution differences on Outex-00031, noise differences on
Outex-00032, blur differences on Outex-00033, and illumination differences on Outex-00034. Thus, the
robustness is also illustrated to a certain extent.
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Table 4. The performance comparisons between the proposed descriptors and the existing descriptors
in terms of APR and ARR on the eight databases.

Method Performance
Dataset

Coil-100 Face95 Face96 Outex-00031 Outex-00032 Outex-00033 Outex-00034 MIT-VisTex

mdLBP
APR (%) 92.34 72.97 79.09 69.51 59.60 65.63 48.66 97.05
ARR (%) 12.83 36.49 39.66 17.38 14.90 16.41 24.33 60.65

maLBP
APR (%) 88.33 67.94 73.99 70.42 60.24 65.42 44.53 95.80
ARR (%) 12.27 33.97 37.10 17.60 15.06 16.36 22.27 59.87

CDH
APR (%) 98.18 94.69 94.97 85.49 79.65 82.90 74.03 94.03
ARR (%) 13.64 47.35 47.63 21.37 19.91 20.73 37.02 58.77

MTH
APR (%) 98.45 89.15 92.28 80.74 74.63 79.98 65.10 91.97
ARR (%) 13.67 44.57 46.28 20.18 18.66 20.00 32.55 57.48

MSD
APR (%) 98.01 92.97 89.94 77.16 72.46 76.16 66.32 92.20
ARR (%) 13.61 46.48 45.11 19.29 18.12 19.04 33.16 57.63

OCLBP
APR (%) 85.40 64.40 64.55 80.76 69.25 77.99 56.13 92.42
ARR (%) 11.86 32.20 32.37 20.19 17.31 19.50 28.07 57.76

IOCLBP
APR (%) 89.12 66.47 73.24 83.84 74.54 80.75 73.58 95.59
ARR (%) 12.38 33.24 36.73 20.96 18.63 20.19 36.79 59.75

OC-LBP+CH
APR (%) 95.63 80.50 88.67 85.07 75.93 81.33 72.18 92.20
ARR (%) 13.28 40.25 44.46 21.27 18.98 20.33 36.09 57.63

LPCP
APR (%) 99.47 92.33 97.03 89.62 84.86 87.80 84.36 98.33
ARR (%) 13.82 46.16 48.67 22.40 21.21 21.99 42.18 61.46

RILPCP
APR (%) 99.44 97.12 97.77 89.53 84.40 87.55 84.06 97.22
ARR (%) 13.81 48.56 49.04 22.38 21.10 21.89 42.03 60.76

ULPCP
APR (%) 99.52 96.65 97.45 89.44 84.07 87.59 84.20 97.39
ARR (%) 13.82 48.33 48.88 22.36 21.02 21.90 42.10 60.87

Figure 7a–h depict the precision-recall (PR) curves of all the comparative descriptors on the eight
databases. As we can see from Figure 7a, the curves of LPCP, RILPCP, and ULPCP are higher than
those of former color texture descriptors. As shown in Figure 7b, although the curves of ULPCP,
MTH, and MSD are interleaved with one another, both LPCP and RILPCP are superior to all other
descriptors. One possible reason for this is that the Face95 database emphasizes the importance of the
color information. As depicted in Figure 7c, considering the complex background, the curves of the
proposed descriptors are better than all remaining descriptors on the Face96 database. Analogous to
the results for the Face96 database, LPCP, RILPCP, and ULPCP are much better than other descriptors
on the Outex-00031 (see the Figure 7d), Outex-00032 (see the Figure 7e), Outex-00033 (see the Figure 7f),
and Outex-00034 (see the Figure 7g) databases, respectively. As depicted in Figure 7h, although mdLBP
provides a competitive performance, LPCP achieves the highest curve. The main reason for this is
that the MIT-VisTex database contains more textural structure information. Based on all the above
observations and analyses, it can be easily noticed that the proposed descriptors are effective in terms
of the precision-recall (PR) curve in most of the cases.
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Figure 7. The precision-recall curves of eleven descriptors on the eight databases: (a) Coil-100;
(b) Face95; (c) Face96; (d) Outex-00031; (e) Outex-00032; (f) Outex-00033; (g) Outex-00034; and
(h) MIT-VisTex. 227
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Table 5 compares the computational complexity and memory cost in terms of the feature vector
length by dimensionality (D) and memory consumption in kilobytes (Kb). All the experiments were
performed on a 4.20 GHz four-core CPU with 16 GB of memory. Herein, analogous to RILPCP and
ULPCP, 760/844/844/424/400/676/676/616 (D) and 5.94/6.59/6.59/3.31/3.13/5.28/5.28/4.81 (Kb)
show that LPCP performs retrieval requiring 760 D and 5.94 Kb on Coil-100, 844 D and 6.59 Kb
on Face95, 844 D and 6.59 Kb on Face96, 424 D and 3.31 Kb on Outex-00031, 400 D and 3.13 Kb
on Outex-00032, 676 D and 5.28 Kb on Outex-00033, 676 D and 5.28 Kb on Outex-00034, and 616
D and 4.81 Kb on MIT-VisTex. As documented in Table 5, the feature vector length and memory
consumption of the proposed descriptors are inferior to those of CDH, MTH, MSD, and OC-LBP+CH,
but they are superior to those of mdLBP, mdLBP, OCLBP, and IOCLBP. From the results, although the
computational complexity is larger than those of some existing methods, there are several superiorities
of LPCP, RILPCP, and ULPCP as follows:

1. The added computational complexity is effective because the retrieval accuracy is enhanced by a
large margin.

2. The proposed descriptors can adaptively code the color and texture information from different
image databases.

3. The practicability and feasibility of the proposed descriptors, with acceptable feature vector length
and competitive memory consumption, are well shown for a realistic system configuration.

Table 5. Feature vector length (D) and memory consumption (Kb) among the proposed descriptors
and other previous descriptors.

Method Feature Vector Length (D) Memory Consumption (Kb)

mdLBP 2048 16.00
maLBP 1024 8.00
CDH 108 0.84
MTH 82 0.64
MSD 78 0.61

OCLBP 1535 11.99
IOCLBP 3072 24.00

OC-LBP+CH 108 0.84
LPCP 760/844/844/424/400/676/676/616 5.94/6.59/6.59/3.31/3.13/5.28/5.28/4.81

RILPCP 468/624/624/180/180/372/336/252 3.66/4.88/4.88/1.41/1.41/2.91/2.63/1.97
ULPCP 479/647/647/203/203/395/419/203 3.74/5.05/5.05/1.59/1.59/3.09/3.27/1.59

4.7. Comparison with CNN-Based Descriptors

On a different note, we also compared the proposed descriptors with emerging CNN-based
descriptors including VGGm, VGGm128, VGGm1024, VGGm2048, ALEX, GoogleNet, and
Inception-v3 [43]. Referring to references [44,45], the last fully connected layer was first extracted from
the pretrained models. Then, L2 normalization was performed on the extracted fully connected layer.
Finally, the distance measure was calculated on the normalized feature vector. For fairness, all images
in the database were chosen as the query images, and the number of returned images was set to 10.

Figure 8 compares the proposed descriptors and the CNN-based descriptors. On the Coil-100
database, VGGm and ALEX perform slightly better than the proposed LPCP, RILPCP, and ULPCP
methods. On the Face95, Face96, Outex-00031, Outex-00032, Outex-00033, and Outex-00034 databases,
more significant APR values are obtained by using the proposed LPCP, RILPCP, and ULPCP methods.
On the MIT-VisTex database, VGGm achieves a performance that is competitive with those of RILPCP
and ULPCP, but LPCP achieves the highest APR value. Although VGGm and ALEX yield relatively
competitive APR values, the superior abilities of LPCP, RILPCP, and ULPCP are revealed as follows:
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1. The CNN-based descriptors must be pretrained on a large-scale and annotated dataset
(e.g., ImageNet), while the proposed LPCP, RILPCP, and ULPCP methods do not need any
pretraining process.

2. The pretrained CNN-based descriptors are computationally expensive (e.g., cloud servers and
mainframe computers), but LPCP, RILPCP, and ULPCP can be performed on almost all realistic
systems (e.g., personal smartphones and home security cameras).

3. LPCP, RILPCP, and ULPCP are more effective than the CNN-based descriptors on six datasets
out of the eight examined.

 
Figure 8. The average precision rate (APR) comparisons among the proposed descriptors and the
CNN-based descriptors on the eight databases.

4.8. Additional Experiments on a Weight-Based Optimization Scheme

To further investigate the optimized coefficient scheme, we added weighting-based experiments
on the eight databases. Referring to references [35,37], we defined the weighting parameter v, where
v ∈ {0, 0.01, . . . , 1.00}, and the weighting local parallel cross pattern (LPCPweight) was formulated
as follows:

LPCPweight = [(1 − v)·LPCPLBP, v·LPCPcolor], (20)

Observe that LPCPweight degenerates into LPCPLBP when v = 0.00 and into LPCPcolor when v = 1.00.
Further, LPCP is derived from LPCPweight when v is set to 0.50. We also extended LPCPweight to the
weighting uniform local parallel cross pattern (ULPCPweight) and the weighting rotation-invariant
local parallel cross pattern (URILPCPweight).

Figure 9 shows the curves of the average precision rate (APR) under the weighting parameter v by
using LPCPweight, ULPCPweight, and RILPCPweight on the eight databases. On the Coil-100, Face95, and
Face96 databases, with an increasing value v, the APR values first rapidly go up and then gradually
become stable. These results illustrate that a higher proportion of color information is crucial for object
and facial images. On the five color textural databases, with the addition of the color information,
the APR values firstly show fast growth for v near 0.00, gradually become stable, and then abruptly
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decrease for v near 1.00. These phenomena demonstrate that an appropriate weighting optimization
scheme can achieve greater enhancements.
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Figure 9. The average precision rate (APR) under the weight value v by using LPCP, RILPCP, and
ULPCP on the eight databases.

In summary, an optimized parameter v is not only beneficial to integrating the merits of LPCPcolor
and LPCPLBP, but also yields more notable improvements.

5. Conclusions

In this paper, a color texture method called local parallel cross pattern (LPCP) was proposed
for encoding the LBP and color information into a unified framework. Three major contributions
were summarized in this paper. First, based on the color prior knowledge in the L*a*b* color space,
we designed a six-layer color quantizer that is to be used for color map extraction. Second, inspired
by the human visual system, we proposed the local parallel cross pattern (LPCP) for combining the
color map and the LBP map in “parallel” and “cross” manners. Third, to improve the computational
complexity and provide rotation invariant, LPCP was further extended to the uniform local parallel
cross pattern (ULPCP) and the rotation-invariant local parallel cross pattern (RILPCP), respectively.
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We performed a series of experiments on the eight databases to evaluate the proposed descriptors.
Depending on the average precision rate (APR) results, the optimal quantization layers were chosen
from the six-layer color quantizer. Compared with the LBP-based descriptors, LPCP, ULPCP, and
RILPCP achieved promising APR and ARR results. To evaluate the effectiveness, efficiency, robustness,
and computational complexity, we performed comparative experiments among the proposed methods
and eight state-of-the-art color texture descriptors in terms of the average precision rate (APR) value,
the average recall rate (ARR) value, the precision-recall (PR) curve, the feature vector length, and
the memory consumption. Moreover, the proposed approaches were also compared with a series of
CNN-based models and achieved competitive results. Additionally, the weight-based optimization
scheme yielded more notable improvements.

In the future, Locality Sensitive Hashing [46] and feature selection [47–50] will be considered
to cut down the computation complexity and memory consumption. Meanwhile, Query Expansion
(QE) [51] and Graph Fusion (GF) [52] will be integrated into the image retrieval system to retrieve
more target images. Moreover, normalization methods [53] also will be considered to achieve
illumination invariance.
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Abstract: Currently, visual sensors are becoming increasingly affordable and fashionable,
acceleratingly the increasing number of image data. Image retrieval has attracted increasing interest
due to space exploration, industrial, and biomedical applications. Nevertheless, designing effective
feature representation is acknowledged as a hard yet fundamental issue. This paper presents a fusion
feature representation called a hybrid histogram descriptor (HHD) for image retrieval. The proposed
descriptor comprises two histograms jointly: a perceptually uniform histogram which is extracted
by exploiting the color and edge orientation information in perceptually uniform regions; and a
motif co-occurrence histogram which is acquired by calculating the probability of a pair of motif
patterns. To evaluate the performance, we benchmarked the proposed descriptor on RSSCN7,
AID, Outex-00013, Outex-00014 and ETHZ-53 datasets. Experimental results suggest that the
proposed descriptor is more effective and robust than ten recent fusion-based descriptors under
the content-based image retrieval framework. The computational complexity was also analyzed to
give an in-depth evaluation. Furthermore, compared with the state-of-the-art convolutional neural
network (CNN)-based descriptors, the proposed descriptor also achieves comparable performance,
but does not require any training process.

Keywords: visual sensors; image retrieval; hybrid histogram descriptor; perceptually uniform
histogram; motif co-occurrence histogram

1. Introduction

In the past decades, affordable visual sensor equipment (e.g., surveillance cameras, smart phones,
digital cameras and camcorders) has become widespread in our daily lives. Due to the growing
number of images collected from these visual sensors, how to accurately and quickly retrieve the
image-of-interest has become a hot topic [1–6]. Compared with text-based image retrieval (TBIR),
content-based image retrieval (CBIR) is widely considered as an effective and efficient technology
that not only extracts low-level visual cues (e.g., color, shape and texture) automatically, but also
bridges high-level semantic comprehension. Until now, the feature representation descriptors,
such as independent feature descriptor and fusion-based feature descriptor, have been increasing and
developing in the CBIR community.

Color information plays an important role in the feature representation. Currently,
color moment [7], color set [8], color coherence vector [9], color correlogram [10] and color
histogram [11–18] have been developed for color feature representation continuously. In [11], the color
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layout descriptor (CLD), scalable color descriptor (SCD), color structure descriptor (CSD) and dominant
color descriptor (DCD) are constructed as the color feature descriptors. Subsequently, in [12–15],
a series of equal-interval color quantization models are used for the extraction of color histograms.
Recently, in [16], Bayesian Information Criterion (BIC), Expectation Maximization (EM) and Gaussian
Mixture Models (GMM) are integrated into a universal color quantization framework. More recently,
in [17,18], the combined color histogram is proposed for color feature representation. However,
the above methods are confined to quantizing the range of different color channels, and a few
consider the color probability distribution of different color channels. In addition, several methods
(e.g., Fourier transforms [19], moment invariant [20] and edge orientation detection [13–15,21–25])
have been developed for shape-based representation. In [21], edge orientation detection is equipped
with different gradient operators for the orientation information computation on grey-scale images.
With the appearance of color images, in [13–15], a series of edge detection and quantization strategies is
applied to capture the geometry and orientation information from color images in different color spaces.
In [22–25], a class of local edge orientation detection descriptors is developed for edge orientation
histogram extraction. In short, edge orientation detection and quantization are widely considered as
the effective and correct approaches that not only achieve stable performances but also exploit the
geometry and orientation information with less computational complexity.

Along other research lines, many strategies [17,18,26–29] have been designed to represent textural
features. For example, the local binary pattern (LBP) [26] is first proposed to code the center pixel
and its neighborhood pixels as a binary label in eight directions. Later, the LBP is extended to the
local extrema pattern (LEP) [17], which computes the index values between the center pixel and its
eight neighbors in four directions. Afterwards, the LEP is modified to the local extrema co-occurrence
pattern (LEcP) [18], which reveals the relationship of mutual occurrence patterns in the V channel
of the HSV color space. Furthermore, the concept of texton or motif [27] is first defined to analysis
the elements of texture perception and their interactions. Recently, a grey-level co-occurrence matrix
(GLCM) [28] is treated as a co-occurrence-based relation descriptor that computed the occurrence
frequencies of a pair of grey-pixels. More recently, the motif co-occurrence matrix (MCM) [29] is
defined as a 3D matrix, in which six motif patterns are designed to calculate the probability of a pair of
motif patterns in a pre-defined direction. However, using six motif patterns is incomplete, because the
perceptually uniform motif patterns are not further discussed and analyzed.

Although the above-mentioned methods have proven to be effective, independent feature
descriptors are inadequate to meet the demands of feature representation. Many studies have proven
that fusion-based descriptors are more powerful than independent feature descriptors. In [13–15],
the color histogram and the edge orientation histogram are treated as a pair of mutual information
descriptors, calculated by a color difference operator. In [17], the color histogram is combined with
the local extrema pattern histogram used for object tracking in the RGB color space. In [18], the local
extrema co-occurrence pattern (LEcP) is transformed into an independent feature vector; then, LEcP is
combined with the joint color histogram for feature representation. Again, in [30], a multi-channel
decoded local binary pattern (mdLBP) and a multi-channel adder local binary pattern (maLBP)
are simultaneously constructed by combining three LBP maps, which are calculated in the RGB
color space. Recently, in [31], the local neighborhood difference pattern (LNDP) and the LBP is
explored to capture local intensity difference information for the natural and texture image retrieval.
In [32], Bianconi et al. provided a general framework and taxonomy of color texture descriptors.
In [33], Cusano et al. suggested an evaluation of color texture descriptors under large variations of
controlled lighting conditions, whereas Qazi et al. investigated pertinent color spaces for color texture
characterization [34]. At the same time, in [35], user relevance feedback, feature re-weight and weight
optimization are used to further improve the accuracy of image retrieval.

In this study, the main contributions are summarized as follows:

1. We designed the pyramid color quantization model, which is based on the powerful color
probability distribution prior in the L*a*b* color space.
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2. We constructed the perceptually uniform histogram, which integrates color and edge orientation
as a whole by exploiting a color difference operator.

3. We developed the motif co-occurrence histogram in which the perceptually uniform motif
patterns are further discussed and analyzed.

4. We proposed the hybrid histogram descriptor that is comprised of the perceptually uniform
histogram and the motif co-occurrence histogram.

The remainder of this paper is organized as follows. Preliminaries are introduced in Section 2,
and the feature representation is described in Section 3. Experiments and evaluations are presented in
Section 4. Section 5 provides conclusions.

2. Preliminaries

2.1. The Color Space Selection

The selection of the color space is a crucial step before feature representation. In the past decades,
several types of color spaces (e.g., RGB, L*a*b*, HSV, CMYK, YUV and HSI) have been widely used for
CBIR. Among them, the RGB is recognized as one of the most popular color spaces. It is derived from
three colors of light, namely, red (R), green (G) and blue (B) [36]. Nevertheless, its disadvantages are
often ignored: (1) the redundancy between blue and green; (2) the missing yellow between red and
green; and (3) the non-uniform perception of human eye. Consequently, Hering defined the L*a*b*
color space, which includes three pairs of color channels consisting of the white–black pair of the
L* channel (ranging from 0 to 100), the yellow–blue pair of the a* channel (ranging from −128 to
+127), and the red–green pair of the b* channel (ranging from −128 to +127) [37]. Compared with the
RGB, the advantages of the L*a*b* color space are summarized as follows: (1) the L*a*b* remedies the
redundant and missing information of the RGB; (2) it conforms to human eye’s perception mechanism;
and (3) it provides excellent decoupling between intensity (represented by the L* channel) and color
(represented by the a* and b* channels) [38]. Therefore, our scheme transforms all images from RGB
to L*a*b* color space before the feature representation stage. The details of this transformation are
defined using standard RGB to L*a*b* transformations as follows [15,39]:{

L∗ = 116( Y
Yn
)

1/3 − 16 for Y
Yn

> 0.08856

L∗ = 903.3( Y
Yn
)

1/3
for Y

Yn
≤ 0.08856

, (1)

a∗ = 500( f (
X
Xn

)− f (
Y
Yn

)), (2)

b∗ = 500( f (
X
Xn

)− f (
Y
Zn

)), (3)

with {
f (u) = u1/3 for u > 0.08856
f (u) = 7.78u + Y

Yn
for u ≤ 0.08856

, (4)

where ⎡⎢⎣ X
Y
Z

⎤⎥⎦ =

⎡⎢⎣ 0.412453 0.357580 0.180423
0.212671 0.715160 0.072169
0.019334 0.119193 0.950227

⎤⎥⎦
⎡⎢⎣ R

G
B

⎤⎥⎦, (5)

where Xn, Yn and Zn are the values of X, Y and Z for the illuminant and [Xn, Yn, Zn] = [0.950450,
1.000000, 1.088754] in accordance with illuminant D65 [15].

2.2. Probability Distribution Prior in L*a*b* Color Space

In the previous color quantization models [12–15,17,18], three color channels are uniformly
mapped into the fixed intervals. However, during the process of quantization, these models lose some
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useful color information. Hence, reducing the loss of the useful color information is a serious concern.
Inspired by this motivation, we have explored and summarized the color probability distribution of
the a* and b* channels in different image databases. The example of the AID image database [40]
is shown in Figure 1a,b. The frequency of pixels mainly focuses on the center region of the a* and
b* channels.

  
(a) (b) 

  
(c) (d) 

  
(e) (f) 

Figure 1. The frequency of pixels over different databases: (a,b) AID; (c,d) RSSCN7; and (e,f) 50%
of RSSCN7.

To verify the validity of this prior knowledge, we calculated the color probability distribution
statistics of the a* and b* channels on hundreds of image databases. The results show that the proposed
prior is stable and consistent. Even if an image database has been changed, the property of the color
probability distribution prior is still fairly consistent. For example, the color probability distribution of
the a* and b* channels in the RSSCN7 [41] dataset and its subset (50% of the RSSCN7 dataset) is shown
in Figure 1c–f. Obviously, there is almost no change between RSSCN7 and its subset, except for the
pixel frequency.
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3. Feature Representation

3.1. Perceptually Uniform Histogram

3.1.1. Pyramid Color Quantization Model

Inspired by the above prior knowledge, we designed a novel pyramid color quantization model
(as shown in Figure 2), in which every layer represents a quantized scheme (including a group
of intervals and indexes). The original range (−128, +127) of a* or b* is first projected into two
equal intervals in Layer 1, and the indexes of two intervals are flagged as 0 and 1 from left to
right, correspondingly. Then, considering the pixels focus on the middle, two middle intervals from
Layers 2–7 are split into four equal intervals from the up-layer to down-layer until two middle intervals
cannot be split in Layer 7. Finally, the remaining intervals are copied from the up-layer to down-layer,
sequentially. In this manner, we refine and retain the color information in the middle of the a* or
b* channels effectively. We define the quantization layer of the a* and b* channels as Ya* and Yb*,
where Ya*, Yb* ∈ {1, 2, . . . , 7}, and the indexes are denoted as Ỹa* and Ỹb*, Ỹa* ∈ {0, 1, . . . , Ÿa*} and
Ỹb* ∈ {0, 1, . . . , Ÿb*}, where Ÿa* = 2Ya* − 1 and Ÿb* = 2Yb* − 1, respectively.

Figure 2. Pyramid color quantization model.

In addition, considering the human visual intensity perception mechanism in [5], the L* channel
is quantized into three intervals (0, +25), (+26, +75) and (+76, +100). We define the quantization
layer of the L* channel as YL*, where YL* = 1, and the index is flagged as ỸL*, ỸL* ∈ {0, 1, . . . , ŸL*},
where ŸL* = 2YL*. In summary, combining the indexes of the L*, a* and b* channels, the color
map of an image f (x, y) is defined as C(x, y), and the index is flagged as C̃, C̃ ∈ {0, 1, . . . , Ĉ},
where Ĉ = 2Ya* × 2Yb* × 3 − 1.

3.1.2. Perceptually Uniform Histogram Definition

The Gestalt Psychology Theory elucidates that the human visual perception mechanism tends
to group elements into a local region where the elements share a homologous or approximate
property [42]. Based on this theoretical foundation, perceptually uniform regions can be described
as a certain visual feature space in which visual elements have the same rule (e.g., color and edge
orientation). For the visual feature space Ĩ, an element ξ and its neighborhoods ξg within Ĩ are flagged
as Ĩ(ξ) and Ĩ(ξg). Mathematically, the discrimination function ϕ(·) is formulated as follows:

ϕ( Ĩ(ξ), Ĩ(ξg)) =

{
1, Ĩ(ξ) = Ĩ(ξg)

0, Ĩ(ξ) �= Ĩ(ξg)
, g ∈

{
1, 2, . . . ,

..
N
}

, (6)

where
..
N represents the number of neighborhoods. If ϕ(Ĩ(ξ), Ĩ(ξg)) = 1, Ĩ Ĩ(ξg) belongs to the perceptually

uniform region; if ϕ(Ĩ(ξ), Ĩ(ξg)) = 0, Ĩ(ξg does not belong to the perceptually uniform region.
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With subject to the perceptually uniform region, we construct the perceptually uniform histogram
by exploiting the color difference operator [15,43,44] between the color and edge orientation. Herein,
given an image f (x, y), the edge orientation map O(x, y) is first extracted by using the Prewitt operator,
due to its advantages of extracting the geometry and boundary information from the observed content.
Then, experimentally, the edge orientation value is quantized uniformly into four bins to construct
the edge orientation map O(x, y) because it is time consuming and unnecessary to consider all edge
orientation values. Finally, the edge orientation map O(x, y) and the color map C(x, y) are divided into
the overlapping 3 × 3 windows in which the central pixel is flagged as (x, y) and its eight neighbors are
flagged as (xg, yg), g ∈ {1, 2, . . . , 8}. The perceptually uniform histogram (PUH) is defined as follows:

PUHcolour(O(x, y)) =
8

∑
g=1

√
∑

ψ∈L∗,a∗,b∗
(Δ fψ)

2 sub.t. ϕ(C(x, y), C(xg, yg)) = 1, (7)

PUHori(C(x, y)) =
8

∑
g=1

√
∑

ψ∈L∗,a∗,b∗
(Δ fψ)

2 sub.t. ϕ(O(x, y), O(xg, yg)) = 1, (8)

where Δf represents the color differences among the central pixel (x, y) and its eight neighbors (xg, yg)
in ψ channels, ψ ∈ L∗, a∗, b∗. The feature vector length of PUHcolor(O(x, y)) and PUHori(C(x, y)) are 4
and 2Ya* × 2Yb* × 3, respectively. For an image dataset D, the fitness quantization layers of Ya* and
Yb* are computed depending upon the retrieval accuracy score Acc(D|Ya*, Yb*). This procedure is
expressed as the maximization problem as follows:

max
Ya∗ ,Yb∗

Acc(D|Ya∗, Yb∗), Ya∗, Yb∗ ∈ {1, 2, . . . , 7}, (9)

We present the detailed evaluation of different color quantization layers of Ya* and Yb* in
Section 4.4.

3.2. Motif Co-Occurrence Histogram

The perceptually uniform histogram only extracts the color and edge orientation information,
but the texture information is ignored to some extent. Fortunately, the motif pattern, which depicts the
texture information by the pre-defined spatial structure model, can remedy this shortcoming.

3.2.1. Motif Patterns

The motif co-occurrence matrix (MCM) is investigated in [29] where the first six types of motif
patterns shown in Figure 3, starting from the top-left point P1, are generated because they represent a
completed set of space filling curves. However, using merely six motif patterns is insufficient because
the perceptually uniform motif patterns (PUMP) are ignored.

 

1 2 3 4 6 7 85 9
Figure 3. Nine types of motif patterns.

To depict the consistency of spatial structure information, we propose three perceptually uniform
motif patterns into which all types of perceptually uniform motif patterns are separated based on the
number of equal pixels. Combining the previous six motif patterns, nine motif patterns are obtained,
as shown in Figure 3, in which the red dots represent the number of equal pixels in the motif patterns
7, 8 and 9.
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3.2.2. Motif Co-Occurrence Histogram Definition

Since the L*a*b* color space provides excellent decoupling between intensity (represented by
the L* channel) and color (represented by the a* and b* channels) [38], the L* channel is applied to
extract the motif co-occurrence histogram. For simplicity, a 5 × 5 mini-numerical map in Figure 4a
is adopted to illustrate the proposed method. In our scheme, each pixel (apart from the lower and
right boundary pixels) in the map is divided into the overlapping 2 × 2 grids in Figure 4b. Then,
each grid is transformed into a motif pattern with the minimized local gradient to obtain the motif map
shown in Figure 4c, which is used to calculate the motif co-occurrence histogram shown in Figure 4d.
For example, the red circle in Figure 4c is a pair of motif patterns, indexed as (3, 2), in the 0◦ direction,
corresponding to the red bar “MCH(3, 2) = 1” in the motif co-occurrence histogram in Figure 4d.
Mathematically, the probability of co-occurrence of a pair of motif patterns is expressed as follows:

MCH(MPe1, MPe2) = Pr
{

M(i, j) = MPe1, M(i, j + 1) = MPe2
}

, (10)

where Pr is the probability of co-occurrence of a pair of motif patterns corresponding to (i, j) and its
neighbor (i, j + 1) within the motif map M(x, y). MPe1 and MPe2 represent the indexes of a pair of
motif patterns, where MPe1, MPe2 ∈ {1, 2, . . . , 9}. The feature vector length of the motif co-occurrence
histogram is 81. We will perform the detailed evaluation of different motif co-occurrence schemes
between the motif co-occurrence matrix [29] and the proposed motif co-occurrence histogram in
Section 4.5.
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Figure 4. Schematic diagram of the motif co-occurrence histogram: (a) a 5 × 5 mini-numerical map;
(b) the overlapping 2 × 2 grids of (a); (c) the motif map; and (d) the motif co-occurrence histogram.
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3.3. Hybrid Histogram Descriptor Definition

It is widely recognized that an image possesses a rich semantic content that goes beyond the
description by its metadata [2]. Hence, it is necessary to take a fusion-based feature descriptor into
account because it can integrate the merits of the subjective aspects of image semantics. From this
point of view, the hybrid histogram descriptor (HHD) is proposed by concatenating the perceptually
uniform histogram and the motif co-occurrence histogram, and it is expressed as follows:

HHD = [PUH, MCH] , (11)

We present the detailed evaluation of the proposed descriptors among the perceptually uniform
histogram, the motif co-occurrence histogram and the hybrid histogram descriptor in Section 4.6.

4. Experiments and Discussion

4.1. Distance Metric

The distance metric serves as an important step to measure the feature vector dissimilarity. In the
CBIR framework, the query image and database images are converted into feature vectors in the form
of histogram descriptors, and they are sent to the distance measure for measuring the dissimilarity. In
this paper, the Extended Canberra Distance [15,32] is used, and it is defined as follows:

T(D, Q) =
K

∑
μ=1

∣∣Dμ − Qμ

∣∣∣∣Dμ + lD
∣∣+ ∣∣Qμ + lQ

∣∣ , (12)

where Q, D, K, and T represent the query image, the database image, the feature vector dimension,
and the distance metric result, respectively, where lD = ∑K

μ=1 Dμ/K and lQ = ∑K
μ=1 Qμ/K.

4.2. Evaluation Criteria

The final goal of image retrieval is to search a set of target images from the image database [35].
For a query image IQ and a database image ID, the precision (Pre) and recall (Rec) values are given
as follows:

Pre =
1

Nσ

Nσ

∑
D=1

ς(ϑ(IQ), ϑ(ID))× 100%, (13)

Rec =
1

Nτ

Nτ

∑
D=1

ς(ϑ(IQ), ϑ(ID))× 100%, (14)

ς(ϑ(IQ), ϑ(ID)) =

{
1, if ϑ(IQ) = ϑ(ID)

0, otherwise
, (15)

where ϑ(·), Nσ, and Nτ represent the image category information, the number of retrieved images,
and the number of images in each category, respectively. The discrimination function ς(·) is
used to determine the category information between the query image and the database images.
In the experiments, to guarantee accuracy and reproducibility, all images were chosen as the query
image. Referring to the parameter setting in [30,32], the number of retrieved images was set to 10.
For ETHZ-53 [45], the number of retrieved images was set to 5.

Further, for N query images, the average precision rate (APR) and average recall rate (ARR) values
are defined as follows:

APR =
∑N

n=1 Pre(n)
N

× 100%, (16)

ARR =
∑N

n=1 Rec(n)
N

× 100%, (17)
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where n is the nth query image.
Furthermore, considering the order of the retrieved images, the precision–recall curve denotes

an auxiliary evaluation criterion that measures the dynamic precision with the threshold recall.
Mathematically, the precision–recall curve is formulated as follows:

PR(χ) =
Nτ

Nχ
· χ × 100%, (18)

where Nτ and Nχ represent the number of images in each category, and the total number of the shown
images at the recall of χ, χ ∈ {1, 2, . . . , Nσ − 1}. A higher precision–recall curve indicates a more
accurate retrieval performance.

4.3. Image Databases

Extensive experiments were conducted on five benchmark databases, including two remote
sensing image databases (RSSCN7 and AID), two textural image datasets (Outex-00013 and
Outex-00014), and one object image database (ETHZ-53). The details of these datasets are summarized
as follows:

1. RSSCN7 database

The RSSCN7 [41] is a publicly available remote sensing dataset produced by different remote
imaging sensors. It consists of seven land-use categories, such as industrial region, farm land,
residential region, parking lot, river lake, forest and grass land. For each category, there are 400 images
with size of 400 × 400 in JPG format. Some sample images are shown in Figure 5a, in which each row
represents one category. Note that there are images with rotation and resolution differences in the
same category. Thus, the RSSCN7 dataset can not only verify the effective of the proposed descriptor
but also inspect the robustness of different rotations and resolutions. The RSSCN7 dataset can be
downloaded from https://www.dropbox.com/s/j80iv1a0mvhonsa/RSSCN7.zip?dl=0.

2. AID database

The aerial image dataset (AID) [40] is also a publicly available large-scale remote sensing dataset
produced by different remote imaging sensors. It contains 10,000 images in 30 categories, for example,
airport, bare land, meadow, beach, park, bridge, forest, railway station, and baseball field.
Each category includes different numbers of images varying from 220 to 420 with size of 600 × 600 in
JPG format. Some sample images are shown in Figure 5b, in which each row is one category. Similar to
RSSCN7, there are images with rotation and resolution differences in the same category. The AID
dataset can be downloaded from http://www.lmars.whu.edu.cn/xia/AID-project.html.

3. Outex-00013

The Outex-00013 [46] is a publicly available color texture dataset produced by an Olympus Camedia
C-2500 L digital camera. It contains 1360 images in 68 categories, for example, wool, fabric, cardboard,
sandpaper, natural stone and paper. Each category includes 20 images, each with size of 128 × 128
in BMP format. Some sample images from Outex-00013 are shown in Figure 5c, in which each row
represents one category. There is no difference in the same category. The Outex-00013 dataset can be
downloaded from http://www.outex.oulu.fi/index.php?page=classification.

4. Outex-00014

The Outex-00014 [46] is also a publicly available color texture dataset produced by an Olympus Camedia
C-2500 L digital camera. It contains 4080 images in 68 categories, for example, wool, fabric, cardboard,
sandpaper, natural stone, and paper. Each category includes 20, each with size of 128 × 128 images
in BMP format. Some sample images from Outex-00014 are shown in Figure 5d, in which each
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row represents one category. All images are produced under three different illuminants: the 4000 K
fluorescent TL84 lamp, the 2856 K incandescent CIE A and the 2300 K horizon sunlight. The Outex-00014
dataset can also be downloaded from http://www.outex.oulu.fi/index.php?page=classification.

5. ETHZ-53

The ETHZ-53 [45] is a publicly available object dataset collected by a color camera. It contains
265 images in 53 objects, such as cup, shampoo, vegetable, fruit, and car model. Each object
includes 5 images, each with size of 320 × 240 in BNG format. Some sample images are shown
in Figure 5e, in which each row represents one category. Note that each object is with 5 different angles.
The ETHZ-53 dataset can be downloaded from http://www.vision.ee.ethz.ch/en/datasets/.

   
(a) (b) (c) 

  
(d) (e) 

Figure 5. Some sample images from different databases: (a) RSSCN7; (b) AID; (c) Outex-00013;
(d) Outex-00014; and (e) ETHZ-53.

4.4. Evaluation of Different Color Quantization Layers

Tables 1–5 show the average precision rate (APR) of the proposed descriptor on the RSSCN7,
AID, Outex-00013, Outex-00014 and ETHZ-53 datasets under different color quantization layers of Ya*

and Yb*, where Ya*, Yb* ∈ {1, 2, . . . , 7}. Bold values highlight the best values. As reported in Tables 1
and 2, i when Ya* = 6 and Yb* = 5, the HHD achieves the best APR = 79.57% on RSSCN7 and the best
APR = 58.13% on AID, respectively. As documented in Tables 3 and 4, when Ya* = 6 and Yb* = 2,
the HHD achieves the best APR = 84.21% on Outex-00013 and the best APR = 82.82% on Outex-00014,
respectively. As listed in Table 5, when Ya* = 5 and Yb* = 6, the HHD achieves the best APR = 97.89%
on ETHZ-53. In addition, we can also see that the simplest color quantization scheme (e.g., Ya* = 1
and Yb* = 1) does not lead to the lowest APR on RSSCN7 and Outex-00013, and the most refined color
quantization scheme (e.g., Ya* = 7 and Yb* = 7) does not guarantee the highest APR. This phenomenon
demonstrates that it is necessary to adaptively select the fitness quantization layers of Ya* and Yb*.
Depending upon the retrieval accuracy score, the fitness quantization layers of Ya* and Yb* will be
used in the following experiments.
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Table 1. Average precision rate (APR) of different color quantization layers on RSSCN7.

The Color Quantization
Layer for Ya*

The Color Quantization Layer for Yb*

Yb* = 1 Yb* = 2 Yb* = 3 Yb* = 4 Yb* = 5 Yb* = 6 Yb* = 7

Ya* = 1 76.65 76.62 76.65 77.18 77.59 77.69 77.56
Ya* = 2 76.61 76.59 76.56 77.21 77.59 77.81 77.61
Ya* = 3 76.64 76.56 76.45 77.12 77.51 77.81 77.64
Ya* = 4 77.32 77.24 77.09 77.42 77.88 78.18 78.11
Ya* = 5 78.20 78.21 78.18 78.43 79.05 79.34 79.12
Ya* = 6 79.00 79.08 79.10 79.20 79.57 79.54 79.26
Ya* = 7 78.75 78.90 78.91 78.94 79.26 79.24 78.68

Table 2. Average precision rate (APR) of different color quantization layers on AID.

The Color Quantization
Layer for Ya*

The Color Quantization Layer for Yb*

Yb* = 1 Yb* = 2 Yb* = 3 Yb* = 4 Yb* = 5 Yb* = 6 Yb* = 7

Ya* = 1 53.07 53.19 53.40 55.01 55.75 55.72 55.52
Ya* = 2 53.19 53.31 53.54 55.15 55.96 55.90 55.74
Ya* = 3 53.30 53.47 53.70 55.19 56.02 55.96 55.81
Ya* = 4 54.52 54.65 54.85 56.05 56.74 56.79 56.71
Ya* = 5 56.18 56.27 56.35 57.17 57.68 57.79 57.83
Ya* = 6 56.83 57.02 57.06 57.81 58.13 57.99 57.76
Ya* = 7 56.68 56.83 56.91 57.75 57.99 57.71 57.50

Table 3. Average precision rate (APR) of different color quantization layers on Outex-00013.

The Color Quantization
Layer for Ya*

The Color Quantization Layer for Yb*

Yb* = 1 Yb* = 2 Yb* = 3 Yb* = 4 Yb* = 5 Yb* = 6 Yb* = 7

Ya* = 1 83.41 83.52 83.21 82.60 82.28 81.55 81.21
Ya* = 2 83.52 83.61 83.23 82.79 82.38 81.73 81.39
Ya* = 3 83.54 83.72 83.20 82.99 82.54 81.79 81.31
Ya* = 4 83.43 83.55 83.13 82.87 82.44 81.62 81.28
Ya* = 5 83.38 83.59 83.10 82.76 82.36 81.54 81.14
Ya* = 6 84.11 84.21 83.78 83.32 82.84 82.00 81.76
Ya* = 7 83.87 83.92 83.65 83.26 82.82 81.84 81.35

Table 4. Average precision rate (APR) of different color quantization layers on Outex-00014.

The Color Quantization
Layer for Ya*

The Color Quantization Layer for Yb*

Yb* = 1 Yb* = 2 Yb* = 3 Yb* = 4 Yb* = 5 Yb* = 6 Yb* = 7

Ya* = 1 79.22 79.33 80.11 81.44 81.60 81.34 81.02
Ya* = 2 79.33 79.43 80.20 81.59 81.71 81.49 81.19
Ya* = 3 79.36 79.45 80.17 81.62 81.85 81.57 81.21
Ya* = 4 80.71 80.76 80.84 81.84 81.92 81.69 81.35
Ya* = 5 82.00 82.22 81.99 82.43 82.35 82.06 81.80
Ya* = 6 82.71 82.82 82.59 82.69 82.56 82.31 82.13
Ya* = 7 82.54 82.68 82.59 82.72 82.58 82.35 82.09

Table 5. Average precision rate (APR) of different color quantization layers on ETHZ-53.

The Color Quantization
Layer for Ya*

The Color Quantization Layer for Yb*

Yb* = 1 Yb* = 2 Yb* = 3 Yb* = 4 Yb* = 5 Yb* = 6 Yb* = 7

Ya* = 1 81.21 81.96 86.87 91.47 92.83 93.06 93.36
Ya* = 2 80.98 81.58 87.32 91.40 92.68 93.43 93.13
Ya* = 3 84.68 85.36 90.19 93.21 94.49 94.87 94.49
Ya* = 4 89.81 89.43 92.68 95.62 96.53 96.91 96.75
Ya* = 5 92.98 93.21 95.55 97.21 97.74 97.89 97.66
Ya* = 6 93.36 93.13 95.77 97.13 97.58 97.58 97.43
Ya* = 7 81.21 81.96 86.87 91.47 92.83 93.06 93.36
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4.5. Evaluation of Different Motif Co-Occurrence Schemes

Table 6 shows the average precision rate (APR) and average recall rate (ARR) values on the
RSSCN7, AID, Outex-00013, Outex-00014 and ETHZ-53 datasets by using the motif co-occurrence
matrix (MCM) and the motif co-occurrence histogram (MCH), respectively. Bold values highlight
the best values. In Table 6, the {APR, ARR} of MCH greatly outperforms MCM by {18.14%, 0.45%}
on RSSCN7, {15.21%, 0.47%} on AID, {41.75%, 20.87%} on Outex-00013 and {24.63%, 12.32%} on
Outex-00014. One possible reason is that MCH takes three perceptually uniform motif patterns.
Based on the above results, it can be concluded that MCH is more effective than MCM.

Table 6. Average precision rate (APR) and average recall rate (ARR) of different motif
co-occurrence histograms.

Descriptor Performance (%)
Data Set

RSSCN7 AID Outex-13 Outex-14 ETHZ-53

MCM
APR 45.96 22.83 26.85 16.28 29.13
ARR 1.15 0.68 13.43 8.14 29.13

MCH
APR 64.10 38.04 68.60 40.91 48.38
ARR 1.60 1.15 34.30 20.46 48.38

4.6. Evaluation of the Proposed Descriptors

Table 7 shows the average precision rate (APR) and average recall rate (ARR) values on the
RSSCN7, AID, Outex-00013, Outex-00014 and ETHZ-53 datasets by using the motif co-occurrence
histogram (MCH), the perceptually uniform histogram (PUH) and the hybrid histogram descriptor
(HHD). Bold values highlight the best values. As listed in Table 7, the {APR, ARR} of HHD outperforms
MCH by {15.47%, 0.39%} on RSSCN7, by {20.09%, 0.61%} on AID, by {15.61%, 7.80%} on Outex-00013,
by {41.91%, 20.95%} on Outex-00014 and by {49.51%, 49.51%} on ETHZ-53. Meanwhile, it can
also be observed that the {APR, ARR} of HHD outperforms PUH by {7.35%, 0.18%} on RSSCN7,
by {7.09%, 0.21%} on AID, by {4.81%, 2.40%} on Outex-00013, by {6.68%, 3.34%} on Outex-00014,
and by {0.08%, 0.08%} on ETHZ-53, respectively. The main reason is that HHD integrates the merits of
PUH and MCH effectively. Based on the above results, it can be asserted that HHD performs better
than MCH and PUH significantly.

Table 7. Average precision rate (APR) and average recall rate (ARR) of the proposed descriptors.

Descriptor Performance (%)
Data Set

RSSCN7 AID Outex-13 Outex-14 ETHZ-53

MCH
APR 64.10 38.04 68.60 40.91 48.38
ARR 1.60 1.15 34.30 20.46 48.38

PUH
APR 72.22 51.04 79.40 76.14 97.81
ARR 1.81 1.55 39.70 38.07 97.81

HHD
APR 79.57 58.13 84.21 82.82 97.89
ARR 1.99 1.76 42.10 41.41 97.89

4.7. Comparison with Other Fusion-Based Descriptors

To illustrate the effectiveness and robustness of hybrid histogram descriptor (HHD), it is compared
with nine fusion-based feature descriptors and the fusion of the perceptually uniform histogram and
motif co-occurrence matrix (flagged as “PUH + MCM”) on the RSSCN7, AID, Outex-00013, Outex-00014
and ETHZ-53 datasets. All comparative methods are detailed as follows:
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(1) mdLBP [30]: The 2048-dimensional multichannel adder local binary patterns by combining three
LBP maps extracted from the R, G and B channels.

(2) maLBP [30]: The 1024-dimensional multichannel decoded local binary patterns by combining
three LBP maps extracted from the R, G and B channels.

(3) CDH [15]: The 90-dimensional color histogram obtained by quantizing the L*a*b* color space
and the 18-dimensional edge orientation histogram extracted from the L*a*b* color space.

(4) MSD [14]: The 72-dimensional color histogram obtained by quantizing the HSV color space and
the 6-dimensional edge orientation histogram extracted from the HSV color space.

(5) LNDP + LBP [31]: The 512-dimensional local neighborhood difference pattern extracted from the
grey-scale space and the 256-dimensional LBP extracted from the grey-scale space.

(6) MPEG-CED [25]: The 256-dimensional color histogram descriptor (CHD) extracted from the RGB
color space, and the 5-dimensional edge histogram extracted from the HSV color space.

(7) Joint colorhist [12]: The 512-dimensional color histogram obtained by combining the quantized R,
G and B channels.

(8) OCLBP [47]: The fusion of the 1536-dimensional opponent color local binary patterns extracted
from the RGB color space.

(9) IOCLBP [46]: The fusion of the 3072-dimensional improved opponent color local binary patterns
extracted from the RGB color space.

(10) PUH + MCM: The fusion of the 148/364-dimensional perceptually uniform histogram (PUH)
extracted from the L*a*b* color space and the 36-dimensional motif co-occurrence matrix (MCM)
extracted from the grey-scale space.

(11) HHD: The fusion of the 148/364-dimensional perceptually uniform histogram (PUH) and the
81-dimensional motif co-occurrence histogram (MCH) extracted from the L* channel.

Quantitative and Qualitative performance valuations are performed from the following seven
perspectives: the average precision rate (APR) value, the average recall rate (ARR) value, the average
precision rate versus number of top matches (APR vs. NTM), the average recall rate versus number
of top matches (ARR vs. NTM), the top-10 retrieved images, the precision–recall curve and the
computational complexity. Meanwhile, the robustness of rotation, illumination and resolution is
also illustrated in our comparative experiments. To guarantee the accuracy of the experiments,
all experiments are performed under the principle of leave-one-out cross-validation.

Table 8 reports the comparisons between the proposed descriptors and the former schemes
in terms of average precision rate (APR) and average recall rate (ARR). Bold values highlight the
best values. In Table 8, it can be seen that HHD yields the highest APR and ARR compared to
all former existing schemes on five datasets. For example, the {APR, ARR} of HHD on RSSCN7
outperforms mdLBP, maLBP, CDH, MSD, LNDP + LBP, MPEG-CED, OCLBP, IOCLBP and PUH
+ MCM by {6.47%, 0.16%}, {8.69%, 0.22%}, {5.97%, 0.15%} and {11.13%, 0.28%}, {10.11%, 0.25%},
{4.18%, 0.11%}, {6.75%, 0.17%}, {8.87%, 0.24%}, {9.61%, 0.24%} and {5.63%, 0.14%}, respectively. Similarly,
more significant values are reported over AID, Outex-13, Outex-14 and ETHZ-53. From these results,
the effectiveness of the proposed descriptor is demonstrated by comparing with other fusion-based
feature descriptors in terms of APR and ARR. In addition, since there are various rotation and resolution
differences on RSSCN7 and AID datasets (see Figure 5a,b), and various illumination differences on
Outex-00014 dataset (see Figure 5d), the robustness of the rotation, resolution and illumination is also
well illustrated to some extent.
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Table 8. Average precision rate (APR) and average recall rate (ARR) of different methods over RSSCN7,
AID, Outex-00013, Outex-00014 and ETHZ-53.

Descriptor Performance (%)
Data Set

RSSCN7 AID Outex-13 Outex-14 ETHZ-53

mdLBP
APR 73.10 50.81 61.00 48.66 61.43
ARR 1.83 1.54 30.50 24.33 61.43

maLBP
APR 70.88 47.40 62.54 44.53 55.17
ARR 1.77 1.43 31.27 22.27 55.17

CDH
APR 73.60 49.50 79.27 74.03 88.53
ARR 1.84 1.51 39.64 37.02 88.53

MSD
APR 68.44 47.76 70.46 66.32 91.09
ARR 1.71 1.45 35.23 33.16 91.09

LBP + LNDP
APR 69.46 44.12 70.24 43.86 52.45
ARR 1.74 1.33 35.12 21.93 52.45

MPEG-CEH
APR 75.39 53.86 78.48 74.41 94.79
ARR 1.88 1.63 39.24 37.21 94.79

Joint
Colorhist

APR 72.82 50.97 77.46 72.97 93.74
ARR 1.82 1.55 38.73 36.48 93.74

OCLBP
APR 70.70 41.60 77.82 56.13 42.57
ARR 1.75 1.26 38.91 28.06 42.57

IOCLBP
APR 69.96 44.78 79.58 73.58 45.51
ARR 1.75 1.35 39.79 36.79 45.51

PUM +
MCM

APR 73.94 52.45 81.03 78.13 97.74
ARR 1.85 1.59 40.51 39.06 97.74

HHD
APR 79.57 58.13 84.21 82.82 97.89
ARR 1.99 1.76 42.10 41.41 97.89

Figure 6a–j shows the performance comparison between HHD and existing approaches in terms
of average precision rate versus number of top matches (APR vs. NTM) and average recall rate versus
number of top matches (ARR vs. NTM). To guarantee the accuracy and reproducibility, the number
of top matches is set to 100, 200, 20, 20 and 5 on RSSCN7, AID, Outex-00013, Outex-00014 and
ETHZ-53, respectively. In Figure 6a,b, HHD achieves an obviously higher performance than all other
fusion-based feature descriptors on RSSCN7. Meanwhile, we also note that the APR vs. NTM and ARR
vs. NTM curves of mdLBP, maLBP, CDH, MSD, LNDP + LBP, MPEG-CED, Joint Colorhist, OCLBP,
IOCLBP and PUH + MCM are close to one another extremely. The reason is that only seven land-use
categories are very challenging to retrieve the targeted images from RSSCN7. As shown in Figure 6c,d,
the APR vs. NTM and ARR vs. NTM curves of HHD achieve an obviously higher curvature than all
other descriptors on AID. This phenomenon illustrates that the proposed descriptor can acquire better
performance on the large-scale dataset. As expected, as shown in Figure 6e–j, HHD still outperforms
all other existing descriptors over Outex-00013, Outex-00014 and ETHZ-53, respectively. Specifically,
PUM + MCM and HHD are superior to other descriptors on ETHZ-53 obviously. The main reason is
that they not only combine the color and edge information, but also integrate the texture information.
Based on the above results, the effectiveness of the proposed descriptor is demonstrated by comparing
with other fusion-based methods in terms of APR vs. NTM and ARR vs. NTM.

Figure 7a–e shows the performance comparison of the top-10 retrieved images using different
methods. The leftmost image in each row of Figure 7a–e is the query image, and the remaining images
are a set of retrieved images ordered in ascending order from left to right. For clarity, if a retrieved
image owns the same group label as the query, it is flagged as a green frame; otherwise, it is flagged as a
red frame. In Figure 7a, there are 7 related images to the query image “River Lake” from RSSCN7 using
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mdLBP, 8 using maLBP, 8 using CDH, 4 using MSD, 9 using LNDP + LBP, 3 using MPEG-CED, 3 using
Joint Colorhist, 8 using OCLBP, 7 using IOCLBP, 4 using PUH + MCM and 10 using HHD. Note that,
although the images from “Forest” have a similar color to “River Lake”, leading to the error results by
most of the existing schemes, HHD can retrieve the targeted images accurately. In Figure 7b, for the
query image “Baseball Field” from AID, the number of targeted images using mdLBP, maLBP, CDH,
MSD, LNDP + LBP, MPEG-CED, Joint Colorhist, OCLBP, IOCLBP, PUH + MCM, and HHD descriptors
are 7, 7, 9, 6, 5, 9, 5, 8, 9, 9 and 10, respectively. It can be seen that HHD not only displays a better
retrieval result than all other descriptors, but also shows the robustness of rotation and resolution
differences. In Figure 7c, for the query image “Rice” from Outex-00013, the precision achieved by
using mdLBP, maLBP, CDH, MSD, LNDP + LBP, MPEG-CED, Joint Colorhist, PUH + MCM, and HHD
descriptors are 40%, 40%, 80%, 70%, 30%, 80%, 80%, 90% and 100%, respectively. In comparison, we can
see that although all retrieved images show a similar content appearance, yet HHD still outperforms
all other descriptors. In Figure 7d, for the query image “Carpet” from Outex-00014, the precision
obtained by using mdLBP, maLBP, CDH, MSD, LNDP + LBP, MPEG-CED, Joint Colorhist, OCLBP,
IOCLBP, PUH + MCM, and HHD descriptors are 40%, 30%, 70%, 10%, 30%, 40%, 30%, 70%, 50%,
50% and 100%, respectively. As shown in Figure 7e, for the query image “Paper Bag” from ETHZ-53,
HHD still outperforms all other existing descriptors. From the above results, we can conclude that
HHD not only depicts the image semantic information with similar textural structure appearance but
also discriminates the color and texture differences, effectively. In summary, the effectiveness of the
proposed descriptor is demonstrated by comparing with existing approaches in terms of the top-10
retrieved images.
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Figure 6. Precision vs. number of top matches (APR vs. NTM) and Recall vs. number of top
matches (APR vs. NTM) using different methods over: (a,b) RSSCN7; (c,d) AID; (e,f) Outex-00013;
(g,h) Outex-00014; and (i,j) ETHZ-53.
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Figure 7. Results of the top-10 retrieved images by considering different query images: (a) “River
Lake”; (b) “Baseball Field”; (c) “Rice”; (d) “Carpet”; and (e) “Paper Bag” using different descriptors
(Row 1 using mdLBP, Row 2 using maLBP, Row 3 using CDH, Row 4 using MSD, Row 5 using LNDP +
LBP, Row 6 using MPEG-CED, Row 7 using Joint Colorhist, Row 8 using OCLBP , and Row 9 using
IOCLBP, Row 10 using PUH + MCM and Row 11 using HHD).
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Figure 8a–e shows the performance comparison of the proposed HHD with existing approaches
over RSSCN7, AID, Outex-00013 and Outex-00014 in terms of the precision–recall curve. According
to Figure 8a,b, it can be observed that the precision–recall curve of HHD is obviously superior to all
other fusion-based approaches. According to Figure 8c,d, it can be seen that the precision–recall curve
of other fusion-based approaches is inferior to HHD over Outex-00013 and Outex-00014 obviously.
Moreover, as shown in Figure 8e, both HHD and PUH + MCM are higher than mdLBP, maLBP, CDH,
MSD, LNDP + LBP, OCLBP, IOCLBP, and Joint Colorhist on ETHZ-53. The reasons can be summarized
as follows:

(1) Joint Colorhist, mdLBP, maLBP and LNDP + LBP only extract an independent color or
texture information.

(2) CDH, MSD and MPEG-CED consider the color and edge orientation information from different
channels, while the texture information is ignored.

(3) OCLBP and IOCLBP combine the color and texture information, but the edge orientation
information is lost.

(4) Although PUH + MCM integrates the color, edge orientation and texture information as a whole,
the perceptually uniform motif patterns are lost.

(5) HHD not only integrates the merits of the color, edge orientation and texture information, but also
considers the perceptually uniform motif patterns.

Depending upon the above results and analyses, the effectiveness of the proposed descriptor is
demonstrated by comparing with other fusion-based methods in terms of the precision–recall curve.
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Figure 8. Precision–recall curve of different descriptors over five databases: (a) Outex-00013;
(b) Outex-00014; (c) RSSCN7; (d) AID; and (e) ETHZ-53.
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Table 9 shows the feature vector length, average retrieval time, and memory cost per
image of different descriptors to provide an in-depth evaluation of the computational complexity.
All experiments are carried out on a computer with Intel Core i7-7700K@4.20 GHz CPU processor,
4 cores active and 16 GB RAM. The feature vector length is compared by dimension (D). The average
retrieval time is analyzed by seconds (S). The memory cost per image is measured in kilobytes
(KB). Similar to PUM + MCM, the items of 445/229 (D) and 3.48/1.79 (KB) represent HHD with
445 dimensions and 3.48 kilobytes performing retrieval over RSSCN7, AID and ETHZ-53 databases,
as well as HHD with 229 dimensions and 1.79 kilobytes performing retrieval over Outex-00013 and
Outex-00014 databases. For RSSCN7, AID and ETHZ-53, the feature vector length and the memory
cost per image of HHD are inferior to those of MSD, CDH, MPEG-CED and PUM + MCM, while HHD
are superior to Joint Colorhist, maLBP, mdLBP, OCLBP, IOCLBP and LNDP + LBP For Outex-00013 and
Outex-00014, the feature vector length and the memory cost per image of HHD are worse than MSD,
CDH and PUM + MCM, but it is better than MPEG-CED, Joint Colorhist, maLBP, mdLBP, OCLBP,
IOCLBP and LNDP + LBP. For the average retrieval time, HHD is more than MSD, CDH, MPEG-CED
and PUM + MCM, yet HHD is less than Joint Colorhist, maLBP, mdLBP, OCLBP, IOCLBP and LNDP +
LBP. The main reason is that the RSSCN7, AID and ETHZ-53 databases have more complex contents
as compared with the Outex-00013 and Outex-00014 image databases. Although HHD does not
outperform all other fusion-based descriptors, the usability and practicability of HHD is indicated
under the content-based image retrieval framework configuration: adaptive feature vector length,
competitive average retrieval time, and acceptable memory cost per image.

Table 9. Feature vector length (D), average retrieval time (s) and memory cost per image (KB) of
different descriptors.

Method Feature Vector Length (D) Average Retrieval Time (s) Memory Cost per Image (KB)

mdLBP 2048 3.45 16.00
maLBP 1024 1.74 8.00
CDH 108 0.17 0.84
MSD 78 0.15 0.61

LBP + LNDP 768 1.28 6.00
MPEG-CEH 261 0.45 2.04

Joint Colorhist 512 0.88 4.00
OCLBP 1535 2.55 11.99
IOCLBP 3072 5.24 24.00

PUM + MCM 400/184 0.65 3.13/1.44
HHD 445/229 0.72 3.48/1.79

4.8. Comparison with CNN-Based Descriptors

Apart from the fusion-based descriptors, HHD is also compared with emerging deep neural
networks techniques. Referring to the experimental setting in [48], we first extracted the last
full-connected layer from the pre-trained CNN model (e.g., VGGM1024 and VGGM128). Then,
the extracted feature vectors were L2 normalized. Finally, the normalized feature vectors were sent
to perform the distance measure. To guarantee a fair comparison, the number of query images were
identically set as all images, and the number of retrieved images were set to 10 on RSSCN7, AID,
Outex-00013 and Outex-00014, and 5 on ETHZ-35.

Figure 9 shows the comparisons between the proposed descriptors and the CNN-based schemes.
In the case of the RSSCN7, Outex-00013, Outex-00014 and ETHZ-35 datasets, HHD performs better
than the VGGM1024 and VGGM128 descriptors, and it achieves the highest performance. Particularly,
PUM + MCM also outperforms the VGGM1024 and VGGM128 descriptors on the four datasets.
Regarding the AID dataset, HHD is worse than VGGM1024. This makes sense because the pre-trained
CNN models which are trained on the large-scale imageset, are suitable for the large-scale AID dataset.
In contrast to the CNN-based descriptors, the advantages of HHD can be summarized as follows:

(1) HHD does not require any training process in the feature representation.
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(2) The pre-trained CNN-based models have a high memory cost which limits its application.
(3) HHD performs better than the CNN-based descriptors in four datasets out of five.
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Figure 9. Comparison of the proposed descriptors with the CNN-based schemes over Outex-00013,
Outex-00014, RSSCN7, AID and ETHZ-53.

5. Conclusions

In this paper, we propose a fusion method called hybrid histogram descriptor (HHD),
which integrates the perceptually uniform histogram and the motif co-occurrence histogram as a
whole. The proposed descriptor was evaluated under the content-based image retrieval framework on
the RSSCN7, AID, Outex-00013, Outex-00014 and ETHZ-53 datasets. From the experimental results,
it can be concluded that the fitness quantization layers of Ya* and Yb* are computed depending upon
the retrieval accuracy score. It is also deduced that the motif co-occurrence histogram (MCH) exhibits
significantly higher performance than the motif co-occurrence matrix (MCM). The performance of the
proposed descriptor is much improved by confusing the perceptually uniform histogram (PUH) and
the motif co-occurrence histogram (MCH). The performance of the proposed descriptor is superior to
ten fusion-based feature descriptors in terms of the average precision rate (APR), the average recall rate
(ARR), the average precision rate versus number of top matches (APR vs. NTM), the average recall rate
versus number of top matches (ARR vs. NTM), and the top-10 retrieved images. Meanwhile, the feature
vector length, the average retrieval time, and the memory cost per image were also analyzed to give
an in-depth evaluation of the computational complexity. Moreover, compared with the CNN-based
descriptors, the proposed descriptor also achieves comparable performance, but does not require any
training process.

The increased dimension of the proposed descriptor slows down the retrieval time, which will
be addressed in future research, especially using Locality-Sensitive Hashing [49]. Meanwhile,
user relevance feedback, feature re-weight and weight optimization will be considered to
further improve the accuracy of image retrieval. In addition, we will further investigate the
generalization of the proposed method, especially using RawFooT [50] that includes changes in
the illumination conditions.
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Abstract: Textile based image retrieval for indoor environments can be used to retrieve images that
contain the same textile, which may indicate that scenes are related. This makes up a useful approach
for law enforcement agencies who want to find evidence based on matching between textiles. In this
paper, we propose a novel pipeline that allows searching and retrieving textiles that appear in pictures
of real scenes. Our approach is based on first obtaining regions containing textiles by using MSER on
high pass filtered images of the RGB, HSV and Hue channels of the original photo. To describe the
textile regions, we demonstrated that the combination of HOG and HCLOSIB is the best option for
our proposal when using the correlation distance to match the query textile patch with the candidate
regions. Furthermore, we introduce a new dataset, TextilTube, which comprises a total of 1913 textile
regions labelled within 67 classes. We yielded 84.94% of success in the 40 nearest coincidences and
37.44% of precision taking into account just the first coincidence, which outperforms the current deep
learning methods evaluated. Experimental results show that this pipeline can be used to set up an
effective textile based image retrieval system in indoor environments.

Keywords: content-based image retrieval; textile retrieval; textile localization; texture retrieval;
texture description; visual sensors

1. Introduction

The process of automatically finding objects, textiles, faces, or other patterns in images and videos
is one of the most studied topics in computer vision. Nowadays, with the huge amount of digital
images and videos, it becomes even more critical. Visual sensors are able to acquire a large quantity of
visual information from the surroundings around them. Content Based Image Retrieval (CBIR) consists
of retrieving images using their content properties from a collection that match a user’s query [1]
based on a similarity measure [2]. Many research fields, e.g., medical image [3–5], human retrieval [6],
biological analysis [7,8], agricultural retrieval [9] and biometric security [10], achieved interesting
results using CBIR techniques.

Most works related to CBIR aim at finding objects in datasets of images. Research groups face
this problem using different approaches such as invariant local features (SIFT [11,12], SURF [13]),
color description [14,15], template matching [16,17] or, more recently, deep learning techniques [18–20].
Nonetheless, these techniques may fail when the object does not present a rigid shape or it has a plain
shape, as it is the case of textiles. The same textile can appear in images with very skewed shapes.
Moreover, textile retrieval shares the difficulties of object retrieval such as the variety in illumination
conditions, occlusions, lack of texture information, etc.
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The need of retrieving textiles from image collections captured under a variety of visual sensors
can be motivated by many applications [21]—for example, for marketing studies in textile stores that
suggest the products that fit a decorated room to users. The recently published book “Applications
of computer vision in fashion and textiles” [22] deals with three aspects related to computer vision
techniques applied to textile industry: (i) textile defect detection and quality control, (ii) fashion
recognition and 3D modeling, and (iii) 2D and 3D human body modeling for improving clothing fit.
One of its chapters [23] reviews the computer vision state-of-the-art techniques for fashion textile
modeling, recognition, and retrieval. A completely different approach in which textiles are needed to
be retrieved is to connect evidence of different crime scenes.

In our case, this work is framed in the Advisory System Against Sexual Exploitation of Children
(ASASEC) project, a European project that fights child pornography using forensic analysis, data
mining and computer vision techniques. It was demonstrated that perverts usually use the same
bedrooms to take their pictures or videos [24]. A way to link two images, and consequently provide
relationships among the many cases of child pornography, is finding the exact same textiles such as
carpets, blankets or any other repeated texture. In our specific case, we aim at evaluating textiles in
order to retrieve images in huge datasets (thousands of images) of past proven cases of child abuse
connected with a query textile of interest.

The rest of the paper is organized as follows. The related work is presented in Section 2. Section 3
describes the pipeline of our proposed method for textile based image retrieval. Section 4 introduces
the TextilTube dataset, the evaluation metrics, the evaluation set-up and the decision evaluation of a
distance measure. We show the results of all the experiments carried out in Section 5. Finally, Section 6
draws the conclusions of the paper.

2. Related Research

Material retrieval is related to textile retrieval in some aspects and it is more broadly studied in the
literature. Zhu and Brilakis [25] presented a system for detecting concrete based on the account of the
colour of the regions in the image. After that, they described the regions using color features and trained
a machine learning classifier to determine if the region contains concrete or not. This method cannot
deal with very heterogeneous regions due to the way of creating the image partitions. Son et al. [26]
proposed a method based on ensemble classifiers in order to distinguish between concrete, steel and
wood. One of the main disadvantages of this work is the necessity of uniform areas of the same
material for the segmentation step, which consists of dividing the original image into sub-regions of a
fixed size. If the material region is smaller than the grid division, a lot of information of the background
is processed as a material resulting in a non-accurate description. In [27,28], the authors proposed
two methods able to identify multiple materials in object surfaces without the need of segmentation.
They first recognized the object class and then used correlations of material labels for such object.
In this approach, the correct definition of detailed semantic cues of objects and materials is needed.
In 2017, Xue et al. [29] focused on material recognition of real-world outdoor surfaces for which they
presented a new very useful dataset for autonomous agents. They exploited the idea of extracting
characteristics of materials encoded in the angular and spatial gradients of their appearance from
images taken with small angular variations. We refer the reader to [30] for an overview of methods and
applications for the automatic characterization of the visual appearance of materials. Material retrieval
systems are effective when construction materials are involved, but they may fail with other kind of
textiles. The main three differences with general textiles are: the classes of construction materials are
well defined, the texture of the construction materials is more homogeneous and the image patches of
construction materials are usually big and present regular shapes.
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Besides material retrieval, there are also few textile retrieval works in the bulk of the literature.
Bashar et al. [31] proposed a system based on three wavelet-domain based features called symmetry,
regularity and directionality. In this paper, the authors demonstrated outperformance of the
combination of the three features versus just the isolated descriptors using two datasets formed
by 150 and 300 images of curtain patterns. Similarly, in 2009, Carbunaru et al. [32] proposed a method
that applies independent component analysis over wavelet-domain images. In that case, the researchers
chose a dataset composed of images of 30 different fabrics, obtaining an average recognition rate of
94.86%. Recently, in Chun et al. [33], a new method which uses composite feature vectors of color from
spatial domain and texture from wavelet-transformed domain is proposed. In contrast with the other
papers described before, Chun et al. carried out a retrieval system using a large dataset composed
of 1343 textile images. In 2014, Huang and Lin [34] proposed a system based on the combination of
color, texture and shape features in order to retrieve textiles over more than 4000 images downloaded
from Globle-Tex Co., (http://www.globle-tex.com/). The retrieval system was based on a signature
process extracted by different k-means clusters achieving an 83% of success rate. Nevertheless, in all
cases, the material or textile datasets are already segmented, usually as a plain piece of fabric, and the
system is only focused in the retrieval process. On the contrary, in our proposed work, the textiles are
located in real environments presenting diverse shapes, under a wide range of capturing conditions
and exposed to occlusions. Recently, a bunch of papers deal with query targets such as cloth worn
on human bodies [35–40]. It is quite challenging to extract robust features from different images
presenting different poses. Our paper encompasses a wider definition of the word textiles, and it
is used to retrieve not only cloth on human bodies but any other textile that may appear in indoor
environments.

The segmentation of regions of interest is thus critical for an efficient method. In 2016, Zheng and
Sarem proposed a method called NAMES, which stands for Non-symmetry and Anti-packing Model
and Extended Shading and is based on the idea of packing pixels with a very high performance in
terms of time [41]. In 2015, Yang et al. [42] presented a method based on color histogram segmentation
using HSV color space. In 2004, Matas et al. [43] proposed a method based on the extraction of
Maximally Stable Extremal Regions (MSER) taking into account a binary threshold that varies along
all the gray scale spectrum. In our work, we segmented our images using the latter method due to
its tolerance against regions with little changes of intensity and the possibility of adjusting it using
the binary threshold correctly. After the segmentation step, the description of the regions is another
key step of our CBIR system. The detected textile regions can be described using texture descriptors,
which are widely used for texture analysis. Texture analysis is a challenging and still open problem
in computer vision that consists of detecting and describing the gray level spatial variations of the
image pixels. Nowadays, there are multiple fields that profit from automatic texture retrieval, as it
makes processes faster with no need for many qualified staff. For this purpose, local descriptors are
yet extensively employed for texture description due to their high performance in terms of time and
accuracy. Histogram of Oriented Gradients (HOG) is a very popular texture descriptor since Dalal and
Triggs presented it in 2005 [44]. This method has demonstrated a great performance in multiple fields,
such as pedestrian detection [44] or face recognition [45]. Another very popular descriptor is Local
Binary Pattern (LBP) proposed by Ojala et al. [46] due to their simplicity and high capability to extract
the intrinsic features from the textures. Guo et al. developed several modifications to LBP such as
LBP variance (LBPV) [47], complete LBP (CLBP) [48] or adaptive LBP (ALBP) [49]. García-Olalla et al.
introduced algorithms to enhance LBP description [50–52], developing a new booster method that can
be fused with LBP in order to improve accuracy results [53]. We refer the reader to [54,55] for a general
framework and a taxonomy of local binary patterns variants. Recent approaches are focusing on
deep Convolutional Neural Networks (CNN) such as AlexNet [56], GoogleNet [57] or VGG-Net [58].
The activations generated at the fully connected layers are used as feature descriptors for image
understanding [59], scene recognition [60], semantic segmentation [61], among others.
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In this work, we propose a new method for textile based image retrieval in indoor scenes under
diverse capturing conditions and subjected to different shapes and occlusions. In accordance with
that goal, we present in this paper a new labeled dataset that we created and made publicly available
(http://pitia.unileon.es/varp/node/483). It is composed of 684 images extracted from videos with
67 different classes of textiles and it is called TexilTube. We used videos recorded with different visual
sensors, such as compact digital cameras (CDC) and webcams. This dataset reproduces, at a small
scale, a typical scenario of image evidence related to child pornography. We used MSER on high
pass filetered images of the RGB, HSV and Hue channels of the original images to extract the regions
of textiles. To describe the textile regions, we used local texture features, i.e., LBP, ALBP, HOG and
Faster R-CNN (Region based Convolutional Neural Network) [62]. To enhance the description of the
texture descriptors, we used Complete Local Oriented Statistical Information Booster (CLOSIB) booster.
We evaluated several distance measures, i.e., Spearman rank, Cityblock, Euclidean and Correlations
distances and two evaluation metrics, i.e., precision at n and success at n. We consider the following
contributions of this work: (i) we propose a method for extracting the regions of interest based on
computing MSER on high pass filtered images of the RGB, HSV and Hue channels of the original
images; (ii) we evaluated the performance several descriptors; (iii) we assessed several distance
measures by means of a voting schema; and (iv) we present a new dataset for textile retrieval.

3. Method

3.1. Overview

In Figure 1, we illustrate the pipeline of our new method for textile based image retrieval.
We can divide the method in two main stages: feature extraction and matching. By means of the
experimentation carried out, we were able to determine that the regions in a scene containing textiles
have to be extracted from three different transformations of the picture: a high pass filtered image of
the RGB, HSV and Hue channels of the original image. We took this into consideration for building up
the pipeline of the method.

Figure 1. Scheme of the textile based image retrieval system.

The feature extraction is comprised of four steps. First, we convert the images to RGB and HSV
colour spaces and we also extract the Hue channel. Then, we sharpen the image representations to
increase the contrast along the edges where different colors meet. We adopt the unsharp masking
method in which an image is sharpened by subtracting a blurred (unsharp) version of the image from
itself. We use a Gaussian lowpass filter of standard deviation 1.5 for blurring the image. We use
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these three image representations for the extraction and description of the regions of interest in the
images. The MSER [43] of the sharpened image representations define the regions of interest of the
images. Finally, we describe the regions of interest by computing texture descriptors on the gray scale
patch. We create a database in which we store for each detected region: the image coordinates of the
bounding box of the region of interest in the image of reference, the images of reference themselves
and the descriptors.

The matching stage allows for retrieving a given number of images that present the most similar
regions to a query region (textile) of interest. It is made up of three steps. First, we describe the
gray scale query region by means of the same texture descriptors. Second, we compute some
distance measures among the descriptors of the query region and the descriptors of the database.
Finally, the hit list is ranked by sorting the regions of the database in ascending order in relation with
the distance measure.

Below, we briefly describe the methods used to build the novel pipeline.

3.2. Region Extraction: MSER

We use the MSER method [43] to automatically extract the regions (textiles) of interest due to
the good results achieved in preliminary tests. Other methods apart from MSER could be evaluated
for finding distinguished regions that possess some distinguishing or singular properties and allow
for repeatedly detecting them over a range of image conditions, such as “sieve” [63]. However,
an intensive evaluation of such methods is out of the scope of this paper.

MSER is a method for blob detection that extracts from an image a number of co-variant regions
called MSERs. These high contrast regions are connected areas characterized by almost uniform
intensity, surrounded by a contrasting background. MSERs are constructed by binarizing the image
at multiple threshold levels and selecting the connected components that maintain their sizes over a
large set of thresholds.

Experimentally, we chose to extract a great diversity of sizes for the areas of the regions of interest,
specifically, comprehended between 3000 and 540,000 pixels, step size between intensity threshold
levels equal to 3, and a maximum area variation between extremal regions of 0.7.

3.3. Region Description

We use the following methods to describe the textiles: LBP [64], ALBP [49] and HOG [44], and
early fusion concatenations of the previous descriptors with CLOSIB and Half Complete Local Oriented
Statistical Information Booster (HCLOSIB) enhancers [65].

3.3.1. Local Binary Pattern (LBP)

LBP describes the texture of gray scale images by means of the local spatial structure on the image.
For every pixel, a pattern code is computed by comparing its gray level value with the value of its neighbors.

In this work, we used uniform rotational invariant LBP [64] with 16 neighbors and a radius of
two pixels, LBPriu2

16,2. The dimension of the descriptor is P + 2, in this case, 16 + 2 = 18 elements.
However, for simplicity, we call it LBP henceforth.

3.3.2. Adaptive Local Binary Pattern (ALBP)

Guo et al. [49] presented a variation of LBP that considers the mean and the standard deviation
along given orientation of the pixels in the image. This information is used in the matching step and
makes it more robust against changes in the local spatial structure of the images.

We consider also the uniform rotation invariant version, ALBPriu2
16,2, and we call it ALBP for simplicity.
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3.3.3. Histogram of Oriented Gradients (HOG)

Histograms of Oriented Gradients [44] evaluates local histograms of image gradient orientations
over a grid. HOG characterizes the local appearance of objects taking into account the local edge
direction distributions. The method is implemented by dividing the image into small uniform regions
called cells, often overlapped. Then, for each cell, a histogram of the gradient orientations over the
pixels is extracted. The final descriptor is yielded by concatenation of the gradients along all the cells.
In this work, we use overlapped cells of size 64 × 64 pixels on images resized to 256 × 256 pixels.

3.3.4. Complete Local Oriented Statistical Information Booster (CLOSIB) Variants

CLOSIB [65] is obtained from the statistical information of the gray scale gradient magnitude of
each pixel of the image. The statistical information of the gradient magnitudes is rarely taken into
account to describe the image and provides useful information for texture classification. Equation (1)
shows how to compute the CLOSIB enhancer of an image:

CLOSIBP,R,θ =

P/η�

p=1

(
(θ − 1)μp

2 − (−1)θ(μ
p
1 )

θ
)1/θ

, (1)

where
�

symbolizes the concatenation function, θ ∈ {1, 2} is the order of the statistical moment
considered, μ

p
1 and μ

p
2 are the first and second statistical raw moments, respectively, defined in

Equation (2) and η is a factor that controls the portion of the considered orientations in the quantized
angular space. We set η = 1 for CLOSIB and η = 2 for Half CLOSIB (HCLOSIB):

μ
p
i =

1
N

N

∑
c=1

(
|gc − gp|

)i , (2)

where N is the number of pixels in the image, gc the gray value of the center pixel and gp the gray
value of the neighbor, located at a distance R with orientation 2πp/P from the center pixel. In this
work, we use the boosters CLOSIB16,2,1||CLOSIB16,2,2 and HCLOSIB16,2,1||HCLOSIB16,2,2, which we
name CLOSIB and HCLOSIB, respectively, henceforth. Furthermore, we also use the early fusion
(concatenation) of LBP, ALBP and HOG descriptors with CLOSIB and HCLOSIB enhancers to describe
the texture of the textile regions. We denote the concatenation with the symbol +. For instance,
LBP + CLOSIB stands for the early fusion of LBP and CLOSIB.

3.3.5. Faster R-CNN

Faster R-CNN [62] is a Region based Convolutional Neural Network (R-CNN) that generates
region of interest proposals by a Region Proposal Network (RPN). Faster R-CNN is basically composed
of two parts: a RPN for creating a list of region proposals and a Fast R-CNN network [66] for classifying
the regions into objects.

For the RPN, we applied a sliding window of size 3 × 3 on the features obtained at the last
convolution layer, which yields an intermediate layer of dimension 512. We fed the intermediate layer
into a box classification layer and a box regression layer. We fed the region proposals into a Fully
Connected (FC) layer and we extracted the neural codes. Similarly to the MSER approach, we saved
a database with the coordinates of the region proposals, the image reference and the neural codes.
The matching step remains the same as for MSER approach. We used Faster R-CNN algorithm with
VGG-16 [58] architecture pre-trained with an MS-COCO [67] dataset.
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3.4. Distance Measures

We use five distance measures to compute the distances among the descriptors of the query region
and the descriptors of the automatically detected regions of interest of the database. These are: Spearman,
Cosine, Cityblock, Euclidean and Correlation distances. Spearman rank correlation coefficient is a
nonparametric measure of rank correlation and it measures the strength and direction of association
between two ranked variables. This measure uses a variable’s rank which is the average of their
positions in the ascending order of the values. Spearman rank correlation coefficient of two vectors A
and B is mathematically defined in Equation (3):

dspe(A, B) = 1 − ((r(A)− r(A))(r(B)− r(B))T√
((r(A)− r(A))(r(A)− r(A))T

√
((r(B)− r(B))(r(B)− r(B))T

, (3)

where r(A) and r(B) are the mean value of the ranked vector A, r(A), and ranked vector B, r(B),
respectively. The superscript T indicates the transpose of the matrix. Hereafter, we keep the same
notation. Cosine distance calculates the angular cosine between two vectors following Equation (4):

dcos(A, B) = 1 − ABT√
(AAT)(BBT)

. (4)

Cityblock distance is calculated using Equation (5) and is defined by the sum of the absolute
distances of every coordinate between two vectors. n is the dimension of the vectors. This measure
distance depends on the rotation of the coordinate system but is invariant to reflection and translation:

dcit(A, B) =
n

∑
j=1

|Aj − Bj|. (5)

Euclidean distance (see Equation (6)) is the most commonly used distance measure and calculates
the length of the straight segment that connects two vectors:

deuc(A, B) =
√
((A − B)(A − B)T . (6)

The Correlation distance is obtaining by dividing the distance covariance of two vectors by the
product of their distance standard deviations. See Equation (7):

dcor(A, B) = 1 − (A − A)(B − B)T√
(A − A)(A − A)T

√
(B − B)(B − B)T

. (7)

4. Experiments

4.1. TextilTube Dataset

Textile retrieval in real environments is a poorly investigated research field besides fashion cloth
retrieval. Up to our knowledge, there is no publicly available dataset that focuses on the recognition
of rigid and non-rigid textiles presented in different sizes, shapes and capturing conditions. For this
reason, we created a new dataset for the retrieval of textiles in bedrooms (http://pitia.unileon.es/
varp/node/483).
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The dataset is composed of 684 images of sizes that range between 480 × 360 and 1280 × 720 pixels
obtained from 15 videos of YouTube. The videos were recorded in bedrooms with different visual
sensors, such as CDCs and webcams. The videos contain plenty of textiles, different camera poses,
illumination conditions, occlusions, etc., which makes the textile retrieval task very challenging.
The dataset contains 67 classes of textiles such as curtains, carpets, sofas, shirts or dresses, among
others. In one image, several classes of textiles may appear. Figure 2 shows a mosaic encompassing
one region sample of each class and indicates the number of regions in each class. The number of
elements of each class varies from 4 to 116. There is a total of 1913 regions. Therefore, the dataset is
highly skewed, simulating a real scenario.

We labelled the dataset in order to provide a ground truth that allows the user to automatically
evaluate the performance of a method on the dataset. The ground truth includes the bounding box
coordinates and the class labels of each textile region in the images of the dataset. We provide the
ground truth in the form of an XML file. We show the diversity in terms of type, size, pose, etc. of
some textile classes of the dataset in Figure 3.

TextilTube dataset can be very interesting in fields like child sexual abuse or robbery to connect
evidence of different investigations and also for marketing studies in textile stores to suggest the
products that best fit the decoration of users’ rooms.

21 38 27 19 44 15 12 8 44 28 35

18 7 35 14 32 28 18 37 18 35 4 7 10

18 16 62 9 33 25 17 48 41 33 40 12 39

108 11 7 26 29 69 29 116 15 15 25

40 48 15 41 27 35 14 17 15 33 23

7 34 12 9 32 18 20 16

Figure 2. A region sample of each of the 67 classes in TexilTube dataset. The number
underneath indicates the amount of regions that belong to that class.
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Figure 3. In rows, images that contain the same textile class in TextilTube dataset. The yellow rectangles
overlaid in the images indicate the bounding boxes of the textile regions of the ground truth.

4.2. Performance Evaluation Metrics

In retrieval systems, it is important that the retrieved images are ranked according to their
relevance to the query region forming a hit list, rather than being returned as a set. The most relevant
hits must be within the top images of the hit list returned for a query region. To account for the quality
of ranking the hits in the hit list, we used relevance ranking measures, i.e., precision at n and success
at n.

4.2.1. Precision at n

Precision at n, p@n, is the rate of the top-n images of the hit list correctly classified in relation to
the class of the query region. Likewise, the precision at a cut-off of n elements of the hit list. We define
HitListn as the set that contains the n images with smallest distance to the query region, q. Equation (8)
presents the mathematical definition of precision at n:

p@n =
#H(q)

n
, (8)

where #H(q) is the cardinal of HitListn in which the query class is actually present in the image and the
detected region overlaps the bounding box of the ground truth. It is formally defined in Equation (9):

H(q) = {hi/(hi ∈ HitListn) ∧ (class(hi) = class(q)) | i = 1...n} , (9)

where hi is i-th retrieved image in the hit list.

4.2.2. Success at n

There are occasions in which the user does not need to see many relevant images but is
disappointed by a completely irrelevant top-n [68]. This is the case of the ASASEC project, in which
finding at least one hit in all the hit list would be a satisfactory result. Success at n, s@n, measures if a
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relevant image was retrieved within the top-n hits of the hit list. Success at n is equal to 1 if the top-n
images contain a relevant document and 0 otherwise (see Equation (10)):

s@n =

{
1, if H(q) �= ∅,

0, otherwise,
(10)

where H(q) is the set of images defined in Equation (9).

4.3. Experimental Setup

We applied the method described in Section 3 to the 684 images of TextilTube dataset, extracting
a total of 58,031 regions. In order to evaluate the performance of our method, we used the ground
truth textile regions as query regions of interest. For each query region, we calculated p@n and
s@n metrics for the retrieved hit list when computing a given distance measure among the texture
descriptors of the query region and the analogous texture descriptors of the database. Experiments
using Faster R-CNN were developed using the Caffe [69] deep learning framework in Nvidia Titan X
GPU https://www.nvidia.com/en-us/geforce/products/10series/titan-x-pascal/.

4.4. Distance Measure Evaluation

In order to determine the best distance measure and present uniform results, we carried out
the following voting system. For each texture descriptor in Section 3.2, we computed s@n for
n ∈ N | n = {1, 2, . . . , 40} with all distance measures described in Section 3.4. We assigned three, two
and one points to the distance measures that achieved the highest, second highest and third highest
s@n, respectively, for each experiment. Finally, we summed up the points along all combinations.
Figure 4 shows a scheme of the procedure. We disregarded a voting system that only relies on the best
distance measure of each experiment because the results for the different distance measures were not
enough distinctive.

Figure 4. Scheme of the voting procedure to determine the best distance measure.

Figure 5 presents the results in parts per unity achieved with each distance measure.
Correlation distance achieved the best results with a 32% of votes, followed by Cosine distance
(27%) and Spearman rank correlation coefficient (20%). The commonly used Euclidean distance only
yielded a 7% of the votes. Therefore, we carried out our experiments using the Correlation distance.
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Figure 5. Results of the voting process in parts per unity for the different distance measures.

5. Results

In this section, we present the results obtained following the proposed method and
experimentation for each evaluated texture descriptor and the neural codes extracted by Faster R-CNN.

Figure 6 shows the precision at n (p@n) achieved for all texture descriptors. We used values of
n ∈ N | n = {1, 2, . . . , 40}. For n ≤ 11, HOG + HCLOSIB descriptor outperformed the rest with a
precision of 37.17% for n = 1. The early fusion of CLOSIB and HCLOSIB with HOG outperforms
HOG alone. However, the early fusion of CLOSIB and HCLOSIB with LBP obtained the worst results.
In the case of ALBP, the descriptor alone outperforms the early fusion for small values of n, whereas
the opposite is true for high values of n. It is worth noting the better performance of ALBP (28.83%
for n = 1) versus LBP (16.60% for n = 1). At a cut of 20, the precision at n values starts to stabilize.
We present the numerical results for precision at cuts {1, 2, . . . , 20} in Table 1. For high cuts of the
hit list, Faster-RCNN slightly outperformed the rest. The best performance was not achieved by
some LBP variant as we expected, but by HOG combined with HCLOSIB. HOG is oriented to gather
the external and internal shape and HCLOSIB represents the statistical distributions of the texture.
The combination of both represents both the shape of the textile’s texture (HOG) and how this texture
is organized along the evaluated patch.

Figure 6. Precision at n (p@n) for all texture descriptors using Correlation distance and n ∈ N | n = {1, 2, . . . , 40}.
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Table 1. Precision at n (p@n) for all texture descriptors using Correlation distance and
n ∈ N | n = {1, 2, . . . , 20}. Results highlighted in bold mark the best results per cut of the hit list.

Descriptor
n

1 2 3 4 5 6 7 8 9 10

HOG + HCLOSIB 37.2 32.8 29.3 26.8 24.7 23.2 21.7 20.5 19.4 18.6
HOG + CLOSIB 35.9 30.8 27.9 25.4 23.8 22.5 20.8 19.5 18.5 17.7
HOG 35.2 30.0 26.7 24.4 22.8 21.5 20.2 19.4 18.7 17.8
Faster R-CNN 30.1 27.4 25.2 23.8 22.5 21.6 20.6 19.7 19.0 18.2
ALBP 28.9 25.2 23.0 21.4 20.1 19.0 18.1 17.5 16.9 16.3
ALBP + HCLOSIB 25.5 21.7 19.6 18.7 17.9 17.0 16.2 15.8 15.4 15.0
ALBP + CLOSIB 24.8 23.1 21.8 20.4 19.5 18.8 18.1 17.5 17.1 16.6
LBP 16.6 14.8 14.2 13.7 13.3 13.3 13.0 12.6 12.3 12.0
LBP + CLOSIB 12.2 10.8 10.4 9.6 9.2 8.9 8.5 8.3 8.1 7.9
LBP + HCLOSIB 11.1 10.1 9.3 8.7 8.6 8.5 8.4 8.1 8.0 7.7

Descriptor
n

11 12 13 14 15 16 17 18 19 20

HOG + HCLOSIB 17.7 17.0 16.4 15.8 15.3 15.0 14.6 14.4 14.0 13.7
HOG + CLOSIB 17.1 16.4 15.8 15.4 14.9 14.6 14.2 13.9 13.6 13.3
HOG 17.0 16.4 15.9 15.5 14.9 14.5 14.1 13.7 13.4 13.0
Faster R-CNN 17.6 17.1 16.8 16.3 15.9 15.5 15.1 14.8 14.6 14.3
ALBP 15.9 15.6 15.2 15.0 14.7 14.4 14.2 14.0 13.8 13.5
ALBP + HCLOSIB 14.7 14.4 14.1 14.0 13.7 13.5 13.3 13.1 13.0 12.8
ALBP + CLOSIB 16.2 15.7 15.4 15.1 14.8 14.6 14.4 14.2 14.0 13.9
LBP 11.7 11.4 11.3 11.1 11.0 10.8 10.7 10.5 10.5 10.4
LBP + CLOSIB 7.9 7.8 7.7 7.6 7.6 7.5 7.4 7.4 7.3 7.2
LBP + HCLOSIB 7.7 7.7 7.6 7.5 7.5 7.3 7.3 7.2 7.2 7.2

Figure 7 illustrates the success at n (s@n). As expected, s@1 is the same as p@1 and for higher cuts
of the hit list the success metric increases. In Table 2, we show the numerical results for success at cuts
{1, 2, . . . , 20}. For values of n ≤ 5, HOG + HCLOSIB yielded the best results, whereas for higher values
of n, Faster R-CNN outperformed the others with a 84.94% of s@40 (74.86% with HOG + HCLOSIB).
ALBP is the second best descriptor for n = 40 reaching 82.00% of success. CLOSIB enhancer improves
the performance of HOG and decreases the performance of LBP and ALBP.

Figure 7. Success at n (s@n) for all texture descriptors using Correlation distance and n ∈ N | n = {1, 2, . . . , 40}.
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Table 2. Success at n (p@n) for all texture descriptors using Correlation distance and n ∈ N | n =

{1, 2, . . . , 20}. Results highlighted in bold mark the best results per cut of the hit list.

Descriptor
n

1 2 3 4 5 6 7 8 9 10

Faster R-CNN 30.1 38.7 44.3 48.4 52.2 55.7 58.6 60.9 62.8 64.3
ALBP 28.9 37.0 42.3 46.7 49.5 51.9 54.4 56.8 58.2 60.0
LBP 16.6 22.6 27.6 31.7 35.5 40.5 42.8 45.2 47.5 49.2
ALBP + HCLOSIB 25.5 31.4 36.5 40.6 44.0 47.1 48.8 51.0 53.0 54.7
HOG + HCLOSIB 37.2 42.8 47.5 50.0 52.2 54.6 56.1 57.1 58.4 60.1
HOG + CLOSIB 35.9 40.6 44.0 46.6 49.8 52.5 53.2 54.8 56.4 57.9
HOG 35.2 39.5 42.4 44.1 46.1 48.9 50.9 52.9 54.9 56.1
ALBP + CLOSIB 24.8 31.7 36.7 39.8 42.7 49.0 46.6 48.3 49.8 50.5
LBP + HCLOSIB 10.4 14.7 17.4 21.1 24.4 27.1 29.0 31.1 33.4 34.9
LBP + CLOSIB 12.2 16.5 20.0 22.0 24.1 26.9 28.7 29.9 31.3 32.6

Descriptor
n

11 12 13 14 15 16 17 18 19 20

Faster R-CNN 65.9 67.2 68.7 69.9 71.1 71.9 73.1 74.3 75.0 75.9
ALBP 61.5 63.0 64.3 65.8 66.5 67.8 68.7 69.6 70.2 71.5
LBP 50.9 53.0 54.5 55.8 57.6 59.4 60.2 61.0 62.4 63.5
ALBP + HCLOSIB 56.6 57.9 59.2 60.8 61.9 62.6 63.1 64.2 64.5 64.9
HOG + HCLOSIB 60.8 61.7 62.3 63.3 64.5 65.0 65.6 66.5 66.8 67.3
HOG + CLOSIB 59.5 60.2 60.4 61.2 62.0 62.6 62.9 63.2 63.7 64.3
HOG 56.8 57.5 57.7 58.6 59.1 59.9 60.3 61.0 61.4 61.6
ALBP + CLOSIB 51.2 52.5 53.3 53.7 54.2 55.6 56.6 57.4 58.1 58.8
LBP + HCLOSIB 36.5 38.5 39.7 41.7 42.9 43.9 45.1 46.6 48.1 48.7
LBP + CLOSIB 34.2 36.1 37.2 38.9 40.4 41.8 42.1 42.7 43.2 43.7

In order to get a unique value to evaluate the performance of each descriptor, we computed the
arithmetic mean of the success and precision for three intervals of n ∈ N | n = {1, 2, . . . , j}, where
j = {10, 20, 40}. Figure 8 and Table 3 show the arithmetic mean of the success and the precision in
these intervals of values of n. Regarding p@n, HOG + HCLOSIB outperformed the rest of descriptors
for the intervals with j = 10 and j = 20, whereas Faster-RCNN obtained the best results for j = 40.
With respect to s@n, HOG + HCLOSIB yielded the best results for the intervals with j = 10, whereas
Faster R-CNN did for j = 20 and j = 40. In such a difficult dataset, the outlined method using
HOG + HCLOSIB descriptor and Correlation distance measure yielded an arithmetic mean of the
precision at 10 of 24.80% and an arithmetic mean of the success at 10 of 51.08%.

Table 3. Arithmetic mean of precision and success at n for intervals of n from 1 to 10, from 1 to 20 and
from 1 to 40. Results highlighted in bold mark the best results per performance metric.

Descriptor
Precision Success

Mean (1–10) Mean (1–20) Mean (1–40) Mean (1–10) Mean (1–20) Mean (1–40)

HOG + HCLOSIB 24.8 19.5 15.1 51.1 57.3 63.9
HOG + CLOSIB 23.7 18.8 14.7 48.7 54.9 61.4
HOG 23.1 18.5 14.3 46.6 52.6 59.4
Faster R-CNN 22.5 18.8 15.3 50.3 59.9 69.8
ALBP 20.3 17.2 14.5 47.5 56.4 66.1
ALBP + HCLOSIB 18.1 15.7 13.5 42.2 50.9 60.1
ALBP + CLOSIB 19.6 17.0 14.6 40.7 47.3 55.1
LBP 13.5 12.2 10.8 34.1 44.4 56.1
LBP + CLOSIB 9.3 8.4 7.5 23.4 30.6 39.0
LBP + HCLOSIB 8.8 8.1 7.4 22.8 31.3 42.0
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Figure 8. Arithmetic mean of precision and success at n for intervals of n from 1 to 10, from 1 to 20 and
from 1 to 40.

Figures 9 and 10 show the visual results for the first five retrieved images in the hit list using
HOG + HCLOSIB and Faster R-CNN, respectively. The third textile, artificial flower textile, is a difficult
case. HOG + HCLOSIB manages to get one correctly retrieved images for n = 5. The first two retrieved
images are similar textiles of a rug. For the same query image, Faster R-CNN does not retrieve any
correct images at a cut of hit list of n = 5. Pre-trained deep neural networks are trained to classify
objects instead of textiles. When a textile does not present a patterned texture, a pre-trained Faster
R-CNN is not appropriate to retrieve such queries. However, Faster R-CNN manages to retrieve
textiles correctly that present distinctive patterns.

Figure 9. First five retrieved images in the hit list for three query samples using HOG + HCLOSIB.
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Figure 10. First five retrieved images in the hit list for three query samples using Faster R-CNN.

6. Conclusions

In this paper, we presented a new application for textile based image retrieval in indoor
environments. Textile based image retrieval is barely studied and when doing so, it is usually applied
to fashion cloth retrieval. We introduced a new framework of study, the fight of child sexual abuse.
Law enforcement agencies are interested in relating evidence by using textile queries in order to
retrieve images or videos that contain the same textile in proven cases of child pornography, usually
taken from rooms of houses. We proposed a new effective method for textile based image retrieval in
rooms based on texture description of the MSER regions of the images. We assessed LBP, ALBP, HOG
and their combination with CLOSIB for describing the image patches and several distance metrics
for sorting the hit list. We also evaluated the Faster R-CNN algorithm with VGG-16 architecture
pre-trained with MS-COCO dataset. Furthermore, we created and introduced a new public dataset,
TextilTube, which consists of 684 frames from 15 Youtube videos of rooms recorded with different
visual sensors. The dataset contains 1913 regions of interest that highly vary in terms of capturing
conditions, occlusions, illuminations, etc. Moreover, textiles appearing in the images are not rigid and
present different shapes. Correlation distance proved to be the most discriminant distance measure
based on a voting system analysis. Correlation distance achieved 32% of the votes followed by cosine
distance with 27%. HOG + HCLOSIB yielded the best results for low cuts of the hit list, whereas Faster
R-CNN performed better for high cuts, closely followed by ALBPS. Taking into account just the most
similar image retrieved, HOG + HCLOSIB achieved a precision of 37.17%, which is remarkable due
to the number of classes in the dataset (67 classes) and their high intra-class variability. Taking into
account the success at n metric, Faster R-CNN achieved a 84.94% retrieving 40 images (ALBP obtained
a 82%), which means that about 85 out of 100 images have at least one correspondence in the top
40 retrieved images. This is a very interesting result that can be presented as an application for the
criminal police in order to let them evaluate a grid of 40 images at a glance to check if there is a real
match to the query image within the hit list. For the application at hand, it is interesting to achieve a
high precision at low cuts of the hit list in order to reduce the number of images to visually inspect.
To measure this fact, we computed the arithmetic mean of precision at n from 1 to 10. HOG + HCLOSIB
outperformed the rest yielding a 24.8% hit rate. The main problem in this application is to find regions
containing textiles, rather than objects. To the best of our knowledge, all the deep learning region
proposal models are oriented and trained to detect objects. Objects are usually non-homogeneous
regions as opposed to textiles. The reason is that CBIR systems are oriented to retrieve objects but
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not textiles or similar surfaces. Similarly, the deep learning models, are trained with datasets such as
MS-COCO or ImageNet, among others, that contain objects and different classes of objects and they
are oriented for instance retrieval. In future works, we will train a model for proposing regions with
a textile dataset to strengthen the use of deep learning for textile retrieval. Besides evaluating other
Region Proposal Networks in future works, different alternatives to MSER for finding distinguished
regions, such as Sieve, will be also tested.
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Abbreviations

The following abbreviations are used in this manuscript:

LBP Local Binary Pattern
ALBP Adaptive Local Binary Pattern
HOG Histogram of Oriented Gradients
CLOSIB Complete Local Oriented Statistical Information Booster
HCLOSIB Half Complete Local Oriented Statistical Information Booster
MSER Maximally Stable Extremal Regions
CBIR Content Based Image Retrieval
ASASEC Advisory System Against Sexual Exploitation of Children
HSV Hue, Saturation, Value
CDC Compact Digital Cameras
p@n precision at n
s@n success at n
CNN Convolutional Neural Networks
R-CNN Region based Convolutional Neural Network
RPN Region Proposal Network
FC Fully Connected
RGB Red, Green, Blue
SIFT Scale-Invariant Feature Transform
SURF Speeded Up Robust Features
VGG Visual Geometry Group
MS-COCO MicroSoft Common Objects in COntext
XML eXtensible Markup Language
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Abstract: In this paper, a novel global point cloud descriptor is proposed for reliable object recognition
and pose estimation, which can be effectively applied to robot grasping operation. The viewpoint
feature histogram (VFH) is widely used in three-dimensional (3D) object recognition and pose
estimation in real scene obtained by depth sensor because of its recognition performance and
computational efficiency. However, when the object has a mirrored structure, it is often difficult to
distinguish the mirrored poses relative to the viewpoint using VFH. In order to solve this difficulty,
this study presents an improved feature descriptor named orthogonal viewpoint feature histogram
(OVFH), which contains two components: a surface shape component and an improved viewpoint
direction component. The improved viewpoint component is calculated by the orthogonal vector
of the viewpoint direction, which is obtained based on the reference frame estimated for the entire
point cloud. The evaluation of OVFH using a publicly available data set indicates that it enhances
the ability to distinguish between mirrored poses while ensuring object recognition performance.
The proposed method uses OVFH to recognize and register objects in the database and obtains precise
poses by using the iterative closest point (ICP) algorithm. The experimental results show that the
proposed approach can be effectively applied to guide the robot to grasp objects with mirrored poses.

Keywords: vision-guided robotic grasping; object recognition; pose estimation; global feature
descriptor; iterative closest point

1. Introduction

Three-dimensional (3D) machine vision is a key technology in the field of robotics. Although the
rise of 3D vision technology [1,2] is later than two-dimensional (2D) vision technology [3,4], it presents
some advantages that 2D vision does not have when performing some complex visual tasks in 3D
space. For example, 3D point cloud can provide a wealth of geometric (3D coordinates, curvature
variations, surface normals, depth boundaries) and luminosity (color, color variations, transparency,
reflectance intensity) information, helping to achieve better results in recognizing objects with less
appearance information (e.g., textureless objects) and directly estimating the full 6 degrees of freedom
(DOF) object pose. In addition, under unfavorable lighting conditions, 3D data provided by infrared
laser technology can achieve better results than 2D images. In recent years, low-cost real-time 3D
sensors such as Microsoft Kinect and Asus Xtion have become low-cost consumer devices accessible to
ordinary users. These sensors can be used to generate color 3D point clouds on the surface of a given
scene in real time, which also promotes the research of 3D object recognition and registration.
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For 3D point cloud, there are two kinds of object recognition methods: local feature descriptors [5–7]
and global feature descriptors [8–12]. Global feature descriptors describe the geometry, appearance or
both of the object point cloud, which is more advantageous in object recognition and pose estimation [13].
Moreover, compared with local methods, global methods compute less descriptors and have a simpler
recognition pipeline to speeding up the recognition speed [14], which is very important for applications
designed to run in nearly real time [15]. The viewpoint feature histogram (VFH) [8] is a global feature
descriptor which can be used for object recognition and pose estimation in a 6DOF robot grasping
operation. Previous work has proved the computational efficiency and high recognition ability of
this feature [16,17]. However, it is difficult for VFH to distinguish the mirrored poses of the object
having the mirrored structure with respect to the viewpoint. Paper [18] proposes a modified viewpoint
feature histogram (MVFH), which applies the calculation method of extended FPFH to the calculation
of viewpoint component. Although this work is beneficial, it does not theoretically explain the reasons
for the effect. In order to solve this difficulty, a novel global feature descriptor named orthogonal
viewpoint feature histogram (OVFH) is proposed in this paper. The OVFH uses an extended fast
point feature histogram (FPFH) to describe the surface shape of the object. Its viewpoint component is
calculated by using the orthogonal vector of the viewpoint direction, which is calculated based on the
reference frame of the object point cloud, to obtain the distinguishing ability for the mirrored poses.

The main contributions of this paper are (1) a novel and efficient global feature descriptor for
object recognition and pose estimation; (2) an evaluation of the object recognition rate and the ability
to distinguish the mirrored poses; (3) a visual guidance method for a robotic grasping system.

The rest of the paper is organized as follows: Section 2 introduces the proposed improved global
feature descriptor OVFH. Section 3 describes the object recognition and pose estimation algorithms
for robotic grasping operation. Section 4 details the experimental device and the effectiveness of
the proposed algorithm in publicly available datasets and robotic grasping experiments. Finally,
conclusions and future work are discussed in Section 5.

2. Improved Global Feature Descriptor

In this section, VFH is reviewed and used to derive the proposed OVFH, which is consistent with
our goal of performing well in object recognition and distinguishing mirrored poses. The specific
calculation procedures are detailed in the following subsections.

2.1. Global Feature Descriptor VFH

The object’s global feature descriptor is a high dimensional representation of the object’s 3D
shape and is designed for object recognition and pose retrieval. VFH [8] is an effective point cloud
feature which is used for the applications about object recognition and 6DOF pose estimation. VFH
is a combined histogram containing viewpoint direction features and an extended FPFH [5], which
represents the distributions of the four angles representing the geometric characteristics of the point
cloud. In point cloud P, let pv denote the position of the viewpoint, pc denote the center of gravity of of
all points pi in the point cloud, and nc donate the average normal vector of all normal ni at point pc. pc

and nc are calculated as follows:

pc =
1
n

n∑
i=1

pi, (1)

nc =
1
n

n∑
i=1

ni, (2)

For each pi in the cloud P, a local coordinate system is defined at point pc, as in Equation (3).

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
u = nc

v =
pi−pc
‖pi−pc‖2 × u

w = u× v
, (3)
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Using the local coordinate system uwv defined above, the relative deviation between the centroid
vector nc and the unit normal vector ni of the point pi can be represented by a set of angles, as shown
in Figure 1.

Figure 1. Relative relationship between points described by a set of angles.

The feature descriptor for each point in the point cloud can be represented by a quintuple (α, φ, θ,
d, β), which is calculated as follows:

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

cosα = v · ni

cos β = ni · pc−pv
‖pc−pv‖2

cosφ = u · pi−pc
d

θ = arctan w·ni
u·ni

d = ‖pi − pc‖2

, (4)

The percentages of the values of cosα, cosφ, θ, d, and cosβ of each point in the point cloud P falling
in different bins are counted, respectively corresponding to the curves on the abscissa ranges [1, 45],
[46, 90], [91, 135], [136, 180], [181, 308] of the feature histogram. Since the distance d between points
gradually increases along the viewpoint direction and the density of the local points will affect the
feature result, d is often omitted in the 2.5-dimensional data acquired by the robot for better robustness.
Finally, the VFH descriptor describes the point cloud using a total of 263 bins. Figure 2 shows an
example of the VFH.

Figure 2. Viewpoint feature histogram.

Although Rusu et al. [8] have obtained promising results in using VFH as a 3D feature for
object recognition and 6DOF pose estimation, they have encountered limitations of accurate 3D pose
estimation. For example, if the surface of the object has mirror symmetry, it will get similar VFHs in
symmetrical poses, as shown in Figure 3. The vector ni is the normal vector at point pi. Although the
two poses are different poses mirrored with respect to the viewpoint direction, the two VFHs are highly
similar because their surface normals of each point have similar or identical angular deviations from
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the viewpoint direction. In the case shown in the figure, the kind of object can be correctly identified
using VFH, but the mirrored poses are confused.

Figure 3. The same viewpoint features of viewpoint feature histograms (VFHs) in mirrored poses.

2.2. Improved Global Feature Descriptor OVFH

In order to overcome this drawback, it is necessary to modify the existing VFH descriptor.
Chen et al. [18] have did some groundbreaking work in this area and proposed the MVFH descriptor
to improve the viewpoint direction component of VFH. The MVFH gives three components to the
viewpoint direction component using the method similar to estimating the extended FPFH. However,
just as the geometric features characterized by the extended FPFH are very similar in the mirrored
poses, the viewpoint direction component counted by this method still cannot explain theoretically
how to distinguish the mirrored poses.

The core idea of solving this problem is to change the way to calculate the viewpoint direction
component so that statistical angle values are different in the mirrored poses. According to this idea,
an OVFH descriptor is proposed, which is described in detail as follows.

First, the reference frame of the point cloud needs to be estimated using the principal component
analysis (PCA) method, which will help to compute the orthogonal vector of the viewpoint direction.
All the points pi belonging to the point cloud are given to represent the view of the object, where i
∈ {1,..., n}. Their centroid pc are calculated according to Equation (1) and used as the origin of object
reference frame. After that, the covariance matrix C of all points is calculated by pi and pc as the
following equation:

C =
1
n

n∑
i=1

(pi − pc)(pi − pc)
T, (5)

Then, the eigenvalue λj of C and its corresponding eigenvector vj that satisfy Cvj = λjvj, where j
∈ {1, 2, 3}, are computed. The eigenvector vmin which is corresponding to the minimum eigenvalue
λmin is taken as the z-axis of the reference frame. In order to eliminate the ambiguity in the z-axis
direction, if the angle between vmin and the observation direction is in the range of [−90◦, 90◦], the
opposite vector of vmin is taken. This ensures it points to the observer all the time. The eigenvector
vmax which is corresponding to the maximum eigenvalue λmax is taken as the x-axis of the reference
frame. After that, the y-axis is computed by y = vmin × vmax. The reference frame estimated for a given
partial view is shown in Figure 4.
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Figure 4. Reference frame estimated from three-dimensional (3D) point cloud: x-axis (red), y-axis
(green), and z-axis (blue).

The z-axis pointing to the observer is obtained after determining the reference frame representing
the overall point cloud of the partial view. The cross product of the z-axis and the viewpoint direction
is calculated by Equation (6) to obtain an orthogonal vector of the viewpoint direction:

vo = z× (pc − pv), (6)

Different from VFH [8], OVFH calculates the viewpoint component by counting a histogram,
which is a statistic of the angles between the orthogonal vector of the viewpoint direction and each
normal, so that the viewpoint direction component of the mirrored poses are different from each other,
as shown in Figure 5. The angular deviation cosβO between the orthogonal viewpoint vector and each
normal ni is calculated by Equation (7):

cos βO = ni · vo

‖vo‖2 , (7)

Figure 5. The different viewpoint features of orthogonal viewpoint feature histograms (OVFHs) in
mirrored poses.

Using the speed and discriminative power of the FPFH to ensure the strong recognition result of
the OVFH, the FPFH is extended to estimate the entire object point cloud. The difference between the
normal ni of each point pi and the central normal nc can be represented by cosαO, cosφO, and θO, which
represent relative pan, tilt, and yaw angles, respectively. They are given by the following equations:

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩
cosαO = v · ni

cosφO = u · pi−pc
‖pi−pc‖2

θO = arctan w·ni
u·ni

, (8)

In summary, the proposed OVFH descriptor contains two components: one is the surface shape
component constituted of the extended FPFH, and the other is the viewpoint component improved
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by the orthogonal vector of the viewpoint direction. The OVFH uses 45 bins for each value of the
extended FPFH by default, and another 128 bins for the improved view component, thus, the OVFH
descriptor has 263 dimensions. Figure 6 shows the principle and result of OVFH. Figure 7 shows the
calculation results of VFH and OVFH in the cases that the object faces the viewpoint and deviates from
the viewpoint direction by +60◦ and –60◦ yaw angle, respectively. As shown in the figure, although
both VFH and OVFH assign 128 bins to encode the viewpoint direction component, the viewpoint
direction information of VFH is only distributed in 64 bins. This is because the normals of the point
cloud always point to the sensor, and their dot product with the central viewpoint direction must be in
the range [0, 1]. The dot product of the point cloud normals and the orthogonal vector of the central
viewpoint direction is in the range of [−1, 1]; thus, the viewpoint component of OVFH is distributed
in all 128 bins and reserves more viewpoint information than VFH. The VFHs of mirrored poses are
very similar, which may cause their corresponding poses are misidentified because of the similar
match scores in the template matching phase. The OVFH descriptors of mirrored poses have distinctly
different viewpoint direction components in the mirrored poses, so that the false mirrored pose can be
avoided in the template matching phase.

(a) 

(b) 

Figure 6. OVFH concept map: (a) improved feature description; (b) orthogonal viewpoint
feature histogram.
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Figure 7. Comparison of two feature descriptors.

3. Visual Guidance Algorithm for the Robotic Grasping System

The robotic visual grasping algorithm includes two phases, offline and online, as shown in Figure 8.
In the offline phase, a database that has complete poses of experimental objects is created by changing
the sensor viewpoint. The object poses under each viewpoint are combined with the available grasping
poses to teach the robot how to grasp the object in different poses. After that, all relevant information
is stored in the database, including point clouds, feature descriptors, classification information, and
grasping poses for each viewpoint. In the online phase, the scene point cloud is captured using a depth
camera. After filtering and segmenting the scene point cloud, the global feature descriptor of the object
is calculated to match the database. And the recognition result is the sample that has the most similar
feature histogram with the object. Finally, the iterative closest point (ICP) algorithm [19] is used to
calculate the precise pose to generate the trajectory and pose for robotic grasping operation.

Figure 8. Algorithm for the robotic grasping system.

3.1. Creation of the Database

The database mainly consists of two parts: a multi-view point cloud database and a grasping
pose database.
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A multi-view point cloud database is created to contain all the poses of the object to be grabbed.
Point cloud data from different perspectives can be captured by building a rotating platform such
as [8], but creating a training database for a reasonable number of objects using a real device can be
a cumbersome task, and even difficult if one wants to have all the different views and poses of an
object. Alternatively, as described in [9], if the object has an available 3D computer aided design (CAD)
model, a virtual camera can be placed directly around the object in the rendering system and all desired
viewpoints can be obtained without calibrating the system and a time-consuming capture process.
This is a database creation method which is low-cost and easy to extend object set; therefore, this paper
uses this method to create a database.

Taking CAD model as the center of the sphere, the bounding sphere with radius r is established.
A virtual depth camera [20] is set up on the viewpoints uniformly selected on the spherical surface to
capture the object point clouds. As shown in Figure 9a, first, to ensure the coverage and uniformity
of viewpoint selection, viewpoints are selected on the bounding sphere at every 15◦ yaw angle and
pitch angle, denoted as (ϕ,ψ). Then, the virtual depth camera is set up at each viewpoint to capture
the corresponding object point cloud, and record the pose data of the object model in the camera
coordinate system. Finally, the point cloud data is processed offline. The OVFH descriptors of the
point clouds under each viewpoint are calculated and the feature files are saved in the database.

 
(a)                                    (b)           

Figure 9. Database creation: (a) multi-view point cloud database; (b) grasping pose database.

Objects usually have multiple stable poses. It is impossible for the robot to grip the object in the
same grasping pose in any cases because of the limitation of the environment and robot’s working
space. Therefore, it is necessary to teach the robot how to grab objects in different poses. A plurality of
stable robot grasping poses relative to the object are recorded in the database, and the robot grasping
poses in different object poses can be obtained by rotating and transforming the object poses under
different viewpoints in the multi-view point cloud database. Figure 9b shows the database that records
the grasping poses.

3.2. Object Recognition and Pose Estimation

A 640 × 480 pixels RGB-D image captured by the Kinect v1 sensor is processed with the PCL
library and converted into a point cloud containing 307,200 points (see Figure 10a). It requires initial
filtering before the segmentation process. First, invalid points (NaN) that are useless for 3D processing
without depth information due to factors such as specular surface, occlusion or transparency are
removed. Then, a passthrough filter is used to remove all the points located outside the defined range.
Experiments have shown that it is impossible to identify small objects reliably outside the range of
0.4–1.5 m away from the sensor. Therefore, the cut-off distance of the passthrough filter along the
Z-axis is set as this range. The appropriate X and Y axis ranges are set to confine the isolated region of
interest (ROI) to the graspable workspace of the robotic arm (see Figure 10b). Then, the random sample
consensus (RANSAC) algorithm is used to detect the principal plane of the remaining point cloud and
remove the inlier points of the plane, that is, to remove the ground points. Finally, the cluster of the
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target object is obtained by Euclidean cluster segmentation, and the noise clusters are eliminated by
setting an appropriate threshold of the number of the cluster points (see Figure 10c).

 (a) (b)                         (c)  

Figure 10. Point cloud pre-processing: (a) scene point cloud; (b) passthrough filter; (c)
object segmentation.

The OVFH feature of the target point cloud is calculated after the target point cloud in the scene
is obtained through the above preprocessing. The obtained OVFH descriptor is compared with the
multi-view point cloud database by the k-nearest neighbor search based on K dimension (K-D) tree,
and the winning result is selected as the object recognition result with rough pose estimation. Then, the
point cloud of winning pose is translated to the centroid of the target object and iteratively optimized
by ICP algorithm. This algorithm iteratively modifies the rigid transformation matrix between two
point clouds to minimize their distance until the iteration error is less than the threshold or the current
iteration number is greater than the maximum number. Figure 11 shows the registration effect of the
template point cloud and the target point cloud. Finally, the robotic manipulator grasps the object
based on the object refined pose after using ICP.

(a) (b)

Figure 11. Registration results: (a) Initial relative pose; (b) Refined pose after the iterative closest point
(ICP).

4. Experimental Results

4.1. Experimental Results on the Data Set

The hardware used in the evaluation experiment was a computer with Intel Core i5-7500 CPU
@ 3.40 GHz processor and 16 GB RAM. In order to prove that the proposed descriptor OVFH is
improved in pose retrieval compared with VFH, a publicly available dataset [21] was used for test
experiments. Each object in the data set has 600 point clouds which are captured from five polar angles
and 120 turntable positions, with an azimuth equidistance of 3◦. The 12 objects shown in Figure 12
were selected from the BIGBIRD data set for a comparative experiment of pose retrieval using VFH
and OVFH. A complete pose database (12 ∗ 5 ∗ 24 = 1440 in total) was created by selecting poses
at 24 equally spaced 15◦ azimuths from each polar angle of each object. In order to verify the pose
identification ability of OVFH and VFH, 24 point clouds with mirrored poses of each object were
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selected as the test set. Figure 13 shows the object recognition accuracy using two kinds of feature
descriptors. As far as the test was concerned, OVFH had similar accuracy to VFH in object recognition.
The average recognition rates of OVFH and VFH were both 94.44% for all 12 objects. Figure 14 shows
the mirrored pose distinction accuracy using two kinds of feature descriptors. For mirrored poses,
the average distinction rate of OVFH (95.49%) was significantly higher than that of VFH (82.6%).
Table 1 presents the computation time for each procedure when using two kinds of descriptors to test.
Although OVFH descriptor required an additional step of reference frame estimation, OVFH could
avoid false pose recognition and provide a better initial pose for ICP, which greatly reduced the time
consuming of refining pose. Table 1 shows that the average computation time was 856.866 ms when
object recognition and rough pose estimation were performed using VFH and the pose was further
refined using ICP. OVFH reduced the average computation time to 546.212 ms because reducing the
number of ICP iterations. The distance root mean squared error (RMSE) of corresponding point pairs
in the point cloud registration process is used to describe the error of the pose estimation. It can be seen
from the Table 1 that OVFH can obtain higher average precision of pose estimation by providing better
initial values for ICP. From Figures 13 and 14 and Table 1, OVFH enhances the distinction capability of
the mirrored pose while preserving the identification capability of VFH, and is more computationally
efficient and precise in the accurate pose estimation combined with the ICP. Experimental results show
that the proposed feature (OVFH) can be used to improve the performance of pose retrieval.

 
Figure 12. 12 tested objects.

Figure 13. Object recognition rate.
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Figure 14. Mirrored pose distinction rate.

Table 1. Computation time for processing a single object instance.

Method Procedure Average Time (ms) Average RMSE (m)

VFH + ICP
Description 1.694

3.219 × 10−5
Pose refinement 855.172

OVFH + ICP
Reference frame estimation 10.767

1.391 × 10−5Description 1.832
Pose refinement 533.613

4.2. Robotic Grasping Experiment

Figure 15 shows the hardware setup of the robotic grasping experiment. A KUKA Youbot robot
was used to grasp objects, and Microsoft Kinect v1 was mounted on the robot’s stand to capture point
clouds for robotic vision. The computer used for object recognition and pose estimation was equipped
with an Intel i5 CPU and 16 GB RAM. Eight objects used for the grasping experiment are shown in
Figure 16, where objects A-E have mirrored structure. A multi-view point cloud database was built
by the CAD models of all experimental objects, and the robot was taught how to capture objects of
different poses.

Figure 15. The hardware setup of the robotic grasping experiment.
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Figure 16. The objects used in robotic grasping experiment.

Experiments were performed on eight objects, each of which was set to 10 initial poses in the
robot’s workspace. Figure 17 shows the results of object recognition and pose estimation. As shown
in the figure, the point cloud collected online was precisely registered with the recognition result in
database. To test the effectiveness of the proposed OVFH descriptor, the first nine matching scores were
used to determine the distinction capability of the mirrored poses, as shown in Figure 18. Figure 18a,b,
respectively, show the results of object recognition using the VFH and OVFH descriptor, when the
object A was placed in a pose of −60◦ relative to the viewpoint. The result in the lower left corner was
the best match. When using VFH, the true pose and its mirrored poses were alternately arranged, and
a false positive was generated for the mirrored pose. When using OVFH, the true pose was correctly
identified, and the matching scores of the mirror poses and the true pose were quite different, which
would avoid the false positive effectively. The experimental results of eight objects are recorded in
Table 2. For objects F-H without mirrored structure, VFH and OVFH exhibited similar performance.
For objects A-E with mirrored structure, VFH could not distinguish its mirror poses. Identifying the
wrong initial pose would increase the registration time of ICP and the pose estimation error, and even
lead to registration failure. Since OVFH avoided false pose Identification, the convergence was faster
when using ICP to refine the pose, and the average computation time was reduced to 0.523 s. At the
same time, correct pose recognition made the model point cloud and the target point cloud better fit,
thus obtaining higher pose estimation accuracy. After object recognition and registration, the refined
pose was used to guide the robot to grasp the object. Figure 19 shows the grasping experiment results
of an object with mirrored poses.

Figure 17. The result for object recognition and registration.
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(a)

(b)

Figure 18. Matching results for (a) VFH descriptor and (b) OVFH descriptor.

Table 2. Experimental results of eight objects.

Object

VFH + ICP OVFH + ICP

Pose Distinction
Rate (%)

Average
Time (s)

Average
RMSE (m)

Pose Distinction
Rate (%)

Average
Time (s)

Average
RMSE (m)

A 60 0.878 3.388 × 10−5 100 0.428 1.543 × 10−5

B 70 0.973 6.895 × 10−5 100 0.574 2.258 × 10−6

C 90 0.676 1.674 × 10−5 100 0.471 2.852 × 10−6

D 70 0.747 1.044 × 10−5 90 0.338 2.994 × 10−6

E 80 1.079 6.611 × 10−5 100 0.775 2.415 × 10−6

F 100 0.501 4.317 × 10−6 100 0.494 4.062 × 10−6

G 100 0.672 6.213 × 10−6 100 0.647 6.429 × 10−6

H 100 0.446 5.379 × 10−6 100 0.457 5.240 × 10−6

Average Value 83.75 0.747 2.650 × 10−5 98.75 0.523 5.210 × 10−6
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Figure 19. The grasping results for object with mirrored poses.

5. Conclusions and Future Work

In order to correctly distinguish the mirrored poses relative to the viewpoint, an effective global
feature descriptor OVFH is proposed in this paper, which was successfully applied to object recognition
and pose estimation. The proposed method computes an orthogonal vector of the viewpoint direction
by using a reference frame estimated for the entire point cloud. This orthogonal vector is used to
improve the viewpoint component of the feature descriptor. Experimental results in public data set
show that OVFH descriptor can characterize object poses well and enhance the ability to distinguish
mirrored poses. Based on OVFH descriptor, an object recognition and pose estimation method for
vision-guided robotic grasping system is designed. The experimental results show that the proposed
vision-guided robotic grasping method can effectively distinguish the mirrored poses and guide the
robot to grasp different objects.

For future work, the proposed feature descriptor can be extended by color description to obtain
the ability to recognize objects with the same geometries and different patterns. It will also be studied to
combine the proposed idea of calculating orthogonal viewpoint direction with other feature descriptors
to obtain better results.
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Abstract: Advances in Robotics are leading to a new generation of assistant robots working in
ordinary, domestic settings. This evolution raises new challenges in the tasks to be accomplished by
the robots. This is the case for object manipulation where the detect-approach-grasp loop requires a
robust recovery stage, especially when the held object slides. Several proprioceptive sensors have
been developed in the last decades, such as tactile sensors or contact switches, that can be used for
that purpose; nevertheless, their implementation may considerably restrict the gripper’s flexibility
and functionality, increasing their cost and complexity. Alternatively, vision can be used since it
is an undoubtedly rich source of information, and in particular, depth vision sensors. We present
an approach based on depth cameras to robustly evaluate the manipulation success, continuously
reporting about any object loss and, consequently, allowing it to robustly recover from this situation.
For that, a Lab-colour segmentation allows the robot to identify potential robot manipulators in the
image. Then, the depth information is used to detect any edge resulting from two-object contact.
The combination of those techniques allows the robot to accurately detect the presence or absence
of contact points between the robot manipulator and a held object. An experimental evaluation in
realistic indoor environments supports our approach.

Keywords: robotics; robot manipulation; depth vision

1. Introduction

Advances in Robotics are leading to a new generation of assistant robots working in ordinary
domestic settings, such as healthcare and rehabilitation [1,2], agriculture [3], emergency situations [4,5],
or guidance assistance [6]. In this context, the ability to autonomously manipulate objects is of critical
importance. Though there exist a wide research on robot grasping (e.g., Refs. [7–11]), it is mainly
focused on object location, along with motion and grasp planning. Only a few efforts have been
devoted to monitoring the grasp action for error recovery, an issue that is, however, crucial to achieve
the required level of autonomy in the robotic system.

Along this line, a state-of-the-art solution is to equip the robot gripper with tactile sensors. In this
way, the presence or absence of a grasped object can be easily perceived through pressure distribution
measure or contact detection [12,13]. For that reason, a wide variety of tactile sensors for robot hands
have been developed [14]. However, the existing tactile technologies have multiple limitations. First,
most of the existing sensors are too bulky to be used without sacrificing the system dexterity. Another
reason is that they are too expensive, slow, fragile, sensitive to temperature, or complex to manufacture.
They may also lack elasticity, mechanical flexibility or robustness. Therefore, it is necessary to have an
alternative or complementary sensing approach to robustly detect errors in object grasping.

Alternatively, information about joint position, joint velocity or joint torque (proprioception),
has been often used for robot grasping [15,16]. Nevertheless, the grasp stability may be affected by
several parameters such as the configuration of the robotic gripper, the (mis)alignment of the joint
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axes, or inaccurate data (e.g., open/close instead of the exact grip aperture). These drawbacks limit the
suitability of this approach for service robots.

As a solution, we propose to use computer vision since it can provide more accurate information
than other robot sensors. Thus, the evaluation of a manipulation action may be mediated by a proper
recognition of both the gripper and the held object. To the best of our knowledge, no other approach
exists in which vision is used for error detection after an attempt to pick up an object. For instance,
taking the Amazon Picking Challenge as a test case, none of the over 60 teams that participated in
its three editions (2015–2017) reported the use of vision for detecting grasping errors [17,18]. Often
grasping errors were not detected at all or error detection was based on a vacuum sensor when a
suction cup was used [19], as well as weight checking [20].

A wide range of approaches for gripper and/or object recognition varying in complexity and
functionality can be found in the literature. Currently, the most popular approach is deep learning [21–26].
This approach could be described as computational models composed of multiple processing layers that
allows it to learn representations of data with multiple levels of abstraction. Nevertheless, as a training
stage is required, all the manipulated objects (including the robot gripper) must be known in advance.
In addition, the use of elastically deformable objects or grippers can lead to a failure of this approach
since a sufficiently large number of visual appearances may not be available for system training.
Furthermore, the high requirements of current deep learning solutions in terms of memory and
computational resources make it infeasible for robot tasks.

With the purpose of real-time operation, visual local features could be used. One of the most
implemented technique is SIFT [27,28]. This approach shares many features with neuron responses in
primate vision. Basically, SIFT transforms visual input into linear scale-invariant coordinates that are
relative to local features. In this way, an object can be located in an image that contains many other
objects. The main drawback of this approach (and its alternatives [29–31]) is that a certain amount
of texture in the objects to be detected is required, a requirement that cannot be always guaranteed
in ordinary, domestic settings. Moreover, the grasping action may result in a great object occlusion
making the object visually undetectable.

In this context, traditional Computer Vision techniques could fit since they allow us to extract
simple image features like colour or shape that can be used for a proper robot gripper monitoring.
In particular, similarly to the human vision system, this paper proposes a technique to combine
simple visual features (e.g., motion, orientation, colour, etc.) for gripper monitoring. More specifically,
edge, depth and colour are properly combined to detect a contact between a robot gripper and
any grasped object.

This paper is organised as follows: Section 2 overviews the robot grasp task, while Section 3
introduces our approach for grasping monitoring. Experimental results are presented and discussed in
Section 4. Finally, conclusions and future work can be found in Section 5.

2. The Grasping Task

Any grasping task involves a device to hold and manipulate objects that can be in the form of
simple grippers or highly dexterous robotic hands (see Figure 1 for some examples). So, these devices
have evolved according to the Robotics demands. Firstly, the two-finger grippers were designed to
satisfy the industrial assembly needs. From that starting point, different designs have been proposed in
the literature to properly fulfill robot service tasks. In addition, the wide variety of objects to deal with
has also led to the use of different materials allowing the robot manipulator to flexibly adapt itself to
the most varied shapes (see Figure 2). This flexibility results in a deformation (sometimes permanent)
and, as a consequence, recognizing the gripper turns into a much more difficult task. In addition,
techniques based on a model of the gripper or its shape become impractical due to the complexity in
modelling the many different ways a gripper or its fingers can deform.
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Figure 1. A sample of the evolution of robotic manipulators.

Figure 2. A sample of deformations when flexible robotic grippers grasp an object.

For that reason, an abstraction is required. Generally speaking, a grasp can be defined as a set
of contacts between a robot manipulator and the surface of any held object (see Figure 3). From
this definition, the grasping action could be detected as the contact between the object and the
manipulator. Therefore, a solution could be to properly detect both the object and the manipulator and
find their contact points. However, there are several issues to be overcome such as detecting them in
different environments, the wide variety of objects (some of them could be quite similar to the others),
and a great manipulator diversity. In addition, using only an RGB input can lead to tricky situations
where the manipulator and the object are not in contact, but the visual system may wrongly identify
contact points. As illustrated in Figure 4, given the visual alignment between the robotic manipulator
and the object, the robot may be unable to distinguish if they are in contact or not. What is more,
colour-based object recognition highly depends on illumination conditions; so, with the purpose of
reducing its influence, different colour models have been investigated in terms of sensitivity to image
parameters [32]. From this study, the Lab colour space is the best alternative due to its invariance
under different conditions.

Figure 3. Contact points resulting from robotic grippers grasping an object.
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Figure 4. Tricky RGB situations of non-grasping contact points where a visual aligment between an
object and the robotic manipulator can be confusing.

Note that the colour coordinates are experimentally set for each robotic manipulator. For that,
several images under different environmental conditions (five images in our experiments) are required
to properly adjust the Lab range. However, a colour-based segmentation extracts all the elements
within the scene satisfying those colour coordinates, as illustrated in Figure 5. Thus, more information
is required to properly identify the robot gripper so that a robust detection of grasp contact points is
achieved and, as a consequence, the grasping action itself is more dependable. In this paper, we propose
to fuse Lab data with depth information to achieve this goal. This data could be obtained from an
RGB-D camera, a popular device in the last years due to its low price and the enriched information it
provides. As explained in the following section, this sensory fusion also solves the detection of the
gripper and the object.

Figure 5. Image segmentation based on Lab colour model.

3. Grasp Monitoring

As mentioned above, the proposed approach is based on the fusion of two visual inputs: RGB
and depth. So, RGB information provides an early, coarse image segmentation. As previously shown in
Figure 5, the RGB input is first converted into its corresponding Lab image. Then, a segmentation based
on Lab gripper coordinates is applied. Given that real environments are considered, several elements
could present the same colour distribution and, as a consequence, they also appear in the segmentation
result. This is the case of Pepper’s robot that is homogeneously coloured and consequently, all the
robot parts are present in the colour-based segmentation result as depicted in Figure 5. For that reason,
an additional cue is required to properly identify the robot gripper and, therefore, the grasping task.

In this sense, depth data has been used to overcome the colour segmentation issues. Thus, on the
one hand, the depth cue provides information about an object’s position with respect to its neighbours.
This allows the robot to robustly detect the contact points (or their absence) between the scene objects.
In this way, the real contact points can be properly identified based on the depth difference between
two touching objects. Nonetheless, this approach detects any contact point between two objects.
So, for instance, apart from the grasping contact points, it obtains the contact points between a table
and any object on it, those between two objects in touch or overlapping, or even the contact points
between different parts of the same object, as shown in Figure 6. Due to the sensor limitation, there is a
noteworthy amount of pixels without depth information. For example, too close pixels like the robot’s
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body, are missing in the depth map. In addition, other visual objects are vanished as it is the case of the
door. As a result, the number of contact points is reduced although more information is necessary to
accurately isolate gripper-object contact points.

Figure 6. Contact points detected by the depth-based map.

To overcome this difficulty, the gripper recognition is applied to properly identify the grasping
contact points and, consequently, evaluate the robot grasping task and detect its possible errors.
With that aim, a contour extraction is performed, that is, the contours are obtained from depth changes.
A pixel is classified as a contour when there is a leap between the depth information for that pixel
and one of its neighbours. In our case, that jump was limited to 0.01 depth units (approximately
1 cm). Note that to achieve this, a critical issue is the missing depth points mainly resulting from the
distance with respect to the sensor and the object’s thinness. As a solution, the border pixels in terms
of presence/absence of information have been also considered as contours (see Figure 7).

Figure 7. Results of our edge detection from depth information such that the bottom centre column
represents the first contour segmentation, while the last one shows the contour segmentation
after refinement.
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This fact leads to all the object’s contours in the scene. Consequently, an edge refinement is
necessary to adequately isolate the robot gripper. Given that the vision system is always located at the
top of the robot and looking ahead, the robot actuator contour emerges from the bottom part of the
image. Therefore, all the contours out of the image bottom are discarded as shown in Figure 7.

Once the contours are obtained, they are combined with the colour segmented image. In this way,
the gripper is properly identified within the visual scene. The last step is to check the presence or
absence of contact points with a held object. For that, only the objects contained between the robot
fingers are considered.

Therefore, the whole approach combines all the abovementioned methods to properly check the
grasping status at any time. So, as illustrated in Figure 8 and sketched in Algorithm 1, our approach
concurrently performs three raw segmentations: the first is based on the Lab gripper components;
the second obtains all the contact points between two objects separated by less than 5 cm, while
the last one outputs an image with all the object contours. As all the object contours are obtained,
the last segmentation is refined such that only the ones that start at the bottom of the image are
considered. This information, together with the colour segmentation, allows the system to properly
isolate the robot gripper. Finally, the overlap between this last image and the raw contact points
segmentation provides the robot with the information about the presence or absence of contact points
and, consequently, the status of the grasping task. Note that the proposed approach only depends on
two parameters: the Lab components, corresponding to the robot gripper; and the depth threshold.
So, on the one hand, the Lab components are defined by an interval of values for each component
obtained from a Lab-component analysis of the robot gripper under different illumination conditions.
On the other hand, the depth threshold must be set from camera information such that it approximately
corresponds to 1 cm.

Figure 8. Our approach flowchart for robust grasping monitoring.
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Algorithm 1: Our grasping monitoring approach.
Data: RGB-D image
Result: a boolean indicating an object is grasped
nContactPoints ← 0;
for each pixel do

LAB components are obtained from RGB coordinates;
if Lmin ≤ Lpixel ≤ Lmax && amin ≤ apixel ≤ amax && bmin ≤ bpixel ≤ bmax then

LAB_segmented ← 255;
else

LAB_segmented ← 0;
end

if Depthpixel is NaN then

Edge_detection ← neighbourhoodclassi f ication;
else

if distance(Depthpixel , Depthneighbourhood) ≤ Depth_threshold then

Edge_detection ← 255;
else

Edge_detection ← 0;
end

end

if Edge_detection && Bottom_Edge then

Arm_detection ← 255;
else

Arm_detection ← 0;
end

if Arm_detection && Depthpixel ≤ Contactthreshold then

Contact_points ← 255;
else

Contact_points ← 0;
end

if LAB_segmented && Contact_points then

nContactPoints ← nContactPoints + 1;
end

end

4. Experimental Results

With the purpose of validating our approach, three different robot platforms have been used:
the Baxter robot [33], the Pepper robot [34] and the Hobbit robot [35] (see Figure 9). The Baxter robot is
a two-armed robot designed for industrial automation. On the contrary, the Pepper and Hobbit robots
are social platforms designed to interact with people. So, Pepper is a commercial semi-humanoid robot
being adapted to several applications like a guide assistant, while the Hobbit is a socially assistive
robot aimed at helping seniors and elderly people at home. All these robot platforms are endowed
with multiple sensors, providing the robot with perceptual data, and actuators, allowing the system to
perform its tasks.
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Figure 9. The three robot platforms used to evaluate the performance of our approach: the Baxter
robot [33] (left), the Pepper robot [34] (center) and the Hobbit robot [35] (right).

There are several differences between them to be taken into account for grasping tasks. On the one
hand, the robot gripper is quite different in each robot. In particular, Baxter is provided with a parallel
jaw gripper intended to perform industrial tasks such as packaging, material handling or machine
tending. On its behalf, Pepper emulates a human hand with a five-finger gripper, whereas Hobbit is
endowed with a gripper based on FESTO Fin Ray Effect; in this design, the two soft, triangular fingers
with hard crossbeams can buckle and deform to conform around grasped objects. This allows us to
evaluate the performance of our approach not only with rigid grippers but also with continuously
shape-changing grippers.

On the other hand, the camera location varies between the platforms. Indeed, the visual input is
provided by a pan-tilt RGB-D camera (i.e., Microsoft Kinect) mounted on the head of each robot and,
therefore, it is approximately located at a height of 160 cm ( Baxter), 110 cm (Pepper), and 130 cm (Hobbit).

With the aim to accurately evaluate the approach performance, the three robots were located at
different unstructured scenarios (seven in total) carrying out different tasks. So, Baxter is performing a
pick-and-place task (see Figures 10 and 11), while Pepper and Hobbit execute assistive tasks as depicted
in Figures 12 and 13. A total of twenty objects were used in our experiments including challenging
ones such as keys, a bottle of water, a pack of gum, or a headphone’s bag.

As shown in Figure 10, several contact points are detected within a scene. So, all the objects on
the bin present contact points. However, thanks to the gripper recognition module, only the grasping
contact points are considered for evaluating the status of the grasping task. Another critical issue is
the missing depth data, clearly present in Figure 10. The combination of colour and depth cues and
the inclusion of non-data points allows our approach to successfully detect the presence or absence of
contact points between the robotic manipulator and the object, as shown in Figure 10 and its partial
version in Figure 11.
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Figure 10. Some experimental results of our approach with the Baxter robot in pick-and-place tasks.
The first column corresponds to the taken RGB-D image given as an RGB image and a depth map.
The second column illustrates the Lab segmentation with the robot arm contour obtained from the
contour segmentation refinement. The third column illustrates the combination of the images in the
two columns. The next column depicts all the two-object contact points based on depth proximity.
The last image shows the contact points obtained from the overlap between the results in the third and
fourth columns.
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Figure 11. Some experimental results of our approach with the Baxter robot in pick-and-place tasks:
the left column corresponds to the input RGB image; the middle column illustrates the detected contact
points; and the last column shows the overlapping between the original image and the detected contact
points (in pink).
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Figure 12. Some experimental results of our approach with the Hobbit and Pepper robots in assistive
tasks. The first column corresponds to the taken RGB-D image given as an RGB image and a depth
map. The second column illustrates the Lab segmentation with the robot arm contour obtained from
the contour segmentation refinement. The third column illustrates the combination of the images in
the two columns. The next column depicts all the two-object contact points based on depth proximity.
The last image shows the contact points obtained from the overlap between the results in the third and
fourth columns.
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On its behalf, Figure 12, and the partial version in Figure 13, highlight the resolution of the visual
ambiguities since no false positive grasping contact points are obtained, even when the robot gripper
is close to the ground and its visibility is poor. Thin objects can be also properly detected when they
are grasped as in the case of the chewing gum pack. In addition, it can be observed that neither the
changing shape of Hobbit’s gripper nor the use of different robot grippers affect the approach results.

Figure 13. Some experimental results of our approach with the Hobbit and Pepper robots in assistive
tasks: the left column corresponds to the input RGB image; the middle column illustrates the detected
contact points; and the last column shows the overlapping between the original image and the detected
contact points (in pink).
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The approach’s performance has been analysed by means of a comparison between its output in
terms of presence or absence of a grasped object and the images manually labelled considering seven
scenarios, three robot platforms, and twenty objects with different visual features. With a total of one
thousand 640 × 480 images, the algorithm was able to successfully evaluate the grasping status with
an accuracy of 97.5% at a speed of 160 ms per image. Note that this speed allows the robot to work in
real-time, what is crucial for service robots. The main errors were a consequence of handling small
and/or thin objects in specific configurations.

5. Conclusions

Reliable grasping is a decisive task for any robotic application from industrial pick-and-place to
service assistance. For that reason, it is critical to successfully perform any grasp and properly recover
for any error. This is, however, not straightforward due to the great variety of robot manipulators and,
especially, those with a design that prevents the use of other devices like touch sensors.

In this paper, we propose a novel vision approach for monitoring the grasping tasks and verifying
any lost of the held object. The underlying idea is the recognition of the contact points between the
robot manipulator and the grasped object. For that, all the contact points between two objects within
the scene are obtained from depth data. Then, it is checked whether any contact point corresponds to
the inner part of the gripper. With that aim, a griper recognition method based on the fusion of depth
and colour cues is presented.

So, on the one hand, the input RGB image is segmented according to the Lab-colour manipulator
coordinates. At the same time, edge information is extracted from depth data. An edge refinement
under the assumption of the manipulator boundary comes from the bottom of the image, allows our
approach to extract the robot arm contour. Finally, the colour-contour combination together with the
contact point map determines the grasping status at any time.

With the aim of properly evaluating the performance of our approach, three different robot
platforms have been used: Baxter, Pepper and Hobbit. So, its performance was evaluated in different
scenarios, with different objects and with several head poses. The experiment results highlight the
good performance, obtaining an accuracy of 97.5%. It is noteworthy that the erroneous cases are
present when thin or small objects are manipulated and only in some manipulator configurations.
For that reason, the approach should improve to cover these cases. In addition, the proposed approach
runs in real-time, which is an issue particularly problematic for robot applications.

As future work, other visual features will be analysed with the aim of overcoming the problems
detected with small or thin objects without constraining the robot’s autonomy.
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Abstract: Automatic joint detection is of vital importance for the teaching of robots before welding
and the seam tracking during welding. For narrow butt joints, the traditional structured light method
may be ineffective, and many existing detection methods designed for narrow butt joints can only
detect their 2D position. However, for butt joints with narrow gaps and 3D trajectories, their 3D
position and orientation of the workpiece surface are required. In this paper, a vision based detection
method for narrow butt joints is proposed. A crosshair laser is projected onto the workpiece surface
and an auxiliary light source is used to illuminate the workpiece surface continuously. Then, images
with an appropriate grayscale distribution are grabbed with the auto exposure function of the camera.
The 3D position of the joint and the normal vector of the workpiece surface are calculated by the
combination of the 2D and 3D information in the images. In addition, the detection method is applied
in a robotic seam tracking system for GTAW (gas tungsten arc welding). Different filtering methods
are used to smooth the detection results, and compared with the moving average method, the Kalman
filter can reduce the dithering of the robot and improve the tracking accuracy significantly.

Keywords: robotic welding; seam tracking; visual detection; narrow butt joint; GTAW

1. Introduction

In automatic welding, it is necessary to align the welding torch with the center of the joint to
ensure the welding quality. Nowadays, the motion path of a welding robot is usually set by offline
programming or manual teaching. However, during the welding process, the actual joint trajectory
may deviate from the path set before welding due to factors, such as machining error, assembly error,
and thermal deformation. In view of the abovementioned reason, it is necessary to perform automatic
joint detection.

In the welding field, visual detection is widely used for the monitoring of weld defects [1],
recognition of the weld joint [2–4], etc. For automatic joint detection, the structured light method
based on optical triangulation is commonly used to detect the 3D position of joints with large grooves.
Zou et al. projected a structured laser on the workpiece surface and extracted laser stripes from images
strongly disturbed by an arc to calculate the 3D position of the joint in the world frame and control
the motion of the welding torch in real time [5]. Li et al. proposed a robust automatic welding seam
identification and tracking method by utilizing structured light vision, which can identify deformed
laser stripes in the complex welding environment and find the position of the welding joint in the
pixel coordinate [6]. Some companies have released commercial joint detection sensors based on the
structured light method [7,8].
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However, for the butt joint with a narrow gap (with a width less than 0.2 mm), the deformation of
structured light stripes almost disappears, so it is difficult to detect the position of the narrow butt
joint with the structured light method [9]. To solve this problem, researchers have proposed a variety
of methods. Xu et al. developed a passive visual sensing method to capture the image of a molten
pool and extracted the edge of the molten pool with an improved Canny operator to calculate the
deviation of the joint relative to the torch [10]. Gao et al. tried to capture the image of a molten pool
with an infrared camera and calculated the deviation of the joint relative to the torch by the shape
of the weld pool. Then, an adaptive Kalman filter and Elman neural network were used to improve
the accuracy [11]. Nilsen et al. estimated the offset of the joint relative to the torch in laser welding
by the image of the keyhole and the spectrum of the plasma sprayed from the keyhole, respectively,
and combined these two methods to construct a composite sensing system [12]. Shah et al. used an
auxiliary light source to illuminate the workpiece. Considering the uneven brightness on the surface
of the workpiece, the local thresholding method was used to extract the position of the joint in pixel
coordinates [13]. Nele et al. constructed an image acquisition system, which was combined with the
pattern learning algorithm to detect the position of the butt joint relative to the torch and corrected the
torch position in real time [14]. Kramer et al. distinguished the boundaries between the two surfaces of
the workpiece to be welded by their texture information, thereby finding the nearly invisible narrow
line imaged by the joint gap [15]. Gao et al. introduced a novel method, in which the deviation of the
weld joint relative to the torch was detected according to the magneto-optical effect [16].

The above methods for the detection of a narrow butt joint can only detect its 2D position.
However, in the welding of a butt joint with a width less than 0.2 mm and with a 3D trajectory, the
3D position of the joint is required. Furthermore, the welding torch should also maintain a proper
orientation relative to the workpiece surface to ensure the welding quality, so the normal vector of
the workpiece surface also needs be obtained. Fang et al. presented a visual seam tracking system in
which the deviation of the joint relative to the torch in the horizontal direction was detected according
to the position of the joint in the image under natural light illumination, and the deviation in the
vertical direction was detected using the structured light method, but the method was incapable of
detecting the orientation of the workpiece surface [17]. Shao et al. projected three laser stripes onto the
workpiece surface, blended the 2D information of the joint in the image with the 3D information of
the structured light, calculated the 3D position of the joint and the normal vector of the workpiece
surface, and adjusted the position and orientation of the torch in real time [18]. However, this method
still relied on the deformation of laser stripes. Because of the machining error and assembly error, the
width of the joint can be uneven and the gap of some points on the joint will disappear. Under this
circumstance, this method will miss some joint points.

Zeng et al. designed a narrow butt detection sensor, which projected uniform light and crosshair
structured light onto the surface of a workpiece and captured images alternately. Then, 2D and 3D
information were combined to calculate the 3D position of the joint and the normal vector of the
workpiece surface in a world frame, and the position of the torch was corrected in real time [9,19].
Based on this method, Peng et al. tried to fit the workpiece surface with the moving least squares (MLS)
method in the calculation process to improve the fitting accuracy [20]. However, Zeng’s method [9,19]
has certain limitations. To conveniently extract the 2D information of the joint from the image, the
method requires strict lighting conditions for the auxiliary light source. When the auxiliary light
source is on, the grayscale of the workpiece surface in the image needs to be almost saturated, but
this requirement can be achieved only with a specular reflection workpiece surface and the workpiece
surface needs to be close to the auxiliary light source. The working distance of those commercial joint
detection sensors based on the structured light method can reach more than 100 mm [7,8], while the
working distance in [9] does not exceed 40 mm generally. In the case of a diffuse reflection workpiece
surface or remote detection, the illumination intensity of the LED light source is insufficient as the
auxiliary light source. To achieve the desired high grayscale of the workpiece surface in the image,
the exposure time of the camera needs to be extended, which will deteriorate the detection speed. If a
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laser light source is used as the auxiliary light source, speckle in the image will affect the image quality
and make it difficult to extract the 2D information of the joint from the image. In this paper, a vision
based detection method for a narrow butt joint is proposed, which reduces the requirements for the
lighting conditions of the auxiliary light source, and the proposed method is used in building a robotic
seam tracking system for GTAW (gas tungsten arc welding).

The rest of the paper is organized as follows. In Section 2, the processes and details of the
proposed detection method are presented. To apply this detection method in the robotic seam tracking
system, Section 3 introduces the necessary coordinate transformation. In Section 4, the configurations
of the joint detection sensor and the robotic seam tracking system for GTAW are detailed. In Section 5,
the detection results of the proposed method are presented, and different filtering methods are used
to smooth the detection results to reduce the dithering of the robot and improve the seam tracking
accuracy. Finally, Section 6 gives the conclusions of this paper.

2. Detection Method for the Narrow Butt Joint

In this section, the principle of the detection method is introduced first, then details of the method
are discussed, including the grabbing of images with an appropriate grayscale distribution, image
processing, and the calculation of the position and orientation of the joint. Finally, applications of the
proposed method are discussed.

2.1. Principle of the Method

The basic experimental setup of the proposed detection method for a narrow butt joint is shown
in Figure 1. A crosshair laser is projected onto the workpiece surface and the LED (light-emitting
diode) auxiliary light source is used to illuminate the workpiece surface continuously. Images with an
appropriate grayscale distribution are grabbed by using the auto exposure function of the camera to
adjust the exposure time. Then, the joint region and laser stripe region can be extracted by different
gray thresholds. The laser stripe region provides the 3D information of the workpiece surface (normal
vector included) and the joint region provides the 2D information of the joint. By combining the 2D
and 3D information together, the 3D position of the joint can be obtained. To improve the processing
speed, different processing flows are used for the first frame and the subsequent frames. The flowchart
of the proposed joint detection method is shown in Figure 2, and its details will be described in the
following subsections.

 

Figure 1. Basic experimental setup of the proposed method.
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Figure 2. Flowchart of the proposed joint detection method.

2.2. Grabbing of Images with an Appropriate Grayscale Distribution

The ROI (region of interest) of the grabbed image is shown in Figure 3, and the field-of-view
corresponding to it is 16.25 × 10 mm. The grayscale of the background region is affected by the
illumination intensity of the auxiliary light source. The laser stripe region is created by the projection
of the crosshair laser. Ideally, the grayscale for the joint region should be very low (close to 0) and that
for the laser stripe region should be very high (close to 255) in the image. So, in the auto exposing of
the camera, the expected average grayscale of the ROI is set to 128 to ensure that the joint region and
laser stripe region can be differentiated clearly from the background region according to different gray
thresholds. However, if the illumination intensity of the auxiliary light source is too strong, the exposure
time will be reduced greatly, so the grayscale for the laser stripe region will be obviously smaller than
255 and be close to that of the background region when the expected average grayscale of the ROI is set
to 128, which will make it difficult to differentiate the laser stripe region from the background region.
So, to differentiate the laser stripe region from the background region, the illumination intensity of the
auxiliary light source is controlled to be obviously weaker than that of the crosshair laser by adjusting
its supply voltage to make sure that the grayscale for the laser stripe region is close to 255. In fact, this
can easily be achieved, especially under the circumstance of remote detection, because the orientation of
the LED light is much worse than that of the laser. The average grayscale of the ROI shown in Figure 3
is 128.4. The pixel coordinate system {P} is established on the ROI.

Figure 3. The grabbed ROI (region of interest).
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2.3. Image Processing

2.3.1. Determination of Thresholds for Binarization

The thresholds for the extraction of the laser stripe region and the joint region are determined
according to the histogram, h(r), of the ROI, where r represents the grayscale and h represents the
number of pixels with a grayscale of r. To eliminate false valleys caused by accidental factors, a
Gaussian filter with a length of 5 is used to smooth the original histogram first, and the smoothed
histogram is shown in Figure 4. The background region with a medium grayscale results in peak 2
in the histogram. For the laser stripe region, its grayscale is very high and its area is not very small,
which causes peak 3 in the high grayscale region of the histogram. So, the grayscale corresponding to
valley 2, which is between peak 2 and peak 3, can be regarded as the threshold, thigh, and it can be
used for extracting the laser stripe region from the background region. The grayscale corresponding to
valley 2 is found to be 234 in the smoothed histogram, so thigh = 234.

Figure 4. Smoothed histogram of the grabbed ROI.

For the joint region, the binarization threshold cannot be determined in the same way as the laser
stripe region. This is because when the joint is extremely narrow, the area of the joint region in the ROI
can be very small. In this case, peak 1 in the histogram does not exist at all, and neither does valley 1.
To ensure the robustness of the threshold determination method, Equation (1) is used to determine the
threshold, tlow, for extracting the joint region from the background region:

tlow = maxr

s, t.
r
∑

i=0
h(i) ≤ Sa (1)

where S is the area of the ROI and a is a ratio, which is a = 0.01. We get tlow = 20. The value of a
should be near the percentage of the joint region’s area in the ROI. If the value is set too high, the
background region is not eliminated effectively. On the contrary, if the value is set too low, the main
part of the joint region is not kept completely.

2.3.2. Binarization and Morphology Operation

The binarization of the images is processed with the thresholds, thigh and tlow, respectively, and
the binary ROI are shown in Figure 5. In the two images of Figure 5, there are some disconnected small
regions, so the morphology of the close operation is used to connect them in the two images, and the
images after close operation are shown in Figure 6.
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(a) (b) 

Figure 5. ROI after binarization. (a) Laser stripe region. (b) Joint region.

.  

(a) (b) 

Figure 6. ROI after close operation. (a) Laser stripe region. (b) Joint region.

2.3.3. Extraction and Selection of Connected Domains

When the image is the first frame, the connected domains in the two images of Figure 6 are
extracted. Because the laser stripe region and the joint region, ideally, do not have holes, only the
outermost contours are kept if there are nested contours. For the laser stripe region and joint region, the
connected domains have a relatively large area and a slender shape, while those falsely kept regions
always have a relatively small area or a less slender shape, so we can retain the laser stripe region and
joint region according to their area and circularity ratio [21] (pp. 844–845):{

A > Amin

Rc < Rcmax
(2)

where A is the area of the connected domains and Amin is the area threshold. The values of Amin are
selected by several attempts to keep the main part of the laser stripe region or the joint region. For the
laser stripe region, Amin is set to 2000 pixel2 and for the joint region, Amin is set to 1000 pixel2. This is
because the area of the laser stripe region is obviously larger than that of the joint region. Rc represents
the circularity ratio of the connected domains and Rcmax is the circularity ratio threshold. Rc is defined as:

Rc =
4πA
P2 (3)

where P is the perimeter of the connected ratio. The circularity ratio can represent the slenderness
degree of a region. It is 1 for a circular region and 0 for a line, so the circularity ratio threshold, Rcmax,
is set to 0.5 for both the laser stripe region and the joint region and we find this value effective.

The connected domains kept are shown in Figure 7. It can be found that there is a false connected
domain kept in Figure 7a, which results from the area threshold being not large enough. In fact, if the
area threshold is set to 3000 pixel2, this false connected domain will be eliminated. However, even if it
is kept, the laser stripe can still be extracted successfully in the following steps.
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(a) (b) 

Figure 7. Kept connected domains. (a) Laser stripe region. (b) Joint region.

Because the extraction and selection of the connected domains are time-consuming tasks, to
improve the speed of image processing, they are only performed for the first frame. For the rest of the
frames, those falsely kept regions do not influence the detection result because of the robustness of the
image processing method, which is introduced in the content below.

2.3.4. Extraction of Valid Points

For the images in Figure 7, each column is scanned from top to bottom to find every line segment
whose length is greater than 10, and then the midpoint of each found line segment is marked as a valid
point, as shown in Figure 8. The valid points of the laser stripe region are marked in red and the valid
points of the joint region are marked in blue. The use of a length threshold of the line segments is to
eliminate those line segments located at the boundary of the connected domains.

  

(a) (b) 

Figure 8. Extracted valid points. (a) Laser stripe region. (b) Joint region.

2.3.5. Line Extraction

Because the field-of-view corresponding to the ROI is small (with a size of 16.25 × 10 mm), the
joint in the ROI can be approximated as a straight line when its trajectory does not change sharply.
When the curvature of the joint trajectory increases, the size of the field-of-view corresponding to the
ROI should be reduced to make sure that the joint region can be regarded as a straight line. Similarly,
the workpiece surface in the ROI can be approximated as a plane when its curvature is small, so the
laser stripes can be approximated as two straight lines.

The Hough transform [22] is a common method for the detection of straight lines. A line can
be represented as ρ = x cos θ + y sin θ, where ρ is the perpendicular distance from the origin to the
line and θ is the angle formed by this perpendicular line and the horizontal axis, so any line can be
represented with (ρ, θ). A 2D array or accumulator is created with a resolution of Δρ × Δθ. For every
point in the image, θ is changed within its domain of definition with a step size of Δθ and a different ρ

is obtained. For every (ρ, θ) pair, the value of the bin corresponding to it in the accumulator increases.
Finally, the parameters of the bin corresponding to the maximum value in the accumulator are regarded
as the extracted line.
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However, the computational cost of the Hough transform increases with the improvement of
its detection accuracy. To ensure the detection accuracy of the Hough transform and meanwhile
ensure the speed of detection to meet the requirements of real-time performance, different parameter
settings are adopted for the first frame and the subsequent frames. If the speed of detection is not fast
enough, the detected point would not be dense enough so the detection accuracy of the joint trajectory
will deteriorate.

For the first frame, a rough Hough transform is used. The Hough transform is applied to
extract two laser stripe lines and the joint line, respectively, and only valid points in Figure 8 are
considered. To increase the detection speed, the resolution, Δρ and Δθ, are set with relatively large
values, which means that the accuracy of the line extraction is relatively low. Δρ = Δρf = 10 pixel
and Δθ = Δθf = 0.1 rad are set here. Because we currently do not know any information about the
line’s position, the value range of ρ is set to [−diag, diag], where diag = 1640 pixel is the diagonal
length of the ROI and the value range of θ is set to [−π

2 , −π
2 ]. For the valid points of the laser stripe

region, the accumulator’s bins with maximum values in the range of θ > 0 and θ < 0 are searched,
respectively, and the parameters of these two found bins represent the two laser stripe lines. For the
valid points of the joint region, the accumulator’s bin with the maximum value is searched for in
the whole parameter space of ρ and θ, and the parameters of the found bin represent the joint line.
The found laser stripe lines and the joint line are drawn in Figure 9a,b, respectively, from which it can
be seen that the accuracy of the line extraction is inadequate.

  

(a) (b) 

Figure 9. Extracted lines with the rough Hough transform. (a) Laser stripe lines. (b) Joint line.

For the subsequent frames, a precise Hough transform is used. During two successive frames,
there is no significant relative motion between the camera and the workpiece, so the position of the
laser stripe region and the joint region only changes a little. Therefore, from the second frame, the
value ranges of the parameters of the Hough transform only need to be near the extracted lines of
the last frame. For example, suppose that the parameters of the extracted joint line in one frame are
(ρl, θl). Then, the value of ρ is restricted to [ρl − ρn, ρl + ρn] and θ is restricted to [θl − θn , θl + θn] when
extracting the joint line in the subsequent frame. ρn and θn represent half of the value range of ρ and θ

in the Hough transform of the subsequent frame, which are set to be 100 pixels and 0.2 rad, respectively.
In the same way, the value ranges for the extraction of two laser stripe lines are determined. Since the
value ranges of the parameters become smaller, the value of Δρ and Δθ can be reduced to increase the
extraction accuracy, so it is set that Δρ = Δρs = 1 pixel and Δθ = Δθs = 0.005 rad. The laser stripe
lines and the joint line extracted with this method are shown in Figure 10, from which we can see that
the accuracy of the line extraction obviously increases.

It is worth noting that the extraction and selection of the connected domains described in
Section 2.3.3 are not performed for the subsequent frames, so there may be some valid points falsely
extracted. The restriction for the value ranges of the parameters of the Hough transform in the
subsequent frames can eliminate the effect of these falsely extracted valid points on line extraction,
which therefore increases the robustness of the line extraction method.
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(a) (b) 

Figure 10. Extracted lines with a precise Hough transform. (a) Laser stripe lines. (b) Joint line.

Below is a comparison of computational complexity between the rough Hough transform and the
precise Hough transform. When the number of valid points is fixed, the computational complexity of
the Hough transform is O(M1) and the computational complexity of searching for the accumulator’s
bin with the maximum value is O(M1M2), where M1 and M2 are the number of possible values for θ

and ρ, respectively.
For the first frame:

M1 =
π

Δθf
≈ 63, M2 =

2diag
Δρf

≈ 328 (4)

For the subsequent frames:

M1 =
2θn

Δθs
= 80, M2 =

2ρn

Δρs
≈ 200 (5)

It can be seen that compared with the first frame, the computational complexity of the
precise Hough transform for the subsequent frames does not change much though its accuracy
increases significantly.

2.4. Calculation of the 3D Coordinates of the Joint and the Normal Vectors of the Workpiece Surface

By performing calibration in advance [23], the relationship between a point
(
xP, yP) in the pixel

coordinate system {P} and its corresponding point
(
xC, yC, zC) in the camera coordinate system {C} is

obtained as: {
xC = zCSx

(
xP, yP)

yC = zCSy
(

xP, yP) (6)

where Sx
(

xP, yP) and Sy
(
xP, yP) represent the transformation function between {P} and {C}, which are

determined by the camera itself. The equations of the two light planes of the crosshair laser source in
{C} can also be obtained through calibration:

AixC + BiyC + CizC + Di = 0, i = 1, 2 (7)

Two laser stripe lines are denoted as l1 and l2. N points centered on the intersection of l1 and
l2 are selected with an equal distance on l1 and l2 in {P}, respectively, and these selected points are
denoted as

(
xP

ij , yP
ij

)
, j = 1, 2, . . . , N. N is set to 50 and the distance between two adjacent points is set

to 10 pixels. For each selected point
(

xP
ij , yP

ij

)
, its corresponding coordinate,

(
xC

ij , yC
ij , zC

ij

)
, in {C} can be

solved by combining Equations (6) and (7):⎧⎪⎪⎪⎨⎪⎪⎪⎩
zC

ij =
−Di

AiSx

(
xP

ij ,y
P
ij

)
+BiSy

(
xP

ij ,y
P
ij

)
+Ci

xC
ij = zC

ij Sx

(
xP

ij, yP
ij

)
yC

ij = zC
ij Sy

(
xP

ij, yP
ij

) , i = 1, 2, j = 1, 2, . . . , 50 (8)
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Because the field-of-view corresponding to the ROI is small, the workpiece surface in the ROI
can be approximated as a plane in {C} when its curvature is small, and its least-squares plane can be
estimated with

(
xC

ij , yC
ij , yC

ij

)
, which can be represented with Equation (9):

AC
wxC + BC

wyC + CC
wzC + DC

w = 0 (9)

Naturally, the normal vector of the workpiece surface in {C} can be represented as
nC

w =
[
AC

w, BC
w, CC

w
]T, which can also be regarded as the normal vector (or orientation) of the joint point.

Among the points on the joint line, only the point located at the middle along the y direction of
the ROI is selected and calculated as the joint point here, which is denoted as

(
xP

s , yP
s
)

in {P}. Then, its
corresponding 3D coordinate, (xC

s , yC
s , zC

s ), in {C} can be solved by combining Equations (6) and (9):⎧⎪⎪⎨⎪⎪⎩
zC

s = −DC
w

AC
wSx(xP

s ,yP
s )+BC

wSy(xP
s ,yP

s )+CC
w

xC
s = zC

s Sx
(

xP
s , yP

s
)

yC
s = zC

s Sy
(

xP
s , yP

s
) . (10)

2.5. Applications of the Proposed Detection Method

The proposed detection method can be used both before welding and during welding. On the
one hand, it can be used before welding to correct the path of the robot when the trajectory of the
joint changes after teaching. Under this circumstance, it can be applied to welding methods, like
laser welding, GMAW (gas metal arc welding), and GTAW. On the other hand, it can be used during
welding to guide the motion of the torch in real time. Since this method requires images of the joint
with little disturbance, it can be applied to welding methods that include almost no spatter, like GTAW.

3. Coordinate Transformation

In Section 2, the position and orientation of the joint point in the camera coordinate system {C}
was calculated with the proposed joint detection method. When applying this method in the robotic
seam tracking system, the position and orientation in the camera coordinate system {C} need to be
transformed into the base coordinate system {B} of the robot to guide the motion of the robot.

Coordinate systems involved in coordinate transformation include the camera coordinate system
{C} fixed to the camera, the base coordinate system {B} attached to the robot base, and the tool coordinate
system {T} fixed to the welding torch, as shown in Figure 11. A coordinate transformation can be
described with a homogenous transformation matrix [24]. To describe the transformation relationship
of {C} with respect to {B}, a homogenous transformation matrix, B

CT, is needed.

 

Figure 11. Coordinate systems involved in the coordinate transformation.
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To obtain a homogenous transformation matrix, B
CT, a homogenous transformation matrix, T

CT, is
required, which describes the transformation relationship of {C} with respect to {T}, and B

TT, which
describes the transformation relationship of {T} with respect to {B}. Then, B

CT can be derived from:

B
CT = B

TTT
CT (11)

Since in the robotic seam tracking system the camera is fixed on the welding torch, T
CT can be

predetermined by calibration. The origin of {T} is denoted as TCP (tool center point). B
TT is related to

the position and orientation of the robot, which can be represented as
(

xB
T, yB

T, zB
T, αB

T, βB
T, γB

T
)
, where(

xB
T, yB

T, zB
T
)

represents the position of the TCP in {B} and
(
αB

T, βB
T, γB

T
)

represents the orientation of the
welding torch in Euler angles. αB

T, βB
T, and γB

T are the roll, pitch, and yaw angles of {T} relative to {B}.
With these six parameters known, B

TT can be derived, which is not detailed here. Additionally, B
CT

can be derived from Equation (11). Then, the coordinates of the joint point,
(

xB
s , yB

s , zB
s
)
, in {B} can be

derived from: ⎡⎢⎢⎢⎣
xB

s
yB

s
zB

s
1

⎤⎥⎥⎥⎦ = B
CT

⎡⎢⎢⎢⎣
xC

s
yC

s
zC

s
1

⎤⎥⎥⎥⎦ . (12)

With B
CT derived, the normal vector of the joint point in {B} nB

w can be derived since nC
w is known.

Suppose that nB
w can be represented as:

nB
w =
[

AB
w, BB

w, CB
w

]T
(13)

Therefore, the orientation of the joint point in {B} can be described with the Euler angles, γB
s and

βB
s , as shown in Figure 12, which are given as follows:{

γB
s = arctan

(
BB

w/CB
w
)

βB
s = arctan

(
AB

w/CB
w
) (14)

 
Figure 12. Illustration of γB

s and βB
s .

So, the position and orientation of the joint point in {B} can be represented with
(
xB

s , yB
s , zB

s , βB
s , γB

s
)
.

In the welding process, besides a relative position with the joint, the welding torch also needs
to maintain a desired relative orientation with the workpiece surface to ensure the welding quality.
Suppose that the welding torch should be perpendicular to the workpiece surface. Then, the axis of
the welding torch, zT, needs to be parallel with nB

w. In the experiments described below, the joints are
mainly along the xB direction and there is no sharp change of their trajectories, so the welding torch
does not need to rotate around its axis, zT. Thus, αB

T is constant at 0. γB
s and βB

s are regarded as the
target values of γB

T and βB
T in the seam tracking process, respectively. Therefore, in seam tracking, the
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target values of the position and orientation,
(

xB
T, yB

T, zB
T, βB

T, γB
T
)
, of the robot are that of the joint point,(

xB
s , yB

s , zB
s , βB

s , γB
s
)
, when αB

T is fixed to 0.

4. Experiment Setup

The configuration of the joint detection sensor designed according to the abovementioned
detection method for a narrow butt joint of GTAW is shown in Figure 13. The Gig (Gigabit Ethernet)
camera has a resolution of 1600 × 1200 pixel and offers the auto exposure function. With a working
distance (the distance from the bottom of the sensor to the detected workpiece) of 30 mm, the
field-of-view of the camera is 20 × 15 mm. The size of the ROI is set to 1300 × 1000 pixel in the
experiments. The square LED diffused light with a central wavelength of 630 nm is used as the
auxiliary light source. Since the image captured by the camera is rectangular, and the shell of the
sensor is cuboid, a square LED can make better use of the space in the sensor and the area in the image.
The crosshair laser has a central wavelength of 635 nm and the narrow bandpass filter has a central
wavelength of 635 nm and FWHM (full width at half maximum) of 10 nm. The central wavelength for
the square LED diffused light, the crosshair laser, and the narrow bandpass filter can eliminate the
effect of the arc light on joint detection in aluminum alloy welding using GTAW, since in the arc light
spectrum, the intensity near 635 nm is relatively low [9].

 

Figure 13. Configuration of the joint detection sensor.

A schematic of the robotic seam tracking system for GTAW is shown in Figure 14. The joint
detection sensor is fixed 52.3 mm in front of the welding torch. The welding torch is installed at the
end of the robot arm, so its position and orientation can be controlled by changing the position and
orientation of the robot arm. The robot is a Yaskawa MA1440 six-axis robot, which can be controlled
directly with the DX200 robot cabinet. The industrial computer has 8 G RAM and i7-6700 CPU with a
clock frequency of 2.60 GHz. The image of the workpiece surface is grabbed and sent to the industrial
computer by the joint detection sensor. Then, the industrial computer performs image processing to
obtain the position and orientation of the joint point in the camera coordinate system {C}. By combing
them with the current position and orientation of the robot sent by the robot cabinet, the industrial
computer performs coordinate transformation and calculates the position and orientation of the joint
point in the base coordinate system {B}, namely, the target position and orientation of the robot.
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Figure 14. Schematic of the robotic seam tracking system for GTAW (gas tungsten arc welding).

5. Process and Result of the Joint Detection and Seam Tracking Experiment

In this section, a joint detection experiment is carried out with the robotic seam tracking system
first. Then, a seam tracking experiment is carried out and in order to smooth the detection results and
improve the tracking accuracy, different smoothing methods are used and their effects are compared.

5.1. Process and Results of the Joint Detection Experiment

The joint detection experiment was performed with the robotic seam tracking system described in
Section 4, in which the plane workpieces used are shown in Figure 15. The width of the joint between
these two workpieces was less than 0.2 mm. The frame rate of the camera was 10 fps, and every image
was used to calculate the target position and orientation. It should be noted that in this experiment,
the welding torch moved along the xB axis of the base coordinate system {B} at a constant speed of
5 mm/s and did not change its motion status according to the detected result, so there was only joint
detection and no seam tracking. The theoretical and detected results are shown in Figure 16 in which
yB

s , zB
s , γB

s , and βB
s are plotted against xB

s , respectively. The theoretical results were calculated according
to drawings of the plane workpieces in Figure 15. It can be seen that the position error does not exceed
±0.15 mm and the angle error does not exceed ±1.5◦, which indicates the effectiveness of the proposed
detection method for narrow butt joints.

Figure 15. Dimension and orientation of the plane workpieces.
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(a) (b) 

 
(c) (d) 

Figure 16. Results of the joint detection experiment with the plane workpieces. (a) yB
s versus xB

s . (b) zB
s

versus xB
s . (c) γB

s versus xB
s . (d) βB

s versus xB
s .

5.2. Process and Results of the Seam Tracking Experiment

The seam tracking experiment was performed with the robotic seam tracking system, in which
the curved workpieces used are shown in Figure 17. The joint to be tracked was a curve with a 3D
trajectory and width less than 0.2 mm. The frame rate of the camera was 10 fps and the linear speed
and angular speed of the robot were 5 mm/s and 5 ◦/s, respectively. From the results of the joint
detection experiment shown in Figure 16, some fluctuations can be noted. If these detected results(

xB
s , yB

s , zB
s , βB

s , γB
s
)

are used to guide the motion of the robot directly, dithering will happen in the
robot’s motion because the detected results are not smooth enough, which will affect the accuracy of
the detection and tracking. So, in the seam tracking experiment, the detected results

(
xB

s , yB
s , zB

s , βB
s , γB

s
)

need smoothing by a filter. Then, the smoothed results of position and orientation
(
xB

f , yB
f , zB

f , βB
f , γB

f
)

were sent to a buffer, and the results in the buffer were sent to the robot in sequence to guide its motion.
The existence of the buffer is thus necessary. For the robot, we could only send it the next target after
it had reached the last target. Because the next target may be detected before the robot had reached
its last target, we needed the buffer to store these newly detected targets. The process is shown in
Figure 18. In addition, only the filtered results whose positions were at a minimal distance (1.5 mm
here) from that of the previous filtered result were sent to the buffer to make sure that positions of the
filtered results used to guide the motion of the robot were not too close, otherwise obvious pauses in
the motion of the robot would have resulted.
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Figure 17. Dimension and orientation of the curved workpieces.

Figure 18. Filtering and sending of the position and orientation results.

Two smoothing methods were used to smooth the detected results, and their effects were compared.
The first smoothing method was the moving average (MA). The recent 10 detected results were

taken into account in order to eliminate individual results with large errors. For each dimension in
these results, the maximum and minimum were excluded and the average of the rest values were
calculated and regarded as the filtered result. Taking xB

s as an example, the filtered value of xB
s is

denoted as xB
f , which can be calculated from the following formula:

xB
f (i) =

∑ xB
s (i + k)− max

[
xB

s (i + k)
]
− min

[
xB

s (i + k)
]

8
, k = 0, 1, . . . , 9 (15)

where xB
s (i) is the ith value of xB

s and xB
f (i) is the ith value of xB

f . For yB
s , zB

s , βB
s , and γB

s , the same
method is applied and the filtered values are calculated, respectively.

The second smoothing method was the Kalman filter (KF) [25]. The state and measurement
equations for a system can be described as:{

xi = Axi−1 + Bui−1 + wi−1
zi = Hxi + vi

(16)

where xi is the ith value of the variable, wi and vi are the process and measurement noise, respectively,
and they are assumed to be independent, white, and with normal probability distributions, p(w) ∼
N(0, Q) and p(v) ∼ N(0, R), respectively, where Q is the process noise covariance and R is the
measurement noise covariance. A is the state transformation matrix and B is the control matrix.

The Kalman filter iterated algorithm can be written as:⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

x̂−i = Ax̂i−1 + Bui−1
P−

i = APi−1 AT + Q
Ki = P−

i HT(HP−
i HT + R

)−1

x̂i = x̂−i + Ki
(
zi − Hx̂−i

)
Pi = (I − Ki H)P−

i

(17)
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where x̂−i is the ith priori state estimate, x̂i is the ith posteriori state estimate, P−
i is the ith priori

estimate error covariance, Pi is the posteriori estimate error covariance, Ki. is the ith Kalman gain, zi is
the ith measurement, and H is the measurement matrix.

The Kalman filter was applied for each dimension of the detected results
(
xB

s , yB
s , zB

s , βB
s , γB

s
)

to get
the filtered results

(
xB

f , yB
f , zB

f , βB
f , γB

f
)
. Taking xB

s as an example, the average of the first 10 values of xB
s

calculated from Equation (19) was regarded as x̂0. xB
s (i + 10) was regarded as the measurement, zi, so

H = 1. Because it was unknown and uncontrollable how the position and orientation of the joint point
would change, A = 1 and B = 0 were set. For the other parameters, P0 = 0, Q = 10−5, and R = 0.01,
which were determined from experience. The posteriori estimate, x̂i, was regarded as the filtered value
of xB

f ; that is, xB
f (i) = x̂i.

The theoretical and filtered results are shown in Figure 19. The theoretical results were calculated
according to the drawings of the curved workpieces in Figure 17. When MA was used, obvious
dithering happens in the robot’s motion. This indicates that MA was unable to smooth the detected
results effectively, so the fluctuation of the detected results caused dithering of robot’s motion as the
robot performs seam tracking and its motion follows the filtered position and orientation. Because
the calculation and the communication between the robot cabinet and the industrial computer need
time, there was some delay (about tens of milliseconds in our experiment) between the grab of the
image and the acquisition of the current position and orientation of the robot, which may bring some
detection error into the coordinate transformation. When dithering starts to happen, the detection
error will increase and in turn aggravate the dithering of the robot’s motion. Compared with MA,
the KF can smooth the detected results and eliminate the dithering of the robot’s motion much more
effectively, therefore, increasing the accuracy of joint detection and seam tracking significantly, which
indicates that KF is quite applicable for the proposed robotic seam tracking system.

 
(a) (b) 

 
(c) (d) 

Figure 19. Results of the seam tracking experiment with the curved workpieces. (a) yB
f versus xB

f . (b) zB
f

versus xB
f . (c) γB

f versus xB
f . (d) βB

f versus xB
f .
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Next, the processing time for the joint detection and smoothing (including image processing,
coordinate transformation and filtering) were tested and compared. One hundred results of the
position and orientation of the joint points were detected and smoothed with MA and KF, respectively.
Mean values of the required time were 44.7 ms and 44.5 ms, and the standard deviations were 9.8 ms
and 8.0 ms, respectively. It can be found that KF does not lead to an increase in the processing time
compared with MA. Suppose the welding speed is 10 mm/s, the distance between two detected points
is less than 0.5 mm, so the processing speed of the proposed joint detection method meets the real-time
requirements to make the detected trajectory accurate enough.

6. Conclusions

A vision based detection method for a narrow butt joint was proposed in this paper. The proposed
method can detect the 3D position of the narrow butt joint with a width of less than 0.2 mm and the
normal vector of the workpiece surface simultaneously. The position error does not exceed ±0.15 mm
and the angle error does not exceed ±1.5 ◦. In addition, the proposed detection method was applied in
a robotic seam tracking system for GTAW. It was found that the Kalman filter can reduce the dithering
of the robot and improve the tracking accuracy significantly compared with the moving average
method, which indicates that KF is applicable for the proposed robotic seam tracking system.
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Abstract: Among biometric recognition systems such as fingerprint, finger-vein, or face, the iris
recognition system has proven to be effective for achieving a high recognition accuracy and security
level. However, several recent studies have indicated that an iris recognition system can be fooled
by using presentation attack images that are recaptured using high-quality printed images or by
contact lenses with printed iris patterns. As a result, this potential threat can reduce the security level
of an iris recognition system. In this study, we propose a new presentation attack detection (PAD)
method for an iris recognition system (iPAD) using a near infrared light (NIR) camera image. To detect
presentation attack images, we first localized the iris region of the input iris image using circular
edge detection (CED). Based on the result of iris localization, we extracted the image features using
deep learning-based and handcrafted-based methods. The input iris images were then classified into
real and presentation attack categories using support vector machines (SVM). Through extensive
experiments with two public datasets, we show that our proposed method effectively solves the
iris recognition presentation attack detection problem and produces detection accuracy superior to
previous studies.

Keywords: iris recognition; presentation attack detection; convolutional neural network; support
vector machines

1. Introduction

Over recent decades, biometric technology has gained much attention and is widely used in
various applications to enhance user convenience and the security level of recognition systems
compared to traditional recognition methods [1–9]. However, researchers have recently indicated that
biometric recognition systems are vulnerable to attack by attackers presenting fake samples to data
collecting systems [2,10–16]. Using appropriate artificial biometric features, an unauthorized person
can be recognized as authorized by a biometric recognition system using either direct or indirect attack
methods [16]. As a result, presentation attack detection methods are required to protect a biometric
recognition system from attackers and enhance its security level.

Among the many biometric features, the iris pattern has been recently used for recognition
because of its reliability and high security [3,9]. However, several studies have indicated that a fake iris
pattern can be made by recapturing a real iris pattern or by printing an iris pattern on a contact lens to
fool iris recognition systems. To address this problem, we propose a new presentation attack detection
method for an iris recognition system by using hybrid image features and offer a classification method
to overcome the limitations of previous research. Our proposed method is novel in five ways compared
to previous research.

- First, this is the first approach to use a deep CNN model for iPAD to overcome the limitation
of previous studies which adopted only shallow CNN networks. The trained CNN model can
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extract discriminative features for classifying real and presentation attack images because it is
trained using a large amount of augmented training images.

- Second, since presentation attack images have special characteristics such as noise or discrete
patterns of textures, we applied a multi-level local binary pattern (MLBP) method to extract
these images features. The handcrafted image features can be seen as a complement to the deep
features to enhance the classification result.

- Third, we combined the detection results based on MLBP and deep features to enhance the
accuracy of the iPAD method. The combination was performed using feature level fusion and
score level fusion. This is the first approach to combine handcrafted and deep features for iPAD.

- All previous research showed the performances of iPAD according to the individual iPAD dataset
such as printed or contact lenses. However, we present the robustness of our method irrespective
of the kinds of iPAD datasets through the evaluation with the fused datasets of printed and
contact lenses.

- Finally, we made our trained models and algorithms for iPAD available to other researchers for
comparison purposes [17].

2. Related Works

Previously, several methods have been proposed for detecting presentation attack images for
iris recognition systems [18–24]. Generally, these studies can be classified into two groups, including
iPAD methods based on expert-knowledge (handcrafted) image features and iPAD methods based on
learning-based image features.

In the first group, authors mainly designed several feature extraction methods based on their
expert knowledge of the problem. With the extracted image features, they performed classification
methods such as support vector machines to detect real and presentation attack images [18–20].
One example of the first group for the iPAD method is the work by Gragnaniello et al. [18]. In this work,
several local descriptors were used to detect iris images. Local descriptors such as the local binary
pattern (LBP) and its variants, local phase quantization (LPQ), binarized statistical image features
(BSIF), and shift-invariant descriptors (SID) were proven to be effective for detecting presentation attack
images. However, as shown in their experimental results, the detection accuracy varied according to
the kind of feature extraction methods and working datasets and reduced the reliability of the detection
system. The BSIF feature extraction method was successfully used in a study by Doyle et al. [19] for
detecting the textured contact lenses in an iris recognition system. One important result obtained
from this study was that the accurate segmentation of the iris region is not required to obtain accurate
detection results. In a study by Komogortsev et al. [21], the eye movement information was used
for iris liveness detection. However, eye movements can be simulated by imposters who have
expert-knowledge of the problem. Instead of using a gray-textured image, Raja et al. [22] used the
information from different color channels to detect a presentation attack ocular image. As indicated
from these studies, the handcrafted image features were effective for detecting presentation attack
iris images.

In the second group, authors leave the details of feature extraction and classification behind the
scenes by applying a learning-based method on a large amount of training data to train a detection
model. For example, Silva et al. [23] used a convolutional neural network (CNN) called spoofnet
to detect textured cosmetic contact lenses. Experimental results using the Notre Dame Contact
Lens (NDCL-2013) dataset showed that the CNN method produced state-of-the-art detection results.
However, using the IIIT-Delhi dataset, the CNN method produced less than state-of-the-art results.
In addition, the spoofnet used in this research was relatively shallow (two convolution layers and
one fully connected layer). This problem can affect the detection accuracy. Similar to this research,
Menotti et al. [24] used a CNN network by applying two optimization schemes including structure
optimization and filter optimization. They validated the detection performance for various biometric
features such as face, fingerprint, and iris. Their proposed method combining the architecture and filter
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optimizations worked well for the fingerprint benchmark. However, their face and iris benchmarks
produced detection results just comparable with state-of-the-art results. Again, the CNN networks
used in this research were relatively shallow with two convolution layers and one fully connected dense
layer. The results of these studies demonstrate that a deep convolutional neural network is effective
for detecting presentation attack images for biometric recognition systems. However, in addition to
the scarceness of training data, the use of a shallow network architecture can be a limitation of these
studies. In Table 1, we summarize previous studies by considering the detection methods with their
strengths and weaknesses.

Table 1. Summary of previous studies on iPAD systems.

Category Method Strength Weakness

Expert-knowledge-based
feature extraction methods

- Uses local descriptors such as
LBP, LPQ, and BSIF for
detecting presentation attack
image [18–20]; Eye movement
information [21]; and color
information [22].

- Easy to implement.
- Do not require a large

amount of training data.

- Detection accuracy varies
according to dataset.

- Cross-sensor problems.

Learning-based feature
extraction methods

- Uses convolutional network to
extract image features and
neural network with SoftMax
regression for classification [23].

- Uses CNN with structure and
filter optimization [24].

- Good detection accuracy.
- Image features are learned

using a large amount of
training data similar to that
of human brain.

- More complex than use of
handcrafted
image features.

- Over-fitting problem.
- Requires large amount of

real and presentation
attack images to
successfully train
CNN network.

The rest of our paper is organized as follows. In Section 3, we present the main structure of our
proposed iPAD method and a detailed description of the technique. In Section 4, we perform various
experiments using two public datasets to evaluate the detection performance of our proposed iPAD
method and compare our experimental results with those of previous research and discuss our results.
Finally, we provide concluding remarks in Section 5.

3. Proposed PAD Method for Iris Recognition System

3.1. Overview of Proposed Method

Figure 1 shows the overall flowchart of our proposed iPAD method. Similar to an iris recognition
system, we first detected the iris region from the input iris image to localize the iris region. This step was
necessary because the iris region can differentiate between a real and presentation attack iris image, while
the other regions contain no or less discrimination information according to the attack method. Based on
the detection result of this step, we extracted an iris region of interest and used this image to extract features
for our proposed method. The detailed explanation of this step is given in Section 3.2.

We then extracted the image features in the localized region of interest produced by the
preprocessing step. Our proposed method extracted the handcrafted features and deep features
using the MLBP and a CNN method, respectively. The details of these image feature extraction
methods are provided in Sections 3.3 and 3.4, respectively. As a result, we obtained a feature vector for
the MLBP method and for the CNN method. These two feature vectors were then combined using
feature level fusion and score level fusion approaches. A detailed description of each fusion method is
provided in Section 3.5. Finally, we used a SVM to classify the input image into real and presentation
attack classes using the extracted image features.
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Figure 1. General flowchart of proposed iPAD method.

3.2. Iris Region Detection Using Circular Edge Detection Method

Since an iris recognition system uses the iris region to recognize individuals, attackers to this
system attempt to create a presentation attack sample that is similar to that of the real image. Therefore,
the iris region probably contains more discrimination information between real and presentation attack
images than the sclera and skin regions in an iris image. Based on this observation, the first step in our
proposed method was designed to detect the iris region in an input iris image. To efficiently detect the
iris region, our proposed method used a sub-block-based template matching procedure to roughly
detect the pupil region based on the characteristics of the iris image. Based on the result of pupil region
detection, we continued to roughly localize the image region in which the iris region exists. Finally,
we used the CED method to accurately detect the boundaries of the iris region as shown in Figure 2.

 

Figure 2. Flowchart of iris segmentation method in our study.

Inspired by the observation that the iris region of the human eye is displayed as a circular shape
region in the iris image, the iris boundaries can be effectively detected by the CED method [25].
Although we can detect the iris boundaries using the CED method by searching the entire image,
it incurs a long processing time because we must search the boundaries at various center positions and
potential radius values. In addition, the effect of noise and abnormal texture can affect the detection

330



Sensors 2018, 18, 1315

result. To overcome this problem, our proposed method used a preprocessing method called the
sub-block-based template matching method to detect the pupil region roughly first before detecting
the iris boundaries using the CED method. Using NIR light, iris images are normally captured with a
pupil region that is darker than other regions such as the iris sclera and skin regions. This characteristic
is caused by the different absorption and reflection of NIR light in different regions of the human eye.
Based on this characteristic, we used a sub-block-based template matching method to first localize
the pupil region in a given iris image. The sub-block-based template matching was performed by
measuring the difference in gray-levels of the sub-blocks that surround the pupil region with the
center sub-block as shown in Figure 3. In this figure, at a center position (x, y) with block-size (s),
we denote U0,x,y,s as the average gray-level of the center sub-block and Ui,x,y,s (i = 1, . . . , 8) as the
average gray-levels of the surrounding sub-blocks. As a result, if the center sub-block contains the
pupil region, its average gray level (U0,x,y,s) is much smaller than those of the surrounding sub-blocks
(Ui,x,y,s). Based on this observation, we detected the pupil region in a given iris image by using
Equation (1) with the condition that U0,x,y,s is smaller than Ui,x,y,s (i = 1, . . . , 8). Furthermore, to speed
up the processing of this step, the integral image was used to quickly calculate the average gray-level
of the sub-blocks [26]. An example result of the pupil detection step is shown in Figure 4 with a
rectangular bounding box.

argmax
x,y,s

(
8

∑
i=1

(
Ui,x,y,s − U0,x,y,s

))
(1)

 
(a) (b) 

Figure 3. Block-based method for pupil region detection. (a) Pupil, iris, and sclera regions of eye image.
(b) Example of 9 sub-blocks on pupil and iris regions.

We then accurately detected the iris boundaries based on the detection result of the pupil region
using the CED method [25–27]. As shown in Figures 3 and 4, the center of the iris and pupil regions
are pixels inside the bounding-box of the pupil region. In addition, the radius of the pupil region is
smaller than that of the iris region. Based on this observation, we used two circular edge detectors to
find the boundaries of the pupil and iris regions. The pupil region normally appears as a complete
circle. Therefore, we first used the complete circular edge detector shown in Equation (2) to detect
the boundary of the pupil region. In this equation, r and (xc, yc) are the radius and center position
of the pupil region. However, the iris region can be occluded by some additional regions such as
the eyelid, eyelash, or eyebrow. As a result, the boundary of the iris region can be not continuous.
To overcome this problem, we used the CED method in a limited circular range. As suggested by
previous research [26], we used the circular range of −45◦ to +30◦ and +150◦ to +225◦ as shown in
Equation (3). In this equation, r’ and (x’c, y’c) are the radius and center position of the iris region.
In Figure 4, we show an example of the result of our iris detection method.

argmax
xc ,yc ,r

[
∂

∂r

∫ 2π

0

I(xc + r cos θ, yc + rsinθ)

2πr
dθ

]
(2)

331



Sensors 2018, 18, 1315

argmax
x′c ,y′c ,r′

[
∂

∂r

(∫ π
6

− π
4

I
(
x′

c + r′cosθ, y′
c + r′sinθ

)
5πr′/12

dθ +
∫ 5π

4

5π
6

I
(
x′

c + r′cosθ, y′
c + r′sinθ

)
5πr′/12

dθ

)]
(3)

 
(a) (b) (c) 

Figure 4. Example of detection results of pupil and iris boundary detection method: (a) input iris
image; (b) detection results of sub-block-based pupil detection (rectangular box) and CED for pupil
and iris region detection; and (c) final iris image to input iPAD system.

As shown in Figure 1, our proposed iPAD method uses CNN method for extracting deep image
features. As we will show in next section, the CNN network requires the 3-channel input images.
To make the input images for CNN network, we localized the iris region of interest (ROI) based on the
detection results of pupil and iris detection method and made the final iris images for iPAD system
by scaling the iris ROIs to the size of 224-by-224-by-3 images using bilinear interpolation method.
Because the iris ROI is gray image, we duplicated it into the 3 channels, and obtained the 3-channel
image. In Figure 4c, we showed an example of iris image that is used to input into iPAD system in
our study.

3.3. Image Feature Extraction Based on MLBP Method

In Figure 5, we show an example of one real and two presentation attack iris images according
to two different attack methods using a printed image and a contact lens. As shown in this figure,
while the real iris image contains very clear iris patterns and fine texture features, the presentation
attack images contain dot noise and broken textures (Figure 5b,c) because of the effects of printed iris
patterns on paper or on a contact lens. Based on this observation, our proposed method used the LBP
method to extract the image features for the iPAD.

 
(a) (b) (c) 

Figure 5. Example of NIR iris images: (a) real image; (b) presentation attack image obtained by
recapturing a printed sample on paper; and (c) presentation attack image obtained by recapturing a
contact lens.

As indicated by previous studies, the LBP method is a very efficient image feature extraction
method in image processing and computer vision research by providing illumination and rotation
invariant characteristics to extracted image features [28–30]. Furthermore, the LBP descriptor describes
well the micro-texture features such as blob, edge, corner, and flat regions. By definition, the LBP
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method encodes each center pixel of a given image by a sequence of P (bits) using P surrounding
pixels of the center pixel with a radius of R as shown in Equation (4). The LBP operator works as an
adaptive thresholding function and offers the illumination invariant to the image features extracted by
the LBP method.

LBPR,P = ∑P−1
i=0 s(gi − gc)2i where s(x) =

{
1 i f x ≥ 0
0 i f x < 0

(4)

To extract the image features for the iPAD, we classified the LBP descriptors of pixels in a given
image into two categories of uniform and non-uniform patterns. By definition, the uniform patterns
are patterns that have at most two bit-wise transitions from 0 to 1 or 1 to 0, and the non-uniform
patterns are those that have more than two bit-wise transitions from 0 to 1 or 1 to 0. The reason for this
classification is that the uniform patterns effectively describe various useful micro-texture features
such as blob, corner, edge, or flat regions [28–30], while the non-uniform patterns are complex and
normally caused by noise and non-uniform texture patterns. In Figure 6, we show an example of the
ability of an LBP descriptor to represent several micro-texture features such as blob, corner, and edge.
As we explained at the beginning of this section, the definition of the LBP method is suitable for
discriminating between real and presentation attack images because the presentation attack iris images
can contain dot noise and non-ideal image texture features.

          (a)                   (b)              (c)                        (d) 

Figure 6. Example of LBP descriptors for representing micro-texture features: (a) flat/blob textures;
(b) edge texture; (c) corner texture; and (d) complex noise-sensitive texture features.

As the final step, we constructed the image feature vector by accumulating the histogram of uniform
and non-uniform patterns over the image. The histogram features effectively describe the characteristics
of image texture because the histograms of uniform and non-uniform patterns statistically measure the
distribution of micro-texture features over an iris image. Suppose that we used an LBP operator with
radius R and number of surrounding pixels P to extract image features, the dimension of the extracted
image features is given by Equation (5).

DIMLBP = P × (P − 1) + 3 (5)

As suggested from previous studies, our study accumulated the LBP features for an iris image by
concatenating histogram features obtained from hyper-parameters such as radius (R) and number of
representation pixels (number of surrounding pixels, P). The MLBP method was used to capture richer
information from iris images than conventional LBP methods [30]. In our experiment, we used various
values for radius (R in range from 1 to 3) and number of surrounding pixels (P of 8, 12, and 16) for
MLBP feature extraction method. As a result, we extracted a 933-dimensional image feature vector
for iPAD.

3.4. Image Feature Extraction Based on CNN Method

As shown in Figure 1, our proposed method used MLBP and CNN methods to extract image
features for iPAD. While the MLBP is a hand-designed feature extraction method, the CNN method
is a learning-based feature extraction method based on a learning procedure to learn a model that is
applicable for feature extraction and classification. In literature, this method has been successfully
used in various computer vision systems such as image classification [31–34], object detection [35,36],
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face recognition [37], gender recognition [38], and even the PAD problem [2,22,23]. As shown in these
studies, the CNN method can produce state-of-the-art results compared to previous hand-designed
methods. In the field of iris recognition, the CNN method has also successfully used and provided
state-of-the-art recognition accuracy [39,40]. In the study by Gangwar et al. [39], two deep CNN
networks named as DeepIrisNet-A (with 8 convolutional layers and 3 fully connected layers) and
DeepIrisNet-B (with 5 conventional convolutional layers, 2 inception layers, and 3 fully connected
layers) were used for iris recognition. The results of this study show that the CNN method is effective
at not only enhancing the recognition accuracy but also robust to cross-sensor recognition. In a recent
research conducted by Nguyen et al. [40], they used several pre-trained CNN models including
AlexNet, VGGNet, InceptionNet, ResNet, and DenseNet to extract image features for iris recognition.
Based on their experimental results, the CNN method outperformed the baseline iris recognition
method although the CNN models were trained for a different task. Inspired by these previous studies,
we used the CNN method to extract the deep features for iPAD.

In Table 2, we provide a detailed description of the CNN network architecture in our study.
The CNN network was based on the very deep network proposed by Simonyan et al. [32] called VGG
Net-19. The network architecture is depicted in Figure 7. Generally, a CNN network consists of two
main components of convolution layers and fully-connected layers [31,32]. The convolution layers
are responsible for image manipulation to extract image features using an image filtering technique,
and the fully-connected layers are used to classify the extracted image features into several categories
of desired class labels. In addition to these two main components, a CNN model can contain several
layers such as activation layers (using sigmoid, tanh, or rectified linear unit (ReLU) functions), pooling
layers (max or average pooling), and SoftMax layers. As shown in Table 2 and Figure 7, our CNN
network consisted of 19 weight layers (16 convolution layers and three fully-connected layers) followed
by several ReLU and max pooling layers. In addition, the last fully-connected layer in our study
contained only two neurons which stand for “real” and “presentation attack” classes instead of the
1000 neurons used in the original VGG Net-19 [32]. In this table, we grouped several convolution
layers which have same parameters together as denoted as G_1, G_2 . . . G_8 in Table 2 and Figure 7.
For example, the G_0 group contains two convolutional layers which have same parameters of the
number of filters (64 filters), filter size (3 × 3 pixels), stride (1 × 1 pixel) and padding (1 × 1 pixel).
The output of convolutional layers is 512 feature maps of the size of 7 × 7 pixels taken at the end of the
G_5 group. In total, we obtained 25,088 activation neurons after 16 convolutional layers. These output
neurons are connected to 4096 neurons in the next fully connected layer of the G_6 group by fully
interconnection based on weighted summation. For example, the value to the 1st one of 4096 neurons
is calculated by w1 × o1 + w2 × o2 + . . . + w25088 × o25088 where o1, o2, . . . o25088 are the values from
25,088 activation neurons, and w1, w2, . . . w25088 are the weights for interconnection.

An optimal CNN model for a given problem can be obtained using a training procedure using a
large amount of training data through which the filter’s coefficients and weights of fully connected
layers are efficiently learned with respect to the ground-truth labels of images. However, the CNN
method always faces the problem of over-fitting because the network contains a very large number of
parameters (filter coefficients and weights of fully connected layers) and because of the small training
dataset and/or poor network parameter initialization. To reduce the over-fitting problem of the CNN
network, we applied the dropout method to the first two fully-connected layers with a dropout value of
0.5. In addition, we used a pre-trained model that was successfully trained using ImageNet dataset [32]
to initialize the weights of our CNN model. With the initialized network, we re-trained the whole
network parameters (training from scratch). This is different procedure form conventional transfer
learning [41]. We used the stochastic gradient descent method with momentum to train the CNN
models [31]. The detailed parameters of training process are given in Table 3. To extract the image
features using the CNN method, we extracted the activations of the second fully-connected layers
(G_7 in Figure 7) and used them as the extracted features of the input images. Although it is possible
to use the other layers (convolution layers or fully-connected layers) for feature extraction, the use of
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the deeper layer contains more information than that of the shallower layers. As a result, we extracted
a 4096-component feature vector for our proposed iPAD.

Table 2. Description of CNN architecture used for iPAD in our study.

Operation
Group

Operation Layer Name
Number
of Filters

Filter Size
Stride
Size

Padding
Size

Output Size

Group_0 (G_0) Input image Input layer n/a n/a n/a n/a 224 × 224 × 3

Group 1 (G_1)
Convolution

(2 times)

Convolution layer 64 3 × 3 × 3 1 × 1 1 × 1 224 × 224 × 64

ReLU layer n/a n/a n/a n/a 224 × 224 × 64

Pooling Max pooling layer 1 2 × 2 2 × 2 0 112 × 112 × 64

Group_2 (G_2)
Convolution

(2 times)

Convolution layer 128 3 × 3 × 64 1 × 1 1 × 1 112 × 112 × 128

ReLU layer n/a n/a n/a n/a 112 × 112 × 128

Pooling Max pooling layer 1 2 × 2 2 × 2 0 56 × 56 × 128

Group_3 (G_3)
Convolution

(4 times)

Convolution layer 256 3 × 3 × 128 1 × 1 1 × 1 56 × 56 × 256

ReLU layer n/a n/a n/a n/a 56 × 56 × 256

Pooling Max pooling layer 1 2 × 2 2 × 2 0 28 × 28 × 256

Group_4 (G_4)
Convolution

(4 times)

Convolution layer 512 3 × 3 × 256 1 × 1 1 × 1 28 × 28 × 512

ReLU layer n/a n/a n/a n/a 28 × 28 × 512

Pooling Max pooling layer 1 2 × 2 2 × 2 0 14 × 14 × 512

Group_5 (G_5)
Convolution

(4 times)

Convolution layer 512 3 × 3 × 512 1 × 1 1 × 1 14 × 14 × 512

ReLU layer n/a n/a n/a n/a 14 × 14 × 512

Pooling Max pooling layer 1 2 × 2 2 × 2 0 7 × 7 × 512

Group_6 (G_6)
Inner Product

Fully connected layer n/a n/a n/a n/a 4096

ReLU layer n/a n/a n/a n/a 4096

Dropout Dropout layer
(dropout = 0.5) n/a n/a n/a n/a 4096

Group_7 (G_7)
Inner Product

Fully connected layer n/a n/a n/a n/a 4096

ReLU layer n/a n/a n/a n/a 4096

Dropout Dropout layer
(dropout = 0.5) n/a n/a n/a n/a 4096

Group_8 (G_8)

Inner Product Output layer n/a n/a n/a n/a 2

Softmax Softmax layer n/a n/a n/a n/a 2

Classification Classification layer n/a n/a n/a n/a 2

Table 3. Parameters for training CNN models in our experiments.

Momentum Mini-Batch Size
Initial

Learning Rate
Learning Rate
Drop Factor

Learning Rate Drop
Period (Epochs)

Number of
Epochs

0.90 32 0.001 0.1 3 9
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Figure 7. Visualization of convolutional neural network architecture in Table 2.

3.5. Image Feature Extraction and Detection Using SVM Method

Using the two feature extraction methods mentioned in Sections 3.3 and 3.4 (i.e., MLBP and
CNN), we extracted two corresponding feature vectors of f 1 and f 2 for the MLBP and CNN features,
respectively. These two feature vectors can contain different information for our iPAD because they
were extracted using two different methods. As the main contribution of our proposed method,
the information from the two feature vectors was combined to enhance the detection accuracy of the
iPAD system. As explained in Section 3.1, we used the feature level fusion and score level fusion
approaches for this step.

For the first fusion method, we combined the two vectors to form a new feature vector called
the hybrid feature vector, to represent the input image. As a result, the flowchart of our proposed
method in Figure 1 changed to that of Figure 8. For this purpose, we first normalized each feature
vector to a zero-mean and unit standard deviation using the z-score normalization method shown in
Equation (6) [28]. In this equation, fmean and σ are the mean and the standard deviation vector obtained
by a training dataset, respectively. Using this equation, we normalized the extracted feature vectors
f 1 and f 2 and obtained the two corresponding normalized feature vectors, f norm

1 and f norm
2 . Finally,

the hybrid feature fhybrid was formed by simply concatenating the two normalized feature vectors as
shown in Equation (7).

f norm =
f − fmean

σ
(6)

fhybrid = [ f norm
1 , f norm

2 ] (7)

Although we can extract richer information to combat presentation attacks by using the hybrid
feature vector rather than using only the MLBP or CNN feature vector, the iPAD system must process
data in a higher dimensional space in later steps (classification step) than that of an individual feature
vector. This problem increases the processing time for both the training and testing phases and the
complexity of the classification model. To overcome this problem, we further reduced the dimension
of the hybrid feature vector using a subspace method called principal component analysis (PCA).
This well-known method reduces the dimension of data by constructing a low dimensional space
in which the original data are well represented [28,30]. Originally, we extracted a 4096-dimensional
feature vector using CNN-based method using the second fully-connected layer of CNN network in
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Table 2. For the MLBP feature, we extracted image feature using various values of LBP parameters
(radius (R) from 1 to 3 and resolution (P) of 8, 12 and 16). Consequently, we extract a feature vector
in 933-dimensional space. As a result, the hybrid feature vector is a 5029-dimensional vector. In our
experiments, we used the PCA for obtaining the optimal dimension of features before using SVM
method for classification. In details, we used the number of principal component of 512 which is much
smaller than the dimension of original features. The use of this reduced number of feature dimension
helps us to lessen the complexity of classifiers, processing time, and effects of noise. As the final step
of this fusion approach, we classified the input image into real and presentation attack classes using
extracted image features. For this purpose, we used an up-to-date classification method based on SVMs
for the classification problem. Conventionally, the SVM method constructs a classifier using several
data points called support vectors and uses it to classify new input features into classes by evaluating
the sign of evaluation function in Equation (8). In this equation, xi and yi are the support vectors
and its corresponding class label, ai and b are the parameters of the classifier, and K(x, xi) is the SVM
kernel function, a hyper-parameter of the SVM method [42]. These classifier parameters are trained
using training data and saved to predict the class label of new input features. In our experiments,
we used three different kinds of kernel functions, including the linear, radial basis function (RBF),
and polynomial kernel functions as shown in Equations (9)-(11) [42–44].

f (x) = sign(
k

∑
i=1

aiyiK(x, xi) + b) (8)

Linear kernel : K
(

xi, xj
)
= xi

Txj (9)

RBF kernel : K
(
xi, xj
)
= e−γ‖xi−xj‖2

(10)

Polynomial kernel : K
(

xi, xj
)
=
(

γxi
Txj + coe f

)degree
(11)

Moreover, the combination of handcrafted and deep features can be done by another combination
method called score level fusion [45]. For this combination method, the overall detection system in
Figure 1 changed to that of Figure 9. In this configuration, the handcrafted and deep features are used
separately for iPAD. The results of each iPAD system are scored to represent the probability of the
input image belonging to either a real or presentation attack class. The two scores are combined by
the weighted sum rule to make a final detection result as shown in Equation (12). In this equation,
S1 and S2 are the decision scores of the PAD system based on only deep or only handcrafted image
features, respectively. These scores are combined using two weight values of w1 and w2 whose sum
is 1 as shown in Equation (13) to produce a final detection score S. In our experiment, we chose the
optimal pair of w1 and w2 which produced the best classification accuracy of real and presentation
attack on training dataset.

S = w1S1 + w2S2 (12)

w1 + w2 = 1 (13)
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Figure 8. Flow chart of proposed iPAD method based on feature level fusion approach.

 

Figure 9. Flow chart of proposed iPAD method based on score level fusion approach.

Using the SVM method, we classified the input images into either the real or presentation attack
class. To evaluate the performance of our proposed iPAD method and to compare it with previous
studies, we used the standard criteria, called average classification error rate (ACER), to measure the
detection performance [2,46–48]. By definition, the ACER is a measurement of the average error rate of
the attack presentation classification error rate (APCER) and the bona-fide presentation classification
error rate (BPCER). In a PAD system, the APCER indicates the proportion of attack presentation images
incorrectly classified as bona-fide presentation attack images, and BPCER indicates the proportion of
bona-fide presentation attack images incorrectly classified as attack presentation images. The ACER
was measured using Equation (14). Since the ACER indicates the error rate of a detection system,
a lower value indicates better detection performance (small error). We used the training data to train
the CNN model, PCA coefficients, and the SVM classifier. Consequently, the performance of the
detection system (APCER, BPCER, and ACER) was measured using testing data. In experiments,
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we used the MATLAB environment for constructing and training the CNN model, image feature
extraction, PCA, and SVM-based classification [49–51].

ACER =
APCER + BPCER

2
(14)

4. Experimental Results

4.1. Datasets

To evaluate the detection performance of our proposed iPAD method, we used two public
datasets LivDet-Iris 2017-Warsaw [48] and Notre Dame Contact Lens Detection (NDCLD2015) [48,52].
For convenience, we refer to these datasets as Warsaw2017 and ND2015 in our study. Although there
are other presentation attack iris image datasets such as IIITD-WVU, Clarkson [48], and PAVID [53],
they were unavailable to us via internet request. In addition, the datasets we chose have been used
in previous iPAD studies (LivDet-Iris 2017 competition [48]). The use of these datasets allowed us to
compare the detection performance of our proposed method with those of previous studies.

The Warsaw2017 dataset contains 5168 real and 6845 presentation attack iris images obtained
from 468 unique iris patterns with an image resolution of 640 × 480 pixels. This dataset was used in
the LivDet-Iris 2017 iPAD competition and is the extended version of the two previous datasets of
LivDet-Iris 2013 [54] and LivDet-Iris 2015 [52]. The presentation attack iris images in the Warsaw2017
dataset were collected by simulating a simple attack method by which the attackers use a printed
sample of an iris pattern on paper to fool an iris recognition system during the image acquisition stage.
A general statistical description of the Warsaw2017 dataset is given in the upper part of Table 4. Similar
to the Warsaw2017 dataset, the ND2015 dataset was also used in the LivDet-Iris 2017 competition [48].
However, the presentation attack iris images in this dataset were simulated by iris patterns printed
on a contact lens. Using this method, the presentation attack iris images look more like real ones
than those of the Warsaw2017 dataset. The ND2015 dataset was first collected for the purpose of
detecting whether a user used contact lenses [19]. This dataset was further used for detecting the
presentation attack iris image in the LivDet-Iris 2017 competition because the fake iris images in this
dataset simulate an attack method by which iris patterns are printed on the surface of a contact lens.
In the lower part of Table 4, we show the general descriptions of the ND2015 dataset.

Table 4. Description of Warsaw2017 and ND2015 datasets.

Dataset
Number of

Real Images
Number of

Attack Images
Total Collection Method

Warsaw2017 5168 6845 12,013 Recaptured printed iris patterns on paper
ND2015 4875 2425 7300 Recaptured printed iris patterns on contact lens

4.2. Detection Performance for Attack Method Based on Printed Samples

As our first experiment, we investigated the detection performance of our proposed iPAD method
for the attack method based on printed paper samples. For this purpose, we used the Warsaw2017
dataset. In addition, we also measured the detection performances of iPAD systems that use only CNN
method as classifier, CNN or MLBP features for comparison purposes. For evaluating the performance
of an iPAD method, the Warsaw2017 dataset was preclassified into the three sub-datasets of training,
test-known, and test-unknown. The training sub-dataset was used to construct the classification
model, while the two testing sub-datasets were used for evaluating the performance of the trained
model. The training and test-known sub-datasets were collected using the same capturing devices
(Iris Guard AD 100), while the test-unknown dataset was collected using a different capturing device
(a lab mate camera [48]). The use of the test-unknown dataset allowed us to evaluate the performance
of the detection system for cross-sensor configuration. A detailed description of these training and
testing sub-datasets is provided in Table 5. As shown in this table, we used 4513 images (1844 real and

339



Sensors 2018, 18, 1315

2669 presentation attack images) for training. To test the detection model, 2990 images (974 real and
2016 presentation attack images) were used for the test-known dataset and 4510 images (2350 real and
2160 presentation attack image) were used for the test-unknown dataset. We generalized the training
dataset by artificially making augmented images from original images to reduce the over-fitting
tendency of the CNN method. In detail, we artificially made eight additional images from each original
presentation attack iris image and an additional 14 images from each real iris image using shifting,
cropping, and scaling method. This augmentation method has been also used in previous research [31].
Consequently, we increased the number of training images from 4513 to 51,681 images. The different
number of artificial images for real and presentation attack was used because the number of original
real iris images was much smaller than that of the presentation attack images. By using a different
number of artificial images for each class, we made the number of images of each class similar in
order to reduce over-fitting during the training process. A description of these sub-datasets and the
corresponding augmented dataset are provided in Table 5. Data augmentation was performed for
only the training data, and the testing data remained the same as the original. This approach was
used to ensure a fair comparison of detection performance of our study with previous studies. Using
the augmented train dataset, we performed the training procedure to train the CNN, PCA, and SVM
models for the iPAD system. The experimental results on test datasets are given in Figure 10.

Table 5. Description of training and testing data used with Warsaw2017 dataset.

Dataset

Training Dataset Testing Dataset

Real
Image

Attack
Image

Total

Test-Known Dataset Test-Unknown Dataset

Real
Image

Attack
Image

Total
Real

Image
Attack
Image

Total

Original
dataset 1844 2669 4513 974 2016 2990 2350 2160 4510

Augmented
dataset

27,660
(1844 × 15)

24,021
(2669 × 9) 51,681 974 2016 2990 2350 2160 4510

As shown in Figure 10, we obtained the best detection error of 0.000% using the test-known
dataset for the iPAD systems using only CNN, MLBP, or hybrid features. There are two reasons for
this result. First, the presentation attack iris images in the Warsaw2017 dataset were collected by
recapturing the printed iris samples on paper. Therefore, the presentation attack iris images inherit
many differences from real images such as broken textures and printing noise. In addition, as explained
above, the test-known dataset was collected using the same capturing procedure and devices as the
training dataset. Consequently, the characteristics of images in the training and testing datasets
were very similar. Therefore, we obtained very good detection results using the test-known dataset.
However, the situation was little changed using the test-unknown dataset. We obtained an error
(ACER) of 0.423% using the iPAD method that used only CNN features with the polynomial kernel of
the SVM method. The iPAD method that used only MLBP features produced an error of 0.357% using
the polynomial kernel of the SVM method. Our proposed hybrid features iPAD method produced an
error of 0.242% using the polynomial kernel of the SVM method. The iPAD system detection errors
using the test-unknown dataset were higher than those using the test-known dataset because the
test-unknown dataset was collected using different capturing devices than that of the test-known
dataset. Consequently, it caused several differences in the characteristics of the images of the two
datasets. From these results, we conclude that the hybrid features iPAD method outperformed the
conventional CNN and MBLP image features by producing the lowest detection error.
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(a) 

 
(b) 

Figure 10. Detection errors of various iPAD methods using Warsaw2017 dataset: (a) Using Test-Known
dataset; and (b) Using Test-Unknown dataset. Note: (M-1) Using CNN as Classifier; (M-2) Using
CNN Features with PCA and Polynomial SVM Kernel; (M-3) Using MLBP Features with PCA and
Polynomial SVM Kernel; (M-4) Using Feature Level Fusion with PCA and Polynomial SVM Kernel;
and (M-5) Using Score Level Fusion with PCA and Polynomial SVM Kernel.

As a next experiment, we measured the detection errors produced by our proposed iPAD method
based on score level fusion approach. Using the test-known dataset, we again obtained the same best
detection error (ACER) of 0.000% as using the feature level fusion approach. For the test-unknown dataset,
we obtained the best detection error of 0.023% using the combination rule of “polynomial-polynomial”.
This error was much smaller than the error of 0.242% using the feature level fusion approach. Based on
the experimental results, we can see that the combination of deep and handcrafted features was effective
at enhancing the detection performance of the iPAD system. In addition, the score level fusion approach
worked better than the feature level approach on the Warsaw2017 dataset. For demonstration, we show
the detection error tradeoff (DET) curves of these experiments in Figure 11. In this figure, we drew the
change of APCER according to the change in the bona-fide presentation acceptance rate (BPAR). The BPAR
was calculated as 100—BPCER (%). Since the iPAD methods using only CNN, MLBP, or hybrid features
perfectly detected presentation attack images for the test-known dataset, DET curves for these cases are
meaningless. Therefore, we only show the DET curves of the four detection configurations using the
test-unknown data in Figure 11. As shown in Figures 10 and 11, we can see that the iPAD using combined
features outperformed the iPAD system using CNN and MLBP features. In addition, the score level fusion
outperformed the feature level fusion for the Warsaw2017 dataset. As shown at the beginning bars of
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Figure 10, we obtained detection errors of 0.051% and 2.491% using the CNN method as classifier (using
the CNN method for directly classifying the real and presentation attack images) on the test-known and
test-unknown datasets, respectively. These high detection errors indicate that our approach that uses the
PCA for feature selection and SVM for classification is more efficient than the use of CNN method directly
for iPAD. The reason is that the CNN network contains a huge number of parameters that make the CNN
method usually faces with overfitting problem. As a result, redundant information can exist in extracted
deep features, but it can be removed using PCA method.

Figure 11. DET curves of iPAD systems based on use of CNN, MLBP, and hybrid image features
(feature level fusion and score level fusion approach) using Warsaw2017 test-unknown dataset.

4.3. Detection Performance for Attack Method Based on Contact Lens

As the second experiment in our study, we investigated the detection performance of our proposed
iPAD for a presentation attack method based on contact lenses. For this purpose, we used the ND2015
dataset. As explained in Section 4.1, the ND2015 dataset was used in the LivDet-Iris 2017 iPAD
competition. In this competition, the images in the ND2015 dataset were classified into training
and testing datasets. They used a set of 600 real and 600 presentation attack images for a training
dataset and a set of 900 real and 900 presentation attack images for a testing dataset. Similar to the
Warsaw2017 dataset, two testing datasets were constructed including a test-known dataset (in which
the presentation attack images were collected using the same contact lens manufacturer as that of the
training dataset) and a test-unknown dataset (in which the presentation attack images were collected
using contact lenses from a different manufacturer than that of the training dataset) [48]. However,
the detailed information of how the images were divided into training and testing datasets was not
available for us. In addition, the LivDet-Iris 2017 competition did not use the entire ND2015 dataset in
its experiments. This approach can bias the detection results because only a small set of the dataset was
used. Therefore, in our experiments using the ND2015 dataset, we considered three division methods
for dividing the images into training and testing datasets.

For the first division method, we performed the training and testing division approach similar to
that of the previous study [48]. For this purpose, we divided images into training and testing datasets
by randomly selecting images from the entire ND2015 dataset using the same criteria as the study
by Yambay et al. [48]. The training dataset contained 600 real images (with no contacts, either soft or
cosmetic) and 600 presentation attack images (with textured contact lenses manufactured by Ciba, UCL,
and ClearLab) [48]. The test-known dataset contained 900 real and 900 presentation attack images
and used contact lenses made by Ciba, UCL, and ClearLab (same as training data). The test-unknown
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dataset contained 900 real and 900 presentation attack images and used contact lenses made by Cooper
and Johnson & Johnson [48]. The division procedure was performed by ensuring that there were
no overlapped images in the three datasets. We iterated the above division procedure two times
and performed experiments for measuring the detection performances because the information on
dividing images into training and testing datasets in the study by Yambay et al. [48] was not available
to us. As a result, the final detection performance was measured by averaging the detection results
of the two iterated experiments. By using this division approach, we were able to fairly compare the
detection performance of our proposed iPAD method with previous methods. In Table 6 we show the
description of datasets used in the experiments, and in Figure 12 we show the experimental results.

Table 6. Description of training and testing data used with ND2015 dataset.

Dataset

Training Dataset Testing Dataset

Real
Image

Attack
Image

Total

Test-Known Dataset Test-Unknown Dataset

Real
Image

Attack
Image

Total
Real

Image
Attack
Image

Total

Original
ND2015 dataset 600 600 1200 900 900 1800 900 900 1800

Augmented
dataset

29,400
(600 × 49)

29,400
(600 × 49) 58,800 900 900 1800 900 900 1800

In Figure 12, we show the experimental results using our proposed method based on the feature
level fusion approach. Using the test-known dataset, we obtained the best detection errors of 0.056%,
0.278% and 0.028% using the iPAD system based on only CNN feature, MLBP features, and hybrid
features, respectively. Using the test-unknown dataset, these errors increased to 7.319%, 11.584%,
and 4.167%. All these results were obtained using polynomial kernel of SVM method. In addition,
we obtained an error of 0.056% for the case of using test-known data and 5.833% for the case of using
test-unknown data using the score level fusion approach with ‘polynomial-polynomial’ combination
rule. This detection error was higher than the error produced by the feature level fusion approach.
However, this detection error was still lower than the detection errors produced by the iPAD systems
using only CNN or MLBP features (ACERs of 7.139% and 11.584%, respectively). These results prove
that our proposed iPAD method was effective at enhancing the detection performance of the iPAD
system. In addition, the feature level fusion approach worked better than the score level fusion
approach in our experiments using the ND2015 dataset. For demonstration purposes, we drew
the DET curves of four system configurations using the test-known and test-unknown data in
Figure 13. As observed from Figures 12 and 13, we can see that our proposed method outperformed
the conventional detection methods based on only CNN or MLBP features.
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(a) 

 
(b) 

Figure 12. Detection errors of various iPAD methods using the first training-testing division method on
ND2015 dataset: (a) Using Test-Known dataset; and (b) Using Test-Unknown dataset. Note: (M-1) Using
CNN as Classifier; (M-2) Using CNN Features with PCA and Polynomial SVM Kernel; (M-3) Using
MLBP Features with PCA and Polynomial SVM Kernel; (M-4) Using Feature Level Fusion with PCA and
Polynomial SVM Kernel; and (M-5) Using Score Level Fusion with PCA and (Polynomial-Polynomial)
SVM Kernels.
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(a) 

 
(b) 

Figure 13. DET curves of iPAD systems based on use of CNN, MLBP, and hybrid image features (feature
level fusion and score level fusion approach) using the first division method and ND2015 test-unknown
dataset (a) DET curves of test-known dataset; and (b) DET curves of test-unknown dataset.

The first division method was performed using the same criteria as the division method used in
LivDet-iris 2017 competition [48]. As a result, the real images were defined as the iris images without
contact lens (with no contacts, either soft or cosmetic). However, there is a case in which users of
iris recognition systems wear a soft (transparent) contact lens to protect their eyes or compensate
their eye’s problem such as myopia or hyperopia. For this case, an iris recognition system should
allow users using the system and the consequent iPAD method must consider an iris with soft contact
lens as the real image ones. Based on this phenomenon, we re-performed the above experiment
by considering the iris images with soft (transparent) contact lens as the real images ones. Similar
to the first division method, we randomly selected 600 real images (with no contacts or with soft
(transparent) contact) and 600 presentation attack images (with textured contact lenses manufactured
by Ciba, UCL, and ClearLab) [48] for training dataset. By similar method, we selected the test-known
and test-unknown datasets that contained 900 real and 900 presentation attack images. The number
of images in training and testing datasets in this experiment is same as the above experiment and
shown in Table 6. The detection results are provided in Figure 14. As shown in this figure, we obtained
perfect detection performance (ACER of 0.000%) using the iPAD system based on CNN features or
hybrid features on the test-known dataset. Using the MLBP features, the lowest average error of 0.306%
was obtained. Similar to our experiments with the Warsaw2017 dataset, the detection error increased
when we used the test-unknown dataset. We obtained the lowest detection errors (ACER) of 7.528%
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and 11.667% using the iPAD systems that use only CNN or only MLBP features, respectively. Using
our proposed method based on the feature level fusion approach, the error was reduced to 5.056%
using the polynomial kernel of the SVM method. Using the score level fusion approach, we obtained
the lowest detection error of 6.861% using the “linear-polynomial” combination rule. This detection
error was higher than the error produced by the feature level fusion approach (ACER of 5.056%).
However, this detection error was still lower than the detection errors produced by the iPAD systems
using only CNN or MLBP features (ACERs of 7.528% and 11.667%, respectively). These results prove
that our proposed iPAD method was effective at enhancing the detection performance of the iPAD
system. Furthermore, the feature level fusion approach worked better than the score level fusion
approach in our experiments using the ND2015 dataset. For demonstration purposes, we drew the
DET curves of four system configurations using the test-unknown data in Figure 15. We do not show
the DET curves for the test-known dataset because we obtained perfect detection results using this
dataset. As observed from Figures 14 and 15, we can see that our proposed method outperformed the
conventional detection methods based on only CNN or MLBP features.

 
(a) 

 
(b) 

Figure 14. Detection errors of various iPAD methods using the second training-testing division
method on ND2015 dataset: (a) Using Test-Known dataset; and (b) Using Test-Unknown dataset.
Note: (M-1) Using CNN as Classifier; (M-2) Using CNN Features with PCA and Polynomial SVM
Kernel; (M-3) Using MLBP Features with PCA and Polynomial SVM Kernel; (M-4) Using Feature Level
Fusion with PCA and Polynomial SVM Kernel; and (M-5) Using Score Level Fusion with PCA and
(Linear–Polynomial) SVM Kernels.
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Figure 15. DET curves of iPAD systems based on use of CNN, MLBP, and hybrid image features
(feature level fusion and score level fusion approach) using the second division method and ND2015
test-unknown dataset.

For the third division method, we used the entire ND2015 dataset for our experiments. For this
purpose, we performed a two-fold cross-validation procedure to measure the detection accuracy of our
proposed method. For the first fold, we divided the ND2015 dataset into training and testing datasets
of which a half of ND2015 dataset was used for training and the other half for testing. The division was
performed by ensuring that the images of the same individual only existed in either the training or the
testing dataset. For the second fold, the training and testing datasets in the first fold were exchanged.
By dividing the entire ND2015 dataset into training and testing datasets using this criterion, we were
able to measure the detection accuracy using the entire dataset. In addition, this division approach
divided images into the training and testing datasets without considering the difference in contact
lens manufacturers. Therefore, we measured the detection accuracy in general. Based on this division
method, we obtained the training and testing datasets as shown in Table 7. Similar to previous
experiments, we performed data augmentation to generalize the training data. In Figure 16, we show
the experimental results for this experiment. We obtained the best average detection accuracy (ACER)
of 1.666% for the iPAD system using only CNN features and 7.539% for the iPAD system using only
MLBP features. Both results were obtained using the RBF kernel of the SVM method. By using the
feature level fusion approach, the detection error was reduced to 1.559%. The combination of two
individual systems based on the score level fusion approach produced the lowest detection errors
(ACER) of 1.481% using the RBF kernel in both subsystems. This detection error was lower than those
produced by the two individual iPAD systems and the proposed iPAD system based on the feature
level fusion approach. As shown in the experimental results in Figures 12, 14 and 16, our approach that
uses the PCA for feature selection and SVM for classification on extracted CNN features outperformed
the detection method that uses CNN as classifiers. For demonstration purposes, we show the DET
curves of these experimental results in Figure 17. As demonstrated in the results, we can see that the
proposed method was sufficient for iPAD. In addition, these detection accuracies were much better
than those obtained in our previous experiment with the ND2015 dataset. The reason is that, in this
experiment, we used a larger dataset for training the detection model, and we trained the detection
model by merging all the possible cases of presentation attack images (without considering the known
or unknown cases). This result suggests that we can obtain a much better detection accuracy when
we collect enough data samples for training and perform testing with an attack method similar to
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that used in the training phase. However, this requirement is normally difficult to implement in real
systems because various possible attack methods can be used in the testing phase that cannot be
simulated in the training phase. To enhance the detection accuracy, we should simulate as many attack
methods as possible for the training phase of the iPAD system.

Table 7. Description of training and testing data used for entire ND2015 dataset.

Dataset
Training Dataset Testing Dataset

Real Image Attack Image Total Real Image Attack Image Total

Original entire ND2015
(1st Fold) 2340 1068 3408 2535 1357 3892

Augmented dataset
(1st Fold)

28,080
(2340 × 12)

26,700
(1068 × 25) 54,780 2535 1357 3892

Original entire ND2015
(2nd Fold) 2535 1357 3892 2340 1068 3408

Augmented dataset
(2nd Fold)

30,420
(2535 × 12)

33,925
(1357 × 25) 64,345 2340 1068 3408

Figure 16. Detection errors of various iPAD methods using the third training-testing division method
on ND2015 dataset. Note: (M-1) Using CNN as Classifier; (M-2) Using CNN Features with PCA and
RBF SVM Kernel; (M-3) Using MLBP Features with PCA and RBF SVM Kernel; (M-4) Using Feature
Level Fusion with PCA and RBF SVM Kernel; and (M-5) Using Score Level Fusion with PCA and
(RBF–RBF) SVM Kernels.
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Figure 17. DET curves of iPAD methods based on use of CNN, MLBP, or hybrid image features (feature
level fusion and score level fusion approach) using entire ND2015 dataset.

4.4. Detection Performance for Attack Method Based on Both Printed Samples and Contact Lens

As explained in Section 4.1, the presentation attack iris images in the Warsaw2017 and ND2015
datasets were collected by simulating two different attack methods, i.e., using printed samples (in
the Warsaw2017 dataset) and contact lens (in the ND2015 dataset). The Warsaw2017 dataset was
collected by recapturing the printed samples of real iris images. However, the ND2015 dataset was
collected using a more complex attack method—the use of contact lenses. By performing experiments
with each attack method, the detection system is only responsible for detecting presentation attack
images for that given attack method. To make the detection accuracy robust for several kinds of attack
methods, we performed experiments with a new dataset created by merging the Warsaw2017 and
ND2015 datasets. By merging the two original datasets, the new dataset, named WARSAW-ND dataset
in our study, contained real images captured using various cameras and capturing conditions and
presentation attack images captured using two different attack methods as well as various capturing
conditions. As a result, the WARSAW-ND dataset was more generalized than the Warsaw2017 and
ND2015 datasets for iris presentation attack detection. For our experiment in this section, we combined
the Warsaw2017 dataset (Table 5) and the ND2015 dataset (Table 6) to create the WARSAW-ND
dataset shown in Table 8. For this experiment, we used the second division approach for dividing
ND2015 dataset into training and testing datasets because it is reasonable for real applications.
For the training dataset, we used 51,681 images from the Warsaw2017 dataset and 58,800 images
from the ND2015 dataset. Using the same method, we created a test-known dataset containing
4790 images and a test-unknown dataset containing 6310 images for the experiment. Similar to the
above experiments with the individual Warsaw2017 and ND2015 datasets, we performed experiments
with the WARSAW-ND dataset using two system configurations based on feature level fusion and
score level fusion. The experimental results are given in Figure 18.

Table 8. Description of training and testing datasets of WARSAW-ND dataset.

Training Dataset Testing Dataset

Images from
Warsaw2017

dataset

Images from
ND2015
dataset

Total

Test-known dataset Test-unknown dataset

Images from
Warsaw2017

dataset

Images from
ND2015
dataset

Total
Images from
Warsaw2017

dataset

Images from
ND2015
dataset

Total

51,681 58,800 110,481 2990 1800 4790 4510 1800 6310
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(a) 

 
(b) 

Figure 18. Detection errors of various iPAD methods using the fused dataset of Warsaw2017 and
ND2015 datasets: (a) Using Test-Known dataset; and (b) Using Test-Unknown dataset. Note: (M-1)
Using CNN as Classifier; (M-2) Using CNN Features with PCA and Polynomial SVM Kernel;
(M-3) Using MLBP Features with PCA and Polynomial SVM Kernel; (M-4) Using Feature Level
Fusion with PCA and Polynomial SVM Kernel; and (M-5) Using Score Level Fusion with PCA and
(Linear–Polynomial) SVM Kernels.

For the test-known dataset case, we obtained the best detection errors of 0.000%, 0.286%,
and 0.000% using iPAD systems that use CNN features, MLBP features, and our proposed hybrid
features, respectively. These results show that we obtained perfect detection using the test-known
dataset. Similar to the explanations provided in Sections 4.2 and 4.3, this result was caused by
the fact that the test-known data were similar to the training data. However, the detection errors
increased quickly for the test-unknown data case. We obtained the lowest detection errors of 6.858%,
7.895%, and 5.581% using the iPAD systems that use CNN features, MLBP features, and our proposed
hybrid features, respectively. These detection results were much higher than those produced in the
test-known data case. Using the score level fusion approach, the combination “linear-polynomial”
rule produced the lowest detection errors with an ACER of 0.000% using test-known data and 5.422%
using test-unknown data. These detection errors were equal for the test-known data case and lower
for the test-unknown data case. However, the difference between the detection errors produced by
the feature level fusion and score level fusion approaches was small (5.581% vs. 5.422%). From these
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results, we conclude that our proposed method is effective for enhancing the detection accuracy of
iPAD systems whether they are based on the feature level fusion or the score level fusion approach.
In addition, we again confirm that the iPAD system faces a significant problem with the unknown
data because of the different capturing devices and contact lens manufacturers. For demonstration
purposes, we drew the DET curves of the experimental results in Figure 19. We did not draw the
curves for experiments using test-known data because we obtained perfect detection results with this
data. This figure again confirms the efficiency of our proposed method over the individual methods
based on only CNN or MLBP features.

Figure 19. DET curves of iPAD systems based on use of CNN, MLBP, and hybrid image features
(feature level fusion and score level fusion approach) using unknown data from a combination of
ND2015 and Warsaw2017 datasets.

4.5. Comparisons and Discussion

As explained in Section 4.1, Warsaw2017 and ND2015 datasets were used for the LivDet-Iris 2017
detection competition for iris recognition systems. In this competition, several detection methods
were proposed by research groups, including CASIA, Anon1, and UNIA. To validate the detection
performance of our proposed method, we performed a comparison of detection performances of our
proposed method with those produced by previous methods used in the LivDet-Iris 2017 competition.
The detailed comparison is shown in Figure 20. In this figure, the detection performances are given as
the weighted average of detection errors of both the test-known and test-unknown datasets.

Using the Warsaw2017 dataset, the study by Yambay et al. [48] showed that the detection errors
were about 6.00%, 5.81%, and 7.41% using the CASIA, Anon1, and UNINA methods, respectively.
Using our proposed method, we reduced the detection error to 0.142% and 0.016% for the feature
level fusion and score level fusion approaches, respectively. These detection errors were also
lower than those of 0.263% and 0.224% produced by the iPAD systems using only CNN or MLBP
features, respectively.

Using the ND2015 dataset, the work by Yambay et al. [48] obtained the best detection accuracy
by using the Anon1 method with a reported detection error of 4.03%. As shown in our experimental
results in Figure 20, our study obtained an error of 3.598% using the iPAD system using only CNN
features. We obtained an average detection error of 5.931% using only MLBP features, which is still
lower than the results obtained by the CASIA and UNINA methods [48]. Although the detection
error produced by the iPAD system using only MLBP features was higher than that produced by
the Anon1 method, the combination of the MLBP and CNN features using the feature level fusion
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approach produced an average error of 2.098%, which is much lower than the best detection error of
4.03% produced by a previous study [48]. In addition, although the detection error produced by our
proposed method based on score level fusion was higher than that of the feature level fusion approach
(ACER of 2.945%), this error was still lower than the best detection error reported by Yambay et al. [48].
From comparison with the very recent study on iPAD using the same datasets, we conclude that our
proposed method outperforms previous studies and is an effective method for iPAD.

 
(a) 

 
(b) 

Figure 20. Comparison of detection error (ACER) between proposed method and previous methods
using (a) Warsaw2017 and (b) ND2015 datasets. Note: (M-1) CASIA method [48]; (M-2) Anon1
method [48]; (M-3) UNINA method [48]; (M-4) CNN-based method [32]; (M-5) MLBP-based
method [29]; (M-6) Proposed method based on feature level fusion; and (M-7) Proposed method
based on score level fusion.

As shown in Figure 20, we obtained a very good detection result with the Warsaw2017 dataset.
However, although the detection result for the ND2015 dataset was better than those produced by the
previous study [48], it was still high compared to the results of the Warsaw dataset. The reason for this
is that the Warsaw2017 dataset uses a very simple attack method and the consequent images in the
Warsaw2017 dataset exhibit many noise components such as printing noise and broken texture that are
easy to detect as shown in our experimental results in Section 4.2. However, by printing iris patterns on
contact lenses for attack purposes, the iris patterns in the captured iris images in the ND2015 dataset
display clearly without the additional negative components such as printing noise or broken texture
features. In addition, a contact lens does not differentiate between real and presentation attack images
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on the non-iris regions such as the sclera, eyelid, eyelash, or skin regions. As a result, presentation
attack images in the ND2015 dataset are more difficult to detect than those in the Warsaw2017 dataset.

In the CNN method of Yambay et al. [48], called spoofnet, the CNN network architecture with
four convolution layers and one inception module was shallower than the CNN architecture of our
study. In addition, we used the PCA method to select optimal image features and the SVM method to
classify the input images based on extracted image features instead of using fully connected layers
directly. As a result, our detection accuracy was higher than that of Yambay’s method. As shown in
our experimental results, we also see that the cross-sensor or cross contact lens manufacturer is an
important factor in an iPAD system. The use of a different capturing device for image acquisition or a
different method to create a presentation attack iris image has a strong effect on a detection system by
increasing the possibility of a successful attack on an iris recognition system.

5. Conclusions

In this study, we proposed a new PAD method for enhancing the security level of iris recognition
systems. The main contribution of our proposed method is that we reduced the limitation of the
deep learning-based method by using a combination of handcrafted image features and deep features.
Although the deep learning-based method has proven to be effective for solving many computer
vision problems, it still has several limitations such as over-fitting caused by the limited number of
training data and the huge number of model parameters. As a result, the performance of the deep
learning method is limited when applied to a problem which lacks training data. In our work, we used
handcrafted image features designed by expert knowledge of PAD for an iris recognition system to
extract the image features and extracted image features using the deep learning method. By combining
the two kinds of image features, we enhanced the detection accuracy of a PAD system compared to
previous studies. Using the popular Warsaw2017 and ND2015 public datasets, we showed that our
proposed method outperformed previous methods by producing a much lower detection error rate
as shown in Section 4. In addition, the polynomial kernel of SVM method works better than linear
and RBF kernels in our experiments with Warsaw2017 and ND2015 datasets. We conclude that our
proposed PAD method effectively enhances the security level of iris recognition systems.
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Abstract: In order to determine camera parameters, a calibration procedure involving the camera
recordings of a checkerboard is usually performed. In this paper, we propose an alternative approach
that uses Gray-code patterns displayed on an LCD screen. Gray-code patterns allow us to decode
3D location information of points of the LCD screen at every pixel in the camera image. This is in
contrast to checkerboard patterns where the number of corresponding locations is limited to the
number of checkerboard corners. We show that, for the case of a UEye CMOS camera, the precision
of focal-length estimation is 1.5 times more precise than when using a standard calibration with a
checkerboard pattern.

Keywords: camera calibration; Gray code; checkerboard

1. Problem Statement and Introduction

Commonly, camera calibration is done with checkerboard patterns printed on paper with a
standard printer and attached to a flat surface [1,2]. The use of these low-cost checkerboards limits the
number of input points of the calibration to the number of checker corners. It is also challenging to
obtain input points of pixels located near the edges and corners of the image. This difficulty might lead
to high uncertainty on the calculated camera parameters. The primary goal in this work is to obtain
more accurate camera calibration by using a new calibration pattern. The proposed pattern needs to
give a high number of accurate input points to the calibration algorithm. The input points must be
easy to detect and evenly distributed in the image frame to avoid overfitting. In addition, the used
calibration pattern must be easy to handle, cheap, and easy to make. Therefore, a standard laptop LCD
screen (or any other screen) with a displayed pattern is proposed. A laptop screen is a high-quality flat
surface and easy to get by. As a pattern, we propose to use Gray code. In our experiments (Section 2)
a Gray-code pattern performs better than a checkerboard pattern. The main advantage of Gray code is
that each pixel of the image has a corresponding calibration input point. The use, advantages, and
disadvantages of Gray code are further explained in Section 1.3. In Section 1.1, a brief introduction
on the standard camera-calibration method is given. Section 2 describes the experiments used to
validate the proposed calibration board. Section 2 also compares the proposed Gray-code pattern with
a checkerboard pattern. The literature exists where patterns displayed on LCD screens are used [3–5],
but they are mostly used in combination with checkerboards and circular patterns, or need additional
hardware. To our knowledge, Gray code is not used as a calibration pattern in combination with
standard pinhole monocular camera calibration. The closest related work is the paper by Hirooka S. [6].
The work uses Gray code displayed on LCD screens to calibrate a stereo pair of cameras. In contrast to
the paper of Hirooka S. [6], this work focuses on monocular calibration. Additionally, we analyze the
precision of the calibration and compare it to standard checkerboards displayed on an LCD screen.
The standard error measure in camera calibration (reprojection error) of the standard method using
checkerboards and the proposed method using Gray code is investigated.

Sensors 2019, 19, 246; doi:10.3390/s19020246 www.mdpi.com/journal/sensors357



Sensors 2019, 19, 246

1.1. Camera Calibration

Geometric monocular camera calibration plays an important role in computer vision [7–14].
This work focuses on calculating Intrinsic Parameters I and distortion parameters of the camera.
These parameters are needed if images are used for pose estimation of detected objects or 3D
reconstruction (scanning) of objects K is the intrinsic matrix according to the pinhole model assuming
compensated distortion and zero skew (Equation (1)). The intrinsic matrix contains the focal lengths
[pixel] in the x- and y-direction ( fx, fy) and the principal point (cx, cy) [pixel]. The focal length in pixels
corresponds to the focal length in meter with fx,y = sx,y ∗ f . Where f is the focal length (meters),
and sx,y (pixels/meters) is the size in x or y direction of a pixel on the camera sensor. The goal of
camera calibration is to calculate this intrinsic matrix and the distortion parameters. As input points
the calibration algorithm uses known world co-ordinates and corresponding camera coordinates.
Commonly, these co-ordinates are called imagepoints (u, v) (Equation (2)) when used as calibration
points. Objectpoints (x, y, z)world (Equation (3)) are points corresponding with these imagepoints
defined in a world co-ordinate system.

K =

⎡⎢⎣ fx 0 cx

0 fy cy

0 0 1

⎤⎥⎦ (1)

⎡⎢⎣ u
v
1

⎤⎥⎦ = K

⎡⎢⎣ x
y
z

⎤⎥⎦ (2)

H is the homogeneous transformation matrix between the objectpoints defined in a world
co-ordinate system and the corresponding points in the camera co-ordinate system. For more
information about the pinhole model with (radial) distortion parameters, we refer to the work of
Zhang Z., OpenCV and Matlab documentation [1,15,16].⎡⎢⎢⎢⎣

x
y
z
1

⎤⎥⎥⎥⎦ = H.

⎡⎢⎢⎢⎣
x
y
z
1

⎤⎥⎥⎥⎦
world

(3)

Currently, object and imagepoints for camera calibration are commonly obtained using planar
checkerboards [11,16,17]. From the images of these boards, the checker corners are calculated
and located. This location is used to estimate camera parameters, where the camera parameters
contain the intrinsic matrix and distortion parameters. There are various kinds of checkerboards.
The most common is a board used in OpenCV tutorials (see Figure 1a). Other types of boards exist
(Figure 1b–d) using circles instead of corners. Boards with additional markers to detect partially
occluded checkerboards also exist (Figure 1c,d). These types of calibration boards all have a limited
number of detectable points per image, e.g., the 9 × 6 OpenCV checkerboard has 54 detectable
points [11], where even a low-resolution camera has 76,800 pixels (320 × 240 pixels). Using a limited
set of points can cause inaccurate calibrations with a large uncertainty (see Section 2).
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(a) (b) (c) (d)

Figure 1. Calibration Boards. (a) Opencv 9 × 6 checkerboard; (b) Opencv asymmetric circle
calibration board; (c) board with additional (bold circles) markers (used by Scan in box Idea
software); (d) Charuco markers in combination with Checkerboard (OpenCV) [1,18] (edited figure from
OpenCV documentation).

1.2. LCD Screen

Commonly planar checkerboards or other patterns are made by printing the pattern on
paper using a standard printer and then placing or glueing the paper on a planar surface [15,16].
This manufacturing process can introduce errors caused by the printing or glueing process [2]. To avoid
problems with this manufacturing process, the pattern can be displayed on an LCD screen [3,19].
An LCD screen is flat, and the displayed dimensions of the pattern are highly accurate and without
distortions. Song Z. [5] states that the flatness of a printed checkerboard easily exceeds 0.1 mm, while
the planetary deviations of standard LCD panels are below 0.05 mm. High-quality machine-vision
calibration targets exist (using ceramic or glass substrates), but their price range is much higher than
calibration boards printed on paper and manually glued on a flat surface. However, in this work,
it is not our goal to replace these industrial-grade calibration boards, but only the low-cost printed
calibration boards.

1.3. Gray Code

In this work, we replace a standard checker calibration pattern with a pattern that gives more
correspondences for calibration. As a new pattern, we propose to use Gray code [20] (reflected binary
code). Commonly, Gray code is used for error detection and correction in digital communication.
It is also used in encoders for position detection and used in structured light 3D scanners [21–25].
In structured light 3D scanners, Gray code is a type of binary code that uses black and white
stripes. Each stripe corresponds to a unique code word. N patterns can code 2N unique patterns.
The sequence of these striped patterns codes 2n unique locations. In the proposed methodology,
each pixel of the camera is mapped to a row/column of the LCD screen. To calculate this mapping,
Gray code is displayed on a screen and captured by the camera. Gray code encodes column and
row indices in a unique time sequence of black and white patterns. This pattern forms code words
(see Figure 2). Each pixel of the camera will have two codewords, one corresponding with the row
of the LCD screen it sees, and one with the column. Two neighboring code words have a Hamming
distance of one. This property has the advantage that if one frame of the Gray-code sequence is
detected wrongly, the corresponding pixel only shifts one row/column [20,26]. In contrast to standard
checkerboard detection, multiple frames are recorded to calculate the mapping. This recording has
as a disadvantage that the camera needs to remain fixed during recording. The number of displayed
frames is equal to [2 log2 (w) + 2 log2 (h)] where w is the width of the LCD screen and h the height
(in pixel). The displayed frames are the bit planes needed for decoding and their inverse. This
inverse is used to define a variable threshold to distinguish black (0) and white (1) [26]. Checkerboard
detection requires the detection of corners on a subpixel level. Standard techniques use a Harris feature
point detector as a rough corner estimation and use a gradient search operation for subpixel corner
estimation. As proven by Datta A. [27], this gradient search introduces a bias on the corner location
when the calibration boards are not frontoparallel to the camera. Although the work of Datta A. solves
this by using an iterative approach, the use of Gray-code patterns eliminates this bias because only
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a threshold operation is needed for composing the per pixel Gray-code code word. This per-pixel
threshold does not use line detection or other spatial information about the calibration pattern that
might get distorted in the image. As a downside, Gray code only gives only pixel correspondences
in contrast to subpixel correspondences of checkerboard detection. There are, however, a lot more
pixel correspondences (all pixels of the image can be used) than the 54 points used by a standard
9 × 4 checkerboard. The camera can be placed in a position where it only sees the LCD screen because
it is not necessary to see the complete pattern. This property gives the advantage that each camera
pixel has a correspondence that also forces the correspondences to be evenly distributed.

When using Gray code displayed on an LCD screen, the camera needs to operate in the visible
light spectrum, where checkerboards can also be used to calibrate camera and lenses in the infrared
and near-infrared spectrum [28]. When recording a screen with a camera, special care needs to be
taking to avoid incompatibility with refresh rates of the LCD screen and capturing rate of the camera.
In our experiments, aliasing effects like the moiré effect did not occur. The methodology is summarised
in Algorithm 1. An example of the first three Gray-code patterns is given in Figure 2.

Algorithm 1: Methodology.

Step 1: Aim camera to LCD screen.
Step 2: Display and Capture Gray code pattern.
Step 3: Decode Gray code.

Step 3.a: Make mapping between screen pixels and camera pixels.

Step 4: Redo 1–3 for multiple positions.
Step 5: Use OpenCV functions for camera calibration.

Step 5.a: Sample complete dataset (otherwise large computation time).
Step 5.b: Use OpenCV function calibrateCamera (inputs) with as input imagepoints

(u,v coordinates of image) and objectpoints (corresponding screen pixels).

1 2 3

0 0 0 0 1 1 1 1 0 0 1 1 1 1 0 0 0 1 1 0 0 1 1 0 0 0 0 0 1 1 1 10 0 1 1 1 1 0 00 1 1 0 0 1 1 0

0 1 2 3 4 5 6 7=

Gray-code

Address (Column)

Decode}

Column Pattern

Row Pattern

Figure 2. Gray-code pattern (first 3) Top: Pattern for row correspondences (top), column for row
correspondences. An example of decodation of the column pattern is given. The example assumes
only three patterns are given (eight columns). Figure based on Reference [6].
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2. Experiments

2.1. Experimental Setup

In our experimental setup, a UEye CMOS camera with a resolution of 1024 × 1080 pixels was
used in combination with a 16 mm lens. The camera sensor has a pixel size of 5.3 μm, which
gives a theoretical focal length of 3018 pixels. As LCD screen, the screen of a Dell Lattitude
E5550 (1080 × 1920 pixels) was used. In the experiment, the method using Gray code is compared
with checkerboards.

Checkerboard detection uses additional circle markers on the board (Figure 3b). These markers are
used as a reference to ensure correct labelling (ordering) of the corners when the complete checkerboard
is not visible (Figure 3d). In our experiments, we use a 9 × 14 checkerboard. A checkerboard detection
is considered correct when minimal 54 points are detected (total points 126). 54 points are used as a
threshold to do equally or better than the standard calibration board used in OpenCV tutorials (9 × 6,
54 points) [1].

For each calibration, the camera is repositioned 15 times. We chose this number because OpenCV
documentation (version 3.4.1) states that at least 10 positions are needed. Matlab documentation
(using the same algorithms) states that 10 to 20 positions are needed. Calibration software like DLR [29]
only needs three to 10 images. Halcon (industrial vision software package) also uses 15 positions of a
calibration board in its documentation [30]. To obtain proper calibrations, we positioned the camera
with angles up to 30° as done by Albarelli A. et al. [2].
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Figure 3. (a) Setup with one Gray-code frame displayed (b) setup with checkerboard displayed
(c) recorded frame with Gray code; (d) calculated correspondence map between LCD screen and
camera. Each pixel on the LCD screen (x and y-axis) has a corresponding pixel in the camera. The
corresponding pixels are visualized with colors. The white area indicates the parts of the screen that is
not visible in the camera image.
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Display and decoding of the Gray code is done using the Matlab Psychtoolbox (Matlab OpenGL
wrapper) and code made available by Moreno D. [31] (Figure 3a,c). Calculating the calibration is done
using OpenCV (version 3.4.1) functions. The function uses the calibration algorithm of Zhang Z. [15]),
and default settings are used. Although not displayed in the text, radial distortion (to the 2nd order)
and principal points are calculated. Skew and tangential distortion, and third-order radial distortion
are assumed to be negligible.

2.2. Number of Calibration Points

In a first experiment, the effect of a higher number of calibration points was analysed. From a
dataset of 15 camera positions, N random number of samples per camera position are taken, and the
calibration is executed. In Figure 4 different calibration results (focal length) with a different number
of samples are listed. For each sample size, the calibration is repeated 50 times. The samples are
randomly selected from a complete dataset containing all samples from 15 different positions of the
camera. The experiment shows that, when using more than 100,000 points, standard deviation goes
below 0.14 pixels, and the mean focal length does not change. When using 700,000 points or more,
standard deviation stays below 0.02 pixels. Therefore, in the following experiments, 700,000 points are
used as input sample size. Calculating the calibration with 700,000 points takes approximately two
minutes (computation done on 1 core @ 4 GHz). In comparison, a calibration using 54 points per view
(checkerboard) takes less than one second.

10 50 100
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1,000
5,000
10,000
25,000
50,000
100,000
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1,200,000

number of samples (N)
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Figure 4. Calibration using Gray code with a different number of inputpoints.

2.3. Comparison between Gray Code and Checkerboard

In this experiment, in 15 different camera positions, Gray code was recorded and subsequently
decoded. In each camera position, a checkerboard is also displayed on the screen. Next, the camera
was calibrated using both the detected checkerboard corners and a random subset (700,000 points) of
the Gray-code pattern. Next, the experiment was repeated seven times to check repeatability.

Table 1 shows the results of the experiment. The reprojection error of the Gray code was higher
than the reprojection error calculated with checkerboards. This higher error is expected since the
checkerboard detection has subpixel resolution, whereas Gray code only has pixel correspondences.
The reprojection error is the root mean square of the distances between the detected imagepoints and
the projected (using the calculated camera parameters) objectpoints (see Section 1.1). The experiments
of Albarelli A. et al. [2] and Poulin-Girard A. et al. [32] also prove that low reprojection errors do not
necessarily give better calibration. The positioning of the calibration boards proved to be far more
important to get good calibrations. For example, large calibration errors with low reprojection errors
are obtained using only positions planar to the calibration. Therefore, we used standard deviation on
the calibration results to compare results.
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In Table 1, the comparison between the use of a checkerboard and Gray code is summarised.
From the complete set, the mean focal length (in x-direction) calculated with Gray code is 3091 pixels
with a standard deviation of 2.3 pixels, while the calculated focal length using a checkerboard pattern
is 3080 pixel with a standard deviation of 4.8 pixels. In this dataset, the use of Gray code gives an
improvement of 2.5 pixels on standard deviation.

As an extra validation, an LCD screen displaying a checkerboard is mounted on a translation
stage. The checkerboard is detected in 20 different positions between 200 mm and 500 mm from the
camera. Between each pair of positions, there was a translation of 10 mm. Next, the relative translation
of the checkerboard is calculated with the mean calibration parameters of Table 1 of both the method
using Gray code and the method using checkerboards. The mean relative error on the translation with
the Gray-code parameters was 0.78 mm, with a standard deviation of 0.32 mm. The mean relative
error using checkerboard parameters was 1.65 mm, with a standard deviation of 0.93 mm.

The experiment shows that a large number of correspondences has the advantage to give smaller
standard deviations on the estimated camera parameters. Where the checkerboard gives standard
deviations on the focal length of around 2.0 pixels, the Gray code gives standard deviations of around
0.02 pixels which is an improvement of a factor 100. Therefore, we conclude that using Gray code
makes the camera-calibration algorithm more robust than calibration using correspondences from
checkerboards. Note that the iterative method of Datta A. [27] (see Section 1.3) has an approximate
improvement of a factor 3.

2.4. Repeatability

To further check the repeatability of the calibration, stability analysis was executed. A new
calibration set was built with 49 different camerapositions. From this set, seven random camera
positions are chosen. In this subset, 700,000 points were randomly selected, and then calibration was
calculated. In the case of the checkerboard, the same camera positions are used to calibrate the camera
with all detected checkerboard corners. This analysis was repeated 100 times and the focal length ( fx)
is saved.

In this analysis (see Figure 5), the standard deviation of the focal length using Gray code was
3.30 pixels, which is lower than the focal length calculated with checkerboard corners (5.87 pixels).
Note that in this experiment samples are taken randomly. Consequently, it is possible to build a
bad dataset with only low-angled calibration patterns. For that reason, this experiment would most
probably give higher deviations than real experiments done by an experienced user. However, since
the same sampling is used for both techniques, the experiment can be used as a comparison. Note that
in this dataset the lens of the camera was refocused and consequently the lens would have a slightly
different focal distance compared to previous experiments.

The used Gray-code pattern uses 44 images (22 for rows, 22 for columns) displayed on the screen
per position. As an additional experiment, 44 different checkerboards were also detected per camera
position. This experiment did not significantly alter the calibration results with checkerboards and
calculating the calibration with this dataset takes between 350 and 60 min. Due to this high calculation
time, and the fact that this is not a standard use of checkerboard patterns, this setup of 44 checkerboards
per camera position was not further analysed. For all other experiments described in this work, only
one checkerboard was detected per camera position.
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Figure 5. Histogram of focal length (( fx) x-direction) using a calibration by sampling seven random
positions out of 49, executed 100 times. Standard deviation using Gray code is 3.30 and 5.87 pixels
using standard checkerboard displayed on a LCD screen

3. Conclusions

A Gray-code pattern displayed on a standard LCD screen can be used for the geometric calibration
of a camera. In our experiments, the average reprojection error was around 1 pixel. This error is
larger than the error obtained using standard checkerboards (0.25 pixels). This higher error is caused
by the pixel-accuracy detection of Gray code, whereas the checkerboard detection uses subpixel
detection of the corners. The Gray-code pattern has the advantage of giving a large number of
correspondences. This large number made it possible to give each camera pixel a world co-ordinate in
our experiments. This is in contrast to the correspondences of a checkerboard that are limited to the
checkerboard corners. A large number of correspondences has the advantage to give smaller standard
deviations on the estimated camera parameters. Where the checkerboard gives standard deviations
on the focal length of around 4.8 pixels, the Gray code gives standard deviations of around 3.1 pixels,
which is an improvement of a factor of 1.5. Therefore, we conclude that using Gray code makes the
camera-calibration algorithm more robust than calibration using correspondences from checkerboards.
Calibration does not need special lab-equipment, only a tripod for mounting the camera and a laptop
or LCD monitor.
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Abstract: This paper proposes a method that automatically calibrates four cameras of an around view
monitor (AVM) system in a natural driving situation. The proposed method estimates orientation
angles of four cameras composing the AVM system, and assumes that their locations and intrinsic
parameters are known in advance. This method utilizes lane markings because they exist in almost
all on-road situations and appear across images of adjacent cameras. It starts by detecting lane
markings from images captured by four cameras of the AVM system in a cost-effective manner.
False lane markings are rejected by analyzing the statistical properties of the detected lane markings.
Once the correct lane markings are sufficiently gathered, this method first calibrates the front and
rear cameras, and then calibrates the left and right cameras with the help of the calibration results of
the front and rear cameras. This two-step approach is essential because side cameras cannot be fully
calibrated by themselves, due to insufficient lane marking information. After this initial calibration,
this method collects corresponding lane markings appearing across images of adjacent cameras and
simultaneously refines the initial calibration results of four cameras to obtain seamless AVM images.
In the case of a long image sequence, this method conducts the camera calibration multiple times,
and then selects the medoid as the final result to reduce computational resources and dependency
on a specific place. In the experiment, the proposed method was quantitatively and qualitatively
evaluated in various real driving situations and showed promising results.

Keywords: around view monitor (AVM) system; automatic calibration; lane marking; parking assist
system; advanced driver assistance system (ADAS)

1. Introduction

Recently, around view monitor (AVM) systems have become popular as parking aid products
because they provide convenience to drivers by showing the surrounding view of the vehicle [1].
The AVM system consists of four cameras located at the centers of the front and rear bumpers and
under two side view mirrors as shown in Figure 1 with red triangles [2]. Four images acquired
from four cameras are transformed into bird’s eye view images, and they are stitched to generate
an AVM image. To this end, intrinsic and extrinsic parameters of four cameras should be known.
The intrinsic parameters describe the optical properties of the camera, and the extrinsic parameters
describe the relationship between the camera and vehicle coordinate systems. Since the intrinsic
parameters hardly change, they need to be calibrated only once when the camera is manufactured.
On the other hand, the extrinsic parameters can be changed due to various external shocks so that
they need to be occasionally calibrated. However, the recalibration is quite inconvenient because,
in reality, it should be carried out by skilled workers with a calibration pattern and external equipment

Sensors 2018, 18, 2956; doi:10.3390/s18092956 www.mdpi.com/journal/sensors369
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as shown in Figure 2. This means that drivers must visit large-scale repair shops equipped with those
specialized facilities.

Figure 1. Camera configuration of the around view monitor (AVM) system. Red triangles indicate four
cameras of the AVM system.

Figure 2. Example of the calibration pattern (left) and external equipment (right) used for recalibrating
the AVM system [3].

To alleviate this inconvenience, an automatic calibration method for AVM systems should be
developed. In order for an automatic calibration method to be practical and useful, the following
points should be considered. First, it should use visual features that are easily observable in typical
road conditions. Second, it should operate at various vehicle speeds that can occur in natural driving
situations. Last, it should consider the relationship between adjacent cameras in order to obtain a
seamless AVM image. Many methods have been suggested for calibrating vehicle-mounted cameras,
and they can be categorized into three approaches: calibration pattern-based, interest point-based,
and lane marking-based. The calibration pattern-based approach is inconvenient, because it needs
specialized patterns. The interest point-based approach is limited by the vehicle speed. Since four
cameras of the AVM system are facing the ground at low heights as shown in Figure 1, point features
move too fast to reliably track when the vehicle travels at high speed. In addition, it is difficult to
obtain point correspondences between images of adjacent cameras because overlapping areas are
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severely distorted due to the use of fisheye lenses as shown in Figure 1. On the other hand, the lane
marking-based approach is suitable for calibrating the AVM system since lane markings exist in almost
all on-road situations and are detectable at both low and high speeds. Furthermore, it is easier to
find corresponding lane markings in images of adjacent cameras compared with the point features.
However, previous methods in the lane marking-based approach only deal with a single camera and
assume that the lane markings are correctly detected.

Based on these analyses, this paper proposes a novel and practical method that can automatically
calibrate four cameras of the AVM system using lane markings. The proposed method assumes
that four cameras are mounted on the vehicle as shown in Figure 1. Unlike the previous methods,
the proposed method calibrates multiple cameras by automatically finding corresponding lane
markings across images of adjacent cameras and efficiently handling falsely detected lane markings.
Since the camera orientation more severely degrades the quality of the AVM image compared with the
camera location [4], this paper focuses on estimating the rotation angles of four cameras. The proposed
method starts by detecting lane markings from images captured by four cameras of the AVM system
in a cost-effective manner. Since the detection results inevitably include falsely detected lane markings,
it identifies and rejects those outliers by utilizing the statistical properties of the detected lane markings.
Once the correct lane markings are sufficiently gathered, this method first calibrates the front and
rear cameras, and then calibrates the left and right cameras with the help of the calibration results of
the front and rear cameras. This two-step approach is essential because side cameras cannot be fully
calibrated by themselves, due to insufficient lane marking information. After this initial calibration,
this method collects the corresponding lane markings appearing across images of adjacent cameras and
simultaneously refines the initial calibration results of four cameras to obtain seamless AVM images.
In the case of a long image sequence, this method conducts the above procedure multiple times by
dividing the image sequence, and selects the medoid of the multiple calibration results as the final
one to reduce both computational resources and dependency on a specific place. Figure 3 shows the
flowchart of the proposed method.

 

Figure 3. Flowchart of the proposed method.

The rest of this paper is organized as follows. Section 2 briefly explains related research.
Sections 3–6 describe the essential procedures of the proposed method: lane marking detection,
false detection removal, parameter estimation, and parameter selection. Section 7 presents experimental
results and analyses. Finally, this paper is concluded with a summary in Section 8.

2. Related Research

Since camera calibration is a subject that has been extensively researched for a long period of
time, it is unreasonable to cover all the aspects in this paper. Thus, this literature review focuses only
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on the previous methods suggested for calibrating extrinsic parameters of vehicle-mounted cameras.
According to which features are used, the previous methods can be categorized into three approaches:
calibration pattern-based, interest point-based, and lane marking-based.

2.1. Calibration Pattern-Based Approach

The calibration pattern-based approach estimates camera parameters using special patterns
that consist of corners, circles, or lines. Since this approach uses precisely drawn patterns whose
configurations are known, it is possible to accurately estimate the camera parameters. However,
the methods in this approach are quite inconvenient, because drivers must prepare those patterns
themselves, or visit repair shops that can equip those patterns. Chang et al. [5] utilized a pattern
composed of multiple rectangles drawn on the ground. This method compares images of rectangles
with the reference rectangles to estimate extrinsic parameters of four cameras composing the AVM
system. Mazzei et al. [6] used a checkerboard pattern on the ground to calibrate extrinsic parameters
of the front view camera by minimizing the reprojection error of the corner locations. Hold et al. [7]
used a similar approach using a pattern of circles on the ground. This method finds extrinsic
parameters of the front view camera that minimizes the reprojection error of the centers of the circles.
Lebraly et al. [8] utilized a pattern composed of multiple circles and dots to estimate the relative pose
between rigidly coupled cameras based on the hand–eye calibration scheme and bundle adjustment.
Antonelli et al. [9] calibrated a mobile robot mounted camera by utilizing a rectangular parallelepiped
pattern, with multiple dots and odometry calculated by wheel encoders. Tan et al. [10] utilized an
H-shaped pattern that consisted of three lines (two are parallel and one is perpendicular to the vehicle)
to calibrate the front view camera. Li et al. [11] also used an H-shaped pattern to calibrate a rear
view camera with a fisheye lens. This method exploits the pattern embedded in parking lot lines.
Natroshvili et al. [12] estimated the rotations of four cameras composing the AVM system using point
patterns. This paper presents several calibration approaches that use different configurations of the
point patterns.

2.2. Interest Point-Based Approach

The interest point-based approach estimates the camera parameters using the interest points
extracted and tracked from consecutive images. If the interest points are reliably extracted and
tracked, this approach produces accurate calibration results. However, in terms of the AVM system
calibration, this approach has several drawbacks. Interest points are hardly tracked through the image
sequence when the vehicle moves fast, because the cameras of the AVM system are facing the ground
at low heights as shown in Figure 1. It is also difficult to obtain point correspondences between
images of adjacent cameras because overlapping areas are severely distorted due to the use of fisheye
lenses as shown in Figure 1. This makes it difficult to consider the relationships between adjacent
cameras to obtain seamless AVM images. Since this approach is not well suited for AVM systems,
this literature review introduces some which are closely related with this paper. Miksch et al. [13]
calibrated the orientation of the camera attached to the sideview mirror by using homography and
vehicle odometry. They reduce the number of parameters of the homography into one with the
help of the vehicle odometry, and estimate them by minimizing the brightness difference around the
point correspondences between two consecutive images. They proposed a similar method [14] that
uses two point correspondences to estimate the homography. This method assumes that the vehicle
moves straight ahead to remove the necessity of the vehicle odometry. Ruland et al. [4] estimated
the orientation of the fisheye camera by using homography and vehicle odometry. This method
finds the camera’s rotation angles that minimize the pixel displacement error between the points
transformed by the homography and the points transformed by the vehicle odometry. Tan et al. [15]
calibrated a front view camera by combining optical flow, motion stereo, visual odometry, and vehicle
odometry. This method estimates the camera’s extrinsic parameters by comparing the visual odometry
and vehicle odometry. The optical flow-based vanishing point and motion stereo-based 3D points
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are used as constraints. Chao et al. [16] estimated the relation between odometer and camera using
a two-step least square minimization. This method first estimates two orientation parameters and
then calculates the remaining parameters based on integrated odometry measurements and point
correspondences between consecutive images. Heng et al. [17] calibrated extrinsic parameters between
a rig with multiple cameras and vehicle odometry. This method first estimates the camera-odometry
transformation for each camera using the tracked interest points, and then optimizes the initial
parameters using bundle adjustment. Heng et al. [18] estimated extrinsic parameters of a multicamera
system by using a pre-acquired highly accurate map. It finds the camera poses based on the 2D–3D
correspondences between each set of synchronized camera images and the map.

2.3. Lane Marking-Based Approach

The lane marking-based approach estimates the camera parameters using lane markings on the
ground. Lane markings exist in almost all on-road situations and are detectable at both low and
high speeds. However, this approach cannot work on off-road situations where lane markings are
not presented, and its accuracy can be degraded when lane markings are worn. Hold et al. [19]
calibrated extrinsic parameters of the front view camera. This method detects dashed lane markings
at predefined vertical coordinates, and calculates the extrinsic parameters by analyzing the detected
lane markings and the measured vehicle velocity. Paula et al. [20] estimated the height, pitch, and roll
of the front view camera using a rectangular portion of the road, which is calculated from the lane
boundaries and the distance between adjacent dashed lane markings. Wang et al. [21] estimated the
extrinsic parameters of the front view camera based on two vanishing points generated from dashed
lane markings. One vanishing point is obtained from left and right lane markings and the other
one is obtained from lines connecting the corners of the lane segments. These three methods [19–21]
require dashed lane markings, and two of them [20,21] need accurate vehicle speed synchronized with
the camera. Ribeiro et al. [22] proposed a method similar to the method in [20]. This method finds
a trapezoid composed with two lane markings and estimates the parameters which transform the
trapezoid to a rectangle. Xu et al. [23] calibrated the extrinsic parameters of the front view camera
using parallel lines extracted from lane markings, as well as parallel lines perpendicular to the ground
(e.g., edges of buildings). This method manually designates lane markings and requires parallel lines
perpendicular to the ground, which are rarely captured by the ground-facing cameras of the AVM
system. Catala-Prat et al. [24] calibrated the orientation of the front view camera by finding parameters
that minimize the sum of squares of the lane markings’ slopes. This method automatically detects lane
markings, but manually rejects outliers for reliable parameter estimation. Zhao et al. [25] estimated
the pitch and yaw of the vehicle mounted camera. This method uses a vanishing point calculated by
applying the weighted least squares approach to detected lane markings. The calculated vanishing
point is tracked by Kalman filter to obtain consistency.

As aforementioned in the introduction, the lane marking-based approach is more suitable for
calibrating the AVM system in natural driving conditions compared to the other approaches. This is
because of the following reasons: lane markings exist in almost all on-road situations, are detectable at
both low and high speeds, and appear across images of adjacent cameras. However, previous methods
in this approach cannot be directly used to calibrate cameras of the AVM system because they require
ideally drawn dashed lanes, both left and right lanes at the same time, or lines perpendicular to the
ground. Furthermore, previous methods have not handled falsely detected lane markings that are
inevitably included in a real situation, and have not utilized the lane markings appearing across images
of adjacent cameras.

In order to overcome the limitations of the previous methods, this paper proposes a novel lane
marking-based automatic calibration method for AVM systems. The proposed method can handle both
dashed and solid lane markings, calibrate side view cameras where only the left or right lane marking
is observed, and does not need rare objects, such as lines perpendicular to the ground. In addition,
this method explicitly deals with falsely detected lane markings based on the statistical properties
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of the detected lane markings, and utilizes the lane markings that appear across images of adjacent
cameras to consider the inter-camera relationships.

Besides these three approaches, there is a road geometry-based approach that calibrates
vehicle-mounted cameras by estimating the geometry of the road in front of the vehicle [26,27].
Since almost all methods in this approach use stereo cameras to obtain three-dimensional geometry
information of the road, it cannot be utilized for calibrating the cameras of the AVM system where
there is very little overlap between views of adjacent cameras. Therefore, this literature review does
not deal with this approach in depth.

3. Lane Marking Detection

The proposed method detects lane markings by combining simple techniques: edge detection,
line estimation, and line pairing. This paper deliberately avoids using sophisticated lane detection
methods in order to detect lane markings from images of four cameras in real-time. This method
assumes that the angles of the four cameras can be changed within ±5◦. This value was empirically
set with the help of automotive experts. This method precalculates the ranges of position, orientation,
and width for lane markings as geometrical constraints during offline simulation. Figure 4 shows the
precalculated position range of the lane markings in the AVM image. Figure 4a–c are the position
ranges of the left and right lanes in the images of the front and rear cameras, the left and right lanes in
images of the left and right cameras, and the stop lines in the images of the front and rear cameras,
respectively. Red, blue, and green regions indicate the position ranges for left lanes, right lanes,
and stop lines, respectively. The ranges of orientation and width are not depicted because it is difficult
to graphically draw them.

   
(a) (b) (c) 

Figure 4. Precalculated position range of lane markings. (a) Position ranges of left and right lanes in
images of the front and rear cameras; (b) Position ranges of left and right lanes in images of the left
and right cameras; (c) Position ranges of stop lines in images of the front and rear cameras. Red, blue,
and green regions indicate the position ranges of left lanes, right lanes, and stop lines, respectively.

The proposed method detects lane markings in bird’s-eye view images. Since the angles of the
cameras have not yet been calibrated, the bird’s-eye view images can erroneously be generated with
the initial camera angles. However, it is easier to detect lane markings in bird’s-eye view images
compared to undistorted images because they are less affected by perspective distortion. Before
detecting lane markings, a 3 × 3 median filter is applied to the bird’s-eye view image to remove salt
and pepper-like noises that frequently appear on asphalt roads. The image gradient is calculated
by the Sobel operator [28] and pixels whose gradient magnitudes are larger than a predetermined
value are detected as edge pixels. Each edge pixel is classified according to its gradient orientation.
If an edge pixel has a gradient orientation between −90◦ and 90◦, it is classified as a rising edge pixel.
Otherwise, it is classified as a falling edge pixel. Figure 5a shows an edge detection and classification
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result in a bird’s-eye view image acquired by the front camera of the AVM system. Red and green
dots indicate the rising and falling edge pixels, respectively. Once edge pixels are obtained, straight
lines are estimated by random sample consensus (RANSAC) [29]. In this procedure, RANSAC is
separately applied to the rising and falling edge pixels. If the detected line satisfies the ranges of
position and orientation precalibrated during the offline simulation, it is regarded as valid. Otherwise,
it is discarded. Figure 5b shows four straight lines estimated by RANSAC using the edge pixels
presented in Figure 5a. Red and green lines are estimated from the rising and falling edge pixels,
respectively. Once the lines are estimated, they are paired to compose lane markings based on three
conditions. The lines that follow the conditions are used for further calibration procedures, and the
lines that do not follow the conditions are discarded. The three conditions are as follows: (1) Two
lines should not be crossed within the bird’s-eye view image because they are parallel in the real
world; (2) The distance between two lines should be within the width range of the lane marking,
which is precalculated during the offline simulation; (3) The edge pixels of two lines composing a lane
marking should have similar vertical positions. This means that the number of edge pixels whose
vertical positions are similar should be larger than a predetermined value. The detection procedure of
the stop line is almost the same as that of the lane marking. The only differences are that it uses the
precalculated range of the stop line width, and counts the number of edge pixels whose horizontal
positions are similar. Figure 6a–d show some examples of the lane marking and stop line detection
results. Figure 6a includes two lanes and a stop line detected in a front camera image, Figure 6b
includes two lanes detected in a rear camera image, and Figure 6c,d include left and right lanes
detected in images of the left and right cameras, respectively.

(a) (b) 

Figure 5. (a) Edge detection and classification result (red: rising edge pixels, green: falling edge
pixels); (b) Lane marking detection result (red: lines from rising edge pixels, green: lines from falling
edge pixels).

  
(a) (b) 

  
(c) (d) 

Figure 6. Example detection results of lane marking and stop line. (a) Two lanes and a stop line
detected in a front camera image; (b) Two lanes detected in a rear camera image; (c) A left lane detected
in a left camera image; (d) A right lane detected in a right camera image.
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4. Falsely Detected Lane Marking Removal

In real situations, the lane marking detection result inevitably includes false detections, so-called
outliers. These outliers should be rejected because they can severely degrade the calibration result.
However, the previous methods in the lane making-based approach introduced in Section 2 ignore this
important procedure, and simply assume that all lane markings are correctly detected, or manually
reject the outliers. Since a fully automated calibration method should include a procedure that handles
outliers, this paper suggests a method that identifies and rejects outliers based on the statistical
properties of the detected lane markings. The suggested method assumes that the vehicle travels along
the lane and that straight driving is more frequent than curved driving. Under these assumptions,
this method statistically draws two common properties of the correctly detected lane markings in terms
of position and orientation, and then rejects the lane markings that do not follow those properties.

This method first finds the common property of lane marking position, and rejects outliers
using it. To draw the positional property, this method calculates a positional histogram based on
the intersections between the detected lane markings and the line y = h. A total of six positional
histograms are generated for left and right lane markings in the front camera images, left and right
lane markings in the rear camera images, left lane markings in the left camera images, and right lane
markings in the right camera images. The value of h is set to hf for the lane markings in the front
camera images, hr for the lane markings in the rear camera images, and hs for the lane markings in
left and right camera images. hf, hr, and hs are shown in Figure 4a,b. hf, hr, and hs are selected at the
locations where positional variations of the detected lane markings are expected to be small according
to the offline simulation. Once six positional histograms are generated, their modes are estimated. If a
histogram is multimodal, the mode closest to the vehicle is selected. After obtaining a mode for each
histogram, this method rejects the lane markings whose locations at y = h are farther from the mode by
the predetermined value. Figure 7a,b show the position-based outlier rejection procedure in the case of
the rear camera image. Blue, red, and cyan lines in Figure 7a show the detected lane markings, and two
thick magenta curves indicate two positional histograms for left and right lane markings. Using the
highest modes of those two histograms (magenta lines), the red lines can be removed because their
locations at y = hr are distant from the corresponding modes. Figure 7b shows the remaining lines after
the position-based outlier rejection.

  
(a) (b) 

  
(c) (d) 

Figure 7. Outlier rejection based on the lane marking position and orientation. (a) Two positional
histograms (magenta lines); (b) Position-based outlier rejection result; (c) Lane markings transformed
by the vanishing point-based homography; (d) Orientation-based outlier rejection result.
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The remaining lane markings after the position-based outlier rejection are filtered, once again,
based on their orientations. To this end, this method utilizes the vanishing point and homography.
In cases of the lane markings detected in images of the left and right cameras, the vanishing point is
estimated by RANSAC. This first randomly selects two lines and calculates their intersection point,
vl = [up vp 1]T. A rotation matrix, R, that transforms vl into a point at infinity, p∞ = [0 1 0]T, is obtained
by calculating the rotation axis, u and angle, θ as

u = vl × p∞, θ = cos−1 (vl ·p∞)

where vl = vl/‖vl‖
, (1)

where × and · indicate the cross and dot products, respectively. The rotation matrix, R can be derived
by u = [ux uy uz]T and θ as

R =

⎡⎢⎣ cos θ + u2
x(1 − cos θ) uxuy(1 − cos θ)− uz sin θ uxuz(1 − cos θ) + uy sin θ

uyux(1 − cos θ) + uz sin θ cos θ + u2
y(1 − cos θ) uyuz(1 − cos θ)− ux sin θ

uzux(1 − cos θ)− uy sin θ uzuy(1 − cos θ) + ux sin θ cos θ + u2
z(1 − cos θ)

⎤⎥⎦. (2)

Once R is obtained, the lane markings, l are transformed by the homography, H as

l′ = H−Tl =
(

KRK−1
)−T

l, (3)

where K is a 3 × 3 intrinsic parameters matrix of the virtual camera of the AVM system, that is
predetermined when the AVM system is manufactured. After transforming the lane markings via
Equation (3), this method counts the number of transformed lane markings, l′ that are parallel to the
heading direction of the vehicle (vertical axis of the AVM image) as a consensus set. This procedure is
iterated, and Hmax that maximizes the number of consensus set is selected. Finally, the lane markings
excluded from the consensus set of Hmax are identified as outliers and rejected.

In cases of the lane markings detected in images of the front and rear cameras, the vanishing point
is estimated by a voting-based method. If RANSAC is used in these cases, it requires a large amount of
computation cost for transforming lane markings and counting consensus sets. This is because the
number of lane markings in images of the front and rear cameras are approximately twice that of the
side camera. Unlike the side camera, both left and right lane marking can be captured by the front
and rear cameras. The locations of the vanishing points calculated from a pair of left and right lane
markings are accumulated in 2D voting bins. The final vanishing point is estimated by averaging the
locations that have the largest accumulation results. The homography, Hmax, is calculated from the final
vanishing point using Equations (1)–(3). All lane markings are transformed by Hmax using Equation (3),
and the transformed lane markings not parallel to the heading direction of the vehicle (vertical axis
of the AVM image) are identified as outliers and rejected. Figure 7c,d show the orientation-based
outlier rejection procedure in the case of the rear camera image. Blue and cyan lines in Figure 7c
show the lane markings transformed by the vanishing point-based homography in Equation (3).
In Figure 7c, the cyan lines are identified as outliers, and rejected, because they are not parallel to the
heading direction of the vehicle. Figure 7d shows the remaining lines after the orientation-based outlier
rejection. The remaining lines after both the position-based and orientation-based outlier rejection
procedures are used for further calibration procedures, and the rejected lines from either of these
two procedures are discarded. The outlier rejection procedure for stop lines are also conducted by
RANSAC. This procedure will be described in detail in Section 5 since it is conducted during the
parameter estimation.

5. Parameter Estimation

The proposed method first calibrates the front and rear cameras, and then calibrates the left and
right cameras with the help of the calibration results of the front and rear cameras. This two-step
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approach is essential for calibrating cameras of the AVM system because side cameras cannot be fully
calibrated by themselves due to insufficient lane marking information. As shown in Figure 1, both left
and right lane markings are observable in images of the front and rear cameras, so that rotation
angles of those cameras can be fully estimated. However, only either the left or right lane marking is
observable in images of the left and right cameras, so that rotation angles of those cameras can only
be estimated in part. This is the reason why this paper utilizes the two-step approach. Once four
cameras are initially calibrated by the two-step approach, this method simultaneously refines the initial
calibration results of four cameras using the corresponding lane markings appearing across images of
adjacent cameras.

5.1. Calibration of Front and Rear Cameras

The proposed method first calibrates the front and rear cameras. Those two cameras are separately
calibrated using the same approach. Figure 8a,b show pitch, yaw, and roll of the front and rear cameras,
respectively. This method first estimates the pitch and yaw angles of the front and rear cameras,
and then estimates their roll angles. The pitch and yaw angles are estimated by finding the vanishing
point. If li is a 3 × 1 parameter vector of the i-th line survived from the outlier rejection procedure,
and vl is the vanishing point in homogeneous coordinates, then they should be related as li

Tvl = 0.
If there are NL lane markings, it can be expanded as

Lvl = 0, where L =
[

l1 l2 · · · l2NL−1 l2NL

]T
, (4)

where L is a (2NL) × 3 matrix that includes 2NL lines. There are 2NL lines in NL lane markings because
each lane marking consists of two lines as shown in Figure 6. Thus, a least-squares solution of vl is
calculated by finding the eigenvector of LTL corresponding to the smallest eigenvalue. The rotation
matrix is obtained from vl via Equations (1) and (2), and the pitch and yaw angles are estimated
by decomposing the obtained rotation matrix. The roll angle obtained from this rotation matrix
may not be correct because the vanishing point does not have enough information to estimate
the roll angle. The pitch and yaw angles estimated by this closed-form solution are refined using
Levenberg–Marquardt (LM) algorithm [30] by minimizing the cost, cpy, as

cpy =
2NL

∑
i=1

|ui − di|+
2NL

∑
i=1

2NL

∑
j=1

∣∣∣∣ui − uj
∣∣− ∣∣di − dj

∣∣∣∣, (5)

where ui and di are shown in Figure 9a. They indicate the horizontal locations of the intersection points
between the i-th line and y = 0 and y = hmax, respectively. In Equation (5), the left term is minimized
when lines are located upright (parallel to the heading direction of the vehicle), and the right term is
minimized when pairs of lines are parallel to each other. Thus, cpy is minimized when the lines are
both upright and parallel to each other. The vanishing point vl is also refined based on the pitch and
yaw angles optimized by LM, and the refined vanishing point is denoted by vl

′.
The one remaining angle, roll, is estimated based on either stop line or lane marking width.

If enough stop lines are detected, the roll angle is estimated based on the stop lines. The roll angle
estimation and false stop line rejection are simultaneously conducted using RANSAC. A stop line
consists of two lines, as shown in Figure 9b with red and blue. A pair of two lines composing a stop
line is randomly selected, and the vanishing point, vs, is calculated by finding their intersection point.
Since the vanishing point induced by the lane markings, vl

′, is already calculated, the complete rotation
matrix that contains all pitch, yaw, and roll angles can be obtained as

R =
[

v′
l −v′

l × vs vs

]
. (6)
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After calculating R, all pairs of two lines composing stop lines are transformed by homography
H in Equation (3). Since the two lines of the correct pair should be parallel to each other after
the transformation, the number of line pairs parallel to each other is counted as a consensus set.
This procedure is iterated and Rmax that maximizes the number of consensus set is selected. Finally,
the line pairs excluded from the consensus set of Rmax are identified as outliers and rejected. The roll
angle is obtained by decomposing Rmax. After removing the outliers, the roll angle is refined using LM
algorithm by minimizing the cost, crs as

crs =
NS

∑
i=1

||tli − bli| − |tri − bri||, (7)

where NS is the number of stop lines classified as inliers. tli, bli, tri, and bri are shown in Figure 9b.
tli and tri are the vertical locations of the intersection points between the top line of the i-th stop line
and x = 0 and x = wmax, respectively, and bli and bri are the vertical locations of the intersection points
between the bottom line of the i-th stop line and x = 0 and x = wmax, respectively. crs in Equation (7) is
minimized when the top and bottom lines of the stop lines are parallel to each other.

 
(a) (b) 

(c) (d) 

Figure 8. Pitch, yaw, and roll of four cameras composing the AVM system. (a) Front camera; (b) Rear
camera; (c) Left camera; (d) Right camera.

(a) (b) 

Figure 9. Explanations of cost functions used for the LM algorithm. (a) In the case of a lane marking;
(b) In the case of a stop line.
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If the number of detected stop lines are insufficient, the roll angle is estimated by lane markings
by assuming that the left and right lane markings detected in the same image have the same width.
Since there are some cases where this assumption is not valid, this method first rejects the lane marking
pairs whose widths are expected to be different to each other. To this end, the lane markings are
first transformed by the homography, which is calculated by the vanishing point of the left and
right lane markings via Equations (1)–(3). Figure 10a,b show the lane markings before and after the
homography-based transformation, respectively. Since this homography transforms the vanishing
point to the point at infinity, p∞ = [0 1 0]T, all lines composing lane markings become parallel to the
vertical axis of the image. After the transformation, this method rejects pairs of left and right lane
markings based on their width ratio using RANSAC. A pair of left and right lane markings detected
in the same image is randomly selected, and the ratio between their widths is calculated. After that,
the number of lane marking pairs whose width ratio is similar to this ratio is counted as a consensus
set. This procedure is iterated, and the width ratio that maximizes the number of consensus set is
selected. The lane marking pairs whose width ratios are different from the selected width ratio are
classified as outliers and rejected. After the outlier removal, the roll angle is estimated using LM
algorithm by minimizing the cost, crl as

crl =
NP

∑
i=1

|wli − wri|, (8)

where NP is the number of pairs of left and right lane markings detected in the same images. wli and
wri are the widths of the i-th lane marking pair. wli is for the left lane marking and wri for the right lane
marking. Based on this approach, all pitch, yaw, and roll angles of both the front and rear cameras are
estimated. Figure 11a shows the AVM image before the camera calibration, and Figure 11b shows the
AVM image after calibrating the front and rear cameras. Red, blue, and green lines indicate the lane
markings in the front, rear, and side cameras, respectively. It can be noticed that two lane markings
in images of the front and rear cameras are upright, and have the same widths as in Figure 11b.
This implicitly reveals that the angles of the front and rear cameras are correctly estimated. But,
in Figure 11b, the lane markings in the images of the two side cameras are not correctly located because
the two side cameras have not been yet calibrated.

(a) (b) 

Figure 10. Images before and after the homography-based transformation. (a) Before the
transformation; (b) After the transformation.

5.2. Calibration of Left and Right Cameras

Once the front and rear cameras are calibrated, the two side cameras are then calibrated.
Figure 8c,d show the pitch, yaw, and roll of the left and right cameras, respectively. The left and right
cameras are separately calibrated using the same method. This method first estimates the yaw and roll
angles of the side camera, and then estimates its pitch angle with the help of the calibration results
of the front and rear cameras. The yaw and roll angles of the side camera are estimated by the same
method used for estimating the pitch and yaw angles of the front and rear cameras in Section 5.1.
That is, the yaw and roll angles of the side camera are obtained by finding the vanishing point via
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Equation (4) and minimizing the cost in Equation (5). However, in the case of the side camera, the pitch
angle cannot be obtained by itself. This is because, unlike the front and rear cameras, only a single lane
is observable in an image of the side camera. Figure 11c shows the AVM image after calibrating the
yaw and roll angles of the two side cameras. The lane markings in the images of the two side cameras
are upright because the yaw and roll angles have been calibrated. However, their locations and widths
are not consistent with the lane markings in the images of the front and rear cameras. This is because
the pitch angles of two side cameras cannot be calibrated by themselves. To overcome this limitation,
this paper proposes an approach that estimates the pitch angles of the two side cameras with the help
of the calibration results of the front and rear cameras.

  
(a) (b) 

  
(c) (d) 

Figure 11. Resulting AVM images at consecutive calibration stages. (a) Before the calibration; (b) After
calibrating the front and rear cameras; (c) After estimating the yaw and roll angles of two side cameras;
(d) After calibrating all pitch, yaw, roll angles of four cameras. Red, blue, and green lines indicate the
lane markings in the front, rear, and side cameras, respectively.
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The proposed method finds the pitch angle that makes the lane markings appearing across images
of adjacent cameras properly connect to each other. This method has two assumptions: one is that
some of the lane markings are simultaneously captured by adjacent cameras, and the other is that
the detected lane markings are locally straight. Since it cannot be assumed that all lane markings
detected in images of adjacent cameras at the same time correspond to each other, this method uses
RANSAC to simultaneously find the corresponding lane markings and the pitch angle of the side
camera. This method first randomly selects one line detected in an image of the side camera, and finds
the lines detected in images of the front or rear camera at the same time. If there are lines detected in
images of the side and front cameras at the same time, it is assumed that two lines correspond each
other. The upper end point of the line detected in the side camera image is denoted as x = [u v 1]T,
and the lower end point of the line detected in the front camera image is denoted as x′ = [u’ v’ 1]T.
The locations of x and x′ are shown in Figure 11c. Those two points are related with the pitch angle, ϕ,
of the side camera as

x′ = KRφK−1x, (9)

where K is the intrinsic parameters matrix of the virtual camera of the AVM system, which is
predetermined when the AVM system is manufactured. Rϕ is a 3 × 3 rotation matrix induced by ϕ.
If K moves from the right side to the left side in Equation (9), it is converted as

K−1x′︸ ︷︷ ︸
y′

= RφK−1x︸ ︷︷ ︸
y

y′ = Rφy

. (10)

Since the vertical locations of x and x’ are the same as shown in Figure 11c, y and y′ can be denoted
as [x y 1]T and [x′ y 1]T, respectively. Based on these notations, Equation (10) can be rewritten as⎡⎢⎣ x′

y
1

⎤⎥⎦ =

⎡⎢⎣ cos φ 0 sin φ

0 1 0
− sin φ 0 cos φ

⎤⎥⎦
⎡⎢⎣ x

y
1

⎤⎥⎦. (11)

Since the second row of Equation (11) is meaningless, it can be simplified as[
x′

1

]
=

[
cos φ sin φ

− sin φ cos φ

][
x
1

]
. (12)

In Equation (12), [x 1]T and [x′ 1]T are related with a 2 × 2 rotation matrix. Thus, the pitch angle,
ϕ of the side camera can be calculated by using Procrustes analysis [31] as

φ = − tan−1
(

x − x′

xx′ + 1

)
. (13)

The same procedure can be used for estimating the pitch angle, ϕ using the lower end point of
the line detected in the side camera image, w, and the upper end point of the line detected in the rear
camera image, w′. The locations of w and w′ are shown in Figure 11c. Once ϕ is estimated, all the
lines detected in images of the side camera, ls are transformed by homography, Hϕ as

l′s = H−T
φ ls =

(
KRφK−1

)−T
ls. (14)

After the transformation, the number of line correspondences between the images of adjacent
cameras is counted as a consensus set. This procedure is iterated, and the pitch angle that produces the
largest number of consensus set is selected as the pitch angle of the side camera. In addition, the line
correspondences included in the largest consensus set are classified as correct corresponding lines
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between adjacent cameras. The pitch angle estimated by RANSAC, is refined using LM algorithm by
minimizing the cost, csp, as

csp =
NC

∑
i=1

∣∣ui − u′
i
∣∣, (15)

where ui and ui’ are the horizontal locations of the i-th line correspondence after the transformation
using Equation (14). NC is the number of line correspondences. csp is minimized when line
correspondences detected in images of adjacent cameras are exactly connected to each other. Figure 11d
shows the AVM image produced by the calibration results of all four cameras. It can be seen that the
lane markings in images of adjacent cameras are properly connected to each other.

5.3. Parameter Co-Refinement of Four Cameras

Once all four cameras of the AVM system are initially calibrated using the two-step approach
explained in Sections 5.1 and 5.2, the proposed method simultaneously refines all angles of four
cameras using LM algorithm by minimizing the cost, ctotal, that consists of cpy in Equation (5), crs in
Equation (7), crl in Equation (8), and csp in Equation (15) as

ctotal =

{
cpy, f ront + cpy,rear + cpy,le f t + cpy,right + crs, f ront + crs,rear + csp,le f t + csp,right, NS > T

cpy, f ront + cpy,rear + cpy,le f t + cpy,right + crl, f ront + crl,rear + csp,le f t + csp,right, otherwise
, (16)

where the second subscription of c indicates the camera used for calculating the cost. NS and T are the
number of stop lines and the predetermined minimum number of stop lines, respectively. The proposed
method simultaneously refines the initial calibration results of four cameras, not only using the lane
markings detected in images taken from individual cameras, but also using the corresponding lane
markings matched between adjacent cameras. This approach can make the produced AVM images
more seamless. The corresponding lane markings have been obtained during the RANSAC-based
pitch angle estimation of the side cameras in Section 5.2.

6. Parameter Selection

If the proposed calibration procedure is applied to a long image sequence, it requires a huge
amount of computational resources (memory and time) because a huge number of lane markings
should be stored and processed. To alleviate this limitation, this procedure is conducted multiple
times in the case of a long image sequence. That is, the camera parameters are repeatedly estimated
whenever a sufficient number of lane markings are gathered. When using this approach, multiple
parameter sets are obtained. A parameter set includes 12 camera angles (three angles for each camera),
so that it can be considered as a 12-dimensional vector. To find the most appropriate parameter set
and prevent it from being overfitted to a specific place, this paper selects the medoid (a′) of multiple
parameter sets (a1, a2, . . . , aNA) as

a′ = argmin
b∈{a1,a2,··· ,aNA}

NA

∑
i=1

d(ai, b), (17)

where NA is the number of parameter sets, and d (ai, b) indicates the Euclidean distance between two
parameter sets (ai and b).

7. Experiments

7.1. Experimental Setup

The test dataset was acquired by the AVM system mounted on an off-the-shelf vehicle, a Hyundai
Genesis G80 [32]. The AVM system consists of four fisheye cameras located at the centers of the front
and rear bumpers, and under two side view mirrors, as shown in Figure 1. The resolution, field-of-view,
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and acquisition frequency of each fisheye camera are 1280 × 720 pixels, 190 degrees, and 30 frames per
second, respectively. The test dataset was captured at 10 different sites for 116 min. Figure 12 shows
example images included in the test dataset. Only the images taken by the front camera of the AVM
system are presented. As shown in this figure, the test dataset was acquired in various real driving
situations including congested, uncongested, wide, and narrow roads.

 
Site#1 

 
Site#2 

 
Site#3 

 
Site#4 

 
Site#5 

 
Site#6 

 
Site#7 

 
Site#8 

 
Site#9 

 
Site#10 

Figure 12. Example images of the test dataset taken at 10 different sites.

In order to quantitatively evaluate the performance of the proposed method, the ground truth
angles of four cameras are necessary. To obtain them, the intrinsic parameters of four cameras are first
calibrated using the method suggested in [33], and then the extrinsic parameters are estimated using a
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sophisticatedly designed calibration pattern shown in Figure 2. The camera angles obtained by this
procedure are considered as the ground truth camera angles. When applying the proposed method
to the test dataset, five degrees of noise with random signs are added to 12 ground truth camera
angles (three angles for each camera). Those noisy camera angles are called the initial camera angles,
and the proposed method conducts the camera calibration starting from the initial camera angles.
Once the proposed method estimates three angles per each camera, those angles are compared with
the corresponding ground truth camera angles. Since there are too many camera angles (12 angles),
it is difficult to understand the experimental results at a glance if all of their errors are presented.
Thus, this paper suggests a single measure called an average camera angle error, which is obtained
by taking the average of differences between the estimated camera angles and corresponding ground
truth camera angles. Detailed errors on pitch, roll, and yaw will be presented later when summarizing
the performance evaluation.

7.2. Performance Evaluation

Table 1 shows the average camera angle error of the proposed two-step approach explained in
Sections 5.1 and 5.2 at 10 different sites. The two-step approach consists of the front and rear camera
calibration followed by the left and right camera calibration. The results shown in Table 1 are the
errors before applying the parameter co-refinement of four cameras explained in Section 5.3. This table
reveals that the proposed two-step approach can estimate the angles of the front and rear cameras
where both left and right lanes are observable as well as the angles of the left and right cameras where
only one of two lanes is observable. The two-step approach without the parameter co-refinement gives
0.48 degrees of the average camera angle error at 10 different sites. It can be seen that the errors of the
left and right cameras are relatively larger than those of the front and rear cameras. This is because the
front and rear cameras are calibrated using both left and right lanes, but the left and right cameras are
calibrated using only one of two lanes. This means that the amount of information used for calibrating
the left and right cameras is less than that of the front and rear cameras. It is considered that the
difference of lane marking information causes the difference of the average camera angle errors.

Table 1. Average Camera Angle Error without Parameter Co-Refinement (Degree).

Site No. Front Camera Rear Camera Left Camera Right Camera Overall

1 0.42 0.40 0.70 0.54 0.51
2 0.47 0.63 0.73 1.16 0.75
3 0.20 0.46 0.22 0.66 0.39
4 0.26 0.39 0.53 0.47 0.41
5 0.38 0.38 0.65 0.52 0.48
6 0.33 0.33 0.51 0.37 0.38
7 0.39 0.43 0.69 0.71 0.56
8 0.36 0.34 0.69 0.46 0.46
9 0.33 0.37 0.52 0.45 0.42
10 0.28 0.35 0.52 0.46 0.40

Overall 0.34 0.41 0.58 0.58 0.48

Table 2 shows the average camera angle error at 10 different sites after applying the parameter
co-refinement of four cameras, which is explained in Section 5.3. The parameter co-refinement
procedure simultaneously refines the angles of four cameras estimated by the two-step approach based
on the corresponding lane markings appearing across images of adjacent cameras. The proposed
method with the parameter co-refinement gives 0.41 degrees of the average camera angle error at
10 different sites. It can be seen that the parameter co-refinement procedure reduces the average camera
angle error by 15% (0.08 degrees) compared to the result without this procedure. The co-refinement
procedure not only quantitatively reduces the camera angle error, but also qualitatively increases the
quality of the AVM image. This is because the co-refinement procedure simultaneously refines the
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angles of four cameras in the direction that the corresponding lane markings appearing across images
of adjacent cameras are smoothly connected. Since drivers cannot directly measure the camera angle
error, they are likely to judge the quality of the AVM image by checking if images taken from adjacent
cameras are smoothly connected at their boundaries. Figure 13a,b show the resulting AVM images
without and with the parameter co-refinement procedure, respectively. It can be seen that the quality
of the AVM image with the co-refinement (Figure 13b) is superior to that without it (Figure 13a) based
on the fact that the road markings captured from adjacent cameras are smoothly connected to each
other at the image boundaries (red lines). Since the AVM image is created for the purpose of showing
it to the driver, it is important to find not only the parameters with small average camera angle error,
but also the parameters that smoothly stitch the images taken by adjacent cameras.

Table 2. Average Camera Angle Error with Parameter Co-Refinement (Degree).

Site No. Front Camera Rear Camera Left Camera Right Camera Overall

1 0.37 0.25 0.53 0.48 0.41
2 0.44 0.38 0.53 0.92 0.57
3 0.20 0.24 0.34 0.31 0.27
4 0.26 0.30 0.73 0.41 0.42
5 0.34 0.27 0.68 0.39 0.42
6 0.35 0.24 0.65 0.43 0.42
7 0.33 0.24 0.65 0.53 0.44
8 0.34 0.24 0.71 0.36 0.41
9 0.34 0.18 0.60 0.37 0.37
10 0.34 0.19 0.55 0.37 0.36

Overall 0.33 0.25 0.60 0.46 0.41

(a) (b) 

Figure 13. Resulting AVM images (a) without the parameter co-refinement, and (b) with the parameter
co-refinement. Red lines indicate image boundaries.

Table 3 shows the average camera angle error at 10 different sites after applying both the parameter
co-refinement and parameter selection explained in Section 6. The parameter selection procedure
selects a set of camera angles by finding the medoid of multiple camera angle sets obtained from a
long image sequence. The proposed method with both the parameter co-refinement and parameter
selection gives 0.31 degrees of the average camera angle error at 10 different sites. It can be seen that the
parameter selection procedure reduces the average camera angle error by 24% (0.10 degrees) compared
to the result without this procedure. It reveals that the parameter selection procedure not only reduces
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computational resources by separating a long image sequence and processing them individually,
but also improves the camera angle estimation performance by decreasing the dependency on a
specific place. In Table 3, the errors of the left and right cameras are still shown to be larger than those
of the front and rear cameras. However, it can be seen that the difference between the errors of the
front and rear cameras and the errors of the left and right cameras are remarkably reduced compared
to the results in Tables 1 and 2.

Table 3. Average Camera Angle Error with Parameter Co-Refinement and Parameter Selection (Degree).

Site No. Front Camera Rear Camera Left Camera Right Camera Overall

1 0.25 0.33 0.25 0.43 0.31
2 0.31 0.34 0.14 0.68 0.37
3 0.20 0.21 0.22 0.27 0.23
4 0.21 0.34 0.57 0.12 0.31
5 0.33 0.28 0.50 0.37 0.37
6 0.39 0.22 0.50 0.24 0.34
7 0.19 0.18 0.50 0.06 0.23
8 0.26 0.25 0.51 0.22 0.31
9 0.34 0.17 0.37 0.43 0.33
10 0.33 0.15 0.37 0.35 0.30

Overall 0.28 0.25 0.39 0.32 0.31

Table 4 summarizes the average camera angle errors of three different experimental settings
shown in Tables 1–3 with detailed pitch, roll, and yaw angle errors. Among three settings, the one with
both the co-refinement and parameter selection gives the best performance. In this setting, the left and
right cameras give higher errors than the front and rear cameras. In more detail, in terms of the roll and
yaw angles, the left and right cameras have a similar amount of errors to the front and rear cameras.
This means the error difference mostly comes from the pitch angles. In the last row of Table 4, it can be
found that the pitch angle errors of the left and right cameras are higher than those of the front and rear
cameras. In case of the front and rear cameras, both left and right lane markings are captured, so that
their pitch angles can be estimated by their own lane information as described in Section 5.1. However,
in the case of the left and right cameras, only one of two lane markings is captured, so that their pitch
angles cannot be estimated by their own lane information, as explained in Section 5.2. Due to this
limitation, this paper utilizes the approach that calibrates the pitch angles of the left and right cameras
with the help of the calibration results of the front and rear cameras. This means that the pitch angles
of the left and right cameras are more severely affected by the errors of the front and rear cameras,
compared to the roll and yaw angles that can be estimated without the help of the calibration results
of the front and rear cameras. This is considered to be the reason that makes the pitch angle have a
higher error than the roll and yaw angles in the case of the left and right cameras.

Table 4. Quantitative Performance Comparison with Different Experimental Settings (Degree).

Experimental Setting
Front Camera Rear Camera Left Camera Right Camera Overall

Pitch/Roll/Yaw Pitch/Roll/Yaw Pitch/Roll/Yaw Pitch/Roll/Yaw Pitch/Roll/Yaw

W/O Co-Refinement 0.34 0.41 0.58 0.58 0.48

W/O Parameter Selection
(Table 1) 0.42/0.31/0.30 0.50/0.40/0.32 0.88/0.45/0.40 1.18/0.28/0.28 0.74/0.36/0.33

W/Co-refinement 0.33 0.25 0.60 0.46 0.41

W/O Parameter Selection
(Table 2) 0.46/0.22/0.31 0.24/0.24/0.28 0.93/0.42/0.45 0.80/0.31/0.26 0.61/0.30/0.33

W/Co-Refinement 0.28 0.25 0.39 0.32 0.31

W/Parameter Selection
(Table 3) 0.42/0.18/0.24 0.28/0.19/0.27 0.68/0.21/0.28 0.51/0.24/0.20 0.47/0.20/0.25
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Figure 14 shows the resulting AVM images at 10 different sites. In this figure, the left, middle,
and right columns show the AVM images generated by the ground truth camera angles, initial camera
angles with five degrees of noise with random signs, and the camera angles estimated by the proposed
method, respectively. At this point, the proposed method indicates the two-step approach with both
the co-refinement and parameter selection. In the AVM images produced by the proposed method,
it can be seen that the road markings including lanes, stop lines, arrows, letters, etc., are well connected
across images of adjacent cameras. In addition, it can be noted that the AVM images produced by the
proposed method are quite similar to those generated by the ground truth camera angles. Based on
these results, it can be said that the proposed method shows a promising performance for estimating
the angles of four cameras composing the AVM system.

Site 
No. 

Using the Ground Truth 
Camera Angles 

Using the Initial 
Camera Angles 

Using the Estimated 
Camera Angles 
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Figure 14. Cont.
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Figure 14. Resulting AVM images at 10 different sites. (left) AVM images generated by the ground
truth camera angles; (middle) AVM images generated by the initial camera angles; (right) AVM images
generated by the camera angles resulting from the proposed method.

Note that there are mainly two cases where even the AVM images generated by the ground truth
camera angles include some discontinuity at image boundaries. The first case is shown in the AVM
images at Site#4 and Site#6 of Figure 14. In the left half region of the AVM image at Site#4, and the right
half region of the AVM image at Site#6, there are some object regions that include large discontinuities.
These discontinuities are not because the camera angles are incorrectly estimated, but because those
objects (curbs) have different heights from the ground. In AVM images, only the objects whose heights
are the same as the ground are connected across the images of adjacent cameras. The second case is
shown in the AVM images at Site#7 and Site#8 of Figure 14. In the left-most lane, marking at Site#7
and the right-most lane marking at Site#8, there are some discontinuities, even though these markings
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are drawn on the ground. These discontinuities are not because of the incorrect camera calibration,
but because of the non-flat ground. One of the most fundamental assumptions of the AVM system is
that the ground is flat. This assumption is sometimes invalid in the area distant from the ego-vehicle,
and this makes some discontinuities in the AVM image. Note that these two cases of discontinuities
are not due to the camera angle estimation error but a fundamental characteristic of the AVM system.

7.3. Execution Time

Table 5 shows the execution time for four main modules of the proposed method. These times
were measured on an Intel Core i7-2600 CPU using only a single core. Note that among four modules,
only the lane marking detection module is required to be processed in real time. The other three
modules need to be processed only once after a sufficient number of lane markings are gathered.
In Table 5, the lane marking detection module requires 26.12 ms to process four images acquired from
four cameras of the AVM system, which means that this module can process more than 30 frames per
second in real time. The other three modules require a total execution time of 101.76 ms. Since those
modules need to be processed only once after gathering lane markings, their execution times do not
hinder the proposed method from operating in real time.

Table 5. Execution time (ms).

Module Time

Lane marking detection 26.12
False lane marking removal 22.02

Parameter estimation 79.69
Parameter selection 0.05

7.4. Comparison with Previous Methods

As aforementioned in Section 2, the previous methods suggested for calibrating vehicle-mounted
cameras can be categorized into three approaches: calibration pattern-based, interest point-based,
and lane marking-based. Table 6 shows the comparison of the previous and proposed methods from
the viewpoint of the AVM system calibration. The calibration pattern-based methods can consider
the inter-camera relationship and handle side cameras. However, they are inconvenient because
the driver must visit a specific place where the pattern is installed, and it cannot be conducted in
a natural driving situation. The interest point-based methods do not require the driver to visit a
specific place and are applicable to side cameras. However, the vehicle must travel at a very low
speed to stably track interest points. In addition, it is hard to obtain point correspondences between
images of adjacent cameras because overlapping areas are severely distorted in the case of the AVM
system. This makes it difficult to consider the inter-camera relationship. The lane marking-based
methods do not require the driver to visit a specific place and can be applied at both low and high
vehicle speeds. However, the previous lane marking-based methods cannot consider the inter-camera
relationship because they do not utilize the corresponding lane markings that appear across images
of adjacent cameras. Furthermore, those methods cannot handle side cameras because they assume
that both left and right lane markings are observable in a single camera. In contrast to those methods,
the proposed method can consider the inter-camera relationship by using corresponding lane markings
across images of multiple cameras, and calibrate all four cameras including the side ones by using the
two-step approach.
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Table 6. Comparison of the previous and proposed methods.

Method
Driver’s

Convenience
High Speed
Condition

Inter-Camera
Relationship

Side Camera
Handling

Calibration pattern-based methods Poor Poor Good Good

Interest point-based methods Good Poor Fair Good

Lane marking-
based methods

Previous methods Good Good Poor Poor

Proposed method Good Good Good Good

Unfortunately, since there is no previous method that can calibrate all four cameras of the AVM
system in a natural driving situation, including low and high speeds, it is impossible to conduct
quantitative performance comparison of the previous and proposed methods with the same dataset.
However, the comparison summarized in Table 6 clearly explains that the proposed method is superior
to the other previous methods in terms of automatic AVM system calibration.

8. Conclusions

This paper proposes a novel and practical method that calibrates the AVM system in a fully
automatic manner using lane markings. The proposed method has the following advantages: First,
it is applicable to a natural driving situation where the vehicle travels at both low and high speeds.
Second, it calibrates not only the front and rear cameras but also the left and right cameras where
only one of two lane markings is captured. Last, it considers the inter-camera relationship using the
corresponding lane markings across images of adjacent cameras to produce seamless AVM images.
The proposed method was evaluated by the image sequences taken in various real driving conditions
and showed a promising performance along with a real-time processing capability. This method is
expected to improve the driver’s convenience by automatically adjust the AVM system in the case of
the posture changes of the cameras.
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Abstract: In this paper, a method of handshapes recognition based on skeletal data is described.
A new feature vector is proposed. It encodes the relative differences between vectors associated with
the pointing directions of the particular fingers and the palm normal. Different classifiers are tested on
the demanding dataset, containing 48 handshapes performed 500 times by five users. Two different
sensor configurations and significant variation in the hand rotation are considered. The late fusion
at the decision level of individual models, as well as a comparative study carried out on a publicly
available dataset, are also included.
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1. Introduction

Handshapes are the basis of so-called finger alphabets that are used by deaf people to express
words for which there are no separate signs in sign languages. The same handshapes, shown for various
positions and orientations of the hand, are also important components of dynamic signs occurring in
sign languages. Moreover, in the case of the so-called minimal pairs, the shape of the hand is the only
distinguishing feature. Therefore, building a complete system for automatic recognition of the manual
part of sign language is not possible without solving the problem of recognizing static handshapes.

The problem is challenging. Handshapes occurring in finger alphabets are complicated. A projection,
that takes place during the image formation in a camera, results in significant loss of information.
Individual fingers overlap each other or remain completely covered. In addition, some handshapes are
very similar. Moreover, a movement trajectory is not available and therefore a detailed analysis of
the shape is required. In the case of typical cameras, including stereo cameras, a big challenge is
a dependence on variable backgrounds and lighting conditions. Individual differences in showing
particular shapes by different users need to be considered as well. Therefore, systems developed in a
controlled and sterile laboratory environment do not always work in demanding real-world conditions.

Currently, there are imaging devices on the market which operate both in the visible and
near-infrared and provide accurate and reliable 3D information in the form of point clouds.
These clouds can be further processed to extract skeletal information. An example of such a device is
the popular Kinect controller, which, along with the included software, provides the skeletal data for
the entire body of the observed person. There are similar solutions, with smaller observation area and
higher resolution, for obtaining skeletal data for the observed hand. Examples of such devices are some
time-of-flight cameras or a Leap Motion controller (LMC). These are in early stages of development but
technological progress in this area is fast. For example, the first version of the Leap Motion Software
Development Kit (SDK) was able to track only visible parts of the hand, but the version 2 uses some
prediction algorithms, and the individual joints of each finger are tracked even when the controller
cannot see them. It is expected that sooner or later, newer solutions will emerge. Therefore, it is
reasonable to undertake research on the handshape recognition based on skeletal data.
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Despite a number of works in this field, the problem remains unresolved. Current works are either
dedicated to one device only or deal with a few simple static shapes or dynamic gestures, for which
the great support is the distinctive role of the motion trajectory.

In this paper, a method of handshapes recognition, based on skeletal data is described.
The proposed feature vector encodes the relative differences between vectors associated with the
pointing directions of the fingers and the palm normal. Different classifiers are tested on the demanding
dataset, containing 48 handshapes performed by five users. Each shape is repeated 500 times by each
user. Two different sensor configurations and significant variation in the hand rotation are considered.
The late fusion at the decision level of individual models, as well as comparative study carried out on
a publicly available dataset, are also included.

The remainder of this paper is organized as follows. The recent works are characterized in
Section 2, Section 3 describes the method, Section 4 discusses the experiment results, and Section 5
summarizes the paper. Appendix A contains the full versions of the tables with the results of
leave-one-person-out cross-validation.

2. Recent Works

The suitability of the skeletal data, obtained from the LMC, for Australian Sign Language (Auslan)
recognition has been explored in [1]. Testing showed that despite the problems with accurate tracking
of fingers, especially when the hand is perpendicular to the controller, there is a potential for the use of
the skeletal data, after some further improvement of the provided API.

An extensive evaluation of the quality of skeletal data, obtained from the LMC, was also tested
in [2]. Static and dynamic measurements were performed using a high-precision motion tracking
system. For static objects, the 3D position estimation with the standard deviation less than 0.5 mm was
reported. A spatial dependency of the controller’s precision was also tested. In [1,2] the early version
of the provided software was used. Recently, the stability of tracking has been significantly improved.

In [3], the skeletal data was used to recognize a subset of 10 letters from American Manual
Alphabet. Handshapes were presented 10 times by 14 users. The feature vector was based on
the positions and orientations of the fingers measured by the LMC. The multi-class support vector
machine (SVM) classifier was used. The recognition accuracy was 80.86%. When the feature vector was
augmented by features calculated from the depth map obtained with the Kinect sensor, the recognition
accuracy increased to 91.28%.

In [4], the 26 letters of the English alphabet in American Sign Language (ASL) performed by
two users were recognized using the features derived from the skeletal data. The recognition rate was
72.78% for the k-nearest neighbor (kNN) classifier and 79.83% for SVM.

Twenty-eight signs corresponding to the Arabic alphabet, performed 100 times by one person
were recognized using 12 selected attributes of the hand skeletal data [5]. For the Naive Bayes (NB)
classifier, the recognition rate was 98.3% and for the Multilayer Perceptron (MP) 99.1%.

In [6], the 50 dynamic gestures from Arabic Sign Language (ArSL), performed by two persons,
were recognized using the feature vector composed of positions of fingers and distances between them
and multi-layer perceptron neural network. The recognition accuracy was 88%.

A real-time multi-sensor system for ASL recognition was presented in [7]. The skeletal data,
collected from Leap Motion sensors, was fused using multiple sensors data fusion and the classification
was performed using hidden Markov models (HMM). The 10 gestures, corresponding to the digits
from 0 to 9, were performed by eight subjects. The recognition accuracy was 93.14%.

In [8], the 24 letters from ASL were recognized using the feature vector that consists of the normal
vector of the palm, coordinates of fingertips and finger bones, the arm direction vector, and the fingertip
direction vector. These features were derived from the skeletal data provided by LMC. The decision
tree (DT) and genetic algorithm (GA) were used as the classifier. The recognition accuracy was 82.71%.

Five simple handshapes were used to control a robotic wheelchair in [9]. Skeletal data was
acquired by LMC. Feature vector consisted of the palm roll, pitch and yaw angles, and the palm normal
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direction vector. Block Sparse Representation (BSR) based classification was applied. According to
the authors, the method yields accurate results but no detailed information about experiments and
obtained recognition accuracy are given.

In [10], 10 handshapes corresponding to the digits in Indian Sign Language were recognized.
The feature vector consisted of the distances between the consecutive fingertips and palm center and
the distances between the fingertips. The features were derived from skeletal data acquired by LMC.
Multi-Layer Perceptron (MP) neural network with back propagation algorithm was used. Each shape
was presented by four subjects. The recognition accuracy of 100% is reported in the paper.

In [11], 28 letters of the Arabic Sign Language were recognized using the body and hand skeletal
data acquired by Kinect sensor and LMC. One thousand four hundred samples were recorded by
20 subjects. One hundred and three features for each letter were reduced to 36 using the Principal
Component Analysis algorithm. For the SVM classifier, the recognition accuracy of 86% is reported.

In [12], 25 dynamic gestures from Indian Sign Language were recognized using a multi-sensor
fusion framework. Data was acquired using jointly calibrated Kinect sensor and LMC. Each word was
repeated eight times by 10 subjects. Different data fusion schemes were tested and the best recognition
accuracy of 90.80% was reported for the Coupled Hidden Markov Models (CHMM).

Twenty-eight handshapes corresponding to the letters of the Arabic alphabet were recognized
using skeletal data from LMC and RGB image from Kinect sensor [13]. Gestures were performed at
least two times by four users. Twenty-two of 28 letters were recognized with 100% accuracy.

In [14], Rule Based-Backpropagation Genetic Algorithm Neural Network (RB-BGANN) was used
to recognize 26 handshapes corresponding to the alphabet in Sign System of Indonesian Language.
Thirty-four features, related to the fingertips positions and orientations, taken from the hand skeletal
data acquired by LMC, were used. Each gesture was performed five times. The recognition accuracy
was 93.8%.

The skeletal data provided by the hand tracking devices LMC and Intel RealSense was used for
recognizing 20 of the 26 letters from ASL [15]. The SVM classifier was used. The developed system
was evaluated with over 50 individuals, and the recognition accuracy for particular letters was in the
range of 60–100%.

In [16], a method to recognize static sign language gestures, corresponding to 26 American
alphabet letters and 10 digits, performed by 10 users, was presented. The skeletal data acquired by
LMC was used. Two variants of the feature vector were considered: (i) the distances between fingertips
and the center of the palm, and (ii) the distances between the adjacent fingertips. The nearest neighbor
classifier with four different similarity measures (Euclidean, Cosine, Jaccard, and Dice) was used.
The obtained recognition accuracy varied from 70–100% for letters and 95–100% for digits.

Forty-four letters of Thai Sign Language were recognized using the skeletal data acquired by
LMC and the decision trees [17]. The recognition accuracy of 72.83% was reported, but the authors do
not indicate how many people performed gestures.

In [18], the skeletal data, acquired from two Leap Motion controllers, was used to recognize
28 letters from Arabic Sign Language. Handshapes were presented 10 times by one user. For the data
fusion at features level and Linear Discriminant Analysis (LDA) classifier, the average accuracy was
about 97.7%, while for classifier level fusion using Dempster-Shafer theory of evidence—97.1%.

Ten static gestures performed 20 times by 13 individuals were recognized using the new feature
called Fingertips Tip Distance, derived from LMC skeletal data, and Histogram of Oriented Gradients
(HOG), calculated from undistorted, raw sensor images [19]. After dimension reduction, based on
Principal Component Analysis (PCA), and feature weighted fusion, the multiclass SVM classifier was
used. Several variants of feature fusion were explored. The best recognition accuracy was 99.42%.

In [20], 28 isolated manual signs and 28 finger-spelling words, performed four times by 10 users,
were recognized. The proposed feature vector consisted of fingertip positions and orientations derived
from the skeletal data obtained with LMC. The SVM classifier was used to differentiate between manual
and finger spelling sequences and the Bidirectional Long Short-Term Memory (BLSTM) recurrent
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neural networks were used for manual sign and fingerspelled letters recognition. The obtained
recognition accuracy was 63.57%.

Eight handshapes, that can be used to make orders in a bar, were recognized in [21]. Each shape
was presented three times by 20 participants. The feature vector consisted of normalized distances
between the tips of the fingers and the center of the palm and was calculated from row skeletal data
provided by LMC. Three classification methods: kNN, MP and Multinomial Logistic Regression (MLR)
were considered. The best recognition accuracy of 95% was obtained for kNN classifier.

In [22], fingertip distances, fingertip inter-distances, and hand direction, derived from skeletal
data acquired by LMC as well as the RGB-D data provided by Kinect sensor were used for sign
language recognition in a multimodal system. Ten handshapes, performed 10 times by 14 users were
recognized using data-level, feature-level, and decision-level multimodal fusion techniques. The best
recognition accuracy of 97.00% was achieved for the proposed decision level fusion scheme.

The current works are summarized in Table 1.

Table 1. Recent works on handshape recognition using skeletal data.

Work
Sign Sign

Users Device Method
Accuracy Data

Type Vocabulary [%] Available

[3] static 10 letters ASL 14 LMC SVM 80.86 YesLMC + Kinect 91.28

[4] static 26 letters ASL 2 LMC kNN 72.78 NoSVM 79.83

[5] static 28 letters ArSL 1 LMC NB 98.3 NoMP 99.1
[6] dynamic 50 sign ArSL 2 LMC MP 88 No
[7] static 10 digits ASL 8 2 LMs HMM 93.14 No
[8] static 24 letters ASL 1 LMC DT + GA 82.71 No
[9] static 5 simple shapes ? LMC BSR ? No
[10] static 10 digits ISL 4 LMC MP 100 No
[11] static 28 letters ArSL 20 LMC + Kinect SVM 86 No
[12] dynamic 25 sign ISL 10 LMC + Kinect CHMM 90.80 Yes
[13] static 28 letters ArSL 4 LMC + Kinect kNN 100 No
[14] static 26 letters SIBI 1 LMC RB-BGANN + GA 93.8 No
[15] static 20 letters ASL 50 LMC, RealSense SVM 60–100 No

[16] static 26 letters ASL 10 LMC kNN 70–100 No10 digits ASL 95–100
[17] static 44 letters ThSL ? LMC DT 72.83 No
[18] static 28 letters ArSL 1 2 LMs LDA 97.7 No
[19] static 10 hand shapes 13 LMC SVM 99.42 No

[20] dynamic 28 signs and 10 LMC SVM + BLSTM 63.57 No28 words ISL
[21] static 8 hand shapes 20 LMC kNN 95 Yes
[22] static 10 hand shapes 14 LMC + Kinect 97 No

3. Proposed Method

3.1. Hand Skeletal Data

The skeletal hand model considered in this paper is shown in Figure 1.
It consists of bones visualized in the form of straight line sections and connections between them

(joints) depicted as numbered balls. There are four kinds of bones in this model: (i) four metacarpals
(between joints P5–P6, P10–P11, P15–P16, P20–P21), (ii) five proximal phalanges (P1–P2, P6–P7, P11–P12,
P16–P17, P21–P22), (iii) five intermediate phalanges (P2–P3, P7–P8, P12–P13, P17–P18, P22–P23), and (iv)
five distal phalanges (P3–P4, P8–P9, P13–P14, P18–P19, P23–P24).

In a contactless way, such a model can be acquired directly using LMC released in 2012 [23] or
Intel RealSense device released in 2015 [24] and embedded in some laptop models. A simplified version
of the model, sufficient to determine the feature vector proposed in this paper, can be also obtained
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using Softkinetic DepthSense 325 camera along with the Close Interaction Library [25]. LMC has been
recently evaluated [26], but there are no many publications about RealSense due to its recent release.
It is expected that in the near future these devices and the supplied software will be further improved
to allow for reliable skeletal hand tracking.

Figure 1. Hand skeletal model.

3.2. Feature Vector

The proposed feature vector encodes the relative differences between vectors associated with the
pointing directions of the fingers and the palm normal. Let Pc be the center of the palm, nc normal to
the palm at point Pc, Pi the end of the i-th finger, and ni the vector pointed by that finger (Figure 2).

The relative position of vectors nc and ni can be unambiguously described giving four values
determined from the Formulas (1)–(4) [27]:

αi “ acospvi ¨ niq (1)

φi “ acos
ˆ

u ¨ di
|di|

˙
(2)

Θi “ atan
ˆ

wi ¨ ni
u ¨ ni

˙
(3)

di “ Pi ´ Pc (4)

where the vectors u, vi, and wi define the so-called Darboux frame [28]:

u “ nc (5)

vi “ di
|di| ˆ u (6)

wi “ u ˆ vi (7)
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and ¨ indicates the scalar and ˆ—vector products. Since the di vectors depend on the size of the hand,
they have been omitted. The feature vector consists of 15 values calculated for individual fingers using
the Formulas (1)–(3):

V “ rα1, φ1, Θ1, α2, φ2, Θ2, α3, φ3, Θ3, α4, φ4, Θ4, α5, φ5, Θ5s (8)

Figure 2. Feature vector construction.

In the case of LMC, the palm center, the palm normal and the pointing directions of the fingers
are returned along with the skeletal data. For other devices, they can be derived from the skeletal data
using the Formulas (9)–(11) (see Figure 1):

Pc “ 1
10

ÿ
jPJ

Pj (9)

nc “ ÝÝÝÝÑP15P16 ˆ ÝÝÑP5P6 (10)

ni “ ÝÝÝÝÝÝÝÝÝÝÝÝÝÑP3`5pi´1qP4`5pi´1q (11)

where J “ t1, 2, 5, 6, 10, 11, 15, 16, 20, 21u.

3.3. Classification

The following classification methods have been tested: decision trees (DT) [29], linear and
quadratic discriminants (LD and QD) [30,31], support vector machines with linear, quadratic, cubic and
Gaussian kernel function (SVM Lin/Quad/Cub/Gauss) [32–34], different version of k-nearest neighbor
classifiers (1 NN, 10 NN, 100 NN, 10 NN Cos, 10 NN W) [35,36], different ensemble classifiers, that meld
results from many weak learners into one model (Ens Boost/Bag/RUS/SubD/kNN) [37–40] and fast
approximate nearest neighbors with randomized kd-trees (FLANN) [41]. A detailed list of tested
classifiers with their initial parameters is provided in Table 2.
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Table 2. Tested classifiers and their parameters.

Classifier Parameter Value

DT Maximum number of splits 100
Split criterion Gini’s diversity index

LD Covariance structure Full

QD Covariance structure Full

SVM Lin/Quad/Cub/Gauss
Kernel function Linear/Quadratic/Cubic/Gaussian

Box constraint level 1
Multiclass method One-vs-one

1 NN/10 NN/100 NN Number of neighbors 1 /10/100
Distance metric Euclidean

10 NN Cos Number of neighbors 10
Distance metric Cosine

10 NN W
Number of neighbors 10

Distance metric Euclidean
Distance weight Squared inverse

Ens Boost/Bag/RUS
Ensemble method Boosted/bagged/random subspace trees

Learner type Decision tree
Number of learners 30

Ens Sub D/Sub kNN

Ensemble method Subspace
Learner type Discriminant/1 NN

Number of learners 30
Subspace dimension 8

FLANN

Number of neighbors 1
Number of trees 8

Number of times the trees 128
should be recursively traversed

4. Experiments

4.1. Datasets

Two datasets were considered.

4.1.1. Dataset 1: Authors’ Own Dataset

Forty-eight static handshapes, occurring in Polish Finger Alphabet (PFA) and Polish Sign
Language (PSL) were considered (Figure 3) [25].

The gestures were recorded in two configurations: (i) LMC lies horizontally on the table
(configuration user-sensor); (ii) the sensor is attached to the monitor and directed towards the
signer (configuration user-user). In the configuration (i), two variants were additionally considered:
(a) gestures are made with fixed hand orientation (like in PFA); (b) spatial hand orientation changes in
a wide range (like in PSL). In the configuration (i) variant (a) five people, designated hereinafter A,
B, C, D, and E, participated in the recordings. In other cases, the gestures of person A were recorded.
Gestures were shown by each person 500 times. During the data collection, visual feedback was
provided, and when an abnormal or incomplete skeleton was observed, the process was repeated
to ensure that 500 correct shapes were registered for each class. Incorrect data was observed for
approximately 5% of frames. It was also noticed that the device works better when the whole hand
with very visible fingers is presented first and then slowly changes to the desired shape.
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A B C CZ E F G H

I K L M N O P R

S T U W Y Z 1 2

4 5 100 Bm Cm Em Om Tm

Um Xm Aw Bk Bz Bkz Cw Eo

Ik Nw Ps Yk 1z 4z 5s 5z

Figure 3. Static handshapes, occurring in Polish Finger Alphabet and Polish Sign Language.

4.1.2. Dataset 2: Microsoft Kinect and Leap Motion Dataset

In order to evaluate the method for more users and to make a comparative analysis, the database
provided in the work [3] was used. The database contains the recordings of 10 letters from ASL,
performed 10 times by 14 people and acquired by jointly calibrated LMC and depth sensor.

4.2. Results

The results of 10-fold cross-validation for the dataset 1 are shown in Tables 3–5.
For LMC lying on the table (configuration (i)) the best recognition rates (ě99.5%) were for SVM,

kNN, Ens Bag, Ens Sub kNN and FLANN, wherein the results obtained under large variation in
hand’s rotation (variant (b)) were only slightly worse. For configuration (ii), the results are better. This
configuration seems to be more natural for a user accustomed to showing gestures to another person.
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Table 3. 10-fold cross-validation results for dataset 1, configuration (i), variant (a).

Classifier DT LD QD
SVM SVM SVM SVM

1 NN 10 NN
Lin Quad Cub Gauss

Recognition rate [%] 81.2 72.8 99.7 99.5 100.0 100.0 100.0 100.0 99.9

Classifier 100 NN
10 NN 10 NN Ens Ens Ens Ens Ens

FLANN
Cos W Boost Bag Sub D Sub kNN RUS

Recognition rate [%] 99.2 99.9 100.0 64.2 100.0 69.9 100.0 39.9 100.0

Table 4. 10-fold cross-validation results for dataset 1, configuration (i), variant (b).

Classifier DT LD QD
SVM SVM SVM SVM

1 NN 10 NN
Lin Quad Cub Gauss

Recognition rate [%] 83.1 78.7 97.2 96.7 99.4 99.7 99.1 99.8 98.5

Classifier 100 NN
10 NN 10 NN Ens Ens Ens Ens Ens

FLANN
Cos W Boost Bag Sub D Sub kNN RUS

Recognition rate [%] 88.9 98.5 99.5 67.1 99.7 77.3 99.8 35.8 99.7

Table 5. 10-fold cross-validation results for dataset 1, configuration (ii).

Classifier DT LD QD
SVM SVM SVM SVM

1 NN 10 NN
Lin Quad Cub Gauss

Recognition rate [%] 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0

Classifier 100 NN
10 NN 10 NN Ens Ens Ens Ens Ens

FLANN
Cos W Boost Bag Sub D Sub kNN RUS

Recognition rate [%] 100.0 100.0 100.0 100.0 100.0 100.0 100.0 43.8 100.0

However, the results of the leave-one-subject-out cross-validation experiment, shown in
Tables 6 and A1, are much worse for all considered classification methods. The best recognition
rates (ě50.0%) were for: LD, SVM Lin, Ens Bag.

Table 6. Leave-one-subject-out cross-validation results for dataset 1, configuration (i), variant (1).

Classifier DT LD QD
SVM SVM SVM SVM

1 NN 10 NN
Lin Quad Cub Gauss

Recognition rate [%] 41.4 50.9 42.5 52.3 49.1 46.9 14.0 48.6 48.6

Classifier 100 NN
10 NN 10 NN Ens Ens Ens Ens Ens

FLANN
Cos W Boost Bag Sub D Sub kNN RUS

Recognition rate [%] 48.9 47.9 48.7 43.3 50.8 46.8 49.9 28.7 47.6

The performances of the individual gestures are strongly dependent on the user, and the training
set consisting of four people is not sufficiently representative to correctly classify the gestures of the
fifth, unknown person.

The results obtained for dataset 2, and shown in Tables 7, 8 and A2, confirm that when the training
set consists of more users, the discrepancy between 10-fold cross-validation and leave-one-subject-out
cross-validation is significantly lower. However, it should be mentioned that in this case, the number
of recognized classes is much smaller.
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Table 7. 10-fold cross-validation results for dataset 2.

Classifier DT LD QD
SVM SVM SVM SVM

1 NN 10 NN
Lin Quad Cub Gauss

Recognition rate [%] 87.6 84.5 86.4 87.6 86.2 84.1 88.4 88.6 88.0

Classifier 100 NN
10 NN 10 NN Ens Ens Ens Ens Ens

FLANN
Cos W Boost Bag Sub D Sub kNN RUS

Recognition rate [%] 82.6 87.9 89.1 87.8 88.9 85.1 88.5 86.9 85.9

Table 8. Leave-one-subject-out cross-validation results for the dataset 2.

Classifier DT LD QD
SVM SVM SVM SVM

1 NN 10 NN
Lin Quad Cub Gauss

Recognition rate [%] 86.2 84.2 87.5 87.6 86.4 82.3 86.7 89.2 85.5

Classifier 100 NN
10 NN 10 NN Ens Ens Ens Ens Ens

FLANN
Cos W Boost Bag Sub D Sub kNN RUS

Recognition rate [%] 82.4 85.6 89.6 87.0 87.7 84.1 89.3 86.4 85.4

For the dataset 2 and 10-fold CV, the best results (ě88.0%) were for SVM Gauss, kNN 1, kNN W,
Ens Bag and Ens Sub kNN, whereas for leave-one-subject-out cross-validation the best results (ě88.0%)
were for kNN1, kNN W, Ens Sub kNN.

Because for the most demanding case (Table 6) the best results were obtained for SVM Lin and
Ens Bag—the parameters of these two classifiers were further analyzed (see Tables 9 and 10).

The SVM classifier is by nature binary. It classifies instances into one of the two classes. However,
it can be turned into a multinomial classifier by two different strategies: one-vs-one and one-vs-all.
In one-vs-one, a single classifier for each pair of classes is trained. The decision is made by applying
all trained classifiers to an unseen sample and a voting scheme. The class that has been recognized
most times is selected. In one-vs-all, a single classifier per class is trained. The samples of that class are
positive samples, and all other samples are negatives. The decision is made by applying all trained
classifiers to an unseen sample and selecting the one with the highest confidence score.

Table 9. Support Vector Machines classifier with linear kernel function performance when the multiclass
method was changed from one-vs-one to one-vs-all.

Training Testing SVM Lin

B, C, D, E A 36.8

A, C, D, E B 21.1

A, B, D, E C 47.8

A, B, C, E D 52.0

A, B, C, D E 46.6

Avg 40.8

Table 10. Ens Bag performance for a different number of learners.

Training Testing 10 20 30 40 50 100 200 400 800 1000 2000

B, C, D, E A 44.6 47.4 39.6 46.8 45.3 46.8 46.9 46.1 45.4 45.9 46.3

A, C, D, E B 40.1 40.3 40.5 38.0 38.6 37.0 38.8 39.2 40.0 41.4 38.7

A, B, D, E C 53.2 56.6 59.0 56.1 55.8 53.9 58.6 58.3 57.4 57.7 58.0

A, B, C, E D 54.8 54.6 56.1 54.8 58.5 57.9 57.0 57.4 57.9 58.1 57.9

A, B, C, D E 58.7 60.0 58.7 60.6 58.6 63.4 60.5 61.2 62.5 63.0 61.7

Avg 50.4 51.8 50.8 51.3 51.3 51.8 52.4 52.4 52.6 53.2 52.5

404



Sensors 2018, 18, 2577

In SVM Lin classifier, the change of the multiclass method from one-vs-one to one-vs-all leads to
decrease in the recognition accuracy. For Ens Bag classifier, the recognition accuracy increases with the
number of learners, but the response time increases as well (see Figure 4).

Figure 4. Response time for Ens Bag classifier for different number of learners.

The experiment was stopped when the response time reached 100 ms, i.e., the value at which the
typical user will notice the delay [42].

In Table 8 the best results were obtained for 1 NN, 10 NN W, and Ens Sub kNN. The FLANN
version of the kNN classifier turned out to be the fastest one. Therefore, a further analysis of kNN
classifiers has been carried out.

In Table 11, the nearest neighbor classifier 1 NN with brute-force search in the dataset was
compared with the FLANN version with a different number of the randomized trees.

Table 11. 1 NN vs. FLANN with a different number of trees (given in parenthesis).

Training Testing 1 NN FLANN (1) FLANN (2) FLANN (4) FLANN (8) FLANN (16) FLANN (32)

B, C, D, E A 43.1 38.0 41.2 39.5 40.4 41.1 40.4

A, C, D, E B 32.3 31.1 30.9 33.6 33.6 33.0 33.6

A, B, D, E C 60.6 55.8 56.5 57.4 56.1 57.0 56.4

A, B, C, E D 52.3 52.1 51.3 51.3 51.1 51.5 51.2

A, B, C, D E 54.5 55.1 56.6 56.5 55.7 55.5 55.6

Avg 48.6 46.4 47.3 47.6 47.4 47.6 47.4

As should be expected, the results obtained for the exact version are slightly better than for the
classifier, which finds the approximate nearest neighbor. However, if we compare the processing times,
the FLANN version is over 400 times faster. Therefore, this classifier is a particularly attractive choice
in practical applications.

An experiment was also carried out to check whether the late fusion of classifiers, at the decision
level of individual models, leads to improved recognition accuracy. A simple method was used,
in which every classifier votes for a given class. According to [43], simple unweighted majority voting
is usually the best voting scheme. All possible combinations of classifiers were tested. The best result
of leave-one-subject-out cross-validation on dataset 1, 56.7%, was obtained when the outputs of the
classifiers LD, QD, SVM Lin, Ens Boost, Ens Bag were fused. The result is better than the best result
obtained for a single classifier by 4.4%. However, the fusion of classifiers leads to a decrease in the
individual classes recognition. The voting deteriorates the prediction in classes F, I, Xm, Yk.

4.3. Computational Efficiency

The average response times of the individual classifiers are shown in Table 12.
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Table 12. Average response times of the individual classifiers.

Classifier DT LD QD
SVM SVM SVM SVM

1 NN 10 NN
Lin Quad Cub Gauss

Response time [ms] 0.07 0.46 0.42 26.73 31.98 30.12 64.87 24.15 26.64

Classifier 100 NN
10 NN 10 NN Ens Ens Ens Ens Ens

FLANN
Cos W Boost Bag Sub D Sub kNN RUS

Response time [ms] 29.24 22.50 23.14 3.22 2.95 9.3 47.65 4.14 0.06

Together with the average time needed for data acquisition and feature vectors calculation,
which is equal to 6 ms, they do not exceed 100 ms, so the typical user will not notice the time delay
between presentation of the given gesture and the predicted response of the system [42]. However, all
experiments were carried out on a fairly powerful workstation, equipped with a 2.71 GHz processor,
32 GB of RAM and a fast SSD. For less-efficient systems, e.g., mobile or embedded devices, the
preferred choice is FLANN or DT. Moreover, in the case of FLANN classifier, the randomized trees can
be searched in parallel.

4.4. Comparative Analysis

According to the authors’ knowledge, the only database of static hand skeletal data available on
the Internet for which comparative analysis can be carried out is Dataset 2 [3]. Table 13 compares the
recognition accuracy obtained for this database.

Table 13. 10-fold cross validation results of different methods obtained for the Dataset 2.

Lp Reference Features Method Recognition Rate

1 [3] Fingertips distances, angles and elevations Multiclass SVM 80.9%

2 [19] Fingertips Tip distance Multiclass SVM 81.1%

3 This paper As described in Section 3.2 SVM Lin 87.6%

4 This paper As described in Section 3.2 10NN W 89.1%

The first row quotes the results obtained for LMC, without additional data from the Kinect sensor.
The proposed feature vector allows obtaining better results even with the same classifier (SVM).

5. Conclusions

Handshape recognition based on its skeleton becomes an important research problem because
there are more and more new devices on the market that enable the acquisition of such data.
In this paper:

• A feature vector was proposed, which describes the relative differences between the pointing
directions of individual fingers and the hand normal vector.

• A demanding dataset containing 48 hand shapes, shown 500 times by five persons in two different
sensor placement, has been prepared and made available [44].

• The registered data has been used to perform classification. Seventeen known and popular
classification methods have been tested.

• For classifiers SVM Lin and Ens Bag, given the best recognition accuracies, an analysis of the
impact of their parameters on the obtained results was carried out.

• It was found that the weaker result for leave-one-person-out validation may be caused by
individual character of performances of individual gestures, a difficult dataset, containing as many
as 48 classes, among which there are very similar shapes, and imperfections of the LMC, which
in the case of individual fingers occlusions tries predict their position and spatial orientation.
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It is worth mentioning that other works on static handshape recognition, cited in the literature,
concern a smaller number of simpler gestures.

• The proposed feature vector allows obtaining better results.
• It was determined experimentally that although late fusion improves the results, it causes

the deterioration of recognition efficiency in some classes, which in some applications may
be undesirable.

To recognize complicated handshapes occurring in the sign languages, a feature vector invariant
to translation, rotation, and scale, which is sensitive to the subtle differences in shape, is needed.
The proposed feature vector is inspired by research on local point cloud descriptors [27]. Angular
features, describing the mutual position of two vectors normal to the cloud surface, are used there
to form a representation of the local geometry. Such a descriptor is sensitive to subtle differences
in shape [45]. In our proposition, the fingertips and the palm center are treated as a point cloud,
and the finger directions and the palm’s normal are used instead of the surface normals. It is also
worth noting that the proposed feature vector is invariant to position, orientation, and scale. This is
not always the case in the literature, where the features depending on the hand size or orientation
are used. This invariance is particularly important in the case of sign language, where unlike in the
finger alphabet, the hand’s position and orientation are not fixed. An interesting proposition of an
invariant feature vector was proposed in [3] and enhanced in [19]. In Section 4.4, it was compared to
our proposal.

Analysis of the confusion matrices obtained for the dataset 1 shows that the most commonly
confused shapes are: B-Bm, C-100, N-Nw, S-F, T-O, Z-Xm, Tm-100, Bz-Cm and 4z-Cm. In fact, these are
very similar shapes (see Figure 3). In adverse lighting conditions, when they are viewed from some
distance or from the side, they can be confused even by a person. When sequences of handshapes,
corresponding to fingerspelled words, are recognized, disambiguation can be achieved by using the
temporal context. However, this is not always possible because often fingerspelling is used to convey
difficult names, foreign words or proper names. If the similar shapes are discarded from the dataset 1,
leave-one-subject-out cross-validation gives recognition efficiencies of about 80%.

The proposed system is fast and requires no special background or specific lighting. One of
the reasons for the weaker results of leave-one-person-out validation is the imperfection of a sensor,
that does not cope well with fingers occlusions. Therefore, as part of further work, the processing of
point clouds registered with two calibrated sensors is considered in order to obtain more accurate and
reliable skeletal data. Further work will also include recognition of letter sequences and integration of
the presented solution with the sign language recognition system.

Author Contributions: T.K. conceived and designed the experiments; P.O. prepared the data; T.K. and P.O.
performed the experiments and analyzed the data; T.K. wrote the paper.

Funding: This research received no external funding.
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Appendix A. Results of Leave-One-Person-Out Cross-Validation

Table A1. Leave-one-subject-out cross-validation results for dataset 1, configuration (i), variant (1).

Training Testing DT LD QD
SVM SVM SVM SVM

1 NN 10 NN
Lin Quad Cub Gauss

B, C, D, E A 37.4 51.3 32.1 46.1 41.0 38.8 4.0 43.1 43.3

A, C, D, E B 31.2 37.6 29.6 33.0 32.9 31.0 5.6 32.3 31.7

A, B, D, E C 47.9 54.7 41.6 57.8 57.5 55.4 21.8 60.6 61.2

A, B, C, E D 41.6 53.8 51.1 58.6 54.0 51.7 18.7 52.3 51.3

A, B, C, D E 48.9 57.1 58.1 66.1 60.1 57.4 19.8 54.5 55.5

Avg 41.4 50.9 42.5 52.3 49.1 46.9 14.0 48.6 48.6
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Table A1. Cont.

Training Testing 100 NN
10 NN 10 NN Ens Ens Ens Ens Ens

FLANN
Cos W Boost Bag Sub D Sub kNN RUS

B, C, D, E A 45.0 44.3 43.2 38.7 39.6 50.4 42.2 27.6 40.9

A, C, D, E B 32.6 32.7 31.8 37.6 40.5 31.3 35.9 16.4 33.8

A, B, D, E C 60.4 55.7 61.6 46.6 59.0 51.0 60.4 35.3 56.5

A, B, C, E D 48.9 51.7 51.3 45.2 56.1 44.8 52.0 30.1 50.8

A, B, C, D E 57.7 55.3 55.4 48.5 58.7 56.5 59.0 33.9 56.1

Avg 48.9 47.9 48.7 43.3 50.8 46.8 49.9 28.7 47.6

Table A2. Leave-one-subject-out cross-validation results for the dataset 2.

Training Testing DT LD QD
SVM SVM SVM SVM

1 NN 10 NN
Lin Quad Cub Gauss

2–14 1 85.0 76.0 77.0 77.0 77.0 71.0 79.0 95.0 74.0

1, 3–14 2 89.0 87.0 91.0 90.0 90.0 91.0 91.0 89.0 90.0

1–2, 4–14 3 81.0 88.0 91.0 91.0 84.0 77.0 83.0 82.0 84.0

1–3, 5–14 4 89.0 92.0 97.0 96.0 95.0 87.0 97.0 94.0 94.0

1–4, 6–14 5 90.0 90.0 92.0 91.0 91.0 87.0 92.0 86.0 92.0

1–5, 7–14 6 91.0 92.0 93.0 92.0 92.0 89.0 93.0 93.0 92.0

1–6, 8–14 7 87.0 85.0 88.0 88.0 86.0 80.0 87.0 84.0 89.0

1–7, 9–14 8 86.0 90.0 92.0 92.0 87.0 90.0 93.0 91.0 92.0

1–8, 10–14 9 86.0 84.0 87.0 87.0 84.0 78.0 87.0 88.0 86.0

1–9, 11–14 10 84.0 77.0 89.0 89.0 89.0 86.0 81.0 86.0 85.0

1–10, 12–14 11 79.0 72.0 74.0 80.0 80.0 75.0 73.0 76.0 74.0

1–11, 13–14 12 90.0 94.0 100.0 100.0 100.0 96.0 100.0 95.0 97.0

1–12, 14 13 85.0 76.0 77.0 77.0 77.0 73.0 79.0 95.0 74.0

1–13 14 85.0 76.0 77.0 77.0 77.0 72.0 79.0 95.0 74.0

Avg 86.2 84.2 87.5 87.6 86.4 82.3 86.7 89.2 85.5

Training Testing 100 NN
10 NN 10 NN Ens Ens Ens Ens Ens

FLANN
Cos W Boost Bag Sub D Sub kNN RUS

2–14 1 73.0 76.0 95.0 77.0 80.0 76.0 95.0 74.0 95.0

1, 3–14 2 89.0 90.0 91.0 91.0 89.0 87.0 90.0 89.0 89.0

1–2, 4–14 3 88.0 84.0 82.0 84.0 83.0 88.0 82.0 90.0 82.0

1–3, 5–14 4 89.0 94.0 95.0 97.0 97.0 92.0 94.0 92.0 94.0

1–4, 6–14 5 90.0 91.0 89.0 92.0 92.0 91.0 86.0 92.0 80.0

1–5, 7–14 6 88.0 92.0 93.0 93.0 93.0 92.0 93.0 93.0 87.0

1–6, 8–14 7 82.0 89.0 87.0 88.0 86.0 88.0 83.0 88.0 78.0

1–7, 9–14 8 88.0 91.0 90.0 92.0 90.0 91.0 91.0 91.0 91.0

1–8, 10–14 9 86.0 85.0 86.0 87.0 88.0 84.0 88.0 87.0 88.0

1–9, 11–14 10 75.0 84.0 84.0 85.0 89.0 76.0 86.0 89.0 86.0

1-10, 12-14 11 74.0 74.0 78.0 78.0 79.0 72.0 75.0 79.0 69.0

1–11, 13–14 12 85.0 96.0 94.0 100.0 100.0 89.0 97.0 98.0 95.0

1–12, 14 13 73.0 76.0 95.0 77.0 82.0 76.0 95.0 74.0 70.0

1–13 14 73.0 76.0 95.0 77.0 80.0 76.0 95.0 74.0 91.0

Avg 82.4 85.6 89.6 87.0 87.7 84.1 89.3 86.4 85.4
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Abstract: Inspired by the recent spatio-temporal action localization efforts with tubelets (sequences
of bounding boxes), we present a new spatio-temporal action localization detector Segment-tube,
which consists of sequences of per-frame segmentation masks. The proposed Segment-tube detector
can temporally pinpoint the starting/ending frame of each action category in the presence of
preceding/subsequent interference actions in untrimmed videos. Simultaneously, the Segment-tube
detector produces per-frame segmentation masks instead of bounding boxes, offering superior spatial
accuracy to tubelets. This is achieved by alternating iterative optimization between temporal action
localization and spatial action segmentation. Experimental results on three datasets validated the
efficacy of the proposed method, including (1) temporal action localization on the THUMOS 2014
dataset; (2) spatial action segmentation on the Segtrack dataset; and (3) joint spatio-temporal action
localization on the newly proposed ActSeg dataset. It is shown that our method compares favorably
with existing state-of-the-art methods.

Keywords: action localization; action segmentation; 3D ConvNets; LSTM

1. Introduction

Joint spatio-temporal action localization has attracted significant attention in recent years [1–18],
whose objectives include action classification (determining whether a specific action is present),
temporal localization (pinpointing the starting/ending frame of the specific action) and spatio-temporal
localization (typically bounding box regression on 2D frames, e.g., [6,12]). Such efforts include local
feature based methods [1], convolution neural networks (ConvNets or CNNs) based methods [2,14,15],
3D ConvNets based methods [4,11] and its variants [19–21]. Recently, long short-term memory (LSTM)
based recurrent neural networks (RNNs) are added on top of CNNs for action classification [5] and
action localization [7].

Despite the successes of the prior methods, there are still several limiting factors impeding
practical applications. On the one hand, a large number of methods [2,3,5,13] conduct action recognition
only on trimmed videos, where each video contains only one action without interferences from other
potentially confusing actions. On the other hand, many methods [1,7–11,15–17] emphasize only on
temporal action localization with untrimmed videos, without depicting the spatial locations of the
target action in each video frame.

Although there are several tubelet-style (which outputs sequences of bounding boxes)
spatio-temporal action localization efforts [6,12,22], they are restricted to trimmed video only.
For practical applications, untrimmed videos are much more prevalent, and sequences of bounding
boxes might not offer enough spatial accuracy, especially for irregular shapes. This motivated us
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to propose a practical spatio-temporal action localization method, which is capable of spatially and
temporally localizing the target actions with per-frame segmentation in untrimmed videos.

With applications in untrimmed videos with improved spatial accuracy in mind, we propose the
spatio-temporal action localization detector Segment-tube, which localizes target actions as sequences
of per-frame segmentation masks instead of sequences of bounding boxes.

The proposed Segment-tube detector is illustrated in Figure 1. The sample input is an untrimmed
video containing all frames in a pair figure skating video, with only a portion of these frames belonging
to a relevant category (e.g., the DeathSpirals). Initialized with saliency [23] based image segmentation
on individual frames, our method first performs temporal action localization step with a cascaded
3D ConvNets [4] and LSTM, and pinpoints the starting frame and the ending frame of a target
action with a coarse-to-fine strategy. Subsequently, the Segment-tube detector refines per-frame spatial
segmentation with graph cut [24] by focusing on relevant frames identified by the temporal action
localization step. The optimization alternates between the temporal action localization and spatial
action segmentation in an iterative manner. Upon practical convergence, the final spatio-temporal
action localization results are obtained in the format of a sequence of per-frame segmentation
masks (bottom row in Figure 1) with precise starting/ending frames. Intuitively, the temporal action
localization and spatial action segmentation naturally benefit each other.

Figure 1. Flowchart of the proposed spatio-temporal action localization detector Segment-tube. As the
input, an untrimmed video contains multiple frames of actions (e.g., all actions in a pair figure skating
video), with only a portion of these frames belonging to a relevant category (e.g., the DeathSpirals).
There are usually irrelevant preceding and subsequent actions (background). The Segment-tube
detector alternates the optimization of temporal localization and spatial segmentation iteratively.
The final output is a sequence of per-frame segmentation masks with precise starting/ending frames
denoted with the red chunk at the bottom, while the background are marked with green chunks at
the bottom.

We conduct experimental evaluations (in both qualitative and quantitative measures) of the
proposed Segment-tube detector and existing state-of-the-art methods on three benchmark datasets,
including (1) temporal action localization on the THUMOS 2014 dataset [25]; (2) spatial action
segmentation on the SegTrack dataset [26,27]; and (3) joint spatio-temporal action localization on
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the newly proposed ActSeg dataset, which is a newly proposed spatio-temporal action localization
dataset with per-frame ground truth segmentation masks, and it will be released on our project website.
The experimental results show the performance advantage of the proposed Segment-tube detector and
validate its efficacy in spatio-temporal action localization with per-frame segmentation.

In summary, the contributions of this paper are as follows:

• The spatio-temporal action localization detector Segment-tube is proposed for untrimmed videos,
which produces not only the starting/ending frame of an action, but also per-frame segmentation
masks instead of sequences of bounding boxes.

• The proposed Segment-tube detector achieves collaborative optimization of temporal localization
and spatial segmentation with a new iterative alternation approach, where the temporal
localization is achieved by a coarse-to-fine strategy based on cascaded 3D ConvNets [4] and LSTM.

• To exactly evaluate the proposed Segment-tube and to build a benchmark for future research,
a new ActSeg dataset is proposed, which consists 641 videos with temporal annotations and
per-frame ground truth segmentation masks.

The remainder of the paper is organized as follows. In Section 2, we review the related work.
In Section 3, we present the problem formulation for spatio-temporal action localization with per-frame
segmentation. In Section 4, the experimental results are presented with additional discussions. Finally,
the paper is concluded in Section 5.

2. Related Works

The joint spatio-temporal action localization problem involves three distinctive tasks simultaneously,
i.e., action classification, temporal action localization, and spatio-temporal action localization.
Brief reviews of related works on these three topics are first provided. In addition, relevant works in
video object segmentation are also introduced in this section.

2.1. Action Classification

The objective of action classification is to determine the presence of a specific action (e.g., jump and
pole vault) in a video. A considerable amount of previous efforts are limited to action classification in
manually trimmed short videos [2,3,5,13,28,29], where each video clip contains one and only one action,
without possible interferences from either proceeding/subsequent actions or complex background.

Many methods [1] rely on handcrafted local invariant features, such as histograms of image
gradients (HOG) [30], histograms of flow (HOF) [31] and improved Dense Trajectory (iDT) [28].
Video representations are typically built on top of these features by the Fisher Vector (FV) [32] or Vector
of Linearly Aggregated Descriptors (VLAD) [33] to determine action categories. Recently, CNNs based
methods [2,14,15] have enabled the replacement of handcrafted features with learned features,
and they have achieved impressive classification performance. 3D ConvNets based methods [4,19–21]
are also proposed to construct spatio-temporal features. Tran et al. [4] demonstrated that 3D
ConvNets are good feature learning machines that model appearance and motion simultaneously.
Carreira et al. [19] proposed a new two-stream Inflated 3D ConvNet (I3D) architecture for action
classification. Hara et al. [21] discovered that 3D architectures (two-stream I3D/ResNet/ResNeXt)
pre-trained on Kinetics dataset outperform complex 2D architectures. Subsequently, long short-term
memory (LSTM)-based recurrent neural networks (RNNs) are added on top of CNNs to incorporate
longer term temporal information and better classify video sequences [5,7].

2.2. Temporal Action Localization

Temporal action localization aims at pinpointing the starting and ending frames of a specific
action in a video. Much progress has been made recently, thanks to plenty of large-scale
datasets including the THUMOS dataset [25], the ActivityNet dataset [34], and the MEXaction2
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dataset [35]. Most state-of-the-art methods are based on sliding windows [1,11,32,36,37], frame-wise
predictions [7,15,38,39], or action proposals [22,40,41].

The sliding window-based methods typically exploit fixed-length temporally sliding windows to
sample each video. They can leverage the temporal dependencies among video frames, but they
commonly lead to higher computational cost due to redundancies in overlapping windows.
Gaidon et al. [36] used sliding window classifiers to locate action parts (actoms) from a sequence
of histograms of actom-anchored visual features. Oneata et al. [32] and Yuan et al. [37] both
used sliding window classifiers on FV representations of iDT features. Shou et al. [11] proposed
a sliding window-style 3D ConvNet for action localization without relying on hand-crafted features or
FV/VLAD representations.

The frame-wise predictions-based methods classifies each individual video frame (i.e., predicts
whether a specific category of action is present), and aggregate such predictions temporally.
Singh et al. [38] used a frame-wise classifier for action location proposal, followed by a temporal
aggregation step that promotes piecewise smoothness in such proposals. Yuan et al. [15] proposed
to characterize the temporal evolution as a structural maximal sum of frame-wise classification
scores. To account for the dynamics among video frames, RNNs with LSTM are typically employed.
In [7,39], an LSTM produced detection scores of activities and non-activities based on CNN features at
every frame. Although such RNNs can exploit temporal state transitions over frames for frame-wise
predictions, their inputs are frame-level CNN features computed independently on each frame.
On contrary in this paper, we leverage 3D ConvNets with LSTM to capture the spatio-temporal
information from adjacent frames.

The action proposals-based methods leverage temporal action proposals instead of video clips for
efficient action localization. Jain et al. [22] produced tubelets ( i.e., 2D + t sequences of bounding boxes)
by merging a hierarchy of super-voxels. Yu and Yuan [40] proposed the actionness score and a greedy
search strategy to generate action proposals. Buch et al. [41] introduced a temporal action proposals
generation framework that only needs to process the entire video in a single pass.

2.3. Spatio-Temporal Action Localization

There are many publications about the spatio-temporal action localization problem [6,12,42–45].
Soomro et al. [43] proposed a method based on super-voxel. Several methods [6,44] formulated
spatio-temporal action localization as a tracking problem with object proposal detection at each video
frame and sequences of bounding boxes as outputs. Kalogeiton et al. [12] proposed an action tubelet
detector that takes a sequence of frames as input and produces sequences of bounding boxes with
improved action scores as outputs. Singh et al. [45] presented an online learning framework for
spatio-temporal action localization and prediction. Despite their successes, all the aforementioned
spatio-temporal action localization methods require trimmed videos as inputs, and only output
tubelet-style boundaries of an action, i.e., sequences of bounding boxes.

In contrast, we propose the spatio-temporal action localization detector Segment-tube for
untrimmed videos, which can provide per-frame segmentation masks instead of sequences of bounding
boxes. Moreover, to facilitate the training of the proposed Segment-tube detector and to establish
a benchmark for future research, we introduce a new untrimmed video dataset for action localization
and segmentation (i.e., ActSeg dataset), with temporal annotations and per-frame ground truth
segmentation masks.

2.4. Video Object Segmentation

Video object segmentation aims at separating the object of interest from the background
throughout all video frames. Previous video object segmentation methods can be roughly categorized
into the unsupervised methods and the supervised counterparts.

Without requiring labels/annotations, unsupervised video object segmentation methods
typically exploit features such as long-range point trajectories [46], motion characteristics [47],
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appearance [48,49], or saliency [50]. Recently, Jain et al. [51] proposed an end-to-end learning
framework which combines motion and appearance information to produce a pixel-wise binary
segmentation mask for each frame.

Differently, supervised video object segmentation methods do require user annotations
of a primary object ( i.e., the foreground), and the prevailing methods are based on label
propagation [52,53]. For example, Marki et al. [52] utilize the segmentation mask of the first frame to
construct appearance models, and the inference for subsequent frames are obtained by optimizing an
energy function on a regularly sampled bilateral grid. Caelles et al. [54] adopted the Fully Convolutional
Networks (FCNs) to tackle video object segmentation, given the segmentation mask for the first frame.

However, all the above video object segmentation methods assume that the object of interest
(or primary object) consistently appears throughout all video frames, which is reasonable for
manually trimmed video dataset. On the contrary, for practical applications with user-generated,
noisy untrimmed videos, this assumption seldom holds true. Fortunately, the proposed Segment-tube
detector eliminates such a strong assumption, and it is robust to irrelevant video frames and can be
utilized to process untrimmed videos.

3. Problem Formulation

Given a video V = { ft}T
t=1 consisting of T frames, our objective is to determine whether a specific

action k ∈ {1, . . . , K} appears in V, and if so, temporally pinpoint the starting frame fs(k) and ending
frame fe(k) for action k. Simultaneously, a sequence of segmentation masks B = {bt} fe(k)

t= fs(k)
within such

frame range should be obtained, with bt being a binary segmentation label for frame ft. Practically,
bt consists of a series of superpixels bt = {bt,i}Nt

i=1, with Nt being the total number of superpixels in
frame ft.

3.1. Temporal Action Localization

A coarse-to-fine action localization strategy is implemented to accurately find the temporal
boundaries of the target action k from an untrimmed video, as illustrated in Figure 2. This is achieved
by a cascaded 3D ConvNets with LSTM. The 3D ConvNets [4] consists of eight 3D convolution layers,
five 3D pooling layers, and two fully connected layers. The fully-connected 7th layer activation feature
is used to represent the video clip. To exploit the temporal correlations, we incorporate a two-layer
LSTM [5] using the Peephole implementation (with 256 hidden states in each layer) with 3D ConvNets.

Coarse Action Localization. The coarse action localization determines the approximate temporal
boundaries with a fixed step-size ( i.e., video clip length). We first generate a set of U saliency-aware
video clips {uj}U

j=1 with variable-length (e.g., 16 and 32 frames per video clip) sliding window with
75% overlap ratio on the initial segmentation Bo of video V (by using saliency [23]), and proceed to
train a cascaded 3D ConvNets with LSTM that couples a proposal network and a classification network.

The proposal network is action class-agnostic, and it determines whether any actions
(∀k ∈ {1, . . . , K}) are present in video clip uj. The classification network determines whether a specific
action k is present in video clip uj. We follow [11] to construct the training data from these video clips.
The training details of the proposal network and classification network are presented immediately
below in Section 4.2.

Specifically, we train the proposal network (a 3D ConvNets with LSTM) to score each video clip

uj with a proposal score p
pro
j =

[
p

pro
j (1), p

pro
j (0)

]T
∈ R2. Subsequently, a flag label l f la

j is obtained for
each video clip uj,

l f la
j =

⎧⎨⎩1, if p
pro
j (1) > p

pro
j (0),

0, otherwise,
(1)

where l f la
j = 1 denotes the video clip uj contains an action (∀k ∈ {1, . . . , K}), and l f la

j = 0 otherwise.
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Figure 2. Overview of the proposed coarse-to-fine temporal action localization. (a) coarse localization.
Given an untrimmed video, we first generate saliency-aware video clips via variable-length sliding
windows. The proposal network decides whether a video clip contains any actions (so the clip is added
to the candidate set) or pure background (so the clip is directly discarded). The subsequent classification
network predicts the specific action class for each candidate clip and outputs the classification scores
and action labels. (b) fine localization. With the classification scores and action labels from prior coarse
localization, further prediction of the video category is carried out and its starting and ending frames
are obtained.

A classification network (also a 3D ConvNets with LSTM) is further trained to predict a (K + 1)-
dimensional classification score pcla

j for each clip that contains an action
{

uj|l f la
j = 1

}
, based on which

a specific action label lspe
j ∈ {k}K

k=0 and score vspe
j ∈ [0, 1] for uj are assigned,

lspe
j = arg max

k=0,...,K
pcla

j (k), (2)

vspe
j = max

k=0,...,K
pcla

j (k). (3)

where category 0 denotes the additional “background” category. Although the proposal network
prefilters most “background” clips, a background category is still needed for robustness in the
classification network.

Fine Action Localization. With the obtained per-clip specific action labels lspe
j and vspe

j , the fine
action localization step predicts the video category k∗ (k∗ ∈ {1, . . . , K}), and subsequently obtains its
starting frame fs(k∗) and its ending frame fe(k∗). We calculate the average of specific action scores vspe

j

over all video clips for each specific action label lspe
j , and take the label k∗ with the maximum average

predicted score as the predicted action, as illustrated in Figure 3.
Subsequently, we average specific action scores vspe

j of each frame ft for the label k∗ in different
video clips to obtain the action score αt( ft) for frame ft. By selecting an appropriate threshold we can
obtain the action label lt for frame ft. The action score αt( ft|k∗) and the action label lt for frame ft

specifically are determined by

αt( ft|k∗) =
∑

j∈{j| ft∈uj}
vspe

j

|{j|j ∈
{

ft ∈ uj
}
}| , (4)

lt =

{
k∗, if αt > γ,

0, otherwise,
(5)
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where |{·}| denotes the cardinality of set {·}. We empirically set γ = 0.6. fs(lt) and fe(lt) are assigned
as the starting and ending frame of a series of consecutive frames sharing the same label lt, respectively.

Figure 3. The diagrammatic sketch on the determination of video category k∗ from video clips.

3.2. Spatial Action Segmentation

With the obtained temporal localization results, we further conduct spatial action segmentation.
This problem is cast into a spatio-temporal energy minimization framework,

E(B) = ∑
st,i∈V

Di(bt,i) + ∑
st,i ,st,n∈Ni

Sintra
in (bt,i, bt,n) + ∑

st,i ,sm,n∈N̄i

Sinter
in (bt,i, bm,n), (6)

where st,i is the ith superpixel in frame ft. Di(bt,i) composes the data term, denoting the cost of
labeling st,i with the label bt,i from a color and location based appearance model. Sintra

in (bt,i, bt,n) and
Sinter

in (bt,i, bm,n) compose the smoothness term, constraining the segmentation labels to be spatially
coherence from a color based intra-frame consistency model, and temporally consistent from a color
based inter-frame consistency model, respectively. Ni is the spatial neighborhood of st,i in frame ft.
N̄i is the temporal neighborhood of st,i in adjacent frames ft−1 and ft+1. We compute the superpixels
by using SLIC [55], due to its superiority in terms of adherence to boundaries, as well as computational
and memory efficiency. However, the proposed method is not tied to any specific superpixel method,
and one can choose others.

Data Term. The data term Di(bt,i) defines the cost of assigning superpixel st,i with label bt,i from
an appearance model, which learns the color and location distributions of the action object and the
backgrounds of video V. With a segmentation B for V, we estimate two color Gaussian Mixture
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Models (GMMs) and two location GMMs for the foregrounds and the backgrounds of V, respectively.
The corresponding data term Di(bt,i) based on color and location GMMs in Equation (6) is defined as

Di(bt,i) = − log
(

βhcol
bt,i
(st,i) + (1 − β)hloc

bt,i
(st,i)
)

, (7)

where hcol
bt,i

denotes the two color GMMs, i.e., hcol
1 for the action object and hcol

0 for the background

across video V. Similarly, hloc
bt,i

denotes the two location GMMs for the action object and the background

across V, i.e., hloc
1 and hloc

0 . β is a parameter controlling the contributions of color hcol
bt,i

and location hloc
bt,i

.
Smoothness Term. The action segmentation labeling B should be spatially consistent in each

frame, and meanwhile temporally consistent throughout video V. Thus, we define the smoothness
term by assembling an intra-frame consistency model and an inter-frame consistency model.

The intra-frame consistency model enforces the spatially adjacent superpixels in the same action
frame to have the same label. Due to the fact that the adjacent superpixels either have similar color or
distinct color contrast [56], the well-known standard contrast-dependent function [56,57] is exploited
to encourage the spatially adjacent superpixels with similar color to be assigned with the same label.
Then, Sintra

iu (bt,i, bt,n) in Equation (6) is defined as

Sintra
in (bt,i, bt,n) = �[bt,i �=bt,n ]exp(−||ct,i − ct,n||22), (8)

where the characteristic function �[bt,i �=bt,n ] = 1 when bt,i �= bt,n, and 0 otherwise. bt,i and bt,n are the
segmentation labels of superpixels st,i and st,n, respectively. c is the color vector of the superpixel.

The inter-frame consistency model encourages the temporally adjacent superpixels in consecutive
action frames to have the same label. As the temporally adjacent superpixels should have similar color
and motion, we use the Euclidean distance between the motion distributions of temporally adjacent
superpixels along with the above contrast-dependent function in Equation (8) to constrain the labels of
them to be consistent. In Equation (6), Sinter

in (bt,i, bm,n) is then defined as

Sinter
in (bt,i, bm,n) = �[bt,i �=bm,n ](exp(−||ct,i − cm,n||22) + exp(−||hm

t,i − hm
m,n||2)), (9)

where hm is the histogram of oriented optical flow (HOOF) [58] of the superpixel.
Optimization. With Di(bt,i), Sintra

in (bt,i, bt,n) and Sinter
in (bt,i, bm,n), we leverage graph cut [24] to

minimize the energy function in Equation (6), and can obtain a new segmentation B for video V.

3.3. Iterative and Alternating Optimization

With an initial spatial segmentation Bo of video V using saliency [23], the temporal action
localization first pinpoints the starting frame fs(k) and the ending frame fse(k) of a target action k
from an untrimmed video V by a coarse-to-fine action localization strategy, and then the spatial action
segmentation further produces the spatial per-frame segmentation B by focusing on the action frames
identified by the temporal action localization. With the new segmentation B of video V, the overall
optimization alternates between the temporal action localization and spatial action segmentation.
Upon the practical convergence of this iterative process, the final results B are obtained. Naturally,
the temporal action localization and spatial action segmentation benefit each other. In the experiments,
we terminate the iterative optimization after practical convergence is observed, i.e., the relative
variation between two successive spatio-temporal action localization results are smaller than 0.001.

4. Experiments and Discussion

4.1. Datasets and Evaluation Protocol

We conduct extensive experiments on multiple datasets to evaluate the efficacy of the proposed
spatio-temporal action localization detector Segment-tube, including (1) temporal action localization

420



Sensors 2018, 18, 1657

task on the THUMOS 2014 dataset [25]; (2) spatial action segmentation on the SegTrack dataset [26,27];
and (3) spatio-temporal action localization task on the newly proposed ActSeg dataset.

The average precision (AP) and mean average precision (mAP) are employed to evaluate the
temporal action localization performance. If an action is assigned the same category label with the
ground truth, and, simultaneously, its predicted temporal range overlaps the ground truth at a ratio
above a predefined threshold (e.g., 0.5). Such temporal localization of an action is deemed correct.

The intersection-over-union (IoU) value is utilized to evaluate the spatial action segmentation
performance, and it is defined as

IoU =
|Seg ∩ GT|
|Seg ∪ GT| , (10)

where Seg denotes the binary segmentation result obtained by a detector, GT denotes the binary
ground truth segmentation mask, and | · | denotes the cardinality ( i.e., pixel count).

4.2. Implementation Details

Training the proposal network. The proposal network is to predict each video clip uj either

contains an action (l f la
j = 1) or the background (l f la

j = 0), and thus can remove the background video
clips, as described in Section 3.1. We build the training data as follows to train the proposal network.
For each video clip from trimmed videos, we assign its action label as 1, denoting it contains some
action k (∀k ∈ {1, . . . , K}). For each video clip from untrimmed videos with temporal annotations,
we set its label by using the IoU value between it and the ground truth action instances. If the IoU
value is higher than 0.75, we assign the label as 1, denoting that it contains an action; if the IoU value is
lower than 0.25, we assign the label as 0, denoting that it does not contain an action.

The 3D ConvNets [4] components (as shown in Figure 2) are pre-trained on the training split of
the Sports-1M dataset [59], and used as the initializations of our proposal and classification networks.
The output of the softmax layer in the proposal network is of two dimensions, which corresponds to
either an action or the background. In all the following experiments, the batch size is fixed at 40 during
the training phase, and the initial learning rate is set at 10−4 with a learning rate decay of factor 10
every 10 K iterations.

For the LSTM component, the activation feature of the fully-connected 7th layer of the 3D
ConvNets [4] is used as the input to the LSTM. The learning batch size is set to be 32, where each sample
in the minibatch is a sequence of ten 16-frame video clips. We use RMSprop [60] with a learning rate of
10−4, a momentum of 0.9 and a weight decay factor of 5 × 10−4. The number of iterations depends on
the size of the dataset, and will be elaborated in the following temporal action localization experiments.

Training the classification network. The classification network is to further predict whether each
video clip uj contains a specific action (lspe

j ∈ {k}K
k=0) or not, as described in Section 3.1. The training

data for the classification network is built similarly to that of the proposal network. The only difference
is that, for the saliency-aware positive video clip, we assign its label as a specific action category
k ∈ {1, . . . , K} (e.g., “LongJump”), instead of 1 for training the above proposal network.

As to the 3D ConvNets [4] (see Figure 2), we train a classification model with K actions plus one
additional “background” category. The learning batch size is fixed at 40, the initial learning rate is
10−4 and the learning rate is divided by 2 after every 10 K iterations.

To train the LSTM, the activation feature of the fully-connected 7th layer of the 3D ConvNets [4] is
fed to the LSTM. We fix the learning batch size at 32, where each sample in the minibatch is a sequence
of ten 16-frame video clips. We also use RMSprop [60] with a learning rate of 10−4, a momentum of
0.9 and a weight decay factor of 5 × 10−4.

4.3. Temporal Action Localization on the THUMOS 2014 Dataset

We first evaluate the temporal action localization performance of the proposed Segment-tube
detector on the THUMOS 2014 dataset [25], which is dedicated to localizing actions in long untrimmed
videos involving 20 actions. The training set contains 2755 trimmed videos and 1010 untrimmed
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validation videos. For the 3D ConvNets training, the fine-tuning stops at 30 k for the two networks.
For the LSTM training, the number of training iterations is 20 k for two networks. For testing, we use
213 untrimmed videos that contain relevant action instances.

Five existing temporal action localization methods, i.e., AMA [1], FTAP [9], ASLM [10], SCNN [11],
and ASMS [15], are included as competing algorithms. AMA [1] combines iDT features and frame-level
CNN features to train a SVM classifier. FTAP [9] leverages high recall temporal action proposals.
ASLM [10] uses a length and language model based on traditional motion features. SCNN [11]
is an end-to-end segment-based 3D ConvNets framework, including proposal, classification and
localization network. ASMS [15] localizes actions by searching for the structured maximal sum.

The mAP comparisons are summarized in Table 1, which demonstrate that the proposed
Segment-tube detector evidently outperforms the five competing algorithms with IoU being 0.3 and 0.5,
and is marginally inferior to SCNN [11] with IoU threshold being 0.4. We also present the qualitative
temporal action localization results of the proposed Segment-tube detector for two action instances of
the testing split from the THUMOS 2014 dataset in Figure 4, with IoU threshold being 0.5.

Figure 4. Qualitative temporal action localization results of the proposed Segment-tube detector for
two action instances, i.e., (a) CliffDiving and (b) LongJump, in the testing split of the THUMOS 2014
dataset, with intersection-over-union (IoU) threshold being 0.5.
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Table 1. Mean average precision (mAP) comparisons of five state-of-the-art temporal action localization
methods and our proposed Segment-tube detector on the THUMOS 2014 dataset [25]. mAP values are
in percentage. Higher values are better.

IoU Threshold 0.3 0.4 0.5

AMA [1] 14.6 12.1 8.5
FTAP [9] - - 13.5

ASLM [10] 20.0 23.2 15.2
SCNN [11] 36.3 28.7 19.0
ASMS [15] 36.5 27.8 17.8

Segment-tube 39.8 27.2 20.7

4.4. Spatial Action Segmentation on the SegTrack Dataset

We then evaluate the performance of spatial action segmentation from trimmed videos on the
SegTrack dataset [26,27]. The dataset contains 14 video sequences with lengths varying from 21 to
279 frames. Every frame is annotated with a pixel-wise ground-truth segmentation mask. Due to
the limitation of the competing methods [47,48,52], a subset of eight videos are selected, all of which
contains only one action object.

We compare our proposed Segment-tube detector with three state-of-the-art video object
segmentation methods, i.e., VOS [48], FOS [47] and BVS [52]. VOS [48] automatically discovers
and groups key segments to isolate the foreground object. FOS [47] separates the foreground object
based on an efficient initial foreground estimation and a foreground-background labeling refinement.
BVS [52] obtains the foreground object via bilateral space operations.

The IoU value comparison of VOS [48], FOS [47], BVS [52] and our proposed Segment-tube
detector on the SegTrack dataset [26,27] is presented in Table 2. Some example results of them are
given in Figure 5, where the predicted segmentation masks are visualized by polygons with red edges.
As is shown in Table 2, our method significantly outperforms VOS [47] and FOS [47], and performs
better than BVS [52] with a small margin of 2.3. The performance of BVS [52] could possibly due to its
exploitation of the first-frame segmentation mask to facilitate the subsequent segmentation procedure.

Table 2. Intersection-over-union (IoU) value comparison of three state-of-the-art video object
segmentation methods (VOS [48], FOS [47] and BVS [52]) and our proposed Segment-tube detector on
the SegTrack dataset [26,27]. IoU values are in percentage. Higher values are better.

Algorithm VOS [48] FOS [47] BVS [52] Segment-Tube

bird_of_paradise 92.4 81.8 91.7 93.1
birdfall2 49.4 17.5 63.5 66.7

frog 75.7 54.1 76.4 70.2
girl 64.2 54.9 79.1 81.3

monkey 82.6 65.0 85.9 86.9
parachute 94.6 76.3 93.8 90.4

soldier 60.8 39.8 56.4 64.5
worm 62.2 72.8 65.5 75.2

Average 72.7 57.8 76.5 78.8
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Figure 5. Example results of three state-of-the-art video object segmentation methods (VOS [48],
FOS [47] and BVS [52]) and our proposed Segment-tube detector on the SegTrack dataset [26,27].

4.5. Spatio-Temporal Action Localization on the ActSeg Dataset

ActSeg dataset. To fully evaluate the proposed spatio-temporal human action localization
detector and to build a benchmark for future research, a new ActSeg dataset is introduced in this
paper, including both untrimmed and trimmed videos. The list of action classes are presented in
Table 3, including single person actions (e.g., “ArabequeSpin”, “PoleVault”, “NoHandWindmill”) and
multi-person actions (e.g., “DeathSpirals”).

Table 3. Statistics on total, untrimmed and trimmed videos in each category of the ActSeg dataset.

Number Total Videos Untrimmed Videos Trimmed Videos

ArabequeSpin 68 58 10
CleanAndJerk 73 61 12
UnevenBars 67 57 10

SoccerPenalty 82 67 15
PoleVault 72 59 13

TripleJump 62 50 12
NoHandWindmill 68 57 11

DeathSpirals 78 66 12
Throw 71 56 15

Sum 641 531 110

All raw videos are downloaded from YouTube. Typical untrimmed videos contain approximately
10–120 s of irrelevant frames prior and/or after the specific action. The trimmed videos are pruned
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so that they only contain relevant action frames. We have recruited 30 undergraduate students to
independently decide whether a specific action is present (positive label) in the original video or
not (negative label). If four or more positive labels are recorded, the original video is accepted in
the ActSeg dataset and the time boundaries of the action are determined as follows. Each accepted
video is independently distributed to 3~4 undergraduate students for manual annotation (for both
the temporal boundaries and per-frame pixel-wise segmentation labels) and an additional quality
comparison is carried out for each accepted video by a graduate student and the best annotation is
selected as the ground truth.

The complete ActSeg dataset contains 641 videos in nine human action categories. There are
446 untrimmed videos and 110 trimmed videos in its training split, 85 untrimmed videos and no
trimmed video in its testing split. Table 3 presents detailed statistics for the untrimmed/trimmed video
distribution in each category. Some typical samples with their corresponding ground truth annotations
are illustrated in Figure 6.

Figure 6. Sample frames and their ground truth annotations in the ActSeg dataset. Action frames are
marked by green check marks and the corresponding boundaries are marked by polygons with red
edges. The background (irrelevant) frames are marked by red cross marks.

Mixed Dataset. To maximize the number of videos in each category (see Table 3), a mixed dataset
is constructed by combining videos of identical action categories from multiple datasets. The training
split of the mixed dataset consists of all 446 untrimmed videos and 110 trimmed videos in the proposed
ActSeg dataset, 791 trimmed videos from the UCF-101 dataset [61], and 90 untrimmed videos from the
THUMOS 2014 dataset [25]. The testing split of the mixed dataset consists of all the 85 untrimmed
videos from the testing split of the proposed ActSeg dataset.

Temporal Action Localization. SCNN [11] and ARCN [8] are used as competing temporal
action localization methods. All three methods are trained on the training split of the mixed dataset.
For the 3D ConvNets, the fine-tuning stops at 20 k for the proposal and classification networks.
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For LSTM training, the number of training iterations is 10 k for the two networks. Table 4 presents
the mAP comparisons of SCNN [11], ARCN [8] and our proposed Segment-tube detector on the
testing split of the mixed dataset, with IoU threshold being 0.3, 0.4, and 0.5, respectively. The results
show that our proposed Segment-tube method achieves the best mAP with all three IoU thresholds.
These manifest the efficacy of the proposed coarse-to-fine action localization strategy and also the
Segment-tube detector.

Table 4. Mean average precision (mAP) comparisons of two temporal action localization methods
(SCNN [11] and ARCN [8]) and our proposed Segment-tube detector on the testing split of the mixed
dataset, with intersection-over-union (IoU) threshold being 0.3, 0.4, and 0.5, respectively. mAP values
are in percentage. Higher values are better.

IoU Threshold 0.3 0.4 0.5

ARCN [8] 39.1 33.8 17.2
SCNN [11] 41.0 35.9 18.4

Segment-tube 42.6 37.5 21.2

Spatial Action Segmentation. The spatial action segmentation task is implemented entirely on
the ActSeg dataset, with three competing video object segmentation methods, i.e., VOS [48], FOS [47]
and BVS [52]. The IoU score comparisons of them are summarized in Table 5. Figure 7 presents some
example results of them, where the predicted segmentation masks are visualized by polygons with red
edges. Note that the IoU scores are computed only on frames that contain the target action, which are
localized by the temporal action localization of the proposed Segment-tube detector.

Figure 7. Example results of three video object segmentation methods (VOS [48], FOS [47] and BVS [52])
and our proposed Segment-tube detector on the ActSeg dataset.
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The results in Table 5 demonstrate that the Segment-tube detector evidently outperforms VOS [48],
FOS [47], and the label propagation based method BVS [52]. On the videos of PoleVault and TripleJump
categories, the IoU scores of all the methods are low, which is mainly due to severe occlusions.

Because existing methods either implement temporal action localization or spatial action
segmentation, but never achieve both of them simultaneously, we do not include performance
comparisons of joint spatio-temporal action localization with per-frame segmentations. To supplement
this, we further present the qualitative spatio-temporal action localization results of the proposed
Segment-tube for two action instances in the ActSeg dataset (testing split) in Figure 8.

Figure 8. Qualitative spatio-temporal action localization results of the proposed Segment-tube for two
action instances, i.e., (a) ArabequeSpin and (b) NoHandWindmill, in the testing split of the ActSeg
dataset, with intersection-over-union (IoU) threshold being 0.5.

To summarize, the experimental results on the above three datasets reveal that the Segment-tube
detector produces superior results to existing state-of-the-art methods, which verifies its ability of
collaboratively and simultaneously implementing spatial action segmentation and temporal action
localization with untrimmed videos.
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Table 5. Intersection-over-union (IoU) value comparisons of three video object segmentation methods
(VOS [48], FOS [47] and BVS [52]) and our proposed Segment-tube detector on the ActSeg dataset.
IoU values are in percentage. Higher values are better.

Video VOS [48] FOS [47] BVS [52] Segment-Tube

ArabequeSpin 53.9 82.5 64.0 83.4
CleanAndJerk 20.1 50.0 85.9 87.8
UnevenBars 12.0 40.3 59.0 56.5

SoccerPenalty 54.4 38.5 59.8 54.7
PoleVault 38.9 41.2 42.6 49.8

TripleJump 30.6 36.1 33.5 58.4
NoHandWindmill 77.1 73.3 81.8 87.9

DeathSpirals 1 66.7 77.9 66.5
Throw 33.8 2 58.7 56.2

Average 35.8 47.8 62.6 66.8

4.6. Efficiency Analysis

The segment-tube detector is highly computational efficient, especially comparing with other
approaches that fuse multiple features. Most video clips containing pure background are eliminated
by the proposal network, thus the computational cost with the classification network is significantly
reduced. On a NVIDIA (NVIDIA Corporation, Santa Clara, CA, USA) Tesla K80 GPU with 12 GB
memory, the amortized time of processing one batch (approximately 40 sampled video clips) is
approximately one second. Video clips have variable length and 16 frames are uniformly sampled from
each video clip. Each input for the 3D ConvNets is a sampled video clip of dimension 3× 16× 171× 128
(RGB channels × frames × width × height).

5. Conclusions

We propose the spatio-temporal action localization detector Segment-tube, which simultaneously
localizes the temporal action boundaries and per-frame spatial segmentation masks in untrimmed
videos. It overcomes the common limitation of previous methods that either implement only temporal
action localization or just (spatial) video object segmentation. With the proposed alternating iterative
optimization scheme, temporal localization and spatial segmentation could be achieved collaboratively
and simultaneously. Upon practical convergence, a sequence of per-frame segmentation masks with
precise starting/ending frames are obtained. Experiments on three datasets validate the efficacy of the
proposed Segment-tube detector and manifest its ability to handle untrimmed videos.

The proposed method is currently dedicated to spatio-temporal localization of a single specific
action in untrimmed videos, and we are planning to extend it to simultaneous spatio-temporal
localization of multiple actions with per-frame segmentations in our future work. One potential
direction is the generation of multiple action category labels in the classification network of the
coarse action localization step, followed by independent fine action localization and spatial action
segmentation for each action category.
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Abbreviations

The following abbreviations are used in this manuscript:

CNNs Convolutional Neural Networks
ConvNets Convolutional Neural Networks
I3D Inflated 3D ConvNet
ResNet Deep Residual Convolutional Neural Networks
LSTM Long-Short Temporal Memory
RNNs Recurrent Neural Networks
HOG Histograms of Image Gradients
HOF Histogram of Flow
iDT improved Dense Trajectory
FV Fisher Vector
VLAD Vector of Linearly Aggregated Descriptors
FCNs Fully Convolutional Networks
GMMs Gaussian Mixture Models
HOOF Histogram of Oriented Optical Flow
AP Average Precision
mAP mean Average Precision
IoU Intersection-over-Union
RGB Red Green Blue
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Abstract: Machine vision is playing an increasingly important role in industrial applications, and the
automated design of image recognition systems has been a subject of intense research. This study has
proposed a system for automatically designing the field-of-view (FOV) of a camera, the illumination
strength and the parameters in a recognition algorithm. We formulated the design problem as
an optimisation problem and used an experiment based on a hierarchical algorithm to solve it.
The evaluation experiments using translucent plastics objects showed that the use of the proposed
system resulted in an effective solution with a wide FOV, recognition of all objects and 0.32 mm and
0.4◦ maximal positional and angular errors when all the RGB (red, green and blue) for illumination
and R channel image for recognition were used. Though all the RGB illumination and grey scale
images also provided recognition of all the objects, only a narrow FOV was selected. Moreover, full
recognition was not achieved by using only G illumination and a grey-scale image. The results showed
that the proposed method can automatically design the FOV, illumination and parameters in the
recognition algorithm and that tuning all the RGB illumination is desirable even when single-channel
or grey-scale images are used for recognition.

Keywords: automated design; vision system; FOV; illumination; recognition algorithm

1. Introduction

Machine vision technologies have been widely applied in the industrial field for automated
visual inspection, process control, parts identification, and robotic guidance [1,2]. Designers have
been attempting to tune the parameters for a variety of vision systems. A vision system is usually
composed of a camera and an illumination and recognition algorithm [3], which are also known as
the main design factors of a vision system. In the object recognition system of a pick-and-place robot,
for example, the camera position needs to be set to obtain a suitable Field-of-View (hereinafter referred
to as FOV), the illumination requires to be changed to strengthen features in targets, and the image
recognition process needs to be optimised through parameter tuning. As this creates a number of
conflicting variables, the design process must be reiterated until acceptable results are obtained. This is
a time-consuming task even when carried out by experts, and even a simple pick-and-place vision
system usually takes several days to design.

Sensors 2018, 18, 1656; doi:10.3390/s18051656 www.mdpi.com/journal/sensors433
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Previous studies have addressed the automated design of sensor locations [4–12], illumination
levels [13–18], and recognition algorithms [19–25]. Some studies proposed a method to automatically
determine the place to set a vision sensor for specific features of recognition targets to satisfy the
specific constraints of recognition requirements [4–6]. Some other studies focused on the sensing
strategies for recognition and localisation of targets with the help of 3D models [7–9]. Moreover,
several sensor planning methods were designed respectively based on the vision tasks in [10–12].

Researches on automated planning of illumination parameters have also been carried out.
Experiment-based approaches have been proposed to optimise illumination with a set of images
of an object captured under different illumination conditions [13,14]. Besides, illumination planning
methods based on mathematical models of illumination were proposed [15,16]. More recently, with the
help of rendering techniques, illumination planning approaches based on computer simulation were
reported [17,18].

Some studies have attempted to automate the image processing procedures. Automated image
pre-processing techniques were proposed in [19–21]. Some other studies investigated the automated
design for feature extraction [22,23]. Automated generation of discriminators were discussed in [24,25].
Especially, an approach was proposed for automatically designing an image recognition procedure
from the aspect of pre-processing, feature extraction, and discriminator [25].

It is clear from the former studies that an overall design approach to vision systems could hardly
be found. One reason is probably the interactions among the different design factors. Therefore,
in the case of an overall design, the situation becomes more and more complex because design factors
influence each other in unpredictable ways. To the best of our knowledge, a design approach to
deal with various design factors has been presented only in [26,27]. Experiment-based methods
were applied to achieve an automated design of a vision system on the basis of illumination and a
recognition algorithm in [26]. By adding FOV, Chen Y., et al. [27] provided a more comprehensive
vision system design method. The problem is that in both the studies, the recognition tasks were far
from a being practical task because only one or two objects were considered.

Another obstacle in taking out an overall design approach consists of the uncertainties of the
real world. Colour is known as one of the uncertainties in image recognition. Because objects’
colours change with illumination, colour- and illumination-invariant recognition methods have been
postulated [28–31]. The greyscale process transforms colourful multi-channel images into grey and
single-channel ones, which could be more easily understood by vision systems. Such multi-channel
image encoding approaches were presented in [32–34], while it was also pointed out that greyscale
approaches could influence the recognition performance to a great extent [35]. In this study, we have
mainly focused on the uncertainties caused by colour information contained in both illumination and
grabbed images.

This study transferred a vision system design problem into an optimisation problem and proposed
an experiment-based approach to realise an automated vision system design. It was proved in the
study that the proposed design could provide vision systems that were effective in pick-and-place tasks
with suitable parameters of the FOV, illumination and recognition algorithm. Moreover, we studied
one kind of uncertainties from the real world, that is, colour information illuminate from the light
source that is absorbed by the camera sensor. Thus, we conducted an experiment of automated
designs using our proposed method by changing the colour channels that were utilised for both
illumination and recognition. By this experiment, we investigated: (1) whether or not providing
colourful illumination improves recognition accuracy when even the vision system reads only the
greyscale images and (2) whether or not single-channel images like R-channel images provide better
performance in recognition than the greyscale ones.

434



Sensors 2018, 18, 1656

2. Problem Formulation

2.1. Preconditions

The vision systems applied to a pick-and-place robot are set to the design target in this study.
In order to pick objects and place them in the right positions, the vision systems are required to provide
the following information:

• Types

Before picking up an object, the system must know which kind of object to select. For instance,
in some sorting tasks, type refers to information that describes targets’ appearance, such as the shape,
colour, and which side is facing upwards. By using the type information, the robot is able to distinguish
the target objects into several categories. Therefore, a dictionary which contains type information must
be available to vision systems for pick-and-place.

• Position

For a pick-and-place robot, definitely ‘pick’ is one of the most important quests. To pick objects
up, position information, in other words, the centre of gravity of each target object should be identified.
A vision system captures positional information in pixels. In this study, the coordinate origin is set to
the left-top of the image, the x-axis forward direction to the right, and the y-axial forward direction
is downward.

• Orientations

For both ‘pick’ and ‘place’ quests, the orientation information is important. That is to say,
the vision system must also provide angular information about each object. In this study, we assumed
the measurement range to be [0, 360).

To clarify the problem, the working environment for the proposed system is set up based on the
following three requirements: choice of camera, assumed scenes of recognition, and image processing
software. The details for each of these requirements are given as follows:

• Camera

Compared to binocular cameras, monocular cameras are more widely used in pick-and-place tasks.
As a result, we used a monocular CMOS (Complementary Metal Oxide Semiconductor) camera in our
system. Since the camera is mounted on the end effector of an industrial manipulator, its viewpoint
is held perpendicular to the workspace on which the recognition targets are arranged; the FOV is
therefore of a 2D type.

• Scenes

Based on where to pick objects, pick-and-place tasks could be categorised into two types: tasks in
dynamic systems, for example, a moving conveyor and tasks in static systems such as a tray. In this
study, we chose the latter one as the option for the proposed system. In this case, all the recognition
targets are placed in a limited space. This means that the camera distance at which all objects can be
captured in a single image can be specified in advance. Moreover, just like most situations in industrial
applications, the recognition targets are placed on the same plane surface, without overlaps. This is
also true for industrial applications such as picking objects from a conveyor.

• Software

In this study, the proposed system was tested with a commercially available image processing
library: MVTec HALCON (MVTec, Seeshaupt, Germany).
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2.2. Design Variables

By describing the settings and the working environment, the basic information on the target
vision system to be designed was provided. In order to arrive at a proper design of the described
vision system, several parameters, or we can call them design variables, are required to be optimised.
To further clarify the problem, such design variables are determined in this section.

In general, a vision system could be established by considering three design factors, which are:
illumination condition; camera FOV; and the recognition algorithm. The illumination is usually
designed for its strength and colour, illuminating the workpieces and repressing the reflections at the
same time. Camera FOV determines the resolution with which the targets are recognised and the size
of the recognition area. By tuning FOV, accuracy and efficiency of the vision system could be balanced.
Besides, in order to maximise the performance of the chosen recognition algorithm, some parameters
inside the algorithm also require optimisation.

The design variables of the vision system could also be taken as parameters of the optimisation
problem that were defined in the previous section. Categorised by the three design factors, the design
variables of this study are addressed as follows (details are given in Table 1):

Table 1. List of design variables.

Design Factor Name Description Range

FOV

Shoot time Number of images required in one
recognition for the entire area 1, 4, . . . , n2

Camera distance Represents FOV size Determined by
shoot time

Illumination

Light strength
(Red)

Strength of red
component in illumination [0, 255]

Light strength
(Green)

Strength of green
component in illumination [0, 255]

Light strength
(Blue)

Strength of blue
component in illumination [0, 255]

Recognition
algorithm

Discriminator Thresholds for classifying
different kinds of recognition objects (0, 1)

Contrast Contrast value to extract
contour model from template [0, 255]

• FOV

FOV is the extent of the observable world that is seen at any given moment. In the case of a
camera set up for pick-and-place tasks, the FOV directly determines the number of objects that can be
captured in a single image. To maximise the efficiency of recognition, the FOV must be maximised
while meeting the required accuracy tolerances. In this study, FOV was balanced from the viewpoint
of shoot time and camera distance.

Shoot time means the time taken by the camera to capture figures within the current camera
distance. Obviously, with a limited FOV size, the vision system could not comprehend the intricate
details of the workspace. Thus, it requires a system based on a moving camera which captures images
several times.

On the other hand, camera distance refers to the distance from the camera lens to the plane on
which the recognition targets are placed. As mentioned in the preconditions, the camera’s viewpoint is
held perpendicular to the workspace; the distance therefore reflects the actual FOV size.
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• Illumination

The illumination variables include the strength of the red, green, and blue components.
Increasing the strength may produce reflections, whereas at low strength, some details of the target
objects may not be captured. Both will reduce the recognition accuracy. Additionally, some details
may be enhanced by selecting the specific colour of illumination. We therefore allowed the strength of
each RGB component to be controlled individually. The illumination strength ranges from 0 to 255,
and is searched by an increment.

• Recognition Algorithm

Not only the recognition algorithm but also the parameters inside the chosen algorithm influence
the performance of a vision system. We just focus on the latter to optimise the inner parameters of a
given recognition algorithm.

The inner parameters, for example, image pre-processing parameters or parameters for
making proper templates, could more or less influence the performance of a recognition algorithm.
Since different parameters may have their own properties, the optimisation method should be
designed individually.

Moreover, no matter what recognition algorithm is used, a discriminator to classify correct
and incorrect detections by the recognition process is required. The discriminators should also be
considered as one of the design variables.

2.3. Inputs and Outputs

2.3.1. Inputs

Aiming to turn the vision system design process into a fully-automated one, manual operations
during the process of design must be minimised. Hence, the inputs to the automated design system
should be considered from many aspects which are preparation data for both scenes and templates,
ground truth data, and camera calibration data.

• Preparation Data for Scenes:
S = (S1, . . . , Si, . . . , Sn),

here, Si denotes the i-th coordinate on the work plane of the position where the corresponding
scene was set, and n the total number of scenes. The number of images required to capture one
scene depends on the camera distance.

Si = (xi, . . . , yi, . . . , zi),

Each Si contains the locations of x, y, and z directions such that the manipulator can hold the
camera and capture images of the existing scene. zi describes the distance from the camera to the
plane where the recognition targets are arranged.

• Preparation Data for Templates:
T = (T1, . . . , Tl , . . . , TnT),

where nT represents the total number of recognition target kinds.

Tl = (x, y, z, xl , yl , wl , hl),

the l-th template is prepared by automatically cutting the object image from the original image
which was obtained by holding the camera at the position (x, y, z). By using the position of the
objects in the acquired image, namely xl and yl, as well as the predetermined width and height,
wl and hl, the template could be obtained.
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• Ground Truth Data:
G =

(
GS1 , . . . , GSi , . . . , GSn

)
,

where GSi denotes the ground truth data for the i-th scene.

GSi =
(
GSi , 1, . . . , GSi , k, . . . , GSi , mi

)
;

however, the scene contains many recognition targets; the ground truth data always include
information on each recognition target, from the 1st to the mi-th.

GSi , k = (Typei,k, xi,k, yi,k, θi,k),

the ground truth data for each object includes the object type, the x and y position in captured
images and the orientation angle.

• Camera Calibration Data:
C = (C1, . . . , Ci, . . . , Cn),

where Ci denotes the i-th image for calibration and n the total number of images required for
a calibration.

2.3.2. Outputs

The system output is the optimal solution to the set of design variables.

• Optimal solution:
Solution =

(
R, G, B, Precognition

)
,

where R, G, and B denote the light strength of red, green and blue, and Precognition the set of
parameters related to the chosen recognition algorithm. Especially, Precognition consists of:

Precognition = (P1, P2, . . . , Pn)

the entire number of parameters n is determined by the chosen recognition algorithm.

2.4. Evaluation Function and Constraints

2.4.1. Evaluation Function

The evaluation uses four values which are the FOV size, Fmeasure, positional error,
and angular error.

The shoot time describes the FOV and largely determines the computing speed, as the time cost
increases in line with the number of images and camera movements.

The Fmeasure is used to describe the accuracy of recognition. It considers both the Precision and Recall,
and the definition is given by Equation (1):

Fmeasure =
2 × Precision × Recall

Precision + Recall
. (1)

In this study, the Precision and Recall values were given by the following equations:

Precision =
∑Ii∈I mci

∑Ii∈I mi
(2)

Recall =
∑Ii∈I mci

∑Ii∈I mdi
. (3)
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Here, mi, mci, and mdi refer to the total number of targets, correctly recognised targets, and targets
detected by the recognition process for the i-th learning image set, respectively. The Fmeasure value
ranges from [0, 1]. A value closer to 1 indicates greater accuracy.

Positional errors (PosErr) were defined as follows:

PosErr = max
{

PosErr1 , . . . , PosErri , . . . , PosErrn

}
(4)

PosErri =
√(

xi − xgti
)2

+
(
yi − ygti

)2. (5)

The maximum positional error among n targets was used in the evaluation, and each positional
error was calculated from the difference between the points detected by the recognition system (xi, yi)
and the ground truth (xgti, ygti). As the proposed system used a moveable camera, we first transformed
the positional results from the camera coordinates to world coordinates and then measured the error
in millimetres.

The angular errors (AgErr) were defined as follows:

AgErr = max
{

AgErr1 , . . . , AgErri , . . . , AgErrn

}
(6)

AgErri =
∣∣(θi − θgti

)
(mod 360)

∣∣. (7)

The maximum angular error among n targets was used in the evaluation. As the detection range
was from [0, 360), the angular error was given by the difference between the angles detected by the
recognition system θi and the ground truth θgti. This was given by Equation (7).

We set the following order for evaluation: first, the camera distance; second, the Fmeasure; third,
the positional error; and finally, the angular error. Accuracy was determined from the minimum
Fmeasure values and maximum positional error and angular error values. The system would therefore
choose the solution based on the FOV size, Fmeasure, positional error, and angular error, successively.

For a vision system in pick-and-place tasks, it is important to do recognition as efficient as possible
with the guarantee of accuracy. The positional and angular errors can be often tolerated to some extent
by the selection of the manipulator though we did not discuss the type of the manipulator in this paper.
If the recognition accuracy is high enough, the higher the image capturing efficiency is, the better.
Therefore, FOV size and Fmeasure take the first two priorities for evaluation. If the positional error is too
large, the manipulator cannot pick the objects. Therefore, we decided to prioritize positional error over
angular error.

2.4.2. Constraints

For the designed vision system to be applied to a pick-and-place task, it is necessary to ensure the
minimal performance. In other words, at least the designed vision system could pick up and place the
objects without any failure. The constraints are therefore set to guarantee the minimal performance of
designed system.

3. Methodology

3.1. Algorithm Overview

Figure 1 shows the algorithm we proposed to solve the problem formulated in Section 2.
In general, we prepared respective optimisations for parameters of the three design factors and
arranged them hierarchically.

The system first set the FOV size to its maximum, so that all the target objects could be captured
into one image. Based on the multi-start nearest neighbour search, which is discussed in more detail in
Section 3.3, the illumination search centre was set randomly to (Redi, Greeni, Bluei), and the parameters
in recognition algorithm were then designed. After the recognition algorithm design, the system
obtained the local solution (Redi, Greeni, Bluei, Heighti, ParametersBest) and its accuracy evaluation
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(Fmeasurei, PosErri, AgErri) for the corresponding illumination condition. Evaluation was performed
repeatedly under neighbour illumination conditions around the selected search centre. After all
neighbours were searched, the search centre was moved to its best neighbour until it became the
best design. Illumination optimisation was repeated N times, yielding N local optimal solutions.
If solutions meeting the design criteria were found, the system chose the optimal solution among N
candidates. Otherwise, the system returned to its initial state and narrowed the FOV size by decreasing
the camera distance and increasing the shoot time. The methods to apply narrow FOV and estimate
FOV size by camera distance are presented in Section 3.2.

Figure 1. Proposed algorithm to design FOV, illumination and image pre-processing parameters
for recognition system. *: The procedures will be skipped if the current selected point has been
searched before.

3.2. FOV Design

The FOV is applied to the vision system in the following two ways: first, carry out recognition
once with an FOV size and just fit the size of the recognition area and second, carry out recognition by
scanning the entire area n2 times with a FOV of a specific size. Figure 2 shows an example of taking an
image of an object placed in the area for recognition. Since the angle between the viewpoint of the
camera and the work plane is fixed, which is stated in the preconditions, the FOV size could be easily
estimated from the distance between the camera and work plane.

The steps to estimate the FOV size by camera distance are:

(1) Obtain the mathematical relation between the width of a taken image and camera distance.

Several images are captured under different camera distances. By adding camera calibrations,
the FOVwidth, or in other words, the distance of y direction in the taken images, can be measured in
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millimetres. Repeating this operation several times, the relations between FOVwidth and camera distance
could be fitted to a linear one:

FOVwidth(Cdistance) = awidth × Cdistance + bwidth. (8)

The Cdistance denotes the camera distance, a and b are coefficients calculated by experimental data.

(2) Obtain mathematical relation between the length of a taken image and camera distance.

Similar to FOV width, relations between FOVlength and camera distance are found using the
following expression:

FOVlength(Cdistance) = alength × Cdistance + blength. (9)

(3) Choose either length or width to represent the FOVsize based on length-width ratios of the recognition area
and captured image.

FOVlength(Cdistance)

FOVwidth(Cdistance)
>

Rlength

Rwidth
. (10)

Rlength and Rwidth denote length and width of the recognition area, respectively. Equation (10)
is the criterion to judge whether to use length or width to represent the size of FOV. Based on the
condition of inequality applied in this study, if the length-width ratio of FOV is larger than the ratio
of the recognition area, then the width should be selected for calculations in later steps. Otherwise,
the length should be chosen.

(4) Calculate desired FOV size.

Using either length or width to stand for the size, the desired FOVsize could be calculated in
addition to the size margin and the scan time.

FOVsize =
Rsize +

(√
Stime − 1

)
× Margin√

Stime
. (11)

Rsize denotes the length or width of the recognition area, Margin the margin of the FOV size decided
by the maximum size of chosen recognition targets and Stime the total scan time. Here the square root
of Stime is used to present the scan time in either the x or y direction.

(5) Estimate corresponding camera distance.

By substitution of the calculated desired FOV size into either Equation (8) or Equation (9),
the corresponding camera distance for the desired FOV size could be obtained:

Cdistance =
FOVsize − bsize

asize
. (12)

Here, asize and bsize denotes awidth and bwidth in Equation (8) or alength and blength in Equation (9)
depend on the truth or false of Equation (10).
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Figure 2. Illustration of the estimation of the FOV size. The positional relation between camera,
object(s) and the work plane are shown on left side. The right side shows the length-width ratio of the
recognition area and FOV. In the given example, the ratio of FOV is larger than that of the recognition
area, which suggests FOV width to represent FOV size.

3.3. Illumination Design

We selected a random multi-start nearest neighbour search, which is one of metaheuristic method,
for optimisation of the illumination strength of red, green, and blue. Due to find constraint satisfaction
solutions in limited time, we allowed the system choose search centres randomly, even that may result
in different optimums in a fixed condition.

The neighbours were generated by changing the value (adding or subtracting the increments
shown in Table 1) of one variable, while holding the others constant. The system then created six
neighbours for RGB strength in illumination:

Neighbors = {(R + Increment, G, B), (R − Increment, G, B), (R, G + Increment, B), (R, G −Increment, B) , (R, G, B + Increment), (R, G, B − Increment)}.

3.4. Recognition Algorithm Design

The proposed system is capable of automatically selecting threshold values as discriminators for
all kinds of recognition objects.

Suppose that a recognition method has a value E to evaluate its detections, the higher E value
indicates the detection is more likely to be a correct one. For a given recognition object, a series of
E values are used for n detections after one recognition.

D = {ED1, ED2, . . . , EDn}. (13)

Set D was then categorised into two sets with the help of ground truth data; T for correctly
detected results, F for incorrectly detected results:

T = {ET1, ET2, . . . , ETm}, (14)

F = {EF1, EF2, . . . , EFl}, (15)

l + m = n. (16)

The threshold Th was then generated as follows:

Th = max
{

ETi
∣∣ETi ∈ T ∩ ETi < min

{
EFj
∣∣EFj ∈ F

}}
. (17)

The threshold represents the maximal evaluation in the correctly recognised results, and is smaller
than the minimal evaluation of the incorrectly recognised results.

As stated before, the optimisation target and corresponding approach rely on the chosen algorithm
for recognition. A contour matching method in HALCON library called shape-based matching was
utilised as the recognition algorithm in this study.
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The target parameter of the shape-based matching algorithm to be designed is the contrast value
to extract contour models from the templates. Figure 3 illustrates two contour models extracted from
different contrast values. A too large contrast value decreases the number of contours in the obtained
model to a great extent. Matching with less contours therefore yields more possible candidates,
and finally results in longer matching time. If the contour model is decreased to just a short line,
the matching time can be infinity.

Based on this principle, the design method for the contrast value in shape-based matching is set
to traverse all the possible values from the minimum to the maximum and end if the detection number
reaches a threshold (Figure 4).

Figure 3. Contour models (marked with red lines) made by different contrast values; the number of
contours decrease as the contrast increases. Less contours in a model increase the number of detections
that have to be matched and thus result in a longer time taken for matching.

Figure 4. Contour models (marked with red lines) made by different contrast values, the number of
contours decrease as the contrast increases. Less contours in a model increase the number of detections
that should be matched and thus result in a longer time taken for matching. Algorithm proposed for
contrast value design of the chosen recognition algorithm [HALCON (an image processing library of
MVTec Company) shape-based matching].
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4. Evaluation Experiment

4.1. Experimental Setup

The experimental environment was an industrial manipulator with six DoFs, a ring-shaped
illumination device and an industrial monocular camera (Figure 5). The camera and illumination were
mounted on the tips of the manipulator using a 3D-printed joint. The processor was an Intel Core
i5-5300U@2.30 GHz.

To reflect potential applications, we chose the two sides of a semi-transparent plastic part (Figure 5)
as the recognition target. Different from its side at the rear, the face side had a convex structure in the
middle. The following constraints were applied: an Fmeasure score no less than 1; a positional error no
more than 3 mm; and an angular error no more than 5◦.

Three scenes with different functions were arranged on a piece of black cloth below the
manipulator (Figure 5). In order to prevent overfitting, two scenes were prepared for recognition.
Every time the FOV or illumination changed, the templates were updated; a scene for updating the
templates was therefore required. Scene 1 and Scene 2, with two face and two rear side objects in
each, were set up for recognition. Scene 3, with a face side and a rear side object, was set up to
create templates.

Two different plans for FOV were given to our system: one was to shoot once with a wide FOV at
a camera distance of 158 mm, and the other was to shoot four times with narrow FOVs at a camera
distance of 105 mm.

We controlled the colour channels utilised in both recognition and illumination, and created three
experimental conditions. Recognitions were conducted with greyscale images in Condition I and II,
while R-channel images were used in Condition III. The details are listed below. On the other hand,
illuminations were changed from only G channel in Condition I, and changed from RGB three channels
in Condition II and III. Details of the conditions based on which each experiment was conducted are
listed in Table 2.

Table 2. Experimental conditions.

Condition Illumination Channel(s) Increment of Illumination Parameter(s) Recognition Image(s)

I G only 1 Greyscale
II RGB 15 Greyscale
III RGB 15 R-channel

The reason why G illumination was chosen in Condition I is that it is considered to influence the
brightness in the obtained images to the greatest extent. Therefore, the dimension of illumination was
reduced to a great extent, and the increment of illumination strength was set to 1 in Condition I.

For all aforementioned conditions, we manually measured the ground truth data. For the
illumination variables, 16 local optimisation searches were performed. The maximum detection
to end contrast value search was set to 4.
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Figure 5. Experimental devices, scenes and recognition targets. Monocular camera and ring-shaped
illumination were attached to the end effector of a six-DoF manipulator. Three scenes were prepared
on a piece of black cloth; Scene 1 and Scene 2 were for recognition; Scene 3 was for making templates.
Two sides of a semi-transparent plastic part (20 mm in length, 20 mm in width, and 8 mm in height)
were chosen as the recognition targets.

4.2. Results

The best-three solutions and their evaluations of the three conditions are presented in Tables 3–5
and the images taken under the optimal parameter sets are shown in Figure 6.

Proper design could not be achieved with either with one shot or four shots when tuning
illumination from only G component in Condition I. The optimal design was realised with a 79
in green illumination, four shots and a contrast value of 3, which provided a 0.93 Fmeasure, about 0.6 mm
maximum positional error, and 2.1◦ maximum angular error.

The optimal design of Condition II corresponded to a (195, 120, 75) illumination RGB strength,
four shoots and contour models generated by a contrast value of 4. This set up resulted in an Fmeasure

value of 1, a maximum positional error of about 0.6 mm, and a 3.1◦ maximum angular error.
Replacing the greyscale images with R-channel images, suitable designs were found only with one

shoot. The optimal design was (195, 120, and 75) in illumination RGB, 11 in contrast value, and with
one shoot. Its evaluation showed an Fmeasure of 1, about 0.3 mm in maximum positional error, and 0.4◦

in maximum angular error.
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Figure 6. Optimal illumination and FOV conditions designed for the three conditions. Condition I:
1 shoot under strong green illumination. Condition II: four shoots under illumination with red
component relatively higher. Condition III: 1 shoot under strong green and blue illumination.

Table 3. Best-three designs of Condition I.

Rank R G B FOV Contrast Fmeasure Positional Error (mm) Angular Error (◦)

1 0 232 0 wide 1 0.93 0.64 2.1
2 0 79 0 narrow 3 0.93 0.58 3.4
3 0 84 0 narrow 3 0.86 0.35 3.6

The results were ranked by their evaluations; higher rank represents better evaluation. A wide FOV denotes one
shot at a camera distance of 158 mm, and a narrow FOV denotes four shots at a camera distance of 105 mm.

Table 4. Best-three designs of Condition II.

Rank R G B FOV Contrast Fmeasure Positional Error (mm) Angular Error (◦)

1 195 120 75 narrow 4 1.00 0.60 3.1
2 240 45 75 narrow 3 1.00 0.92 3.0
3 105 30 150 narrow 4 1.00 1.15 2.9

The results were ranked by their evaluations; higher rank represents better evaluation. A wide FOV denotes one
shot at a camera distance of 158 mm, and a narrow FOV denotes four shots at a camera distance of 105 mm.

Table 5. Best-three designs of Condition III.

Rank R G B FOV Contrast Fmeasure Positional Error (mm) Angular Error (◦)

1 15 225 240 wide 11 1.00 0.32 0.4
2 0 225 150 wide 11 1.00 0.50 0.4
3 45 225 210 wide 9 1.00 0.62 0.4

The results were ranked by their evaluations; higher rank represents better evaluation. A wide FOV denotes one
shot at a camera distance of 158 mm, and a narrow FOV denotes four shots at a camera distance of 105 mm.

5. Discussion

Generally speaking, designs under the accuracy constraints, that is, an Fmeasure of 1 and no more
than 3 mm and 5◦ in positional and angular errors were found in both conditions of illumination tuned
from RGB channels. This finding proved that our system is capable of tuning parameters for a vision
system used in pick-and-place tasks.

Comparing the results of the first two conditions, designs under accuracy constraints were found
when illumination was tuned from RGB, while no proper design was found with an Fmeasure of 1
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with illumination tuned only from G. In both conditions, the input images were of the greyscale
type, which indicated that although a vision system finally converts colour images into grey, it is still
essential to tune the illumination based on the three RGB channels.

On the other hand, from the results of Condition II and Condition III, it was found that using
R-channel images could provide better performance in recognition than greyscale ones. Designs with
one shot and a wide FOV were found in Condition III, while a narrow FOV was designed with four
shoots in Condition II.

In order to further discuss the effects of R-channel images, the R-channel images for the two
scenes under the optimal design of Condition III (illumination RGB equals to 15, 225, and 240, 1 shoot)
were extracted. We processed the two figures with greyscale; both R-channel and greyscale figures
are shown in Figure 7. Moreover, to confirm that the R-channel images perform better than greyscale
images under the same situation, an additional design was implemented with greyscale images,
as shown in Figure 7. Results showed that the optimal design with the greyscale images could only
provide an Fmeasure of 0.93.

To our human eye, it is obvious that the greyscale images are easier to recognise. However, in a
vision system, R-channel images are recognised with a higher recognition accuracy. The probable
reason might be that in a sufficiently bright image, the noise is also enlarged to a great extent.
Vision systems do not detect a picture as humans do; these systems read the limited features in
the form of mathematical values in matrixes instead. When the noise is so large that it obscures the
useful information indicated in these matrixes, judgements made by the system could be flawed.
From this point of view, the key to a ‘clear’ image for vision systems is that these images must contain
little but important information. As an example, though the R-channel images in Figure 7 were really
dark, the contours of each object could still be seen clearly. The great contrast between contours and
background therefore make the images ‘clear’. In some ways, image pre-processing is just a method to
serve the vision systems with ‘clearer’ images.

Moreover, illumination in the designs with high evaluations showed no relations to each other
with greyscale images input, while a clear pattern was discovered in the circumstance of R-channel
images. Based on Table 4, illuminations of the best-three designs were found with low red illumination
(under 50), high green illumination (near 225), and relatively high blue illumination (from 150 to 240).
Generally speaking, tuning green and blue illuminations is not effective when the image can only be
seen using a red channel. However, Figure 8 shows that even with no red illumination, the objects are
visible in the R-channel image. The probable reason may be that the RGB tuned from the illumination
side is not the same as the RGB information contained in an image. Because of the wavelength of the
illumination device or some reflections, the G and B components could still influence the R-channel
image to some extent. Actually, such an influence eventually resulted in ‘clearer’ R-channel images
compared with the greyscale ones. The illumination pattern found in Condition III also confirmed
the importance of green and blue illumination. In addition, patterns of illumination indicated that
relations might exist between the recognition performance and its illumination conditions, which give
rise to possibilities for the application of other optimisation methods.
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Figure 7. R-channel images, greyscale images for the two scenes under the optimal design of
Condition III [illumination RGB (red, green and blue) equals to 15, 225 and 240, with a wide FOV],
and their recognition results. Objects labelled in green were those that could be correctly recognised,
while the red one could not be recognised.

 

Figure 8. An image taken with no red component in illumination (illumination RGB were set to 0, 225,
and 255, respectively), and its R-channel image.

Nevertheless, the experiment was limited under the environment we prepared. We could only
state that R-channel image could provide better recognition accuracy under the experimental settings.
We cannot affirm that whether this phenomenon could be discovered with other recognition targets,
or by recognition with other algorithms. To better explain it, further experiments will be required.
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6. Conclusions

In this study, we proposed an automated design approach for vision systems in pick-and-place
tasks. The vision system design was first formulated as a parameter optimisation problem and then
solved in an experiment-based approach with a hierarchical algorithm. Rather than seeking a suitable
parameter set randomly in the solution space, the proposed algorithm separates and sets hierarchies
for each optimisation based on the design factors. As one of the uncertainties from the real world,
the influence of colour on the recognition performance of the designed vision systems was also
investigated through experiments in this research.

It could be seen through the experiments that the proposed system was able to design a vision
system with a 100% recognition rate, and a positional and angular error of 0.32 mm and 0.4◦,
respectively. When using greyscale images for recognition, G illumination resulted in an Fmeasure of only
0.93, which proved the necessity for colourful illumination. Consequently, when RGB illumination
was used, designs with R-channel images used only one shot, which indicates that R-channel images
provide better recognition accuracy than the greyscale ones.

In future work, from the viewpoint of robustness, it is necessary to improve the prevention
against overfitting by increasing the number of scenes for recognition and include the measurement
of overfitting in the evaluation of the designed vision system. Aiming to take out better solutions,
the selection of recognition algorithm should also be included into the design process. Additionally,
further research could be conducted on searching more appropriate optimisation methods, for example,
neural networks or genetic algorithms, to provide better solutions that are less time-consuming for the
vision system design problem.
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Abstract: In this paper, a simple and easy high-precision calibration method is proposed for the
LRF-camera combined measurement system which is widely used at present. This method can be
applied not only to mainstream 2D and 3D LRF-cameras, but also to calibrate newly developed
1D LRF-camera combined systems. It only needs a calibration board to record at least three sets
of data. First, the camera parameters and distortion coefficients are decoupled by the distortion
center. Then, the spatial coordinates of laser spots are solved using line and plane constraints, and the
estimation of LRF-camera extrinsic parameters is realized. In addition, we establish a cost function
for optimizing the system. Finally, the calibration accuracy and characteristics of the method are
analyzed through simulation experiments, and the validity of the method is verified through the
calibration of a real system.

Keywords: LRF; camera calibration; extrinsic calibration; sensors combination

1. Introduction

In the field of measurements, a single sensor is seldom able to perform high-precision
measurements by itself. Combined multi-sensor measurement schemes can effectively combine
the characteristics of each sensor, leveraging the complementary advantages of sensors, and improving
the accuracy and robustness of the measurement system. As [1] shows, laser range finders (LRFs)
provide high-precision distance information, while camera can provide rich image information. The
combination of LRFs and cameras has attracted wide attention, with interesting applications in
navigation [2], human detection [3] and 3D texture reconstruction [4].

Compared with the current mainstream schemes combining scanning lasers and vision, the more
challenging combination of 1-D laser ranging and vision has attracted the attention of researchers
due to its low cost and wide applicability. The Shuttle Radar Topography Mission (SRTM) [5] realizes
high-precision measurements of Interferometric Synthetic Aperture Radar (IFSAR) on long-range
cooperative targets. Ordez [6] proposed a combination of camera and Laser Distance Meter (LDM) to
estimate the length of a line segment in an unknown plane. Wu [7] applied this method to a visual
odometry (VO) system and realized the application in a quasi-plane scene. In our previous work,
we further extended this method and constructed a complete SLAM method based on laser-vision
fusion [1].

Sensor calibration is the premise of data fusion, including the calibration of each sensor’s own
parameters and the relationship of relative data between each sensor [8]. However, as a necessary
prerequisite for high-precision measurements, the calibration technology of 1D laser-camera systems
evolves seldom. The existing calibration algorithm based on scanning laser ranging has been unable
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to apply, but the traditional one-dimensional laser calibration algorithms require a high-precision
manipulator laser interferometer and other complex equipment.

In this paper, a simple and feasible high-precision laser and visual calibration algorithm is
proposed, which can calibrate the parameters of laser and camera sensors through only simple
data processing. Firstly, the camera parameters and distortion coefficients are determined using
a non-iterative method. Then, the coordinates of the laser spot in the camera coordinate system
are obtained by inversion of the laser image points in the image, and the initial values of external
camera and laser ranging parameters are estimated. Finally, the parameters are optimized through the
parameterization of the rotation matrix [9] and the Gröbner basis method [10]. Compared with the
existing methods, the main contributions of this paper are as follows:

(1) The method proposed in this paper has wider applicability. It can be used for joint calibration of
vision sensors and LRF from 1D to 3D.

(2) Compared with existing 1D laser-vision calibration methods, the proposed method can be realized
using a simple chessboard lattice, without complicated customized targets and high-precision
mechanical structures.

(3) The accuracy and usability of the proposed method are verified by simulation and
observation experiments.

This paper is organized as follows: the existing methods related to our work are outlined in
the following section. Sections 3 and 4 describe the mathematical model and illustrate the proposed
algorithm. In Section 5, we evaluate the solution of the simulation and observation experiments.
Finally, conclusions and future are provided in Section 6.

2. Related Work

For the extrinsic parameters between LRF and vision sensors, it is helpful to combine the
high-precision distance information of laser ranging with the high lateral resolution of vision to
achieve high-precision pose estimation. However, this method is mostly used to calibrate 2D or 3D
LRFs and cameras.

Vasconcelos [11] calibrated the camera-laser extrinsic parameters by moving a checkerboard
freely. This method assumes that the internal parameters are known and accurate, and converts the
external parameter calibration problem into a plane-coplanar alignment problem to reach an exact
solution. Similar work includes Scaramuzza [12] and Ha [13]. Ranjith [14] realized the correlation
and calibration of 3D LiDAR data and image data through feature point retrieval. Zhang [15] uses
mobile LRF and visual camera to achieve self-calibration of their external parameters through motion
constraints. Viejo [16] realized the correlation of the two sets of data by arranging control points, and
calibrated the external parameters of 3D LiDAR and a monocular camera.

However, the above algorithms are mostly used to calibrate the external parameters of 2D or
3D scanning laser and vision systems, and cannot be used for 1D laser ranging without a scanning
mechanism due to the lack of constraints. For the calibration of 1D LRF, the traditional method mostly
realizes the correlation between the two by means of complex a manipulator or specific calibration
target. For example, Zhu’s [17] calibration algorithm is used to calibrate the direction and position
parameters of a laser range finder based on spherical fitting. The calibration accuracy is high, but the
solution is highly customized and not universal. Lu [18] designed a multi-directional calibration block
to calibrate the laser beam direction of a point laser probe on the platform of a coordinate measuring
machine. Zhou [19] proposed a new calibration algorithm for serial coordinate measuring machines
(CMMs) with cylindrical and conical surfaces as calibration objects. Similar calibration methods are
used in the implementation of the LFR-camera slam method [1]. The relative rotation and translation
of the two sensors’ coordinate systems are estimated through a high-precision laser tracker.

Although this method can achieve high accuracy, it requires the installation of sensors on precision
measuring equipment, which has high calibration cost and complex operation, and cannot meet the
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needs of low-cost and fast landing scenarios such as existing robots. In 2010, Ordez [6] proposed
a set method of cameras and LRF to measure short distances in the plane. In another study [20],
the author introduces a preliminary calibration method for a digital camera and a laser rangefinder.
The experiment involves the artificial adjustment of the projection center of the laser pointer, and
only two laser projections are used. The accuracy and robustness of the calibration method are both
problematic. After that, Wu et al. [7] proposed a two-part calibration method based on the Ransac
scheme, and solved the corresponding linear equation in the image by creating the index table of laser
spot. However, this method cannot be well applied to the case where the laser light is close to the
optical axis of the camera, and the final accuracy evaluation criteria are not given.

Zhang [21] proposed a simple calibration method for camera intrinsic parameters, where the
parameters were determined using a non-linear method, and high accuracy was achieved. Afterwards,
based on Zhang’s framework, researchers improved accuracy and scene expansion by designing
different forms of targets [22–24] and improving the calibration of the algorithm [25–27]. Hartly [28]
introduced the distortion division model to correct the imaging distortion. On this basis, Hong [29]
further explored the calibration method of large distortion cameras.

Currently, the calibration of omnidirectional cameras has attracted wide attention in order to
improve the user’s degree of freedom and immersion in the virtual reality and autopilot. Li et al. [30]
proposed a multi-phase camera calibration scheme based on random pattern calibration board. Their
method supports the calibration of a camera system which comprise normal pinhole cameras. Gwon
Hwan [31] proposed a new intrinsic calibration and extrinsic calibration method of omnidirectional
cameras based on the Aruco marker and a Charuco board. The calibration structure and method can
solve the problem of suing overly complicated procedures to accurately calibrate multiple cameras.

At the same time, the calibration board also plays an important role in the other calibration
processs. Liu [32] studied different applications of lasers and cameras. The calibration method of
multiple non-common-view cameras by scanning a laser rangefinder is proposed. In the literature,
the correlation between laser distance information and camera images is established through a specific
calibration plate, so as to realize the relative pose estimation between cameras. Inspired by Liu’s
work [32], we establish a constraint of 1D laser and monocular vision by combining planar and
coplanar constraints, so as to determine related external parameters. Considering that the camera
imaging model has a direct impact on the calibration accuracy, we have improved Zhang‘s method [21]
used in camera calibration by replacing the traditional polynomial model with the division distortion
model, and solved the linear solution of the iterative optimization using variable least squares on the
basis of Hartly [28] and Hong [29]. Thus, the problem of falling into local optimal solutions is avoided,
and the calibration speed is greatly improved. Combining the above innovations, a convenient method
for calibrating the parameters of the camera-laser measurement system is realized, which can complete
the calibration of measurement systems, including camera internal parameters, distortion coefficients
and camera-laser external parameters, in one operation.

3. Measurement Model

Previous researchers established relatively mature camera imaging and laser measurement models.
We integrate the two mathematical models and construct a complete mathematical description of the
coordinate system.

As shown in the Figure 1, OC is the camera coordinate system,
→

OCZC is the optical axis direction
of the camera, O − uv is the image plane of the camera, OT is the coordinate system of the target itself,
point Pl is the spatial position of the laser spot, point Pw is the spatial coordinate of the target control
point and Ol represents the coordinate system of 1D laser ranging. We set the camera coordinate
system Oc as the measurement coordinate system OM of the system. In the next part, we introduce the
imaging model of the monocular camera and the 1D laser ranging model, and convert and fuse the
data through extrinsic parameters [ Rl2C Tl2C ].
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Figure 1. Measurement Model.

3.1. Camera Imaging Model

In order to describe the imaging process of a monocular camera more accurately, we combine
the lens distortion model with the aperture imaging model and introduce the shift of the distortion
center e relative to the image center OP [28]. In the camera coordinate system, Op − xy is the physical
coordinate system of the phase plane and O − uv represents the image coordinate system. Image
center Op denotes the intersection of the optical axis and the image plane.

The ideal imaging process can be described as the process of transforming a point PT
i (XT

i =

[ XT
i YT

i ZT
i 1 ]

T
) in the world coordinate system to the image plane imaging point Pu

i (xu
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[ uu
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) through a projection relationship. The mathematical expression is as follows:
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where ρi is a named depth scale factor, the intrinsic matrix and AC is described by a five-parameter

model; fu, fv are the focal lengths,
[

u0 v0

]T
is the coordinate of the image center OP, and s is

the skew coefficient. TT2C is the transformation matrix relating OT to OC and it can be expressed as
a rotation matrix RT2C combined with the translation vector tT2C.

Due to lens design and processing, the actual imaging process is distorted. We introduce a division
distortion model to improve our imaging. The mathematical expressions are as follows:

xu
i − e =

xd
i − e

1 + λ1
[
rd

i
]2

+ λ2
[
rd

i
]4

+ . . .
(2)

xd
i represents the actual position of projection point PT

i , and its coordinates are xd
i = [ ud

i vd
i 1 ]

T
;

λ1 and λ2 are the distortion coefficients and rd represents the distance from point xd
i to the distortion

center e, expressed as rd
i =
√
(ud

i − du0)
2
+ (vd

i − dv0)
2.

In order to illustrate the method more clearly, the most important parameters used in this paper
and their meaning are shown in Table 1.

456



Sensors 2019, 19, 1315

Table 1. The parameter statement of the system.

Parameter Mean

Coordinats

OM/OT/OC/Ol measurement/target/camera/laser-ranging coordinate system
O − uv image plane coordinate system of camera
TT2C transformation matrix relating OT to OC

Rl2M, tl2M Extrinsic matrix of Ol to OC
RT2C, tT2C Extrinsic matrix of OT to OC

T
e2

^
e

transformation matrix relating the distortion center e to new

distortion center
^
e

Imaging
Geometry

AC intrinsic matrix
λ1, λ2 distortion coefficients

e distortion center, expressed as
[

du0 dv0
]T

ρi depth scale factor
H homography matrix
^
H transformed homography matrix H

FH fundamental matrix of distortion
^
FH

transformed fundamental matrix of distortion

Variable

XT
i position of the corner in the target coordinate system,

xu
i ideal position of projection point in image plane

xd
i actual position of projection point in image plane

^
x

d

i
transformed image coordinates xd

i

Q(XC, YC, ZC)/Q( RT2M, tT2M ) plane equation of the target in camera coordinate system
C(XC, YC, ZC) linear equation of the laser beam in the camera coordinate system

E(AC, λ1, λ2, RT2M, tT2M) objective functions to be optimized
Edr re-projection error

3.2. LRF Model

The mathematical model of the 1D laser ranging module is relatively simple. The laser ranging
module can output single point laser distance information by observing the reflected signal and
calculating the optical path using image coherence [33]. The mathematical determination of the origin
coordinate and laser direction of the laser ranging module allows the coordinate of the laser in the
measurement coordinate system. In order to better represent the measurement results in the system
measurement coordinate system OM, we set up the European three-dimensional coordinate system

Ol for the LRF module. The laser emission direction is
→

OlZl , the directions of
→

OlXl are perpendicular

and parallel to the OC − xy plane, and the directions of
→

OlYl are determined by the right-hand rule,
as shown in Figure 1. The measured distance information dl

i represents the distance from the origin Ol
to the laser spot Pl

i .
In the process of extrinsic parameter calibration, the coordinate origin Ol of the laser ranging

coordinate system and the laser emission direction
→

OlZl need to be calculated. Finally, the conversion
relations between camera measurement system OM and the LRF coordinate system Ol are estimated,
the rotation matrix Rl2M and the translation vector tl2M are determined.

4. Methodology

Calibration of the measurement system is the process of determining the model parameters of the
measurement system. For our system, through the measurement and imaging of a specific target, the
model parameters of the measurement system are determined using the corresponding relationship
between the coordinates of the control points and the image coordinates. The main parameters are the
intrinsic parameters of the camera and the extrinsic parameters of between LRF and camera.

The specific calibration process is divided into three main steps: (1) the estimation of the camera
distortion center e; (2) the intrinsic parameters AC and distortion coefficients λ1λ2 are decoupled and
determined independently; (3) finding the extrinsic parameters

[
Rl2M tl2M

]
for translating the

laser-vision coordinate system to the measurement coordinate system; (4) determining the optimal
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solution
(

AC, λ1, λ2,
[

Rl2M tl2M

])
using the Gröbner basis method. In this section, we elaborate

on the above.

4.1. The Center of Distortion

In many studies, it is usually assumed that the distortion center and the main point are in the
same position, but Hartley [28] determined experimentally that there is a certain deviation between
them. During the calibration process, we use a checkerboard as the calibration object, and extract
the corners PT

i of the checkerboard as the control points for camera calibration. Since the corners are
distributed on a plane, we set the ZT

i = 0 in the target coordinate system, in which case the imaging
model can be expressed as:

ρix
u
i = PXT

i = A[ r1 r2 r3 t1 ]

⎡⎢⎢⎢⎣
XT

i
YT

i
0
1

⎤⎥⎥⎥⎦ (3)

where
[

r1 r2 r3

]
is the column vector of rotation matrix RT2C. The above equation can be

simplified as:

ρix
u
i = HXT

i = AC[ r1 r2 t ]

⎡⎢⎣ XT
i

YT
i
1

⎤⎥⎦ (4)

Matrix H called the homography matrix, and expresses the mapping relation between the
corner of the checkerboard and the image points. The coordinates of PT

i are abbreviated as

XT
i =
[

XT
i YT

i 1
]T

.
From the division model of Equation (2), we obtain:

xd
i = e + ki(x

u
i − e), ki = 1 + λ1

[
rd

i

]2
+ λ2

[
rd

i

]4
+ . . . (5)

We multiply the left side of the equations by [e]× and combine it with Equation (4).
In consideration of [e]×e = 0:

[e]×xd
i = ki[e]×HXT

i , [e]× =

⎡⎢⎣ 0 −1 dv0

1 0 −du0

−dv0 du0 0

⎤⎥⎦ (6)

We then multiply the left sides of the equations by
[
xd

i

]T
and obtain:

[
xd

i

]T
[e]×HXT

i = 0 (7)

Let FH = [e]×H. FH is called the fundamental matrix of distortion and is expressed as follows:

[
xd

i

]T
FHXT

i = 0, FH =

⎡⎢⎣ F11 F12 F13

F21 F22 F23

F31 F32 F33

⎤⎥⎦ (8)

We can solve the values of the fundamental matrix FH using 8 pairs of corresponding corner
points. The equation can be formulated as:

AfH= 0 (9)
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where:

A =

⎡⎢⎣ xd
1XT

1 xd
1YT

1 xd
1 yd

1XT
1 yd

1YT
1 yd

1 XT
1 YT

1 1
...

...
...

...
...

...
...

...
...

xd
nXT

n xd
nYT

n xd
n yd

nXT
n yd

nYT
n yd

n XT
n YT

n 1

⎤⎥⎦
fH = [ F11 F12 F13 F21 F22 F23 F31 F32 F33 ]

(10)

The corresponding equations are solvable using least square when the number of points is greater
than 8 points. The corresponding distortion center e is the left null vector of FH:

eT [e]× = 0 ⇔ eTFH = eT [e]×H = 0 (11)

So far, we have obtained the image coordinates of the distorted center e. The corresponding
homography matrix H can be obtained using the fundamental matrix FH.

4.2. Decoupling Camera Parameters

If the image coordinate origin OP is moved to the distortion center e, the new distortion center

after translation is expressed as
^
e =

[
0 0 1

]T
. In the new coordinate system, Equation (8) is

expressed as: [
^
x

d

i

]T
^
FHXT

i = 0 (12)

where
^
x

d

i and
^
FH represent the transformed image coordinates xd

i and the fundamental matrix FH.
The transformation relationship is as follows:

^
x

d

i = T
e2

^
e
xd

i ,
^
FH = T

e2
^
e
FH, where T

e2
^
e
=

⎡⎢⎣ 1 0 −du0

0 1 −dv0

0 0 1

⎤⎥⎦ (13)

From the definition of
^
FH:

^
FH = [e]×

^
H =

⎡⎢⎣ 0 −1 0
1 0 0
0 0 0

⎤⎥⎦ ^
H (14)

Let:

^
FH =

⎡⎢⎢⎢⎣
^
F1
^
F2
^
F3

⎤⎥⎥⎥⎦
⎡⎢⎣ F̂11 F̂12 F̂13

F̂21 F̂22 F̂23

F̂31 F̂32 F̂33

⎤⎥⎦ (15)

and:

^
H =

⎡⎢⎢⎢⎣
^
H1
^
H2
^
H3

⎤⎥⎥⎥⎦
⎡⎢⎣ Ĥ11 Ĥ12 Ĥ13

F̂21 F̂22 Ĥ23

Ĥ31 Ĥ32 Ĥ33

⎤⎥⎦ (16)

Equations (15) and (16) are then introduced into Equation (14):

^
H1 =

^
F2,

^
H2 = −

^
F1 (17)
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So far, the first two rows
^
H1

^
H2 of the homography matrix have been obtained. Referring to

Equations (2) and (4), the image distortion after translation can be expressed as follows:

ρi
xd

i

1 + λ1
[
rd

i
]2

+ λ2
[
rd

i
]4

+ . . .
= HXT

i (18)

An equation set can be obtained after sorting out:

⎡⎢⎢⎣ x̂d
i
[
XT

i
]T[−^

F2XT
i

][ [
r̂d

i

]2 [
r̂d

i

]4
· · ·
]

ŷd
i
[
XT

i
]T[^

F1XT
i

][ [
r̂d

i

]2 [
r̂d

i

]4
· · ·
]
⎤⎥⎥⎦
⎡⎢⎢⎢⎢⎢⎣

[
^
H3]

T

λ1

λ2
...

⎤⎥⎥⎥⎥⎥⎦ =

⎡⎣ ^
F2XT

i

−
^
F1XT

i

⎤⎦ (19)

For Equation (19) and the combined Equation (17), two equations can be obtained for each pair of
corner points. When the number of corresponding points N >= n + 3 (where n denotes the number of
distortion parameters), an overdetermined equation is obtained. This can be achieved by moving the

target, as shown in Figure 2. The homography matrix
^
H and the distortion coefficients λ1λ2 can be

obtained by using the least square method.

Figure 2. Changing of the azimuth and angle of the calibration plate and performing
multiple measurements.

4.3. Parameter Solution

From the perspective projection model, the imaging relationship of the translation sequence can
be expressed as follows:

ρix
u
i = ρi

[
T

e2
^
e

]−1^
x

u

i =
[
T

e2
^
e

]−1 ^
HXT

i = HXT
i (20)

It is known that:

H =
[
T

e2
^
e

]−1 ^
H =

⎡⎢⎣ 1 0 du0

0 1 dv0

0 0 1

⎤⎥⎦ ^
H (21)
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Equation (19) can been solved to obtain
^
H. The initial homography matrix H can be calculated by

substituting Equation (21). We set [ r1 r2 t ]H =
[

H1 H2 H3

]
= AC[ r1 r2 t ]. By using

the orthogonality and normality of rotation matrix [ r1 r2 r3 ], we obtain:{
r1r2 = 0

r1r1 = r2r2
⇔
{

[H1]
T [AC]

−T [AC]
−1H2 = 0

[H1]
T [AC]

−T [AC]
−1H1 = [H2]

T [AC]
−T [AC]

−1H2
(22)

Therefore, three images are needed to find five unknowns in the camera intrinsic parameter
matrix AC. If the camera collects n images from different directions for calibration, a set of linear
equations containing 2n constrained equations can be established, which can be written in matrix form
as follows:

Vb = 0 (23)

where V is the coefficient matrix and b is the variable to be solved, with:

b = [ B11 B12 B13 B22 B23 B33 ] (24)

B = [AC]
−T [AC]

−1 =

⎛⎜⎝ B11 B12 B13

B21 B22 B23

B31 B32 B33

⎞⎟⎠ (25)

The solvable camera intrinsic parameters are:

v0 = (B12B13 − B11B23)/(B11B22 − B2
12)

λ = B33 − [B2
13 + v0(B12B13 − B11B23)]/B11

fu =
√

λ/B11

fv =
√

λB11/(B11B22 − B2
12)

s = −B12 f 2
u fv/λ

u0 = kv0/ fv − B13 f 2
u /λ

(26)

Similarly, the camera parameters can be obtained:

[ r1 r2 r3 t1 ] =

[
[AC ]

−1H1∣∣∣[AC ]
−1H1

∣∣∣ [AC ]
−1H2∣∣∣[AC ]
−1H3

∣∣∣ r1 × r2
[AC ]

−1H3∣∣∣[AC ]
−1H3

∣∣∣
]

(27)

In the case of obtaining the parameters outside the target, the spatial coordinate XC
l =[

XC
l YC

l ZC
l 1

]T
of the laser spot Pl in the camera coordinate system can be found by solving the

known plane equation Q(XC, YC, ZC) in the direction obtained by connecting the ray and the target

from the camera optical center OC to the ideal image point coordinate xu
l =
[

uu
l vu

l 1
]T

. Moving
the calibration board along the laser direction, the spatial position of laser spot can be obtained at
different distances after multiple acquisitions. By processing the data, the laser beam can be straight in
the camera coordinate system.

Through data processing, the linear equation C(XC, YC, ZC) of the laser beam in the camera
coordinate system can be obtained in the form of Equation (29). By combining the distance information
DL obtained through laser ranging, the spatial coordinates of the laser origin in the camera coordinate
system can be obtained, and the transformation relationship

[
Rl2M tl2M

]
between the laser system

and camera system can be estimated:

Q(XC, YC, ZC) :
[

AQ BQ CQ DQ

][
XC YC ZC 1

]T
= 0 (28)
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C(XC, YC, ZC) :
XC

li − XC
l0

Al
=

YC
li − YC

l0
Bl

=
ZC

li − ZC
l0

Cl
(29)

where XC
l0 = 1

n ∑ XC
li , YC

l0 = 1
n ∑ YC

li , ZC
l0 = 1

n ∑ ZC
li . Combining with Equation (27), we have:

Q( RT2M, tT2M ) =
[

AQ BQ CQ DQ

]
[ r1 r2 r3 t1 ]

[
XT YT ZT 1

]T
(30)

By combining with the imaging model, the linear equation between laser spot and camera light
center can be expressed in two-point form:

XC

uu
l
=

YC

vu
l
=

2 · ZC

fu + fv
(31)

Equations (30) and (31) are solved simultaneously, the only solution of which XC
l =[

XC
l YC

l ZC
l 1

]T
is the coordinate of the laser spot on the target in the camera coordinate system.

After many measurements, the linear equation can be expressed as a series of spatial point sets{
XC

li

∣∣∣ XC
li =
[

XC
li YC

li ZC
li 1

]T
, i = 1, 2, 3, · · ·

}
, as shown in Figure 2. Constraints can be applied

using a point-line relationship to solve the linear equation C(XC, YC, ZC) corresponding to laser rays,
such as: [

YC
li − YC

l0 −
[
XC

li − XC
l0
]

0
0 −

[
ZC

li − ZC
l0
]

YC
li − YC

l0

]⎡⎢⎣ Al 0
Bl Bl
0 Cl

⎤⎥⎦ = 0 (32)

A space point can provide two constraints, and we need at least two space points to solve
the equation and estimate the linear equation C(XC, YC, ZC). Finally, the laser origin position is
determined on the line by calculating the distance information obtained by ranging according to the
coordinate system established before and using the relative transformation matrix of laser-camera[

RT2M tT2M

]
.

4.4. Optimization of Solution

The above process does not involve any iteration. The camera internal parameters and
laser-camera external parameters can be found using least squares. The calculation speed is fast
and local minima can be effectively avoided effectively. If we want to obtain higher accuracy, we
can take the calculated value as the initial value, and further improve the calibration accuracy of the
system through the non-linear optimization method.

Given n calibrated images, each image has m corners xd
i and one laser projection point xd

l .
The following objective functions are then constructed:

E(AC, λ1, λ2, RT2M, tT2M) =
n

∑
i=1

(
m

∑
j=1

∣∣∣xd
i,j − Pro(XT

j )
∣∣∣+ γ

∣∣∣xd
l,j − Pro(dl

i)
∣∣∣) (33)

where Pro(XT
j ) and Pro(dl

i) represent the projection functions of corner points XT
j and laser spot XC

l
under the division distortion model, and γ is a named weight coefficient that denotes the contribution
of corner and laser points to errors, generally speaking γ = 5.

Using Cayley-Gibbs-Rodriguez (CGR) [9] to parameterize the rotation matrix R, the latter can be
expressed as a function of the CGR parameters s =

[
s1 s2 s3

]
:

R =
1

1 + s1
2 + s22 + s32

⎡⎢⎣ 1 + s1
2 − s2

2 − s3
2 2s1s2 − 2s3 2s1s3 + 2s2

2s1s2 + 2s3 1 − s1
2 + s2

2 − s3
2 2s2s3 − 2s1

2s1s3 − 2s2 2s2s3 + 2s1 1 − s1
2 − s2

2 + s3
2

⎤⎥⎦ (34)
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The problem is then transformed into an unconstrained optimization problem. The
automatic Gröbner basis method [10] is used to solve Equation (32), and the minimum solution

Emin(
~
AC, λ̃1, λ̃2,

~
Rl2M,

~
t l2M) can be obtained. A nonlinear optimization method is used to further

improve the accuracy and stability of the solution.
In this part, we have completed the estimation of the optimal solution of all parameters, including

the camera intrinsic parameter matrix
~
AC, distortion coefficient λ̃1λ̃2 and laser-camera external

parameters
[

~
Rl2M

~
t l2M

]
.

5. Experiment and Analysis

In this part, we evaluate the calibration methods of the camera internal parameters and
camera-laser external parameters. The effectiveness and influencing factors of the proposed system
calibration algorithm are analyzed through computer simulation experiments, while the measurement
system is calibrated through observation experiments. In order to better evaluate the calibration results,
we refer to the re-projection error [34] evaluation method in the camera calibration process, and unify
the laser spot and target corner to establish the following error evaluation function:

Edr =
1

m · n

n

∑
i=1

(
m

∑
j=1

∣∣∣xd
i,j − Pro(XT

j )
∣∣∣+ γ

∣∣∣xd
l,i − Pro(dl

i)
∣∣∣) (35)

The re-projection error Edr is an important metric of the calibration results: the smaller Edr is, the
better the calibration results are.

5.1. Simulation Result

For the simulation experiment, we used the MATLAB R2016a software for Windows 10. The
relevant parameters of the simulation system are shown in Table 2. In the measurement system, the

laser direction is parallel to the optical axis of the camera and a 50 mm offset in the
→

OMXM direction
is arranged.

Table 2. System parameters of simulation.

Parameter AC e (λ1, λ2) Rl2M tl2M

Set value

⎡⎣ 850 s 512
0 850 384
0 0 1

⎤⎦ [
509
380

] (
6.15 × 10−7

1.6 × 10−13

) ⎡⎣ 1 0 0
0 1 0
0 0 1

⎤⎦ ⎡⎣ 50
0
0

⎤⎦
Unit pixel pixel

(
pixel−2

pixel−4

)
- mm

The target is shown in the Figure 3, where the blue dots represent the corners of the checkerboard
lattice, evenly distributed in the plane, and the adjacent corners are 15 mm apart. The relative position
between the target and the system is randomly generated by the system within a given range.
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Figure 3. The imaging illustration. (Left) Schematic diagram of a simulated scenario. (Right) The
generated image. The blue dots represent the ideal image points, the green dots represent the added
distortion points, the red X represents the ideal image point of laser and the red circle is the distorted
laser projection point.

Throughout the experiment, we compare the estimated values from each calculation with the
real values set by simulation, and evaluate the accuracy of the algorithm by calculating the deviation
between the two. The error is expressed as follows:⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

Ef u =
| f̃u− fu|

fu
, Ef v =

| f̃v− fv|
fv

Eu0 = |ũ0−u0|
u0

, Eu0 = |ṽ0−v0|
v0

ER = max3
i=1

∣∣∣arccos
∣∣∣~ri · ri

∣∣∣∣∣∣
Et =

∣∣∣~t l2M − tl2M

∣∣∣
(36)

Kopparapu et al., confirmed [32] that noise has a significant impact on calibration accuracy.
We add ωnoise ∼ Gauss(0, Σnoise) Gaussian noise to the simulated projection image, where Σnoise
is the standard deviation of the Gaussian distribution. In the simulation, the standard deviation
Σnoise of noise increases gradually in the range of 0.1 to 1.5 pixel. For each ωnoise X distribution, we
performed 100 independent experiments, and obtained the average value of calibration error as the
statistical result.

The results are shown in Figure 4. It can be seen that with the increase of noise, the deviation
between the calibration parameters and the true value increases linearly. When the corner extraction
noise is 0.5 pixels, the system calibration error is about 0.2, the focal length deviation is 0.1%, and
the main point deviation is about 0.8%. In terms of extrinsic parameters, the translation error also
follows a linear distribution, but the fluctuation is more obvious. It can be seen that the system is
sensitive to the internal parameters. At the same time, under the corner extraction error of 0.5 pixels,
the translation error is about 1 mm and the rotation error is 0.02 degrees.

In addition, we analyzed the impact of the number of collected data on the calibration accuracy,
and set the calibration data to gradually increase from the minimum of three groups of image distance
data to 15 groups. The results are shown in the Figure 5. With the increase of calibration data,
the re-projection error remains almost stable, but the accuracy of the estimated system variables is
significantly improved. When the number of data increases to 8, the decline of the correlation error
slows down. Therefore, sufficient calibration data collected in a certain range can help to improve
the accuracy of system calibration. However, after reaching a certain number, the effect gradually
decreases, and so 8–10 groups of data are appropriate.
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Figure 4. Simulation results for different image noise levels. (a) The re-projection error Edr; (b) The
effects of noise on intrinsic parameters such as Ef u, Ef v, Eu0, Eu0; (c) mileage error Et for different noise
levels; (d) effects of noise on rotation error ER.

Figure 5. The simulation results for different numbers of collected data. (a) Re-projection error Edr;
(b) Effects of the number of data on intrinsic parameters such as Ef u, Ef v, Eu0, Eu0; (c) Mileage error Et

for different noise levels; (d) Effect of the number of data on rotation error ER.
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We also analyzed the influence of the measurement error of the laser ranging system on the
calibration accuracy. The Gaussian-distributed noise ωd ∼ Gauss(0, Σd) was added to the ranging
error, and the standard deviation Σd was changed gradually from 1 mm to 15 mm. We calculated the
calibration errors of the parameters of the system at each noise level. As shown in Figure 6, except
for the linear relationship between translation vector and distance error, the other parameters hardly
change with the increase of error.

Figure 6. Simulation results of different distance noise levels. (a) Re-projection error Edr; (b) Effects of
noise on intrinsic parameters such as Ef u, Ef v, Eu0, Eu0; (c) Mileage error Et with different noise; (d)
the effects of noise on rotation error ER.

5.2. Real Experiment

In the actual experiment, we built a measurement system with a 1D laser-camera combination,
and calibrated the system with the method proposed in this paper. As shown in Figure 7, the system is
composed of a MER-131-210U3C camera and a SKD-100 laser ranging system. The related parameters
are shown in Table 3.

Figure 7. Measurement system combining 1D LRF and camera.
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Table 3. The system parameters of 1D LRF and camera.

Sensors Parameter Value

MER-131-210U3C
(camera)

Sensor Size 1/2′′

Resolution 1280 (H) × 1024 (V)
Frame Rate 210 FPS
Pixel Size 4.8 μm × 4.8 μm
Focuses 5 mm

F (Relative Aperture) 1.4 ∼ 16

SKD-100
(LRF)

Wavelength 635 nm
Range 1 ∼ 1000 mm

Accuracy 2 mm

The system was calibrated using a calibration board composed of 11× 8 square chessboard lattices
with a distance of 15 mm between corners. The iterative Harris algorithm was used to extract the
checkerboard corner coordinates (red +) from the calibrated image accurately, and the centroid method
was used to extract the image coordinates (green ×) of the laser spot. The accuracy can reach sub-pixel
level. The results of 12 images collected at different distances from 150 mm to 1500 mm are shown in
Figure 8.

Figure 8. Samples of images used for the real experiment.

In order to verify the accuracy of our calibration method, we compared the internal parameters
obtained with the classical Zhang [21] calibration method and the Li’s method [30]. In the calibration
process of Bo‘s method, we replaced the original random corner matching process by directly inputting
the coordinates of checkerboard lattices into the program, but still retain the complete algorithm for
camera parameter determination. The results are shown in Table 4, where the accuracy of the intrinsic
parameters obtained by the calibration methods are compared. The calibration accuracy is evaluated
using the re-projection error [34] and expressed as:

Erp =
1
m

m

∑
j=1

√∣∣∣xd
j − Pro(XT

j )
∣∣∣2 (37)
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Table 4. System parameters of simulation.

Method AC e (λ1, λ2) Mean Erp

Zhang [21]

⎡⎣ 1053.3 0 643.5
0 1048.0 539.7
0 0 1

⎤⎦ pixel -
(

0.1348 mm−2

0.01661 mm−4

)
0.09337 pixel

Li [30]

⎡⎣ 1059.7 0.1604 649.5
0 1058.9 539.2
0 0 1

⎤⎦ pixel -
(

0.1372 mm−2

0.1993 mm−4

)
0.07974 pixel

proposed

⎡⎣ 1055.2 0 647.2
0 1054.9 538.1
0 0 1

⎤⎦ pixel
[

509
380

]
pixel

(
6.15 × 10−7

1.6 × 10−13
pixel−2

pixel−4

)
0.07725 pixel

From the calibration results in Figure 9 and Table 4, we see that our method and Zhang’s
method [21] have similar calibration results in camera intrinsic parameters. Because the distortion
models used by the two methods are different, the physical meanings of the distortion coefficients
are different, so it is meaningless to compare them. Judging from the re-projection error, our
method is slightly better than Zhang’s calibration algorithm. This proves the effectiveness of our
calibration algorithm.

Figure 9. Re-projection error distribution for different images marked as different colors: (a) Zhang’s
method [21]; (b) proposed method; (c) Li’s method [30].

At the same time, the extrinsic parameters
[

~
Rl2M

~
t l2M

]
of the laser-camera combination of

the measurement system are also calculated and the calibration results were evaluated using the
evaluation function set Equation (37). The results are shown in Table 5 and Figure 10.
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Table 5. System extrinsic parameters and evaluation error.

Parameter Rl2M tl2M Edr

Set value

⎡⎣ 0.9974 0.0052 −0.0715
−0.0052 0.9893 −0.1456
0.0715 0.1456 1

⎤⎦ ⎡⎣ 0.5030
32.6479
1.859

⎤⎦ 0.10173

Unit - mm pixel

Figure 10. Visualization of extrinsic parameters
[
Rl2M tl2M

]
.

Ferrara et al. [35] mentioned that the position of the checkerboard has an effect on the accuracy
of calibration. We supplemented a set of calibration data of checkerboard location on the edge of
the image to verify the effect of the change of checkerboard location on the accuracy of the proposed
method. The data are shown in Figure 11. The calibration results are shown in Table 6. When the
image is in the edge position, the calibration results are basically consistent with the internal and
external parameters obtained in Tables 3 and 4, and the re-projection errors of the internal and external
parameters are slightly increased, but the difference is small. It therefore shown that the method
proposed in this paper is also applicable when the collected data lie on the edge of the image.

Figure 11. Image sample when the checkerboard is close to the edge.
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Table 6. System parameters and evaluation error when checkerboard is close to edge.

Parameter AC e (λ1, λ2) Mean Erp

Value

⎡⎣ 1057.9 0 646.9
0 1057.2 536.8
0 0 1

⎤⎦ pixel
[

507
379

]
pixel

(
6.21 × 10−7

1.53 × 10−13
pixel−2

pixel−4

)
0.08371 pixel

Parameter Rl2M tl2M Edr

Set value

⎡⎣ 0.9962 0.0101 −0.0865
−0.0101 0.9902 −0.1381
0.0855 0.1388 0.9999

⎤⎦ ⎡⎣ 0.8167
31.5531
1.6742

⎤⎦mm 0.1147 pixel

6. Conclusions

In this paper, we present a convenient and fast method for calibrating a combined 1D laser ranging
and monocular camera measurement system, aiming to realize an accurate measurement system fusing
laser and vision. The method is easy to implement and has high calibration accuracy. The fast robust
determination of the camera imaging model parameters is achieved by introducing a division distortion
model. Then, a linear-plane constraint is formulated to realize robust estimation of the initial value of
the laser-vision parameters. Finally, an unconstrained optimization problem is formulated using the
rotation matrix parameters, and the high precision calibration of the whole measurement system is
realized. The factors affecting the calibration accuracy are analyzed through simulation experiments,
and the effectiveness of the proposed method is verified through real scene experiments.
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Abstract: The standard pipeline in pedestrian detection is sliding a pedestrian model on an
image feature pyramid to detect pedestrians of different scales. In this pipeline, feature pyramid
construction is time consuming and becomes the bottleneck for fast detection. Recently, a method
called multiresolution filtered channels (MRFC) was proposed which only used single scale feature
maps to achieve fast detection. However, there are two shortcomings in MRFC which limit its
accuracy. One is that the receptive field correspondence in different scales is weak. Another is
that the features used are not scale invariance. In this paper, two solutions are proposed to tackle
with the two shortcomings respectively. Specifically, scale-aware pooling is proposed to make a
better receptive field correspondence, and soft decision tree is proposed to relive scale variance
problem. When coupled with efficient sliding window classification strategy, our detector achieves
fast detecting speed at the same time with state-of-the-art accuracy.

Keywords: pedestrian detection; boosted decision tree; scale invariance; receptive field correspondence;
soft decision tree

1. Introduction

Pedestrian detection aims to locate all the pedestrians in an image. It has many real world
applications, such as driving assistance and video surveillance. It also serves as a playground for many
image processing and machine learning algorithms. There have been well established benchmark
datasets [1–4] and a variety of methods have published to address this problem [3,5–10]. In many real
applications, detection speed is often as important as accuracy, like in Advanced Driver Assistance
Systems (ADAS) [11]. Although recently deep learning methods have achieved the state-of-the-art
accuracy in pedestrian detection, the detection speed is often low even with high-end GPU [12,13].
On the other hand, boosted decision tree (BDT) methods remain highly competitive in this area for its
efficacy with (light-weight) CPU implementation [14–16]. In this paper, we focus on the BDT methods
for pedestrian detection.

Pedestrians in images may exhibit a large range of scale, which constitutes a significant mode of
intra-class variability. For example, the heights of the pedestrian samples in the Caltech pedestrian
dataset [1] range from 7 to 476 pixels. How to detect pedestrians of different scales becomes a key
problem in pedestrian detection.

It is obvious that pedestrians of different scales have different representations in the original
image—at least they have different numbers of pixels. A feature will be appropriate for multiscale
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detection if it is invariant across different scales. Thus for a long time, the community of detection
and recognition strives for building the so-called scale-invariant representations. Unfortunately, many
features are not scale invariant, including Histograms of Oriented Gradients (HOG) [3] which are
widely used in pedestrian detection. This means a feature extracted in a large scale pedestrian is
different from a corresponding feature extracted in a small scale pedestrian. Therefore, to achieve
scale-invariance, the standard pipeline in pedestrian detection is to construct an image pyramid,
compute feature maps at each layer of the pyramid, and finally perform sliding window detection
with a trained pedestrian model. As the pedestrian scale exhibits a large scope, the pyramid need to
contain many layers and the construction of feature pyramid takes a lot of time, which becomes the
bottleneck for fast pedestrian detection.

Could we avoid feature pyramid construction and detecting multiscale pedestrians only using
single scale feature maps while still achieve high accuracy? In this paper, we will delve deep into this
problem. In fact, some pioneer works [14,17] have shown promising results in this direction. Our work
is based on MRFC [14] which is the most recent work on this topic. We analyze some weaknesses
of their work and show how to make improvements to it. The main contributions of our paper are
as follows:

1. To achieve better receptive field correspondence, we propose to use scale-aware pooling instead
of gridwise sampling. Based on it, we use efficient difference integral channels (DICs) to enrich
our features.

2. To relieve the scale variance problem, we propose to use a soft decision tree to build a weak
classifier in the BDT cascade. Two branches of the soft decision tree specialize in large or small
scale instances respectively.

3. Experiments show that when coupled with efficient sliding window classification strategy,
our method achieves state of the art accuracy with fast detection speed.

A preliminary version of this work appeared in [18]. The main extension in this paper is as follows.
Firstly, we add the content about soft decision tree (Section 4) and sparse grid detection (Section 7).
Secondly, motion channels are added to our detector in this paper. Thirdly, more experiment results
are given. For example, all the experiments on KITTI dataset [2], the tables listing the performance on
different setups of our method and plots which show the performance of our detector under conditions
of small scale, atypical aspect ratio and partial occlusion are newly added. Fourthly, on Caltech
dataset [1], we achieve a noticeable accuracy improvement compared to that in [18] (average miss rate
from 15.89% to 12.96%).

The rest of this paper is organized as follows. We first give a review of the related work of
our paper in Section 2. Then based on the shortcomings of MRFC, we describe how to make a
better receptive field correspondence using scale-aware pooling in Section 3, how to relive the scale
variance problem using soft decision tree in Section 4. To accelerate the speed in the sliding window
classification stage, we propose two strategies in Section 5. Experiment results are given in Section 6.
Finally, we conclude in Section 7.

2. Related Work

Features play a key role in pedestrian detection [19]. The first popular features for pedestrian
detection are HOG features. Many pedestrian and general object detectors adopt these features [20–23].
Based on HOG features, Dollár et al. [24] proposed to use LUV color channels, gradient magnitude
channel and 6 orientation channels as feature maps. Since then, these 10 feature maps have become
popular and a lot of recent papers are based on these feature maps [5,6,14,25–27]. For its effectiveness
and efficiency, many deep learning methods also adopt them to perform region proposal [28–30].

Multiscale detection methods usually aim to find a scale-invariant representation. If the features
used are scale-invariant, the detection can be performed using single scale feature maps and multiscale
objects are detected by resizing the model [31]. Unfortunately, not all features used in pedestrian
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detection are scale-invariant. As to the 10 channels we described above, the LUV color channels
are scale invariant, but the gradient magnitude channel and the 6 orientation channels are not scale
invariant. In such cases, the standard treatment is to use dense image pyramid as shown in Figure 1a,
which results in high computational cost. Some papers are published to accelerate this process.
FPDW [32] computed a sparse feature pyramid and approximated intermediate feature scales using
the exponential scaling law (Figure 1b). In practice, this strategy usually leads to noticeable accuracy
degradation. Instead of using feature pyramid, VeryFast [33] trained a sparse classifier pyramid
according to different pedestrian scales and approximated intermediate classifier scales using the
exponential scaling law (Figure 1c). This strategy actually transforms testing time to training time.
FastCF [16] used both feature pyramid and classifier pyramid (Figure 1d).

(a) (b) (c) (d) (e)

Figure 1. Different multiscale detection strategies. (a) Dense image pyramid and single classifier;
(b) Sparse image pyramid and single classifier; (c) Single image scale and sparse classifier pyramid;
(d) Sparse image pyramid and sparse classifier pyramid; (e) Single image scale and single classifier.

Recently, another point of view [14,17] was proposed which ignored the requirement for scale
invariance. The authors of these papers argued that though there are many sources of intra-class
variance for pedestrian detection, like illumination, orientation and occlusion, et al., which lead to
significant different representation for the pedestrian class, a BDT is able to handle this intra-class
variance and provide a good result. They thought that the feature variance caused by different
scales is just another source of intra-class variance and will hopefully be handled well by the BDT.
The precondition is that the number of weak classifiers and the training data is large enough. Based
on this idea, they just used a single scale feature maps and trained one pedestrian model (Figure 1e).
At testing time, they scaned these feature maps with resized pedestrian models.

We adopt this point of view, and our work makes some improvements in comparison with
previous works. WordChannels [17] uses 192 feature maps, for each one of which an integral map
is computed, which results in a high computational cost. The authors used GPU to implement their
algorithm. MRFC [14] is a more recent work from the same authors which achieves fast detection
based on CPU. It computed 210 feature maps efficiently without integral map computing. The problem
of this method is the features’ receptive field correspondence (which will be described in detail in
Section 3) between different scales is weak, which limits the accuracy of the method. To make a
more accurate receptive field correspondence, we borrow the idea from spatial pyramid pooling
(SPP) [34], also known as spatial pyramid matching (SPM) [35]. It partitions the feature map into a
predefined number of divisions and performs pooling in each division. Thus feature maps of various
sizes are converted into a fixed length vector. This technique is very useful in convolutional neural
network (CNN)-based detectors as the fully connected layer needs to be fed in a vector with fixed
length. It has become a key component in fast-RCNN [36] and faster-RCNN [37] detectors. While the
CNN use max-pooling, we use average-pooling as it can be computed efficiently via integral maps [31].

Both [14,17] ignored the requirement for scale invariance. This is another problem of their strategy.
Though their strategy will work, the scale variance problem will undoubtedly degrade performance.
In this paper, we relieve the scale variance problem using a divide and conquer strategy for different
scales. Some work explicitly models the differences of different scales. Rajaram et al. [38] trained
different models for different scales and at test time the detection results were combined. Yan et al. [39]
extended the idea to the popular Deformable Part Models (DPM) detector [22], which applied
two resolution-aware transformations PH and PL for high and low resolution samples respectively.

475



Sensors 2018, 18, 1063

Park et al. [40] shared the low resolution model for all samples, and for large-scale samples the high
resolution model was added. The idea of [28] is close to ours, which uses two built-in subnetworks to
detect pedestrians from different scales. While their model is used for CNN, we adapt this idea to BDT
by using soft decision tree.

3. Scale-Aware Pooling

Our work is inspired by MRFC. To our knowledge, it is the first CPU-based solution which only
uses a single scale feature maps and a single pedestrian model. In this section, we first give a simple
description of the basic idea of MRFC, then explain its weakness in receptive field correspondence and
show how to improve it by scale-aware pooling.

The base feature maps used in MRFC are the 10 LUV+HOG channels we describe in Section 2.
After the 10 channels are computed for the original image, a 3 × 3 box filter is applied sequentially to
the original 10 channels 6 times, obtaining 70 channels. This process can also be taken as applying
6 convolution kernels with different standard deviation σ to the original 10 channels. Then two edge
filters (vertical and horizontal) are applied to each of these channels, yielding 210 channels in total,
which are the so called multiresolution filtered channels. To detect pedestrians at multiple scales,
pedestrian models of different scales are slid on the computed channels. The classification features
are extracted by sampling from the channels in a gridwise manner and the space between grids are
adapted to the window size, as illustrated in Figure 2a. In this way, the same number of features is
obtained for pedestrians of different sizes. At training time, as opposed to resizing the pedestrian to
a fixed size like traditional methods, the features are extracted from the original pedestrian size in
the image. At testing time, there is no need to compute an image pyramid for multiscale detection.
The 210 channels could be computed very efficiently. Moreover, after the multiresolution filtered
channels are computed, the feature accessing only needs a single pixel indexing like ACF detector [5].
Thus the speed of the detector is very fast.

(a) (b)

Figure 2. Illustration of the problem of receptive field correspondence in MRFC method. (a) The yellow
circles represent the receptive fields of a feature. Note for pedestrians of different scales, the area of
the circle do not change, which is unreasonable; (b) The ideal circumstance is the receptive field of
a feature resizes according to the scale of the pedestrian. Note the areas are different for circles of
different colors.

However, there are some shortcomings of the original implementation of the MRFC method. One
of them is about the receptive field correspondence. As we stated above, there are totally 7 different
receptive field sizes in these channels. The problem is that these 7 sizes are fixed. As shown in Figure 2a,
in MRFC’s implementation, the receptive field of a feature does not change with the size of pedestrians.
Thus a feature’s receptive field in a small pedestrian does not correspond to that in a large pedestrian.
In this circumstances a feature corresponding to the nose for a large pedestrian may correspond to the
whole face for a small pedestrian, which is unreasonable. The ideal circumstance is that the receptive
field of a feature resizes along with the scale of the pedestrian, as shown in Figure 2b.

476



Sensors 2018, 18, 1063

Now we show how to overcome this problem. Similar to SPP, we partition the detection window
to m × n cells, and a feature is computed by average pooling in one or more cells, as illustrated in
Figure 3b. In this way, the area of a cell is resized according to the size of the detection window which
leads to a better correspondence of features’ receptive field. In our work, we use 23 × 11 cells and the
pooling region is constrained to be not larger than a 4 × 2 cell, which yields 1806 features for each
feature map. In MRFC, 7 receptive field sizes are formed by sequentially convolution. In our method,
8 different types of receptive field are formed by combining the basic cells with their areas varying
according to the window size.

(a) (b) (c)

Figure 3. Illustration of the feature extraction process of our method. (a) Feature maps of different
scales are divided into the same number of cells whose size vary with the pedestrian size; (b) Features
are extracted by average pooling in different regions which are composed of one or more cells; (c) Top:
Pooling in feature gradient maps is equivalent to computing difference of two shifted pooling regions,
which has similar effect with Non-Neighboring Features (NNF). Down: Some discriminative features
in DICs.

Our baseline implementation also uses the 10 channels and the 20 gradient channels, resulting in
30 feature maps in total. Note unlike other types of convolutional feature maps, the feature gradient
maps can be computed very efficiently by using SSE (Streaming SIMD Extensions) instructions. In our
experiment, we also test adding motion channels using the method described in [41], which result in
another 3 channels (1 base channel and 2 gradient channels). Adding motion channels will increase
accuracy, but will significantly slow down detection speed, as shown in Section 6.

To quickly perform average pooling, integral maps [31] are pre-computed before detection,
then the sum of feature values in a region will be computed in constant time irrelevant to the region
size. The naive implementation computes an integral map for each of the 30 feature maps (10 base
feature maps + 20 gradient feature maps), as shown in Figure 4a. However, consider the commutation
law for convolution, we have

Ω(x, y) ∗ G(x, y) ∗ u(x, y) = Ω(x, y) ∗ u(x, y) ∗ G(x, y) , (1)

where Ω is the feature map, G(x, y) is the gradient filter and u(x, y) is the step function. Note that
integration could be taken as convolution with the step function. We only need to compute the
integral maps of the original 10 feature maps and then compute 20 gradient maps on the computed
integral map, as shown in Figure 4b. We call these channels difference integral channels (DICs).
In addition to gradient filters, this strategy could also be used for other linear filters. Features formed
by nonlinear transformations, like word channels [17] or CNN based features (after ReLU layer),
can not take such an advantage.
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Figure 4. Acceleration strategy for computing integral maps. (a) Naive approach. Every feature maps
need to be integrated; (b) Our method. Only the original 10 feature maps need to be integrated.

In fact, the features extracted in DICs (Figure 3c) resemble the Non-Neighboring Features
(NNF) [27] which are demonstrated to be effective for pedestrian detection. NNF are differences
of non-neighboring rectangular areas in the same horizontal. Our DICs are superior to NNF in the
following aspects. First, NNF use a fixed model size, so an image pyramid is required, whereas we
do not construct image pyramid, which saves a lot of computation. Second, accessing a NNF feature
needs to compute average pooling for two regions, whereas in our method, we only need to perform
average pooling for one region. Third, the NNF implementation only considers two regions in the
same horizontal, whereas we also include the two regions in the same vertical which may be useful to
represent some pedestrian structure like head, shoulder, and feet. Figure 3c shows some discriminative
features in DICs.

By definition, an average pooling feature is computed by first sum all the feature values in the
region, then divided by the region size. For efficiency, we do not perform the dividing operation at test
time. Instead, we change the threshold of the decision stumps in each decision tree in advance. That is
to say, though we only train one detector, we switch this detector to n detectors where n is the number
of the template scales. These detectors have the same feature indexes but with different thresholds
which are multiplied by their corresponding region size.

4. Soft Decision Tree

The authors of MRFC ignore the requirement for scale invariance and argue that the BDT will
handle the intra-class variance caused by using features which are not scale invariant. The experiments
in [14] show the feasibility of this idea. However, this strategy undoubtedly leads to a more diverse
feature distribution and the decision surface between positive and negative samples become more
complex. This leaves a more difficult classification task to the BDT cascade. Hence we believe if we
could relive the scale variance problem to some extent, a better result is expected.

A naive solution is to using different models for each scale, which is adopted in [33]. This leads to
a more training expense. Furthermore, there is a dilemma in how to use the training data. If we train a
specific model using samples of its corresponding scale, we need to split the training data for each
scale which leads to insufficient training data. On the other hand, if we train each model using all the
samples by resizing all the samples to the corresponding scale, the blurring artifacts caused by the
resizing operation [33] leads to unreliable training data.

Here we propose to use a soft decision tree [42] to build each weak classifier in the BDT, where
the two branches of the tree specialize in large and small scale pedestrians respectively. In this solution
all the samples are involved in training in a single BDT cascade.

While a hard decision node used in hard decision trees deterministically directs a sample x to
one of its children, a soft decision node directs a sample x to both its left and right branches with
probabilities P(L|x) and P(R|x) and the output of the soft decision node is computed by weighted
sum of the output of its two branches, as shown in Figure 5. The soft decision tree in [42] use soft
decision node for all the non-leaf nodes of the tree. In testing time, every instance must pass through
all the intermediate nodes until it reaches the leaf nodes. This scheme is only suitable for a single
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decision tree. For BDT with thousands of trees, this scheme leads to high computation cost. Thus we
simplify it by only using the soft decision node for the root node. As we are dealing with the multiscale
detection problem, we make the left branch responsible for large scale pedestrians’ classification and
the right branch responsible for small scale pedestrians’ classification. The following gate function is
used to define the probabilities:

P(L|x) = 1

1 + exp[ h − hx
β ]

(2)

P(R|x) = 1 − P(L|x) , (3)

where h is the mean of pedestrian heights in the training set, hx is the height of the sample x, β is
a hyper parameter which control the amount of smoothing for the gate function. As hx increases,
P(L|x) gets larger and sample x direct more weight to the left branch. β reflects the degree of similarity
of different scale pedestrians. When β is large, the function P(L|x) is gentle which means we think
different scale instances are very similar. The extreme case is β → ∞ which means we treat instances
of all scales equally and the tree becomes an average ensemble. when β is small, the function P(L|x) is
steep which means we think different scale instances have very different representation and need to be
tackled differently. The extreme case is β → 0 and the node becomes a hard decision node.

(a) (b) (c)

Figure 5. Comparison between hard decision trees and soft decision trees. The blue, yellow and green
nodes denote hard decision node, soft decision node and leaf nodes respectively. The red arrows denote
the flow of sample weights. (a) The hard decision tree is composed of hard decision nodes and leaf
nodes. For a given sample, the hard decision node direct all its weight to one of its children; (b) The
root node of the soft decision tree is a soft decision node which directs the sample weight to both
its children according to the sample size. Given a large sample, the soft decision node directs more
weight to its left branch. Note the arrow of the left branch is thicker than the arrow of the right branch;
(c) Another example of the soft decision tree with a small sample. The soft decision node directs more
weight to its right branch.

After the sample x is directed to both branches of the root node, it is evaluated by the two branches
to get P(y = 1|x, L) and P(y = 1|x, R) where y ∈ {−1,+1} is the sample label. Then, the probability
of x to be a positive sample given by the whole soft decision tree is

P(y = 1|x) = P(L|x)P(y = 1|x, L) + P(R|x)P(y = 1|x, R) . (4)

Note that we use RealBoost [43] to train our BDT in which the leaf node do not outputs the
probability, but the half log ratio

f (x) =
1
2

log
p(x)

1 − p(x)
, (5)
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where p(x) is fraction of the positive sample weight in the leaf node. To get P(y = 1|x, L) and
P(y = 1|x, R) in Equation (4), we need to switch the f (x) to its corresponding probability by the
inverse function of Equation (5)

p(x) =
e2 f (x)

1 + e2 f (x)
. (6)

Because in Realboost’s updating rule each weak classifier should output half log ratio, after we
get P(y = 1|x) using Equation (4), we need to switch it to its corresponding half log ratio using
Equation (5). At training time, when the half log ratio is acquired for every sample, the sample weights
are updated as the commonly used RealBoost.

At testing time, we need to compute Equation (6) two times for each soft decision tree, one for each
branch. For efficiency, we switch the half log ratio to its corresponding probability using Equation (6)
for all the tree nodes after training. By doing this, we avoid computing Equation (6) at testing time.

5. Accelerating Sliding Window Classifications

The advantage of using a single scale feature maps is that compared with traditional method
which construct a dense pyramid, it greatly saves computation cost in the feature maps computation
stage. However, apart from feature maps computation, there is another time consuming process in
pedestrian detection: sliding windows classification. Because our method is based on regional average
pooling, computation cost is higher at this stage compared to some other detectors like ACF [5] and
LDCF [25]. For these detectors, after the feature pyramid is constructed, accessing a feature by a tree
node only needs one pixel accessing, while for our method, it needs 4 pixel accessing and 3 plus/minus
operation. Furthermore, the computation cost is doubled by our soft decision tree. Thus our single
scale feature maps strategy must be followed by a efficient sliding window classification strategy,
otherwise its advantage is limited because the later one will dominate the computation time. Luckily,
based on the characteristics of pedestrian detection problem, there are various ways to accelerate
this stage [14,44,45]. To demonstrate the advantage of using single scale feature maps, in this section
we introduce two simple strategies to accelerate sliding window classification which will be used in
our experiments.

5.1. Ground Plane Constraint

For images captured by a fixed in-vehicle camera, pedestrians of a certain scale will not appear in
some positions because of the ground plane constraint (GPC) [19], as shown in Figure 6a.

The key idea of GPC is that under some assumptions [40] which are valid for an in-vehicle
camera, the projected height h and the vertical position y of a pedestrian exhibit a linear relationship.
GPC has been widely used for pedestrian detection [14,15,23,40,46,47]. There are different ways to
use GPC. Some of them adopt a post processing strategy using support vector machine (SVM) [15,40].
This type of methods aims to increase the detection accuracy, but lead to additional computation cost.
Since our purpose is to accelerate sliding window classification, this type of methods is not suitable.
Here we adopt the method proposed in our previous work [48] in which the possible position (h, y)
of a pedestrian is bounded by two straight lines, as shown in Figure 6b. At detection stage, we only
scan the possible pedestrian positions hence save computation cost. This method also has positive
impact on accuracy for it gets rid of some false positives. Of course, there still exists some risk that in
some special cases, some true positives in the testing set are not bounded by the two lines. In practice,
we found the positive impact dominates.
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(a) (b)

Figure 6. Illustration of GPC. (a) A pedestrian may be bounded by the green boxes, but may not be
bounded by the red boxes; (b) (h, y)s of the pedestrian windows in the Caltech training set. They can
be bounded by two straight lines.

5.2. Sparse Grid Detection

For a 480 × 640 image, there are more than 330,000 candidate windows (different scales and
different positions) to be classified and most of them belong to background area. Note what we really
want is the peak score windows which is the window with the local maximum score. Any windows
with lower detection score in its neighbourhood will be suppressed by the peak score window after
non-maximum suppression (NMS). To save computation cost, there is no need to evaluate all the
candidate windows. We only need to make sure that all the peak score windows are evaluated.

Because the detector responses at nearby locations are correlated, the neighbouring positions of
the peak score window usually also have positive responses. In other words, there exists a region of
support (ROS) of the peak score window. For BDT cascade, the ROS size decreases with the number of
the weak classifiers [44].

Based on this, we begin by evaluate only a sparse grid G3 with a step size of 3. If a window in G3

passes k stages of the cascade, every window in its 3 × 3 neighbourhood is triggered to be evaluated.
The reason behind this strategy is illustrated in Figure 7. Suppose the window P is a peak score
window but not belongs to G3, there will be a window x1 ∈ G3 in its 3 × 3 neighbourhood. Window x1

tends to have a positive score because of ROS and P will be triggered by x1. Because G3 only account
for about 1/9 of all the sliding windows and the number of triggered windows tends to be very small,
computation cost is greatly reduced.

P P

Figure 7. The sparse grid detection strategy. We begin by evaluate only a sparse grid (x1, x2, x3, x4).
Suppose P is a peak score window and its ROS is represented by the red dash line circle. Window x1 is
in the ROS, thus it will passes k stages of the BDT cascade and every window in its 3× 3 neighbourhood
is triggered (yellow circles).
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When the k becomes larger, the ROS becomes smaller, the triggered windows become less and
the detection speed becomes higher. However, this will increase the probability of missing peak score
windows and degrade accuracy. In our experiment, we set k = 20 which achieves a good tradeoff
between speed and accuracy.

6. Experiments

In this section, we evaluate our proposed method on two standard pedestrian detection datasets:
KITTI and Caltech. They are currently the most popular and widely used ones in the literature.

A detected bounding box (bbd) is taken as a true positive if the Intersection-over-Union (IoU) with
a groundtruth bounding box (bbg) is greater than a threshold. The IoU is defined as

IoU(bbd, bbg) =
bbd
⋂

bbg

bbd
⋃

bbg
, (7)

and for both these two benchmarks, the IoU threshold is set to 0.5. Results on Caltech are compared
using miss rate vs. False-Positive-Per-Image (FPPI) curves, which is the well-recognized evaluation
metric for pedestrian detection [49]. Methods are ranked by log average miss rate (MR) which is
computed by averaging miss rate at 9 FPPI points that are evenly spaced in the log-space ranging from
10−2 to 100. Results on KITTI are compared using precision-recall curves, and methods are ranked by
the average precision (AP) at 11 evenly spaced recall points ranging from 0 to 1.

6.1. Experiments on KITTI Dataset

The KITTI object detection benchmark has 7481 training and 7518 test images. It contains three
object classes for evaluation: Car, Pedestrian, and Cyclist. Here we only choose pedestrian class for
evaluation. KITTI differentiates the difficulty in identifying pedestrians to three levels: easy, moderate
and hard, corresponding to different height, occlusion and truncation. Methods are ranked based on
the moderate difficult level (the minimum height of bounding box is 25 pixels, the maximum occlusion
level is “partly occluded” and the maximum truncation is 0.30).

In order to tune parameter and analysis the impact of different components of our algorithm,
we split the training set into training and validation sets. As in [38], we ensure the images of the
training and validation sets come from different video sequences and the number of images and
pedestrians are comparable. As a result, the training set has 3740 images with 1792 pedestrians
and the validation set has 3741 images with 1791 pedestrians. According to the evaluation metric,
we need to detect pedestrians taller than 25 pixels. The smallest model size is set as 32 × 16 (including
some background area) and we use 10 scales per octave. The sliding window stride is set to 1/16 of
the window height/width in the vertical/horizontal direction. The final classifier is built via three
rounds of hard negative mining (starting from a forest with 32 trees, and then 256, 1024, 4096 trees).
Realboost [43] are used to train our model and the weak classifiers are level-4 decision trees. In the last
round, we switch our RealBoost algorithm to the shrinkage version as is used in [29,50]. The shrinkage
parameter is set to 0.5.

As stated in Section 4, the parameter β control the amount of smoothing of the gate function.
We first test the effect of different β values. The result is listed in Table 1. From this table we see β = 50
performs best, hence in the following experiment we set β = 50.

Table 1. AP on KITTI validation set using different β.

β 40 45 50 55 60

AP 68.02% 68.87% 69.25% 68.10% 67.81%

Next we evaluate the impact of the five different components of our algorithm on accuracy
and speed. The speed is tested on a single core of Intel i7 6700K CPU (4 GHz) and is measured
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as frames per second (FPS). To simplify notation, we use the following abbreviation: scale-aware
pooling (SAP), soft decision tree (SDT), ground plane constraint (GPC) and sparse grid detection (SGD).
Table 2 shows the impact of different combinations of the five components. We divide the five
components into two categories. One category includes SAP, SDT and motion features, which are used
for improving accuracy. Another category includes GPC and SGD, which are used for accelerating
detection. Any AP/FPS value in the table corresponds to a detector combining some components for
accuracy and some components for speed. For example, the AP/FPS value in the last row and the third
column (70.53/1.65) denotes the performance of the detector combining SAP, SGD, motion features
and GPC. Note SAP serves as our baseline detector, thus all the combinations in the table include SAP.

From this table, we could easily see the impact of different components by comparing the accuracy
and speed between rows or columns. For example, By comparing the second and the third rows,
we see that using soft decision tree definitely improve accuracy, but decrease speed. This is because
for a hard decision tree, a sample is only directed to one branch of the root node, while for a soft
decision tree, a sample is directed to both branches of the root node, hence the computation cost is
doubled. By comparing the third and the forth rows, we see that adding motion features has the same
effect: improving accuracy and decreasing speed. By comparing the second and the third columns,
we see that though we use GPC to accelerate detection, it also improves accuracy for it gets rid of some
false positives. By comparing the third and the forth columns, we see that using sparse grid evaluation
significantly accelerates detection and slightly decreases accuracy. The fast version of our algorithm
(67.29%/6.85FPS) is combining SAP, GPC and SGD, while combining SAP, SDT, motion features and
GPC achieves the highest AP (70.53%/1.65FPS).

Table 2. AP and FPS on KITTI validation set under different setups of our method.

Component for Accuracy

AP(%)/FPS Component for Speed

No Acceleration +GPC +SGD

SAP 67.17/1.54 67.85/3.85 67.29/6.85
+SDT 69.25/0.68 69.98/1.94 69.73/4.89

+Motion 69.98/0.61 70.53/1.65 70.07/3.40

To test our method on the test set, we train another model using the whole training set and all
the components of our algorithm. Because of more training data, level-5 decision tree is used and the
resultant detector is a little slower (3.37 fps) than the validation version. We use this model to detect
pedestrians in the test images. Because the annotations of the test set are not public, the detection result
is submitted to the KITTI evaluation server to get the evaluation result. We compare our method with
some state-of-the-art non deep learning methods (which are listed on the KITTI benchmark website
http://www.cvlibs.net/datasets/kitti/), as shown in Figure 8. In the precision-recall plot, for each
recall point, the precision is the higher the better. From the figure, we see that our method does not
achieve the highest precision for the whole recall range. As we stated at the beginning of this section,
the KITTI benchmark use AP to rank different methods. The AP values are given at the figure legend.
According to the AP values, our method outperforms all the other methods.
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Figure 8. Comparison with non deep learning methods on the KITTI dataset. Our method does not
achieve the highest precision for the whole recall range, but based on AP, our method outperforms the
other methods.

6.2. Experiments on Caltech Dataset

Caltech pedestrian datasets is currently the largest and the most widely used pedestrian detection
dataset. It is more suitable for our method, because the amount of training data is much larger than that
of KITTI dataset. It enables a comparison among more than 60 state-of-the-art approaches published
during recent years. It consists of 250,000 labeled 640 × 480 frames (in 137 approximately minute long
segments) which are divided into 11 sessions. The first 6 sessions are used for training and the last
5 sessions are used for testing. The standard evaluation is performed on every 30th frame of the test set,
which yields 4024 images in all. Unless otherwise noted, the results are evaluated using the reasonable
difficulty which means the pedestrian is at least 50 pixels in height with a visibility of at least 65%.

Following [25], our training images are collected by sampling one image out of every 4 consecutive
frames. Because the evaluation metric only needs to detect pedestrians taller than 50 pixels, the smallest
model size is set as 64 × 32. For efficiency, we downsample the channel by 2×, thus the feature map
size of the smallest model is 32 × 16. Since there is more training data, we use twice the weak classifier
number in each bootstrapping round (that is, starting from a model with 64 trees, and then 512, 2048,
8196 trees).

We compare our method with four representative methods (which are listed on the
Caltech benchmark website http://www.vision.caltech.edu/Image_Datasets/CaltechPedestrians/):
WordChannels [17], MRFC+Semantic [14], LDCF++ [15] and SDS-RCNN [13]. SDS-RCNN and LDCF++
are currently the best deep learning and non-deep learning methods reported on Caltech benchmark
respectively. WordChannels and MRFC+Semantic are another two methods which also based on single
scale feature maps like our method. MRFC+Semantic is the MRFC detector enhanced by semantic
segmentation channels which need extra data set to train. The original MRFC achieves a MR of 19.09%
with a speed of 20FPS. MRFC+Semantic achieves higher accuracy (16.84%) but slow down detection
speed (8FPS).

The miss rate vs. FPPI plot is shown in Figure 9. In this plot, for each FPPI point, the miss rate
is the lower the better. From the figure we see that among non deep learning methods, our method
achieves the lowest miss rate for the whole FPPI range. The MR values are given at the figure legend.
According to the MR values, our method outperforms all the other non deep learning methods.
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Figure 9. Comparison with the top methods and single scale feature maps-based methods on the
Caltech dataset. Our method achieves the lowest miss rate for the whole FPPI range in all the non deep
learning methods.

As in the KITTI experiment, we evaluate the impact of the five different components of our
algorithm for Caltech dataset. The result is shown in Table 3. The trend is similar with that in the
KITTI experiment. The fastest version (15.97%/27.72FPS) of our algorithm is by combining SAP,
GPC and SGD, while the most accurate version is by combining SAP, SDT, motion features and
GPC (12.62%/3.11FPS). Note that all the detector versions in the table achieve higher accuracy than
MRFC + Semantic, including our baseline detector (only use SAP). Some of them are also faster than
MRFC + Semantic.

Table 3. MR and FPS on Caltech test set under different setups of our method.

Component for Accuracy

MR(%)/FPS Component for Speed

No Acceleration +GPC +SGD

SAP 16.45/9.62 15.89/18.36 15.97/27.72
+SDT 14.34/3.75 13.60/9.95 13.84/20.15

+Motion 13.08/2.29 12.62/3.11 12.96/3.72

We also evaluate our detector under conditions of small scale, atypical aspect ratio and partial
occlusion, as shown in Figure 10. Small scale means the pedestrian height is between 50 px and 80 px.
Aspect ratio is computed as w/h, where w and h is the pedestrian width and height respectively.
According to [49], the distribution of w/h is centered at 0.41. Atypical aspect ratio is defined as
|w/h − 0.41| ≥ 0.1. Partial occlusion means a pedestrian is occluded, but not more than 35%. From the
figure we see that our detector also ranks the first among all the non deep learning methods under
these conditions.

Though the accelerating strategies for sliding window classification can also be used in
pyramid-based methods, the feature pyramid computing takes too much time and the accelerating
effect is limited. For example, the second best non deep learning method LDCF++ [15] needs 0.65 s
to construct a feature pyramid for a 480 × 640 image. Thus no matter what strategies are used
in the sliding window classification, the detection speed could not be more than 1.54 FPS. While
for our method (without motion channels), the feature map computing takes only 0.02 s using the
same hardware, thus further speeding up is expected by using a better strategy in sliding window
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classification stage. For motion channels, though we do not construct pyramid either, even computing
a single scale motion channels is very time consuming.

(a) (b) (c)

Figure 10. Evaluation results under conditions of small scale, atypical aspect ratio and partial occlusion.
(a) Small scale (50 px≤ h ≤80 px); (b) Atypical aspect ratio (|w/h − 0.41| ≥ 0.1); (c) Patial occlusion
(0–35% occluded).

In Figure 11, we show miss rate (the lower the better) versus FPS (the higher the better) of different
algorithms which have given their detection time. We include two versions of our algorithm which
with and without using motion channels. From the figure, we see both versions of our algorithm
achieve high accuracy and competitive speed.

Figure 11. MR versus FPS on the Caltech Dataset.

7. Conclusions

In this paper, we delve deep into the problem of multiscale pedestrian detection via single scale
feature maps. Our work is inspired by MRFC, which achieves fast detection using single scale feature
maps. We analysis two shortcomings of MRFC and propose scale-aware pooling and soft decision
tree to tackle with them respectively. Because our solution leads to more computation cost in sliding
window classification stage, we propose to use GPC and SGD to decrease the computation cost in this
stage. Experiments on KITTI and Caltech dataset show our solution achieves high accuracy with fast
detection speed.
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Abstract: This paper deals with the 3D reconstruction problem for dynamic non-rigid objects with a
single RGB-D sensor. It is a challenging task as we consider the almost inevitable accumulation error
issue in some previous sequential fusion methods and also the possible failure of surface tracking
in a long sequence. Therefore, we propose a global non-rigid registration framework and tackle
the drifting problem via an explicit loop closure. Our novel scheme starts with a fusion step to get
multiple partial scans from the input sequence, followed by a pairwise non-rigid registration and
loop detection step to obtain correspondences between neighboring partial pieces and those pieces
that form a loop. Then, we perform a global registration procedure to align all those pieces together
into a consistent canonical space as guided by those matches that we have established. Finally, our
proposed model-update step helps fixing potential misalignments that still exist after the global
registration. Both geometric and appearance constraints are enforced during our alignment; therefore,
we are able to get the recovered model with accurate geometry as well as high fidelity color maps for
the mesh. Experiments on both synthetic and various real datasets have demonstrated the capability
of our approach to reconstruct complete and watertight deformable objects.

Keywords: 3D reconstruction; RGB-D sensor; non-rigid reconstruction

1. Introduction

3D scanning or modeling is a challenging task that has been extensively studied for decades
due to its vast applications in 3D printing, measurement, gaming, etc. The availability of low cost
commodity depth sensors, such as Microsoft Kinect, has made the static scene modeling substantially
easier than ever. Many scanning systems has been proposed exploiting rigid alignment algorithms
to deal with static objects or scenes, e.g., indoor modeling [1–3]. However, the limitation to static or
rigid scenarios prevents broader applications where the scene or the subject might move or deform
in a non-rigid way. Considering the much higher dimensionality and complexity of the deformation
space than purely rigid motion, non-rigid objects modeling in dynamic scenario is much more difficult
than the static case. In this paper, we will tackle the 3D modeling problem of deformable objects with a
single RGB-D sensor.

There have been ways to accommodate deformable objects using color images to track the motion
and then reconstruct the 3D shapes [4–6]. There are quite a lot of previous works [5,7] that have
been done on multi-view stereo that utilize multiple color cameras to reconstruct the 3D model by
exploiting the photo consistency constraints together with some smoothness regularizations. Vlasic [6]
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propose deforming a pre-scanned model under the constraints of multiple images. However, those
methods suffer from the ambiguities of appearance matching and also the color variation caused by the
illumination effects and view changes. More recently, researchers have taken advantages of the depth
sensors while adopting the multi-view setup [8–10]. By now, the most recent state-of-art method using
multiple cameras has been proposed in [11], which has exploited the temporal information to generate
consistent models in time space. Those systems with multiple depth sensors have demonstrated
impressive results on dynamic objects modeling. However, they are not portable and often require
very precise calibration between those multiple sensors. This makes the 3D modeling with a single
depth sensor more attractive.

Many follow-up systems [12,13] have specifically looked at scanning humans where the user
rotates in front of the Kinect while maintaining a roughly rigid pose. There are others that incorporate
human template (e.g., SCAPE [14] or skeleton [15]) as the prior information and deform the template
to align with the input. In this paper, we will focus on reconstruction of deformable objects without
any template and also with no need to keep any certain pose. As compared to some previous dynamic
fusion works [16–18] that suffer from the error accumulation problem, the main contribution of this
paper is that we address this drifting problem by enforcing the loop closure constraints explicitly.
We have also exploited the captured color images to resolve the ambiguity that exists in non-rigid
surface alignment with purely geometric information.

We propose a global non-rigid registration and fusion optimization framework to deal with the
error accumulation problem utilizing both geometric and appearance information. In more detail, first,
we decompose the input sequence into continuous segments and fuse the frames in each segment to get
a partial model (fragment). Those neighboring fragments can be aligned pairwise under our non-rigid
registration approach. Next, we detect the loop between those fragments and establish correspondences
between fragments that form a loop. Correspondences from the loop closure constraints together
with those achieved from pairwise registration procedure are fed into a global non-rigid registration
framework. We will get a fused model after the global registration. Then, this fused model will be
taken as a proxy model, which is used to facilitate better alignment between those fragments so that
the proxy model gets updated to be confronted with all of those fragments. Finally, we are able to
generate a watertight 3D model with consistent and clear color maps.

We have evaluated the proposed approach on both a synthetic dataset and several real datasets of
deformable objects captured with an RGB-D sensor. As shown in Figure 1, the experimental results
demonstrate that our approach is capable of generating high quality and complete 3D models with
high fidelity of recovered color maps.

(a) Generated partial fragments (b) Reconstructed Model (c) Reconstructed Model with vertex color

Figure 1. The reconstructed 3D model with our approach. (a) some sampled partial scans or fragments;
(b) the reconstructed model using our approach; (c) is our recovered mesh model shown with
color maps.
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2. Related Works

In this paper, we focus on the 3D modeling of non-rigid deformable objects. It is an even harder
problem as compared with the rigid object reconstruction problem considering the more complex
non-rigid motion. Researchers have proposed various ways to address this problem.

We review some related approaches that use only a single depth sensor for the non-rigid object
reconstruction. There are some papers that specify their modeling targets as some pre-scanned models
or human body. The pre-scanned model makes the occlusion problem easier to handle as the overall
shape is already available. For example, in Ref. [19], the template is pre-scanned and built up first
and then got deformed to fit the input acquired from a depth sensor. Later on, Guo [20] improves the
surface tracking performance by incorporating both L0 and L2 regularizations. Refs. [21,22] focus on
3D modeling of human body and exploits the prior knowledge in the form of SCAPE model. Therefore,
instead of tracking the deformation of all those vertices on the surface, they solve the coefficients of a
SCAPE model. Those prior information or human template are enforced to reduce the search space of
the overall solution. Another way of reducing the complexity of the non-rigid reconstruction problem
and making it more tractable is to set some restrictions on the movement of the target. For example,
Li [12] and Zhu [23] have presented the system that asks the user to rotate in front of the sensor while
keeping a certain static pose. In addition, the user is also assumed to perform a loop closure explicitly at
the end of the sequence. This is restrictive and it may not be easy to hold the same pose during rotation.

Recently, as an extension to the KinectFusion system, Newcombe et al. [16] has proposed the
dynamic fusion approach that takes non-rigid motion into account with a non-rigid warp field updated
with respect to every frame. The current input gets fused to the canonical model under the current
warp field. Later on, Ref. [17] incorporates sparse feature matches into the framework to resolve
the ambiguities in alignment. Guo [24] takes advantage of the dense color information to improve
the robustness of surface tracking. They have also decomposed the lighting effect from the image to
eliminate the color variation affected by the environment lighting. Yu et al. [25] enforce the skeleton
constraints in the typical fusion pipeline to get better performance on both surface fusion and skeleton
tracking. Those methods allow the user to move more freely. However, they haven’t dealt with the loop
closure problem, which makes them not suitable for complete model recovery considering the almost
inevitable drifting problem as the sequence proceeds. This issue has been addressed in paper [26] with
the proposed non-rigid bundle adjustment method. They have obtained some pleasant results, but
the bundle adjustment could be quite expensive and time-consuming due to the number of unknowns
and also the search space being quite large. In addition, the recovered color maps of the 3D model is
blurry as they haven’t incorporated any color information. In this paper, we will deal with the loop
closure problem in a more efficient way. Finally, a complete 3D model together with clear color maps
will get reconstructed.

3. Pipeline

We illustrate the overall pipeline of our method in Figure 2.
First, given an RGB-D sequence as input, instead of trying to fuse them continuously altogether,

we partition it into several segments. We are able to reconstruct a locally precise surface fragment
or partial scan from each such segment [17]. Then, those partial scans will be aligned with their
neighboring pieces under our pairwise non-rigid registration procedure. Next, we apply a globally
non-rigid registration procedure to align those pieces altogether. This is accomplished first by our
loop detection process. When the loop is detected, we try to align these pieces that form a loop.
Correspondences established between these pieces are enforced in the global registration process.
After that, we will get a fused proxy model by merging all the pieces. Finally, in our model update step,
we use the proxy model as a starting point to refine the correspondences so as to achieve better
alignments afterwards. During the registration process, we have exploited both geometric and color
information to register partial pieces and align them altogether. Therefore, we arrive at a complete
high quality 3D model together with consistent color maps eventually.

493



Sensors 2018, 18, 886

Partial 
pieces

Pairwise 
registration

Loop 
detection Global registration

Model 
update

… …

… …

Input
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Figure 2. The pipeline of our method.

4. Our Approach

In this section, we will describe our framework step by step with partial pieces generation,
pairwise non-rigid registration, loop closure detection, global registration and finally the model-update.

4.1. Partial Pieces Generation and Pairwise Non-Rigid Registration

4.1.1. Partial Pieces Generation

We begin our approach by dividing the input RGB-D sequence into N continuous segments
and extract high quality but only partial scans of the model from each segment exploiting the free
form dynamic fusion method [17]. In this method, the working space is defined by a volume
with each voxel containing the signed distance value with respect to the surface. A rotation and
translation vector is also associated with each voxel to describe its motion or deformation from the
canonical space. The surface is represented by these signed distance functions. Typically, the first
frame of each segment is taken as the canonical frame. For every input frame, the motion field will
be calculated and optimized to get the deformed surface to be confronted with the input depth map.
Afterwards, the input depth data can be fused into the canonical model under the guidance of the
motion field. The signed distance value in each voxel gets updated and the voxel color is also fused.
As the sequence proceeds, the canonical model will get enhanced with some geometric details and
occlusion parts revealed. Some examples of reconstructed partial scans are demonstrated in Figure 3.
More details can be referred in [17]. We denote those reconstructed canonical meshes as M1 ∼ MN .
In the meantime, as we keep tracking the motion of each voxel, we will also get the deformed models
corresponding to the last frame of every segment. We denote those deformed surfaces as S1–SN .
Those deformed models will be used to guide the pairwise registration in the next section.

(a) Input depth (b) Corresponding fused
canonical model

(c) Input depth (d) Corresponding fused
canonical model

Figure 3. Some sampled partial pieces generated from the fusion procedure. (a,c) are some input
frames; (b,d) are corresponding partial scans.
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Thereafter, our goal is to fuse all those partial pieces M1–MN to generate a complete 3D model.
We will achieve this in three steps: pairwise registration, global non-rigid registration with loop closure
and finally model update/refinement process. Next, we will illustrate each of these steps in detail in
the following sections.

4.1.2. Pairwise Non-Rigid Registration

In this section, we describe our approach to register those canonical models non-rigidly and
pairwise with their neighboring frames. That is, we try to compute the dense deformation field from
Mk−1 to Mk so that Mk−1 is aligned with its following neighoring piece Mk. The reason for this
pairwise registration is that we want to find the reliable matches between neighboring pieces that can
be enforced during the global non-rigid registration process. We accomplish this by exploiting the
Embedded Deformation Model [27] to parametrize the deformation of mesh Mk−1. The key point is
that we do not need to specify and calculate the motion parameters for each vertex. Instead, a set of
graph nodes g1–gl are uniformly sampled throughout the mesh and, for each node gi, it has an affine
transformation specified by a 3 × 3 matrix Ai and a 3 × 1 translation vector ti. For each vertex v, it gets
deformed as driven by its K nearest graph nodes with a set of weights ωj(v):

φ(v) =
K

∑
j=1

ωj(v)[Aj(v − gj) + gj + tj]. (1)

In our case, we take Mk−1 as the source mesh and Mk as the target mesh. We randomly sample a
set of graph nodes (g1–gl) on the mesh Mk−1 to build up the embedded graph. In order to find the
optimal alignment from mesh Mk−1 to Mk, deformation parameters A1–Al (denoted as A) and t1–tl

(denoted as T ) are optimized by minimizing the following objective function:

E(A, T ) = αrEr(A) + αsEs(A, T ) + αgEg(A, T ) + αcEc(A, T ), (2)

where αr, αs, αg, αc are the weights for each term. Next, we explain each of those constraints in detail.
First, the term Er(A) serves as the as-rigid-as-possible term that specifies that the affine

transformations (A1 ∼ Al) should try to keep properties of a rotation matrix so as to prevent arbitrary
surface distortion:

Er(A) =
l

∑
i=1

||AT
i Ai − I||2F. (3)

Next, the smoothness constraints Es(A, T ) assure the similarity of the local transformations
between connected graph nodes. This ensures the smooth deformation of neighboring nodes:

Es(A, T ) = ∑
(i,j)∈μ

||Ai(gj − gi) + gi + ti − (gj + tj)||22. (4)

Finally, the critical part will be how to collect correspondences between the source and target
mesh. In this paper, we have incorporated correspondences extracted from both geometric cues and
color cues.

For the geometric term Eg, the correspondences between Mk−1 and Mk are established via the
deformed mesh Sk−1 that we have recorded during the partial piece fusion procedure in Section 4.1.1.
The deformed mesh Sk−1 is supposed to have roughly good initial alignment with Mk, since the mesh
Sk−1 has actually been optimized to confront with the last frame of sequence k − 1 from the canonical
mesh Mk−1 and this last frame of segment k − 1 is just the first frame for kth segment. Therefore,
we can establish the correspondences between Sk−1 and Mk using nearest search. After that, those
correspondences will be transferred from Sk−1 to Mk−1, given that the corresponding vertices of
Mk−1 and Sk−1 share the same vertices indexes. This will make the alignment between neighboring
segments much easier to achieve. The correspondences are updated after several iterations during
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the optimization in an ICP manner. We define this term in Equation (5) with Cg denotes the
correspondences set:

Eg(A, T ) = ∑
(pi ,qi)∈Cg

||φ(pi)− qi||22. (5)

However, as the nearest searching strategy is not guaranteed to provide the correct matches
(as shown in Figure 4b), we also exploit the color information to resolve the ambiguity. Specifically,
we need to compute the dense 3D flow from the colored mesh Sk−1 to Mk. For the classical scene
flow computation from two input RGB-D images, we use the two-dimensional image plane as the
parameterization domain to optimize the flow field. However, in our case, the unstructured point
clouds do not provide a natural parametrization domain.

(a) Two neighboring pieces (b) Aligned pieces without color
constraints

(c) Aligned pieces with all the
constraints

b i i

Figure 4. Illustration of pairwise alignment results. (a) two neighboring pieces achieved from the
above partial piece generation step; (b) the alignment results without the color information. These two
pieces are shown with different colors in the left of (b) so that we can see the alignment result more
clearly. The misalignment in the appearance is visualized in the right figure of (b) where the two
meshes colored by the captured color images are overlaid; (c) demonstrates the alignment result with
all those constraints in Equation (2) where we can see that the two meshes are well-aligned.

We address this problem by defining a virtual image on the tangent plane of every point and
projecting the colored vertices around that point onto the virtual plane. In more detail, for every
vertice p in mesh Sk−1, we gather its K nearest connected faces around p and render this neighboring
colored mesh piece orthogonally onto the plane Plp defined by the vertice p and its normal np.
The rendered image patch Ip can be seen as a local approximation of the colored mesh around vertice p.
We parametrize the colored mesh locally by the virtual plane. For the vertice p, the corresponding
nearest vertice in mesh Mk has been computed from the geometric term, and we denote it as q.
Similarly, we gather the faces around q and, by rendering this mesh fragment onto the plane Plp, we
get the rendered image patch as Iq. The procedure is illustrated in Figure 5. The dense matches between
Ip and Iq are found by the calculation of the flow field between these two image patches followed by a
cross check validation step to filter out outliers. Those matches provide us correspondences between
mesh Sk−1 and Mk as we keep track of the mapping from 3D vertices to the rendered 2D image patches.
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Np

Figure 5. Illustration of the virtual plane to define color matches. p is a vertice on mesh Sk−1 with
its normal np. q is the nearest vertice to p on mesh Mk. The neighboring verices around p and q are
projected under the direction of np to get the rendered image Ip and Iq, respectively. The neighboring
might not form a rectangular, and we just use a rectangle box for simplification of illustration.

Another issue that will arise in the above procedure is that for some vertice p in mesh
Sk−1, more than one correspondence may be found in mesh Mk since it might be collected by
multiple vertices as neighbors. Therefore, we set the correspondence as the median of the multiple
corresponding vertices to reduce the affect of outliers. Finally, we get the correspondence set Cc

between these two colored meshes after the above process and arrive at the color energy term defined
as follows:

Ec(A, T ) = ∑
(pi ,qi)∈Cc

||φ(pi)− qi||22. (6)

We demonstrate the effectiveness of the color correspondences matching term in Figure 4.
By now, with all the constraints defined, we can minimize the objective function of Equation (2) to

get the unknown deformation parameters A and T . This optimization problem can be solved with the
Levenberg–Marquardt algorithm. Afterwards, we can apply the deformation field to all the vertices in
Mk−1 via Equation (1) and we will get the deformed mesh Tk−1 that is aligned with Mk.

4.2. Loop Detection and Global Non-Rigid Registration

After the above pairwise alignments of meshes from neighboring segments, we are ready to find
reliable correspondences between neighboring pieces. We can certainly align those canonical models
incrementally into the first piece using techniques as described in Section 4.1.2. However, the drifting
problem is almost inevitable during the sequential alignment. As shown in Figure 6, the large gaps
between the first and last pieces stops the sequential alignment strategy from getting complete and
visually plausible models. We argue that the two key aspects of assembling those pieces are loop
detection and global non-rigid registration. We describe these two procedures in the following sections.
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(a) Partial pieces (b) Incremental alignment (c) Our global alignment

Figure 6. Illustration of drifting effect of incremental alignment and comparison with the result after
our global registration. (a) some sampled partial pieces; (b) the result from incremental alignment
where large gaps exist; (c) the result after global registration.

4.2.1. Loop Detection

In our case, loop detection is to find the partial pieces that have sufficiently large overlap with
the first piece, that is, while the subject rotates in front of the sensor, we want to find the piece where
he/she has rotated all around and arrived back to the first frame. In this section, we develop the
loop detection strategy exploiting those SIFT features as similar to the loop detection in the SLAM
system [3], where the Bag of Words has often been used. During the partial pieces generation procedure
(Section 4.1.1), the SIFT features have been extracted and matched to assist the tracking [17]. For each
frame, the matched features are lifted and stored in the 3D canonical space. Therefore, for each mesh
Mk, we have some sparse features associated with it.

Our goal will be to find some pieces among M2 ∼ MN that have great overlap with M1 given
those canonical models M1 ∼ MN with sparse SIFT feature descriptors attached.

First, for each model Mk (k = 2 to N), we find the matches of SIFT features within certain matching
threshold between mesh M1 and Mk. Then, we evaluate the degree of coverage of those matches with
respect to the surface. It is assumed that, if the matches reside only on a small part of the model,
it implies that these two models do not have sufficient overlap. Otherwise, these matches would
spread over the surface. However, it is still not sufficient to simply use this to define the extent of
overlap, as the SIFT vertices might scatter over the surface unevenly, which will also cause the uneven
distribution of overlap over the surface.

Thus, taking both factors into consideration, we evaluate the coverage adaptively on different
regions depending on the distribution of the SIFT vertices. First, we sample a set of vertices (P)
over the surface and we compute the coverage degree of SIFT features around each sampled vertice.
The coverage degree fs of SIFT features for each vertice v is measured via fs(v) = exp(−ds(v)2/σ2

ds),
where ds(v) is the distance to the nearest feature on the mesh. Similarly, the coverage degree of matches
fm(v) is computed with fm(v) = exp(−dm(v)2/σ2

dm), where dm(v) is the distance to the nearest match.
The coverage score is defined as S = 1/|P|∑v∈P [ fm(v)/ fs(v)]. The larger the score, the larger the
coverage of matches. Ideally, if the two meshes are identical, the score should be equal to 1. Therefore,
we select L (L = 2) pieces from M2 ∼ Mk that have the largest coverage score with respect to the
mesh M1.

4.2.2. Global Non-Rigid Registration

In this section, we present how to enforce those loop constraints to achieve a global registration.
Similar to the pairwise registration part, the Embedded Deformation Model is also employed here
to extrapolate the deformation field. First, we build up and embed a deformation graph for every
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piece of mesh (M1 to MN). Our goal will be to optimize the deformation parameters (A = A1 ∼ AN ,
T = T1 ∼ TN) of all those graphs altogether. For each Ai and Ti, they are a set of affine matrices and
translation vectors, respectively, which are associated with the deformation graph embedded in mesh
Mi. Following the technique in [28], the objective function is formulated as

E(A,T) =
N

∑
i=1

[αrigidEr(Ai, Ti) + αsmoothEs(Ai, Ti)] + αcorrEcorr. (7)

The first two terms in the above equation are the as-rigid-as-possible term and smooth term,
respectively, as defined in Equations (3) and (4). We have the third term Ecorr enforcing the
correspondences’ constraints, which is the most critical part. In our case, we have two sets of
correspondences including the those established between neighboring pieces (Ecorr_nei) and those
from pieces that form a loop (Ecorr_loop):

Ecorr = Ecorr_nei + Ecorr_loop =
N−1

∑
k=1

∑
(pi ,qi)∈Ck

||φ(Mpi
k ,Ak, Tk)− Mqi

k+1||22

+ ∑
k∈Lp(1)

∑
(pi ,qi)∈Ck

||φ(Mpi
k ,Ak, Tk)− Mqi

1 ||22.
(8)

For the first part, it incorporates the constraints between neighboring pieces Mk and Mk+1.
After the pairwise registration from Section 4.1.2, we are ready to find correspondences of neighboring
pieces by the nearest search since those pieces have already been aligned. In practice, we do not need
to enforce all those matches; instead, we randomly sample about 300–400 correspondences for every
two pieces. We denote the correspondence set between Mk and Mk+1 as Ck.

Second, for those pairs of pieces that have been marked as a loop, the correspondences between
them play an important role in global registration by enforcing the loop closure constraints (Ecorr_loop).
The key problem now is how to register those pairs of pieces to get the correspondences.

Finding reliable matches between those pairs of pieces is not a trivial problem due to the more
complicated non-rigid deformation and also the drifting issue. The real correspondences might have
quite a large distance, which makes the nearest searching strategy not proper in this case. Therefore,
we cannot simply apply the pairwise registration algorithm proposed in Section 4.1.2. Another possible
solution would be to adopt the sparse SIFT features to match correspondences. However, the problem
is that there might not be features extracted in textureless regions, and to make things even worse, we
cannot guarantee those matches to be reliable. To deal with this issue, we propose here to exploit the
dense flow information of those two colored meshes.

Now, suppose we want to align the colored mesh Mc to the first piece M1. First, we apply rigid
registration between those two meshes to make them roughly aligned. Afterwards, we generate two
color images Ic and I1 by rendering Mc and M1, respectively, under the camera projection of mesh M1.
Instead of searching correspondences locally as in the pairwise registration approach, we compute the
dense optical flow globally from the rendered image Ic to I1. Considering that the flow displacement
might be quite large under the non-rigid deformation, we exploit the method from paper [29] to adopt
HOG features into the flow computation framework to handle large displacement flow.

Next, to validate those matches and remove outliers, we exploit the 3D geometry information
of the two meshes. The intuitive way is to reject those candidate matches for which the distance
is quite large in 3D space. However, given that the subject is experiencing non-rigid deformation,
we cannot be sure how large the deformation would be. We might actually remove some potential
true correspondences if we set the threshold of the distance to be small; on the other hand, outliers
might not be filtered out if we set it to be large. To handle this issue, we propose a more intelligent
filtering strategy under an as-rigid-as-possible principle.
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Now, suppose we have a pixel p in Ic that has its corresponding pixel q in I1, which has been
acquired from the computed flow field. For pixel p, we have its corresponding vertice on mesh Mc

denoted as vp. Its neighboring vertices Nv within some certain distance on the mesh can be extracted.
In addition, we make use of the geodesic distance here to keep the extracted neighboring vertices to
be connected. The corresponding pixels for those vertices Nv on the rendered image Ic are denoted
as Np. With the computed flow field, we can obtain the correspondences of Nv on the mesh M1.
Those corresponding vertices are denoted as N

′
v.

From the corresponding vertices set Nv and N′
v, we approximate the rigid transformation Rv,

Tv (Rv is a 3 × 3 rotation matrix and Tv is a 3 × 1 translation vector) by minimizing the following
energy function:

E(Rv, Tv) =
|Nv |
∑
i=1

||(RvNv
i + Tv)− Nv

′i||22. (9)

To eliminate the affect of outliers, we adopt a RANSAC procedure to find the best rigid
transformation that will align those two vertice sets. Afterwards, under the assumption of
locally as-rigid-as-possible deformation, if the deformation of vertice vp confronts the estimated
transformation Rv, Tv, we would say that this is potentially a good match. Otherwise, the match
we get from the flow field for pixel p will be regarded as an outlier. We measure the deformation
consistency using the following equation:

Md = exp(−
||(Rvvp + Tv)− v

′
p||22

2σ2
M

). (10)

We remove matches with Md smaller than a threshold.
To this point, all the constraints in Equation (7) have been built up and we are ready to solve

the optimization problem to get the optimal deformation parameters that will align all those pieces
together and form a complete 3D model. The results after this registration are shown in Figure 6c.
Deformed meshes after the global non-rigid registration are represented as Mg

1 ∼ Mg
N .

We demonstrate the evolution process for the global registration optimization in Figure 7 showing
the curve of the energy cost with respect to number of iterations. The optimization gets converged
after a few iterations.

Number of iterations

Energy cost

Figure 7. Illustration of the global registration evolution process.
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4.3. Model Update

At this point, we have got a fairly good 3D model of the deformable object, whereas there are still
some artifacts caused by misalignment as shown in Figure 8a,c. We found out that the major reason for
the misalignment is surface occlusion. Specifically, if some part of the subject has been captured and
modeled in piece Mk, which is then being occluded in the next piece Mk+1, the part reappears in piece
Mk+2. Then, misalignment might show up between Mk+1 and Mk+2 in the overlapping region since
we haven’t enforced any constraints explicitly between these two pieces during the previous alignment
procedure. One simple and naïve way to handle this would be to apply non-rigid pairwise alignment
between Mk and Mk+2 to establish reliable correspondences. However, first, we wouldn’t know when
this kind of misalignment will occur and, second, the overlap between Mk and Mk+2 might be fairly
small, which makes it even harder to find reliable correspondences.

(a) Alignment before
model update

(c) Colored Model before
model update

(b) Alignment after
model update

(d) Colored Model after
model update

Figure 8. Illustration of results before and after model update. (a,b) show all the aligned pieces before
and after the model update step, respectively. The misalignment still exists around the legs as marked
red after the global registration. The alignment has gotten better after our model update as shown in (b).
Some colored models are shown in (c,d). The appearance before model update (c) is quite blurry, while
more clear and consistent color maps have been achieved after the model update (d).

Therefore, to deal with this kind of misalignment, we take advantage of the current model
(denoted as V0) that we have reconstructed after the global non-rigid alignment step and take it as
a starting point to update and refine the model. Essentially, we want to find the optimal model that
will confront all those pieces both in its geometry and appearance. Instead of exploiting the expensive
bundle adjustment strategy, we intend to update the model iteratively by deforming those pieces onto
this proxy model. Algorithm 1 shows our procedure for updating the model.

First of all, at the initialization step, we deform the first piece Mg
1 to the current proxy model V0,

which is a trivial problem since V0 is recovered with the first piece as the canonical frame. Afterwards,
we attach the vertices color to the proxy model from the region covered by Mg

1 via nearest search.
That is, for each vertice v in V0, we find its nearest vertice vm in Mg

1 and set the color of v to be same as
M1 if |v − vm| < Thres. After this initialization step, we get the proxy model that is partially colored.

For step 2, we update the proxy model V0 with respect to each of those pieces. V0 covers the
whole model while each piece Mg

k only covers part of the model. Therefore, instead of deforming V0 to
align with the mesh Mg

k (k starts from 2 to N), we align those meshes towards the current model V0

exploiting the method proposed in Section 4.1.2 that utilizes both geometric and color information to

achieve better alignment. We denote the deformed mesh of Mg
k as Mg′

k .
Then, correspondences between the mesh Mg

k and the proxy model are established via nearest

search between Mg′

k and V0. We deform the geometry of the proxy model under the guidance of
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those correspondences with Laplacian constraints. In the meantime, the vertices color in Mg
k can be

transferred to the proxy model as described in the initialization step. In addition, we update the
appearance (the vertex color) of the proxy model as the weighted average of the current vertices color
and the vertices color acquired from Mg

k .
For step 3, after finishing the iteration for each piece of the segment in step 2, we re-apply the

global non-rigid registration for the pieces Mg
k (k from 1 to N). The correspondence term in Equation (7)

is built up by nearest search between every two pieces of the deformed meshes Mg′
1 – Mg′

N .
We iteratively go over the above steps for better alignment and updating of the model. In addition,

we will finally arrive at our reconstructed colored model that has good quality in both geometry and
appearance as shown in Figure 8d.

Algorithm 1: Model-update algorithm.

Input: Mg
1 ∼ Mg

N : deformed mesh after the global registration;
V0: the proxy model;

Output: Updated model;
1 while not converged do

2 Initialization step;
3 for k = 2; k ≤ N; k ++ do

4 align mesh Mg
k to V0 and get the deformed mesh Mg′

k ;
5 build up the correspondence set Ck between Mg

k and V0;
6 deform mesh V0 under those correspondences Ck

7 end

8 Align those meshes Mg
k globally and set V0 to be the new proxy model

9 end

4.4. Implementation Details

The overall pipeline is performed offline while the partial pieces generation part can be done in
real time [17]. It takes about 40 min overall to run in Matlab 2016a on a desktop with 8-core 3.6 G Hz
Intel CPU and 16 GB memory. In more detail, the pairwise registration part takes about 5 min and
around 20 min are taken in global registration part. The final model update part takes about 15 min.
The loop detection part takes little time as compared to those registration procedures.

The parameters used in the paper are set with αr = 100, αs = 1000, αg = 1.0, αc = 1.0,
αrigid = 50, αsmooth = 500, αcorr = 1.0.

5. Experiments

We demonstrate the effectiveness of our approach in the experimental part with both quantitative
and qualitative results. Furthermore, we present an application of model completion using our
recovered 3D model.

5.1. Quantitative Evaluation on Rigid Objects

Even though we target on the non-rigidly deformable objects, it does not stop us from
implementing our approach on the rigid objects. It is more convenient to take advantage of the
rigid objects for quantitative evaluation. Here, we use a textured mesh model scanned by a multi-view
scanner system as the groundtruth and synthesize a sequence of depth and color images by moving a
virtual camera around the 3D mesh model. We run both the VolumeDeform [17] and our method on
this synthetic data with the results shown in Figure 9. We plot the error map to show the geometric
error of our reconstructed model as compared with the groundtruth model. The error for each vertice
is computed via a nearest search from this vertice to the groundtruth mesh model. As we can see from
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the 3D error map in Figure 9c, the most largest error (about 0.0041 m) comes from the part of arms and
hands, which have relative thin structure and are more difficult to track and align. From the overall
model, we get the mean error as 0.0023 m. The result demonstrates that we can get a recovered model
that is fairly accurate.

(a) Groundtruth model

(c) Result of our approach (d) The error map of our result

Unit:m

(b) Volume Deform[17]f [17]

Figure 9. Quantitative evaluation on synthetic dataset.

5.2. Qualitative Evaluation on Captured Subjects

For the qualitative evaluation, we have captured several sequences of human subjects with
Microsoft Kinect V2. The human subject is asked to rotate in front of the Kinect sensor.

First, we compare our results with a 3D self-portrait [12], which takes eight partial pieces as input.
We run the method on one of our captured sequences for which the non-rigid motion is minimal among
all the sequences and the subject has tried to stay at the same pose during rotation. We have manually
selected eight frames from the sequence that evenly distributed across a cycle. The comparison results
are shown in Figure 10. As the almost inevitable non-rigid motion problem during rotation, the
misalignment still exists for the 3D self-portrait method especially around the arms, which can be
seen in Figure 10b. On the contrary, we are able to align those partial pieces successfully under our
framework, as we have kept tracking the non-rigid motion continuously. The results of our method is
displayed in Figure 10c.
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(a) Partial Pieces (b) 3d self-portrait[12] (c) Our Model

Figure 10. Comparison with 3D self-portrait. (a) some sampled partial pieces; (b) the results from 3D
self-portrait [12]; (c) the results we get with our approach. We have colored the deformed pieces with
different colors to better demonstrate the alignment results.

To compare with previous dynamic fusion methods, we implement a sequential dynamic fusion
method [17] that fuse the frames incrementally but without concerning the loop closure. Figure 11
shows the comparison results of the upper body of some human subjects. Figure 12 presents some
results on the full body modeling, which is more challenging considering the inevitable occlusion
and large deformation for the legs. As compared to the method [17], which shows large gaps in the
recovered model, we are able to get a complete and watertight model since we have enforced the loop
closure constraints explicitly to solve error accumulation problem. Although we haven’t achieved
real-time performance, we can get much better results as compared with the dynamic fusion methods.
In addition, since we haven’t enforced any constraints on the subjects, we are also able to deal with
more general cases where the human subject is holding something or carrying a backpack. We can also
reconstruct the girl in a shirt, which has experienced free-form deformation as she moves.

As shown in these figures, the recovered color maps of those models are quite clear and edges are
sharp. We can see the textures on the surface clearly. This is achieved by our registration method that
has incorporated both geometric and appearance constraints. The parts that haven’t been observed
(e.g., under the chin or inner side of the arm) are colored as black. This could be filled up by color of
neighboring vertices, while we haven’t put our effort in this.

(a) Partial Pieces (b) Volume Deform[17] (c) Our Model (d) Our Model with vertex color

Figure 11. Qualitative evaluation on upper body models. (a) some sampled partial pieces; (b) the
results from VolumeDeform [17]; (c) the complete models we get with our approach; (d) our recovered
colored models.
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(a) Partial Pieces (b) Volume Deform[17] (c) Our Model (d) Our Model with vertex color

Figure 12. Qualitative evaluation on full body models. (a) some sampled partial pieces; (b) the
results from VolumeDeform [17]; (c) the complete models we get with our approach; (d) our recovered
colored models.

5.3. Applications

Given the complete 3D model that we have recovered from our proposed framework, we are able
to drive or deform the model for some model completion applications. That is, given a depth frame as
input that has quite limited coverage of the model, we can perform the completion by deforming the
3D model that we have got to get it aligned with the current input. We have employed the registration
technique that we have proposed in Section 4.1.2 to accomplish this task. Some completion results are
shown in Figure 13.

(a) Recovered 3D model (b) Input depth (c) Results after completion (d) Model aligned with input

Figure 13. Applications on model completion. (a) the recovered 3D models in canonical space from
our proposed framework; (b) some input depth frames which capture only partial of the model;
(c) the results after model completion; (d) the aligned meshes of our model after completion and the
input meshes.
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6. Conclusions

In this paper, we have proposed a framework to reconstruct the 3D shape and appearance
of the deformable objects under the dynamic scenario. To tackle the drifting problem during the
sequential fusion, we have partitioned the entire sequence into several segments, from which we have
reconstructed partial scans. A global non-rigid registration approach is applied to align all those pieces
together into a consistent canonical space. We achieve this with our loop closure constraints to help
eliminate the accumulation error. Afterwards, the recovered model gets updated with our novel model
update method to arrive at our final model with accurate geometry and high fidelity of color maps.
During the non-rigid alignment and loop closure procedure, we have exploited both geometric and
appearance information to resolve the ambiguity of matching. The framework has been validated
on both synthetic and real datasets. We are able to recover 3D models with accuracy in millimeters
as demonstrated from our quantitative evaluation. Experiments on real datasets demonstrate the
capability of our framework to reconstruct complete and watertight deformable objects with high
fidelity color maps.

Looking into the future, we would like to further improve our method by replacing the per
vertex color representation of the mesh with textures to get even higher quality of mesh appearance.
The changing topology could be another direction that we will investigate as for now the topology is
restricted to be constant throughout the sequence. In addition, our method relies on the success of
building up partial scans, which might fail in case of fast motion. We believe that it could be solved by
adopting the learning based approaches to find correspondences instead of using nearest search or
projective association. Various applications (e.g., model based view synthesis) could be developed
based on our work.
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Abstract: Video-based person re-identification is an important task with the challenges of
lighting variation, low-resolution images, background clutter, occlusion, and human appearance
similarity in the multi-camera visual sensor networks. In this paper, we propose a video-based
person re-identification method called the end-to-end learning architecture with hybrid deep
appearance-temporal feature. It can learn the appearance features of pivotal frames, the temporal
features, and the independent distance metric of different features. This architecture consists
of two-stream deep feature structure and two Siamese networks. For the first-stream structure,
we propose the Two-branch Appearance Feature (TAF) sub-structure to obtain the appearance
information of persons, and used one of the two Siamese networks to learn the similarity of
appearance features of a pairwise person. To utilize the temporal information, we designed the
second-stream structure that consisting of the Optical flow Temporal Feature (OTF) sub-structure
and another Siamese network, to learn the person’s temporal features and the distances of pairwise
features. In addition, we select the pivotal frames of video as inputs to the Inception-V3 network on
the Two-branch Appearance Feature sub-structure, and employ the salience-learning fusion layer
to fuse the learned global and local appearance features. Extensive experimental results on the
PRID2011, iLIDS-VID, and Motion Analysis and Re-identification Set (MARS) datasets showed that
the respective proposed architectures reached 79%, 59% and 72% at Rank-1 and had advantages over
state-of-the-art algorithms. Meanwhile, it also improved the feature representation ability of persons.

Keywords: person re-identification; end-to-end architecture; appearance-temporal features; Siamese
network; pivotal frames

1. Introduction

Person re-identification (person Re-ID) aims at matching a target person across non-overlapping
cameras at different times or different locations. It not only has important significance in video
surveillance systems and the public security field, but is also a crucial challenge in the field of
multi-camera visual sensor networks [1]. In real world situations, because multi-camera visual sensor
networks capture the video clip of the target person, research on video-based person re-identification is
necessary and inevitable for public safety. Video-based person re-identification is the task of utilizing a
sequence of images/tracklets to match the person. At present, an increasing number of exiting research
works [2–5] focus on video-based person re-identification.

More specifically, the process of video-based person Re-ID is to give a probe video and search the
same person as the probe video in a large gallery of videos. As the probe video and gallery videos are
taken from different cameras, they may suffer from inherent challenges such as lighting variations,
camera viewpoint changes, background clutter or occlusions, and the person’s appearance similarity
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during person matching. In general, video-based person Re-ID is beneficial to improve the results of
person Re-ID under the complex and difficult conditions described above. The reason for this fact
is that video-based person Re-ID has the following advantages over still-image-based person Re-ID.
Firstly, videos contain more information than a single still image contains. Given the availability of
video clips, we can obtain temporal information related to a person’s motion. If the person suffers from
problems including occlusion, background clutter, and appearance similarity, the person’s appearance
information, based on a single still-image, is incomplete or missing. However, the use of potential
temporal information based on image sequence can effectively alleviate the lack of motion information.
What is more, videos provide a large number of the same person’s samples, so we can obtain more
abundant appearance information to against camera viewpoint changes.

On the other hand, the use of video also brings several challenges for identifying the person.
Firstly, some low-resolution image frames may appear in the captured video clips, which lead to
inaccurate appearance information. Secondly, when the target pedestrian is obstructed or interfered
with by objects or different persons in a video fragment, it becomes difficult to obtain the person’s
appearance information in the current image sequence. Lastly, although the temporal information in
the video is an important clue to identify pedestrians, the movement of different persons may also be
similar, which means that purely using temporal information will cause misunderstanding. As shown
in Figure 1, in this work, we define the appearance of ambiguity image frames and occluded image
frames as interference frames in the video, and others image frames (“good” frames) that contain the
full clear persons in the video as pivotal frames. Therefore, the following issues in video-based person
Re-ID should be considered. (1) How to establish a stable pedestrian appearance representation model,
that enables elimination of the effects of interference frames on individuals’ representation in videos?
(2) How to effectively harness two types of complementary information including appearance features
and temporal features in the video to compare the degree of similarity between different persons,
so that the role of pivotal frames is fully realized?

Figure 1. An illustration of the interference frames and pivotal frames definition. The green box
indicates the pivotal frame (“good” frame).The red dotted box indicates the interference frame with
low-resolution image, occlusion, and background clutter.

To address the first problem, for one thing, previous works have adopted new features [6],
appearance feature models, and semantic attribute features [7,8], which extract robust and
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discriminative information to represent a person. However, we can observe that not all images
are informative in a given video, and severe interference frames cause previous methods to obtain
erroneous information. For another thing, the current common research idea [5,9] is to adopt a
combination of convolutional neural network (CNN) and recurrent neural network (RNN) to extract
the space-time features of each image frame, and aggregate them into a single feature vector by the
pooling operation. Although these methods have achieved good results, the interference frames in the
video will influence the final feature information. Simultaneously, such methods do not make full use of
the person’s appearance information. To sum up, in this work, we propose a Two-branch Appearance
Feature (TAF) sub-structure which consists of the walking cycle analysis model [2], the two-branch
Inception-V3 network, and the fusion layer, to select pivotal frames (“good” frames) and discard
interference frames, then learn the global and local discriminative appearance feature information.

To deal with the second problem, the current work [10] mainly focuses on the integration of two
types of features before learning the distance between persons. Appearance features and temporal
features are different modal information. We believe that information maybe lost due to information
inequality when these two types of features are combined. In this paper, inspired by a previous
literature [11], instead of merging the temporal features and the appearance features of pivotal frames,
we learn the independent distances of the two types of features separately. Hence, we designed a
hybrid end-to-end deep learning architecture for further learning the feature representation and
the independent distance metric. The hybrid end-to-end architecture consists of a two-stream
appearance-temporal deep feature structure and two Siamese networks. The integrated architecture
separately obtains the person’s appearance features and temporal features through the hybrid feature
structure, whilst using the two Siamese networks to learn the independent distances of the two types
of features.

In summary, the main contributions of this paper are three-fold as follows.

(1) We propose a Two-branch Appearance Feature (TAF) sub-structure consisting of the walking cycle
model, the two-branch Inception-V3 network, and the saliency learning fusion layer, which is
used to learn the global and local appearance features of persons. This sub-structure is useful for
discarding interference frames with occlusion and background clutter in the video, and selecting
informative pivotal frames. The features of these pivotal frames can promote the representation
learning ability of two-branch Inception-V3 network. Simultaneously, the fusion layer can
improve the fusion effect and the learning result of local information.

(2) We design a two-stream hybrid end-to-end deep learning architecture that combines feature
learning and metric learning, which uses a hybrid deep feature structure and two Siamese
networks to obtain a person’s features and separately achieve the independent distance metric of
appearance features and temporal features. Note that it can obtain better appearance information
and temporal information by having two independent feature sub-structures.

(3) We evaluate our proposed architecture on three public video datasets, including PRID-2011
dataset [12], iLIDS-VID dataset [13], and MARS (Motion Analysis and Re-identification Set)
dataset [14]. Extensive comparative experiments show that our proposed video-based person
Re-ID architecture achieves comparable results to the existing state-of-the-art methods.

The remainder of this paper is organized as follows. Section 2 reviews the work related to person
Re-ID. Section 3 gives a complete explanation of the architecture proposed in this paper and a detailed
introduction to each part of the architecture. Section 4 conducts an experimental evaluation of the
performance of the proposed algorithm on public datasets. Finally, Section 5 summarizes the work of
this paper.

2. Related Work

Person re-identification has attracted the attention of many researchers in recent years. With the
development of person re-identification works, we believe that the study of person re-identification can
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be roughly divided into three groups: image-based person re-identification [15–21], video-based person
re-identification [2–5,9,22], and image to video person re-identification [23]. Typically, most existing
person Re-ID algorithms focus on three key steps: feature extraction [15–19], distance measure [20,21],
and end-to-end learning methods [11,24–27]. To obtain reliable feature representations, the features
adopted in the existing person Re-ID work can be divided into hand-designed features [15–19] and
deep learning features [28]. Hand-designed features are commonly used for the color and texture
features [15], SIFT features [16], and color names features [17], etc. At the same time, there are good
representation capabilities in hand-designed features such as GOG [18] and LOMO [19]. In order to
learn a robust distance measure, many scholars have proposed effective metric models, including
KISSME [20], XQDA [19], FDA [21], etc. To fully understand the relevant algorithms to our proposed
architecture in this paper, we will mainly introduce the research development of video-based person
Re-ID and the current status of end-to-end deep learning algorithms in person Re-ID.

2.1. Video-Based Person Re-Identification

The research in video-based person re-identification is based on person Re-ID in multi-frame
images. At present, more and more video-based person Re-ID methods are emerging. We believe that
video-based person Re-ID can be divided into traditional methods and deep learning methods. In terms
of traditional algorithms, the work of a past literature [2] uses the discriminative selection and ranking
(DVR) method to select discriminative video fragments and extract their HOG3D features for matching.
Another previous paper [3] proposes the STFV3D algorithm to extract spatiotemporal features (learn
Fisher vectors) with spatial alignment. The top-push distance metric method [4] establishes a top-push
constraint metric to improve the intra-distance and inter-distance between persons. In terms of deep
learning algorithms, in a past paper [5], a novel recurrent neural network architecture is proposed
to obtain space-time features in video. A previous literature [9] proposes an end-to-end learning
architecture integrated by Convolutional Neural Networks (CNNs) and Bidirectional Recurrent Neural
Networks (BRNNs) to match person in the video. In another past paper [22], a novel joint Spatial and
Temporal Attention Pooling Network (ASTPN) is proposed as feature extractor to obtain features for
video-based person Re-ID.

2.2. End-To-End Deep Learning on Person Re-Identification

With the wide applications of deep learning, end-to-end deep learning algorithms have appeared
in many researches of person re-identification. The essence of an end-to-end learning algorithm is to
completely connect the feature representation with the distance metric and jointly identify the same
person. The binary input and the ternary input are the common strategy in person Re-ID algorithms
of end-to-end learning. Literature [24] proposes a novel Deep Metric Learning (DML) method that
jointly learns color features, texture features, and metrics in a unified framework. In a past paper [11],
Chen et al. propose a novel deep end-to-end network to automatically learn the spatial-temporal
fusion features, and utilize the Siamese to train sample pair. A previous work [25] presents a novel
multi-channel parts-based Convolutional Neural Network (CNN) model under the triplet framework
for person Re-ID. A different past work [26] also proposes a new end-to-end Comparative Attention
Network (CAN) with triplet loss to learn the discriminative features of person images. For quaternary
input, a past work [27] designs a quadruplet loss to ensure that model outputs have a larger interclass
variation and a smaller intra class variation compared to the triplet loss. In our paper, we borrow
the idea from the Siamese network of binary input, and employ two Siamese networks to learn
the independent distance metric of different features. This effectively improves the performance of
video-based person Re-ID.
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3. The Proposed Hybrid End-To-End Deep Learning Architecture

3.1. Architecture Overview

The hybrid end-to-end deep learning architecture of our proposed method is shown in Figure 2.
The hybrid end-to-end architecture consists of two-stream deep feature structure and two Siamese
networks. The two-stream deep feature structure is composed of the Two-branch Appearance Feature
sub-structure and the Optical flow Temporal Feature sub-structure, which can obtain abundant
appearance information and stability temporal information of the pairwise person. It then employs
two Siamese networks to compare the similarities between different persons of each type of feature.

Figure 2. The framework of the proposed hybrid end-to-end deep learning architecture.
The architecture consists of inputs, a two-stream hybrid deep feature structure, and two Siamese
networks. The two-stream hybrid deep feature structure is composed of the Two-branch Appearance
Feature sub-structure and the Optical flow Temporal Feature sub-structure, which can obtain abundant
appearance information and stability temporal information of the pairwise person. Then, two Siamese
networks are employed to compare the similarities between different persons of each type of feature.

In detail, for the first-stream feature substructure, we take the video of the original RGB image
frames with persons i and j as inputs to the Two-branch Appearance Feature (TAF) sub-structure,
respectively. A key process of the TAF sub-structure is that the walking cycle analysis model is used to
select the pivotal frames N (N represents the number of pivotal frames) in the image sequence, then the
pivotal frames are fed into a two-branch Incpetion-V3 network to learn the global appearance feature
information. In addition, the fusion layer with weights sharing is applied to learn the salient and local
features, whilst also fuse the global and local appearance information in the pivotal frames. Similarly,
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for the second-stream feature sub-structure, we use the optical flow image of video with persons i and
j as inputs to the Optical flow Temporal Feature (OTF) sub-structure, respectively. Then, the CNN
architecture and the temporal pooling generate temporal information. Finally, the obtained appearance
features (FT

i , FT
j ) and temporal features (Fo

i , Fo
j ) are separately trained for similarity between features

through two Siamese networks.

3.2. Input Data Acquisition

Multi-camera visual sensor networks are an important source of data acquisition for video-based
person re-identification. The three public video datasets used in this paper all capture persons through
multiple non-overlapping visual sensing cameras, as shown in Figure 3. Specifically, the PRID-2011
dataset [12] consists of image sequences extracted from multiple person trajectories recorded from two
different static surveillance cameras. The iLIDS-VID dataset [13] is created from the persons observed
in two non-overlapping camera views from the i-LIDS Multiple-Camera Tracking Scenario (MCTS)
dataset which was captured at an airport arrival hall with a multi-camera CCTV network. The MARS
dataset [14] was collected from six near-synchronized cameras on the campus of Tsinghua university.
There were five 1080 × 1920 HD cameras and one 640 × 480 HD camera.

Figure 3. The data acquisition of multi camera visual sensor networks. These scenes are captured
under disjoint cameras.

3.3. Two-Branch Appearance Feature Substructure (The First-Stream)

In order to select the pivotal frames in the videos and obtain more distinguishing global
and local appearance features of persons, we designed a Two-branch Appearance Feature (TAF)
substructure consisting of a walking cycle analysis model, a two-branch Inception-V3 network and a
salience-learning fusion layer. The appearance feature sub-structure will be described in detail below.

3.3.1. Walking Cycle Analysis Model

Given a video of the target person, in order to select reliable pivotal frames in the video and
discard the interference frames, we consider employing the walking cycle analysis model [2,3,29] to
obtain the pivotal frames as the input of the two-branch Inception-V3 network. This is done to prevent
the appearance features are not affected by low-resolution image, complex background interference,
and occlusion. In this model, we first extract the Flow Energy Profile (FEP) signal [2]. The FEP is a
one-dimensional signal which represents the motion energy intensity induced by the activity of human
muscles during walking [30], and is approximately estimated by optic flow computation. For each
successive and raw RGB image frame, rit of person i in the video Si = {ri1, ri2, · · · , rit, · · · , riL},
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we calculate its flow energy by the connection between optical flow fields in the horizontal direction,
vx, and the vertical direction, vy, as shown in Equation (1):

Erit = ∑
(x,y)∈p

∥∥[vx(x, y), vy(x, y)]
∥∥

2, (1)

where Erit represents the FEP value of the rit-th frame, and p is an image of the lower body of a person.
The rough estimated FEP value of the walking cycle is prone to instability due to background

noise and occlusion interference. According to this situation, the literature [3] uses the discrete Fourier
transform method to convert the original FEP value into the frequency domain, thus obtaining a
more accurate walking cycle model. In order to obtain a discriminative pivotal frame, we use this
method [3] to convert the video sequence into a walking cycle. During the walking cycle, the image
frames corresponding to the maximum and minimum FEP values can improve the result of person
representation, so our paper selects them as the pivotal frames N (N represents the number of
pivotal frames). As shown in Figure 4, from the graph of FEP value, the local maximum of energy
value Erit corresponds to the walking posture when the person’s legs overlap. Conversely, the local
minimum value represents the person’s posture when their legs are farthest away. Through the
analysis of the walking cycle model, the pivotal frames SiPF = {ri1, ri2} are extracted from the video
Si = {ri1, ri2, · · · , rit, · · · , riL} as the input of the two-branch Inception-V3 network.

Figure 4. Pivotal frames extraction. The image frames with the golden box in the raw RGB frames is a
partially selected video segment. The red curve in the Flow Energy Profile (FEP) signal is the regular
FEP value and the blue curve is the rough FEP value.

Remarks. For the selection of pivotal frame’s number, our paper adopts the strategy of selecting
even frames. Because the strategy of selecting the pivotal frames in our paper is to select the image
frames corresponding to the maximum and minimum FEP values in the video, selecting the even
pivotal frames not only discards the interference frames, but also preserves the complete appearance
posture of the person.
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3.3.2. Two-BranchInception-V3 Network

Although the CNN has successfully demonstrated breakthroughs in person re-identification,
changing the structure of the CNN from different perspectives enable achieve different performance.
A straightforward way to improve CNN performance is to increase the number of layers in the network.
Due to the deepening of the number of network layers, the number of network parameters and the
computational cost will increase dramatically. At the same time, a deepened network and limited
training samples may also cause serious overfitting problems. Hence, we construct the two-branch
global feature learning module using the 42-layer Inception-V3 network [31]. Compared to other
frameworks, such as VGG-Net [32] or Res-Net [33], we decided that the Inception-V3 network was
more suitable for learning global features due to its high computational cost efficiency (higher modeling
capacity at a smaller parameter size) and its capability for learning more discriminative appearance
features at varying pivotal frames.

For the two-branch Inception-V3 network, although the two branches of model that learns the
global features are the same Inception-V3 network, they do not share the weight parameters of the
network. Intuitively, the pivotal frames SiPF = {ri1, ri2} of person i are input into the two-branch
Inception-V3 network, respectively, and the person’s global appearance features ( f T

i1
′ and f T

i2
′) are

obtained by learning.
Remarks. Since the selected pivotal frames correspond to different postures of the person walking

in the video, and the interference frames with the occlusion are discarded, it is thus stable and easy to
extract the person’s feature information from the pivotal frames with clear appearance. Furthermore,
the two-branch Inception-V3 network can learn person’s appearance information in two different
poses. The above observations are the main reasons for learning more discriminative appearance
features at varying pivotal frames.

3.3.3. Salience-Learning Fusion Layer

This fusion layer is designed to learn the local features and fuse the output of two-branch
Inception-V3 network. Due to the phenomenon of feature redundancy in the feature map learned
from the above multi-layer Inception-V3 network, and because some feature channels may capture
interfering information about aperson, we suggest that the salience-learning fusion strategy can
automatically discover and emphasize important local information, such as the head, torso,
package, etc.

As shown in Figure 5, we input features f T
i1
′ and f T

i2
′ into the salience-learning fusion layer,

which can learn the different weights of each different feature channel. Then, we use the Eltwise
operation to sum the feature channels. Finally, the information of each feature map is fused together
through the fully connected layer, and we get the final appearance feature FT

i . This is the main reason
why the layer can extract local appearance information and also reduce the feature dimension.

Remarks. In this work, we use the salience-learning fusion layer to exploit visual saliency.
The strategy of salience-learning [26] has been successfully applied to person re-identification. As can
be seen from Figure 8, the target person with the package can be accurately identified. Specifically,
the layer combines the global and local features of a person in different poses, and the different weights
of each feature channel can automatically calculate the positions in different visual saliency features.
At the same time, the Eltwise-sum operation links the locations of local visual features.
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Figure 5. The process and detailed parameters of the salience-learning fusion layer. The blue font in
the figure is the size of each layer input. The letters (“a” “b”, “c”, and “d”) are the weights learned.

3.4. Optical Flow Temporal Feature Substructure (The Second-Stream)

Although spatial appearance features are more discriminative than temporal features for person
Re-ID [19], the temporal feature information can compensate for the errors caused by persons of similar
appearance. The Optical Flow Temporal Feature (OTF) sub-structure combines the optical flow images
with the CNN to obtain temporal features. The reason why the RNN is not added because the optical
flow images contain temporal information associated with the pedestrian motion, and the temporal
information learned in the optical flow images is mapped to the temporal feature map, no longer use
the RNN to get the temporal information. Finally, the temporal pooling method is used to aggregate
the sequence-level temporal features into a single temporal feature. The OTF sub-structure is described
in detail later in this section.

3.4.1. The CNN Architecture

In this paper, the input of the OTF sub-structure (the second-stream) is the image frame of
the optical flow information corresponding to the video, which is the same as the literature [11].
Specifically, we define the optical flow images in the video Sio as Sio = {oi1, oi2, · · · , oit, · · · , oiL},
where oiL represents the optical flow image and L is the video length. The method of obtaining oit
is the same as the method described in Section 3.3, computed using the Lucas–Kanade optical flow
technique [34].

As shown in Figure 2, we employed a previously proposed CNN architecture [11] to obtain
the temporal information. However, in our case, some of the parameters in the architecture were
modified. Figure 2 shows the network architecture, and Table 1 demonstrates the parameters of
this CNN architecture. The CNN architecture is composed of three convolutional layers, two fully
connected layers and a dropout layer. Note that the process steps of each convolutional layer are
convolutional, nonlinear activation functions, and pooling. We chose the rectified linear unit (ReLU)
as the activation function and set the pooling operation to max-pooling. We input the optical flow
image frames Sio = {oi1, oi2, · · · , oit, · · · , oiL} of person i into the CNN architecture and generate the
output temporal feature vector Fo

i =
{

f o
i1, f o

i2, · · · , f o
it, · · · , f o

iL
}

after passing the CNN. The process of
the above CNN architecture can be expressed by Equations (2) and (3) as follows

f o
it
′ = Maxpool(relu(Conv(oit))), 1 ≤ t ≤ L, (2)

f o
it = connect( f o

it
′), 1 ≤ t ≤ L, (3)

where oit denotes the optical flow image at t moment, f o
it
′ is the feature vector through three

convolutional layers, and f o
it is the temporal feature vector after the CNN architecture.
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Table 1. Parameters of the CNN architecture.

Layers Network Parameter/Type

Conv1 Filter 5 × 5/stride 2/pad 4
Max pool1 Filter 2 × 2/stride 2

Conv2 Filter 5 × 5/stride 2/pad 4
Max pool2 Filter 2 × 2/stride 2

Conv3 Filter 5 × 5/stride 2/pad 4
Max pool3 Filter 2 × 2/stride 2
Dropout dropout ratio 0.5

3.4.2. Temporal Pooling

To aggregate the temporal information of all time steps in the OTF sub-structure, the multi-frame
feature vector is aggregated into a single feature vector using the temporal pooling method.
The implementation of these functions can be achieved by mean pooling, max pooling, and sum
pooling, but it was proven [5] that mean pooling is more suitable for aggregating information in person
Re-ID. The median value is tested as well to remove gross errors. In our paper, we adopt the same
temporal mean-pooling method to take the temporal feature vector Fo

i =
{

f o
i1, f o

i2, · · · , f o
it, · · · , f o

iL
}

from the CNN architecture as inputs, and then produce a single feature vector Fo
i to represent the final

temporal feature of person i in the video. This process can be expressed by the following Equation (4).

Fo
i =

1
L

L

∑
t=1

f o
it, (4)

where f o
it is the temporal feature at time t, and t ∈ [1, L]. Fo

i is the final temporal feature of person i
generated by the OTF sub-structure.

3.5. Two Siamese Networks

The Siamese network is a measure of the similarity of two objects, which consist of two
substructures with shared weights [35]. Each substructure is used as a feature extractor to output
the trained feature vectors, and the Siamese network compares these feature vectors using Euclidean
distance. The essence of this network comparison idea is to try to reduce the distance between feature
vectors of the same class and increase the distance between feature vectors of different classes. Thus,
the similarity of a pair of inputs is distinguished by a margin. Fortunately, this property is close to the
distance metric learning algorithm in the person Re-ID, so the Siamese network has been applied to
person Re-ID work. For video-based person Re-ID, the Siamese network can use the features of a pair
of image sequences to train similarity.

Concretely, in our paper, as shown in Figure 2, we constructed two Siamese network [8] to learn
the independent distance of the TAF sub-structure and OTF sub-structure, respectively. For the first
Siamese network, the final appearance feature vector FT

i and FT
j obtained by the pivotal frames of

person i and j through the TAF substructure are taken as inputs. The similarity loss function Sim(•) of
the generic first Siamese network is defined as follows

Sim(FT
i , FT

j ) =

⎧⎨⎩ 1
2‖FT

i − FT
j ‖

2
i = j

1
2 [max(M − ‖FT

i − FT
j ‖, 0)]2 i �= j

, (5)

where M represents the margin value in the Siamese network. Similarly, the second-stream Siamese
pseudo-network employs the same function with different types of feature vector inputs, as shown in
Equation (6):

Sim(Fo
i , Fo

j ) =

{
1
2‖Fo

i − Fo
j ‖

2
i = j

1
2 [max(M − ‖Fo

i − Fo
j ‖, 0)]2 i �= j

, (6)
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It should be noted that Fo
i and Fo

j denote the temporal feature vectors of person i and j. To sum
up, the joint objective function Simobj combined with the two-stream Siamese network is shown in
Equation (7):

Simobj = ∂TSim(FT
i , FT

j ) + ∂oSim(Fo
i , Fo

j ), (7)

where ∂T , ∂o represents the loss weight, and ∂T > ∂o. The reason for setting these weights is the
effectiveness of the appearance features compared to the temporal features.

4. Training and Test

4.1. Training (Joint Multiple Loss)

During the training phase, we adopted a joint training method similar to those previously
described in the literature [11]. The core of this strategy is to combine the objective function of two
Siamese networks and the objective function of the predicted person’s identity to train our proposed
appearance feature learning substructure. In order to take full advantage of label information, we used
the Softmax loss function [36] to predict the person’s identify. In our work, as shown in the Figure 6
for feature vector FT

i in the first-stream substructure, the posterior probability of predicting person i is
as follows

PiT( m̃i = mi|Si) =
exp(Wmi F

T
i )

∑nid
n=1 exp(WnFT

i )
, (8)

where mi represents the category label of the person i training video sample Si, m̃i is the predicted
label, and Wn refers to the Softmax function parameter of the person’s class n. The training loss is
computed as

Lossso f t
i = ∑ log(PiT( m̃i = mi|Si)), (9)

Note that the use of the Softmax loss function during training is only for the appearance feature
sub-structure (the first-stream).

 
Figure 6. The training steps and test steps of the proposed hybrid end-to-end deep learning architecture.
The upper left side of the figure is the training phase, and the lower-left side is the test phase. The right
side of the figure is an annotation of the arrows of different colors.

Therefore, the loss function Loss of the entire architecture is as follows

Loss = Simobj + Lossso f t
i + Lossso f t

j , (10)
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where Lossso f t
i and Lossso f t

j are the Softmax functions of persons i and j, respectively.

4.2. Test (Re-Identification)

In the testing phase, given a probe video and candidate video set, the test of the pedestrian
re-identification algorithm is compared the distance between the probe video and each the videos in
the candidate video set. Therefore, our goal is to calculate and rank the distances between the person’s
features. In our work, as shown in Figure 6, we use Euclidean distance to express the similarity of
persons. For the final appearance feature vectors (FT

i and FT
j ) and temporal feature vectors (Fo

i and Fo
j ),

the independent Euclidean distances are calculated as follows

dT = ‖FT
i − FT

j ‖, (11)

do = ‖Fo
i − Fo

j ‖, (12)

where dT and do represent the distance of appearance features and the distance of temporal features,
respectively. Finally, the weighting merges the above distances and sorts them:

d = ∂TdT + ∂odo, (13)

where d is the joint distance between persons. The data selection principle for training phase and
testing phase is specified in Section 5.1.3.

5. Experiments

In this section, we evaluated the proposed architecture of the three video datasets. The first part
of our experimental work was mainly to compare experiments with other algorithms, and the other
part was to verify the effectiveness of some factors in the proposed method.

5.1. ExperimentalSetup

5.1.1. Datasets

The details of the three datasets are as follows, and Table 2 and Figure 7 show the basic information
and some person samples, respectively.

Table 2. Detailed information of the experimental datasets.

Dataset Persons Cameras Videos Resolution Evaluation

PRID-2011 385/749 2 400 64 × 128 CMC
iLIDS-VID 300 2 600 64 × 128 CMC

MARS 1261 6 20,478 128 × 256 CMC & mAP

The PRID-2011 dataset [12] is composed of images captured by two cameras (A and B) from
outdoor non-overlapping perspectives. There are 385 identities and 749 identities in cameras A and B,
respectively, and 200 persons with the same identity under both cameras. Note that there are 400 video
sequences for 200 subjects. The video sequence length of each pedestrian is between 5 and 675 frames.
The design peculiarity of this dataset is the challenges of persons with simple background interference,
less occlusions, and lighting variations.

The iLIDS-VID dataset [13] consists of 600 video sequences of 300 identities, also captured from
two non-overlapping cameras view. Each video sequence of the dataset is between 23 and 192 frames in
length. The challenges of this dataset include camera-view changes, illumination variations, complex
cluttered background, and serious occlusions.
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The MARS dataset [14] is a relatively new video person Re-ID dataset. The dataset is derived from
an extension of the Market1501 dataset [37] with 1261 pedestrians and 20,478 tracklets. These tracklets
were captured by six cameras and collected using a DPM detector [38] and a GMMCP tracker [39].
Furthermore, there are 3278 distracted tracklets in the dataset due to false detection and association.

 
Figure 7. Some samples of persons from different camera-views in three public datasets, including
the PRID-2011 dataset, the iLIDS-VID dataset and the Motion Analysis and Re-identification
Set(MARS) dataset.

5.1.2. Evaluation Protocol

In order to evaluate the effectiveness of the person Re-ID algorithm, we adopted the cumulative
matching characteristic (CMC) curve [40] and the mean average precision (mAP) [14] as evaluation
criteria. The CMC value refers to the expectation of a correct match in the rank-k (%) position.
The CMC curve refers to the curve of correct match results in the rank-k (%). The mAP considers
both the precision and recall of multiple same persons in a gallery. For the PRID-2011 dataset and
iLIDS-VID dataset, we used the CMC value to evaluate the performance of the algorithm. For the
MARS dataset, both CMC curve and mAP were adopted. The experimental results were the average
values after ten random experiments.

5.1.3. Implementation Details

In terms of data preparation, we followed an experimental data selection principle similar to
the literature [13] on the PRID-2011 dataset and the iLIDS-VID dataset. Specifically, we used the
177 persons out of 354 videos from the camera A and B on the PRID-2011 dataset. On the iLIDS-VID
dataset, we used the 400 videos of 200 persons for the experiment. Similarly, we randomly selected the
videos from one camera-view for the training samples, and other videos from the other camera-view
for testing. Finally, for the MARS dataset, we followed the experimental data selection principle as
described in the literature [14]. The dataset was divided into 625 persons for training, and the rest
of the persons for testing. In addition, since we consider the pairwise input of the Siamese network,
the person’s videos in the training set were randomly combined into positive sample pairs and negative

521



Sensors 2018, 18, 3669

sample pairs. The sequence length on the three datasets was set to 16, as in the literature [11]. In cases
where the person sequence was shorter than 16, we use the entire sequence.

In terms of architecture parameter settings, our experiments were conducted under the Caffe [41]
deep learning framework. When we trained the deployed network architecture on the deep learning
framework, some necessary training parameters needed to be set: initial learning rate was set to 0.0001,
the momentum to 0.9, max iterations to 30,000, and the learning rate decline policy was “inv”. Then,
the M (margin value of the Siamese network) was set to 2. Lastly, the optimization method during
training was the stochastic gradient descent method.

5.2. Comparative Experiment

In order to verify the performance of the proposed architecture on the PRID-2011 dataset,
iLIDS-VID dataset, and MARS dataset, we established a comparative experiment to compare our
video-based person Re-ID architecture with other state-of-the-art algorithms.

5.2.1. Results on PRID-2011 Dataset

For the PRID-2011dataset, we compared the performance of our proposed architecture with
eleven state-of-the-art methods, including DVR [2], DVDL [42], STFV3D [3], RMLLC-SLF [43], TDL [4],
RFA [44], CNN-RNN [5], CNN-BRNN [9], CRF [10], ASTPN [22], TSSCN [11], and TAM-SRM [45].
The experimental results in the CMC values are shown in Table 3. The black bold in Table 3 indicates
the highest correct recognition rate. Note that among these approaches, the first four methods are based
on the traditional person Re-ID method, and the remaining are based on deep learning algorithms.
As can be seen from Table 3, Rank-1, Rank-5, and Rank-20 of our proposed method reached 79%,
92%, and 99%, respectively. In the comparison methods, in addition to the TAM-SRM algorithm,
the Rank-1 recognition rate was improved compared to the rest of the algorithms. Concurrently,
our method was also 1% higher on Rank-1 than the similar TSSCN method. These results all show the
good performance of our proposed algorithm on the PRID-2011 dataset. Remarks, Figure 8 shows the
re-identification sorting results of some persons in the PRID-2011 dataset.

Table 3. Comparison experiment with two types of state-of-the-art algorithms for the PRID-2011
dataset in terms of CMC values.

PRID-2011 Dataset

Category Methods Rank-1 Rank-5 Rank-20

Traditional

DVR 40 72 92
DVDL 40 70 86

STFV3D 42 72 92
RMLLC-SLF 50 78 97

TDL 57 80 94

Deep Learning

RFA 58 86 98
CNN-RNN 65 90 97

CNN-BRNN 72 92 98
CRF 77 93 98

ASTPN 77 95 99
TSSCN 78 94 99

TAM-SRM 79 94 99
Our 79 92 99
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Figure 8. The re-identification results of some people in the proposed architecture in the PRID-2011
dataset. The first column in the figure represents the probe video. The second column is the result of
sorting the top ten with the distances, where the green boxes indicate the first and the same person,
and the red boxes are the wrong match.

5.2.2. Results on iLIDS-VID Dataset

For the iLIDS-VID dataset, the comparison method we used was consistent with the experiment
on the PRID-2011 dataset. The experimental results are shown in Table 4, the black bold indicates the
best recognition rate. Rank-1, Rank-5, and Rank-20 of our method on the iLIDS-VID dataset reached
59%, 82%, and 96%, respectively. Compared to the comparison method, our method had a slight gap
with the CRF method, the TSSCN method, and the ASTPN method. Our analysis considered that the
number of training samples in the dataset was small, and the challenges were complex, including
background interference and severe occlusion.

Table 4. Comparison experiment with two types of state-of-the-art algorithms for theiLIDS-VID dataset
in terms of CMC values.

iLIDS-VID Dataset

Category Methods Rank-1 Rank-5 Rank-20

Traditional

DVR 40 61 82
DVDL 26 48 69

STFV3D 37 64 87
RMLLC-SLF 59 85 96

TDL 56 88 98

Deep Learning

RFA 49 76 90
CNN-RNN 65 90 97

CNN-BRNN 55 85 95
CRF 61 85 97

ASTPN 62 86 98
TSSCN 60 86 97

TAM-SRM 55 87 97
Our 59 82 96
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5.2.3. Results on MARS Dataset

The MARS dataset is a large-scale dataset for video-based person Re-ID; we compared our method
with six state-of-the-art methods, including the ASIPN [22], CAR [29], Zheng et al. [14], CRF [10],
TAM-SRM [45], and Li et al. [46]. The experimental results are shown in Table 5 and Figure 9, and the
bold black indicates the highest recognition rate. Rank-1, Rank-5, and Rank-20 of our method for the
MARS dataset reached 73%, 91%, and 97%, respectively. In the comparative method, the framework
proposed in this paper outperformed the TAM-SRM method by 2% and 1% on Rank-1 and Rank-5,
respectively. Simultaneously, our method was also superior to the method of Zheng et al. [14] and the
TAM-SRM algorithm in terms of the mAP evaluation criterion. The above results indicate that our
architecture had good performance on the MARS dataset. In particular, the method of Li et al. [46]
obviously outperformed the proposed algorithm by a large margin. The method of Li et al. [46]
takes full advantage of the labeled information of the pretrained model on image-based person
re-identification datasets to train. The results provide evidence that we can improve the training ability
of video-based person re-identification models by using labeled information on image-based datasets.

Table 5. Comparison experiment with other state-of-the-art algorithms on the MARS dataset in terms
of CMC values and mean average precision (mAP).

MARS Dataset

Methods Rank-1 Rank-5 Rank-20 mAP

ASTPN 44 70 81 -
CAR 56 70 80 -

Zheng et al. 68 83 89 49.3
CRF 71 89 96 -

TAM-SRM 71 90 98 50.7
Li et al. 82 - - 65.8

Our 73 91 97 52.4

Figure 9. Experimental results of the comparison with other state-of-the-art algorithms for the MARS
dataset in term of the CMC curve. Because the work of Li et al. [46] only reported the Rank-1 value,
their results cannot be drawn as a curve.

5.3. Verification Experiment ofKey Components

In this section, we performed in-depth experiments on the PRID-2011 dataset to verify the
effectiveness of four key components, including the pivotal frame’s number, the different Inception-V3
structure and network, the different weights with two-stream architecture, and the independent
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effectiveness of each stream feature’s sub-structure. The specific experimental results and analysis are
as follows. Note that, when we verified the effectiveness of one component, the other two components
were kept unchanged. Therefore, we changed this component to conduct the verification experiment.

5.3.1. Effectiveness of the Pivotal Frame’s Number

As shown in the experimental results of the first to third rows in Table 6, the selection of different
numbers of pivotal frames yielded different recognition rates. We can observe that when the number of
pivotal frames equals 2, N = 2, the best performance and recognition rates were achieved. Note that we
ensured that the other two components were “Our (Inception-V3-5c)” and “Our (∂T = 0.7, ∂o = 0.3)”
when we completed the experiment. The experimental results also show that the number of pivotal
frames is an important factor in the appearance feature substructure of our proposed. Simultaneously,
pivotal frames also help the TAF model get better appearance feature. For the effectiveness of the
pivotal frame’s number, considering the complete appearance feature sub-structure, the increase in the
number of pivotal frames is only the repeated accumulation of the two walking postures of a person.
Minor changes in the appearance of the person are likely to cause the fitting of the global feature
representation on the deep Inception-V3 network, and the increase in the number of pivotal frames
may increase the likelihood of similar poses between different persons.

Table 6. Verification experiment results for the pivotal frame’s number for the PRID-2011 dataset in
terms of CMC values.

PRID-2011 Dataset

Methods Rank-1 Rank-5 Rank-20

Our (N = 2) 79 92 99
Our (N = 4) 72 90 96
Our (N = 6) 73 85 92
Our (N = 8) 73 89 93

5.3.2. Effectiveness of the Different Inception-V3 Structures and Different Network

In order to verify that the Inception-V3 network can extract distinguishing features for pivotal
frames, we compared different Inception-V3 structures with the Res-Net (50) network [33]. Comparing
the results of lines 1–4 in Table 7 we can see that using the Inception-V3 network to perform
the extraction of appearance features consistently improves the matching performance. Note that
“Inception-V3-3c”, “Inception-V3-4e”, and “Inception-V3-5c” refer to the outputs of the “3c”, “4e”,
and “5c” modules in the Inception-V3 network, respectively. In particular, the "Inception-V3-5c"
structure in the Inception-V3 network performed better than the rest of structure, with improvements
of approximately 14% and 8% on Rank-1, respectively. These results verify that the “Inception-V3-5c”
structure can learn a rich global appearance feature and effectively improve the person Re-ID
recognition rate.

Table 7. Verification experiment results for the different Inception-V3 structures and different networks
on the PRID-2011 dataset in terms of CMC values.

PRID-2011 Dataset

Methods Rank-1 Rank-5 Rank-20

Res-Net (50) 66 82 90
Our(Inception-V3-3c) 65 85 95
Our(Inception-V3-4e) 71 88 95
Our(Inception-V3-5c) 79 92 99
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5.3.3. Effectiveness of the Different Weights with Two-Stream Architecture

In the hybrid end-to-end learning architecture, the appearance features and temporal features
of persons can be extracted separately. In order to verify the importance of each stream feature
structure, from the 1 to 5 rows in Table 8, we performed a verification experiment of two streams
networks with five different weights. It can be seen that when the weight is ∂T = 0.7, ∂o = 0.3,
the optimal result of our architecture was 79% for Rank-1. Note that when there was no temporal
feature (OTF) sub-structure, the Rank-1 recognition rate was 70%. After adding the temporal feature
(OTF) sub-structure, the recognition rate was significantly improved. The experimental results prove
that the temporal features of the OTF model are beneficial to the method proposed in video-based
person Re-ID.

Table 8. Verification experiment results for the different weights with the two-stream architecture on
the PRID-2011 dataset in terms of CMC values.

PRID-2011 Dataset

Methods Rank-1 Rank-5 Rank-20

Our(∂T = 0.5, ∂o = 0.5) 73 88 95
Our(∂T = 0.6, ∂o = 0.4) 76 93 97
Our(∂T = 0.7, ∂o = 0.3) 79 92 99
Our(∂T = 0.8, ∂o = 0.2) 77 92 97

Our(∂T = 1, ∂o = 0) 70 86 93

5.3.4. Independent Effectiveness of Each Stream Feature Substructure

In this subsection, we performed a comparison experiment on the PRID-2011 dataset to verify the
independent effectiveness of each stream feature’s sub-structure. From rows 1 to 5 in Table 9, we chose
the independent feature substructure (TAF sub-structure and OTF sub-structure) to be compared with
related algorithms, including CNN-RNN [5], CNN-BRNN [9], and CRF [10]. The results showed
that the TAF sub-structure reaches 70%, 88%, and 95% on Rank-1, Rank-5, and Rank-20, respectively.
Compared with the three other algorithms, the results of the independent TAF sub-structure were better
than the CNN-RNN algorithm, and lower than the other two algorithms. For the independent OTF
sub-structure, the Rank-1, Rank-5, and Rank-20 reached 57%, 74%, and 89%, respectively. However,
the results of the OTF structure were lower than results of the other three algorithms. Among the three
algorithms, they all use appearance feature information and temporal feature information to represent
the person.

Table 9. Verification experiment results for the independent effectiveness of each stream feature
substructure on the PRID-2011 dataset in terms of CMC values.

PRID-2011 Dataset

Methods Rank-1 Rank-5 Rank-20

Our (∂T = 1, ∂o = 0) 70 86 93
Our (∂T = 0, ∂o = 1) 57 74 89

CNN-RNN 65 90 97
CNN-BRNN 72 92 98

CRF 77 93 98

6. Conclusions

In this paper, we proposed a hybrid end-to-end deep learning architecture for video-based
person re-identification. The architecture consists of the two-stream hybrid feature structure and two
Siamese networks. The two-stream hybrid deep feature structure includes the Two-branch Appearance
Feature sub-structure and the Optical flow Temporal Feature sub-structure, which can separately
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learn appearance and temporal information. For the video-based person re-identification, our method
showed, in a large number of experiments on three datasets, that separate feature structures were
superior in their ability to learn appearance features and temporal features, as well as the independent
distances of different modal features. In future, we will add semantic features to enrich the feature
learning model and improve the loss function to optimize the distance metric.
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Abstract: The recent advancements in computer vision have opened new horizons for deploying
biometric recognition algorithms in mobile and handheld devices. Similarly, iris recognition is now
much needed in unconstraint scenarios with accuracy. These environments make the acquired
iris image exhibit occlusion, low resolution, blur, unusual glint, ghost effect, and off-angles.
The prevailing segmentation algorithms cannot cope with these constraints. In addition, owing to the
unavailability of near-infrared (NIR) light, iris recognition in visible light environment makes the iris
segmentation challenging with the noise of visible light. Deep learning with convolutional neural
networks (CNN) has brought a considerable breakthrough in various applications. To address the iris
segmentation issues in challenging situations by visible light and near-infrared light camera sensors,
this paper proposes a densely connected fully convolutional network (IrisDenseNet), which can
determine the true iris boundary even with inferior-quality images by using better information
gradient flow between the dense blocks. In the experiments conducted, five datasets of visible light
and NIR environments were used. For visible light environment, noisy iris challenge evaluation
part-II (NICE-II selected from UBIRIS.v2 database) and mobile iris challenge evaluation (MICHE-I)
datasets were used. For NIR environment, the institute of automation, Chinese academy of sciences
(CASIA) v4.0 interval, CASIA v4.0 distance, and IIT Delhi v1.0 iris datasets were used. Experimental
results showed the optimal segmentation of the proposed IrisDenseNet and its excellent performance
over existing algorithms for all five datasets.

Keywords: iris recognition; iris segmentation; semantic segmentation; convolutional neural network
(CNN); visible light and near-infrared light camera sensors

1. Introduction

In the last two decades, biometrics have been completely incorporated into our daily life. Owing to
research efforts, biometrics are now adopted to various applications such as person authentication
and identification at airports or in national databases. Biometrics in both physiological and behavioral
forms are delivering an efficient platform for security metrics [1]. Physiological biometrics include
fingerprint recognition [2], finger vein pattern recognition [3], face recognition [4], iris recognition [5],
and palmprint recognition [6]. Iris recognition has been proven as innovative reliable biometric widely
used in security, authentication, and identification systems [7].

Iris recognition shares the following advantages of secure biometrics: iris features are unique
even in the case of twins, left eye iris features of an individual are different from right eye iris features,
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iris features are naturally complex to be created artificially, and iris features are permanent and remain
same throughout a human’s lifespan [8].

Innovative research in iris recognition is related to iris applications in mobile and handheld devices.
To provide reasonable security to mobile devices, iris patterns are being used to replace passwords
or lock-patterns, which makes the device more user-friendly and convenient. Currently, mobile and
handheld devices are mainly secured with fingerprint security, but there have been spoofing cases and
it is inconvenient to develop separate fingerprint scan hardware in the smart device and rather easy
to implement an iris-based system using a frontal camera [9]. For individuals working in intensive
security departments, usage of personal digital assistant (PDA) and notepads is much needed, but this
essential hardware lacks a security mechanism, which might lead to fraudulent usage. Therefore,
building light algorithms that can be efficiently used with mobile devices is a new-era requirement [10].
The major challenge here is to achieve high performance on a mobile platform because of limitation of
space, power, and cost of the system. In conclusion, each stage of iris recognition should be designed
such that it reduces process time with improved reliability of recognition with less user cooperation in
different light environments [11].

Most iris recognition systems consist of five elementary steps: iris image acquisition,
pre-processing, iris boundary segmentation, iris feature extraction, and matching for authentication or
identification. The acquired image is pre-processed to eliminate the noise captured in the first step.
Then, in the third step, iris boundaries are segmented using various algorithms to extract the iris from
the image. In the fourth step, the iris features are extracted from the segmented image, and usually,
a code is generated with the template using the encoding scheme. Finally, in the last step, the codes are
matched for user authentication or identification [12].

Why Is Iris Segmentation Important?

There are two types of image acquisition environments: ideal and non-ideal. In ideal environments,
the iris area is not affected by eyelids and eyelashes, and images are under ideal light conditions.
Therefore, recognition rates are high and conventional methods can perform well. On the other
hand, in non-ideal environments, the images contain blurs, off-angles, non-uniform light intensities,
and obstructions. Therefore, in both ideal and non-ideal environments, a real iris boundary without
occlusion is required for better error-free features, so a segmentation algorithm is needed to separate
each type of noise from the iris image and provide a real iris boundary even in non-ideal situations [13].
A good segmentation algorithm significantly affects the accuracy of the overall iris recognition system
and can handle errors generated by occlusions of eyelashes, motion blurs, off-angle irises, specular
reflections, standoff distances, eyeglasses, and poor illuminations [14]. Previous research showed
that the error generated in the iris segmentation stage is propagated in all subsequent stages of
recognition [15]. Proenca et al. analyzed 5000 images of UBRIS, CASIA, and ICE databases, and
concluded that the incorrect segmentation in horizontal and vertical directions affects the recognition
errors [16].

2. Related Work

The present schemes for iris segmentation can be categorized into five main implementation
approaches: iris circular boundary detection without eyelid and eyelash detection, iris circular
boundary detection with eyelid and eyelash detection, active contour-based iris segmentation, region
growing and watershed-based iris segmentation, and finally, the most elegant, deep-learning-based
iris segmentation.

2.1. Iris Circular Boundary Detection without Eyelid and Eyelash Detection

These methods are usually developed for ideal environments and consider the iris and pupil as
a circle and do not deal with occlusions. Hough transform (HT) detects a circular iris boundary in
iris images, and determines the circularity of the objects based on edge-map voting considering the
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given limits of the iris or pupil radii, well known as Wilde’s method [17]. Many variants of Daugman’s
method using iris circular boundary detection have been developed [18]. Khan et al. proposed a
gradient-based method in which 1-D profile lines were drawn on the iris boundary, the gradient was
computed on each profile line, and the maximum change represented the iris boundary [19]. Ibrahim
et al. used a two-stage method for a pupillary boundary circular moving window accompanied by
probability, where the iris boundary was detected using the gradient on rows with the pupil [20].
Huang et al. used radial suppression-based edge detection and thresholding to detect the iris circular
boundary [21]. Jan et al. used pre-processing for specular reflection and detected the boundaries
using HT assisted by gray-level statistics, thresholding, and geometrical transforms [22]. Ibrahim et al.
proposed an automatic pupil and iris localization method in which the pupillary boundary was
detected by automatic adaptive thresholding and the iris boundary was detected by the first derivative
of each row with the pupil [23]. Umer et al. first found the iris inner boundary based on restricted
HT. For finding the outer iris boundary, inversion transform, image smoothing, and binarization were
performed, and finally, restricted HT was computed for finding the external boundary [24].

2.2. Iris Circular Boundary Detection with Eyelid and Eyelash Detection

In this sub-section, we explain the conventional methods which initially compute the iris as a
circular object but try to approximate the real iris boundary by using other methods such as eyelash
and eyelid detection. Daugman adopted the integro-differential operator to approximate the iris
circular boundaries, and detected the eyelid with eyelash by using an additional algorithm [25].
Jeong et al. proposed an effective approach using two circular edge detector in combination with
AdaBoost for inner and outer iris boundary detection. To reduce the error, eyelid and eyelash
detection was performed [26]. Parikh et al. first found the iris boundary based on color-clustering.
To deal with off-angle iris images, he detected two circular boundaries from both right and left of
the iris, where the overlapped area of these two boundaries represented the outer iris boundary [27].
Pundlik et al. used the graph cut-based approach for iris segmentation in non-ideal cases, where the
eyelashes were separated from the images by image texture using a Markov random field. A energy
minimization scheme based on a graph cut was used to segment the iris, pupil, and eyelashes [28].
Zuo et al. proposed a method of non-ideal iris segmentation where non-ideal factors such as off-angle,
blur, contrast, and unbalanced illumination were detected and compensated for each eye separately.
Both pupillary and iris boundaries were detected by a rotated ellipse fitting in combination with
occlusion detection [29]. Hu et al. proposed a novel method for color iris segmentation based on
the fusion strategy using three models and by choosing the best strategy automatically, where limbic
boundaries were segmented using Daugman’s integrodifferential operator with high-score fitting
based on the iris center [30].

2.3. Active Contours for Iris Segmentation

Active contours are a step toward detecting the real boundary. Shah et al. used the geodesic
active contour-based approach to extract the iris contour from the surrounding structures. Because
the active contour can assume shapes and segment multiple objects, iteratively fashioned boundaries
of the iris are found by the guidance of global and local properties of the image [31]. Koh et al. used
the combination of active contour and HT to locate the outer and inner iris boundaries for non-ideal
situations [32]. Abdullah et al. proposed an accurate and fast method for segmenting the iris boundary
by using Chan–Vese active contour and morphology [33]. They proposed an active contour-based
fusion technique with shrinking and expanding iterations. A pressure force applied to the active
contour model was used to make the method robust. The non-circular iris normalization technique
was adopted as a new closed eye detection method [34].
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2.4. Region Growing/Watershed-Based Iris Segmentation Methods

These types of method are similar to those used for detecting the true iris boundary. Tan et al.
proposed a region growing-based approach. After the rough iris and non-iris boundaries are
found, a novel integro-differential constellation is constructed with a clustered region growing
algorithm. For accurate detection of inner and outer iris boundaries, eight-neighbor connection
and point-to-region distance were evaluated [35]. Patel et al. proposed a region growing of pupil circle
and the method based on binary integrated curve of intensity to reduce the difficulties created by
non-ideal segmentation conditions. The approach avoided the eyelid portion, and hence, was close to
the real boundary [36]. Abate et al. proposed an iris segmentation method for the images captured
in visible light on mobile devices. To detect the iris boundary in a noisy environment, he used a
watershed transform named watershed-based iris detection (BIRD). The watershed algorithm is a
growing process performed generally on the gradient image. To reduce the number of watershed
regions, the seed selection process is used [37].

2.5. CNN for Iris Segmentation

To solve the problems of previous methods and lessen the computational burden of pre-
and post-processing, convolutional neural network (CNN)-based iris segmentation is proposed.
CNN provides a strong platform for segmentation tasks such as brain tumor segmented using several
kernels [38]. So far, iris segmentation has been rarely researched using CNN whereas it is mostly used
for iris recognition purposes. Ahuja et al. proposed two convolution-based model to verify a pair
of periocular images including the iris patterns [39]. Zhao et al. proposed a new semantic-assisted
convolutional neural network (SCNNs) to match the periocular images [40]. Al-waisy et al. proposed
an efficient real-time multimodal biometric system for iris detection [41]. Gangwar et al. proposed
DeepIrisNet for cross-sensor iris recognition [42]. Lee et al. proposed a method for iris and periocular
recognition based on three CNNs [43].

Considering the iris segmentation, Liu et al. proposed two modalities using fully convolutional
networks (FCNs), where multi-scale FCNs (MFCNs) and hierarchical CNNs (HCNNs) were used to find
the iris boundaries in non-cooperative environments without using handcrafted features [44]. Arsalan
et al. used a two-stage deep-learning-based method to identify the true iris boundary, and modified HT
to detect a rough iris boundary, which is provided to the second stage, which utilizes the deep learning
model to identify the 21 × 21 mask as an iris or non-iris pixel [45]. As CNN-based segmentation
schemes require considerable labeled data, Jalilian et al. proposed a new domain adaption method for
CNN training with a few training data [46]. These schemes have better accuracies compared to the
previous methods, but the accuracy of iris segmentation can be further enhanced.

To address the issues of accurate segmentation without prior pre-processing and to develop a
robust scheme for all types of environments, this study presents a densely connected fully convolutional
network (IrisDenseNet)-based approach to detect an accurate iris boundary with better information
gradient flow due to dense connectivity.

Table 1 shows a comparison between prevailing methods and the proposed IrisDenseNet.
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Table 1. Comparisons between the proposed and existing methods for iris segmentation.

Type Methods Strength Weakness

Iris circular boundary
detection without eyelid and

eyelash detection

Iris localization by
circular HT [17,22,24] These methods show a

good estimation of the
iris region in ideal cases

These types of methods
are not very accurate for
non-ideal cases or visible
light environments

Integro-differential
operator [18]

Iris localization by
gradient on iris-sclera
boundary points [19]

A new idea to use a
gradient to locate
iris boundary

The gradient is affected
by eyelashes and true iris
boundary is not found

The two-stage method
with circular moving
window [20]

Pupil based on dark
color approximated
simply by probability

Calculating gradient in
a search way is
time-consuming

Radial
suppression-based edge
detection and
thresholding [21]

Radial suppression
makes the case simpler
for the iris edges

In non-ideal cases,
the edges are not fine to
estimate the boundaries

Adaptive thresholding
and first
derivative-based iris
localization [23]

Simple way to obtain the
boundary based on the
gray level in ideal cases

One threshold cannot
guarantee good results in
all cases

Iris circular boundary
detection with eyelid and

eyelash detection

Two-circular edge
detector assisted with
AdaBoost eye
detector [26]

Closed eye, eyelash and
eyelid detection is
executed to reduce error

The method is affected
by pupil/eyelid
detection error

Curve fitting and color
clustering [27]

Upper and lower eyelid
detections are performed
to reduce the error

The empirical threshold
is set for eyelid and
eyelash detection,
and still true boundary is
not found

Graph-cut-based
approach for iris
segmentation [28]

Eyelashes are removed
using Markov random
field to reduce error

A separate method for
each eyelash, pupil,
iris detection is
time-consuming

Rotated ellipse fitting
method combined with
occlusion detection [29]

Ellipse fitting gives a
good approximation for
the iris with
reduced error

Still, the iris and other
boundaries are
considered as circular

Three model
fusion-based method
assisted with Daugman’s
method [30]

Simple integral
derivative as a base for
iris boundaries is a quite
simple way

High-score fitting is
sensitive in ideal cases,
and can be disturbed by
similar RGB pixels in
the image

Active contour-based methods

Geodesic active contours,
Chan–Vese and new
pressure force active
contours [31–34]

These methods
iteratively approximate
the true boundaries in
non-ideal situations

In these methods,
many iterations are
required for accuracy,
which takes much
processing time

Region growing and
watershed methods

Region growing with
integro-differential
constellation [35]

Both iris and non-iris
regions are identified
along with reflection
removal to reduce error

The rough boundary is
found first and then a
boundary refinement
process is
performed separately

Region growing with
binary integrated
intensity curve-based
method [36]

Eyelash and eyelid
detection is performed
along with iris
segmentation

The region growing
process starts with the
pupil circle, so the case
of visible light images
where the pupil is not
clear can cause errors

Watershed BIRD with
seed selection [37]

Limbus boundary
detection is performed to
separate sclera,
eyelashes, and eyelid
pixels from iris

Watershed transform
shares the disadvantage
of over-segmentation,
so circle fitting is
used further
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Table 1. Cont.

Type Methods Strength Weakness

Deep-learning-based methods

HCNNs and MFCNs [44]

This approach shows the
lower error than existing
methods for
non-ideal cases

The similar parts to iris
regions can be incorrectly
detected as iris points

Two-stage iris
segmentation method
using deep learning and
modified HT [45]

Better accuracy due to
CNN, which is just
applied inside the ROI
defined in the first stage

Millions of
21 × 21 images are
needed for CNN training
and pre-processing
required to improve
the image

IrisDenseNet for
iris segmentation
(Proposed Method)

Accurately find the iris
boundaries without
pre-processing with
better information
gradient flow.
With robustness for
high-frequency areas
such as eyelashes and
ghost regions

Due to dense
connectivity,
the mini-batch size
should be kept low
owing to more time
required for training

3. Contribution

This study focuses on an iris image of low quality in non-cooperative scenarios where
segmentation is quite difficult with the existing methods. The proposed IrisDenseNet accurately
identifies the iris boundary even in low qualified iris images, such as side views, glasses, off-angle eye
images, rotated eyes, non-uniform specular reflection, and partially opened eyes. Following are the
five novelties of this study:

- IrisDenseNet is an end-to-end segmentation network that uses the complete image without
prior pre-processing or other conventional image processing techniques with the best
information gradient flow, which prevents the network from overfitting and vanishing
gradient problem.

- This study clarifies the power of dense connectivity with a visual difference between the output
feature maps from the convolutional layers for dense connectivity and normal connectivity.

- IrisDenseNet is tested with noisy iris challenge evaluation part-II (NICE-II) and various other
datasets, which include both visible light and NIR light environments of both color and
greyscale images.

- IrisDenseNet is more robust for accurately segmenting the high-frequency areas such as the
eyelashes and ghost region present in the iris area.

- To achieve fair comparisons with other studies, our trained IrisDenseNet models with the
algorithms are made publicly available through [47].

4. Proposed Method

4.1. Overview of the Proposed Architecture

Figure 1 shows the overall flowchart of the proposed IrisDenseNet for iris end-to-end
segmentation. The input image is given to the IrisDenseNet fully convolutional network without any
pre-processing. The network applies the convolutions and up-sampling via pooling indices, and on
the basis of learning, provides semantic segmentation mask for a true iris boundary. Figure 2 shows
an overview of the proposed IrisDenseNet model for iris segmentation with dense connectivity.
The network has two main parts: densely connected encoder and SegNet decoder. In Figure 2,
convolutional layers (Conv), batch normalization (BN) and rectified linear unit (ReLU) indicate a
convolution layer, a batch normalization layer, and a rectified liner unit layer, respectively. To ensure
the information flow between the network layers, dense connectivity is introduced by the direct
connections from any layer to all subsequent layers in a dense block. In this study, overall, five dense
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blocks are used, which are separated by transition layers (a combination of Conv 1 × 1 and
max-pool layers).

 

Figure 1. Flowchart of the proposed method.

4.2. Iris Segmentation Using IrisDenseNet

In the last decade, CNN has been proved as the most powerful tool for image-related tasks using
deep learning. CNN delivers good performances in computer vision applications such as human
detection [48], open and close eye detection [49], gender recognition [50], pedestrian detection [51],
banknote classification [52], appearance-based gaze estimation [53], and object detection using faster
R-CNN [54]; more CNN applications can be found in [55].

To ensure the reliability and accuracy of CNNs, this paper proposes a combination of two
foundation methods: (i) densely connected convolutional networks with strengthening feature
propagation (DenseNet) [56] and (ii) SegNet [57] deep convolutional encoder–decoder network. SegNet
is a practical fully convolutional network for pixel-wise semantic segmentation, which uses the encoder
of a 13-layered VGG16 identical core network with fully connected layers removed. The decoder
up-samples the low-resolution input feature maps with pooling indices. In our study, we use the
SegNet-Basic decoder. SegNet uses a VGG16 identical network owing to the drawback of overfitting
and vanishing gradient. Densely connected convolutional network (DenseNet) [56] is proved to
be more robust than VGG-net [58] with better information gradient flow due to dense connectivity.
In DenseNet, each convolutional layer is connected to all convolutional layers in a feed-forward
fashion, which is very useful for strengthening the feature propagation in the subsequent layers in a
dense block, as shown in Figure 2.

 

Figure 2. Overview of the proposed method.

537



Sensors 2018, 18, 1501

Through this connectivity, IrisDenseNet exploits the network potential through the feature reused
from the previous layer, which results in enhanced efficiency. Direct connection is basically the feature
concatenation achieved by concatenation layers with multiple inputs and one output. Figure 3 shows
one dense block separately, and includes the basic convolutional layers (Conv), batch normalization
(BN) and rectified linear unit (ReLU), which includes the connections of the layers via concatenation.
The pooling indices that are provided after each dense block by max-pooling in the transition layer
in the decoder part are shown in Figure 4. These pooling indices are used to un-pool and up-sample
for pixel-wise semantic segmentation of iris and non-iris boundaries. The IrisDenseNet encoder and
decoder are explained in detail in Sections 4.2.1 and 4.2.2, respectively.

Figure 3. Dense connectivity within the dense block by feature concatenation.

4.2.1. IrisDenseNet Dense Encoder

Owing to the advantages of dense connectivity explained in Section 4.2, this study is based on a
densely connected encoder in which five dense blocks are used to improve the performance. Finally,
with the SegNet decoder (described in Section 4.2.2), a densely connected convolutional network for iris
segmentation (IrisDenseNet) is created. The IrisDenseNet dense encoder consists of 18 convolutional
layers, including five 1 × 1 Conv layers used as the bottleneck layer in transition layers after each
dense block, which is useful in reducing the number of input feature maps for computational efficiency.
Figure 4 shows the complete dense connectivity with the operation of transition layers. The transition
layers are basically a combination of Conv 1 × 1 and max-pooling, separate two adjacent dense blocks.
The IrisDenseNet have the following five key differences compared to DenseNet [56].

- DenseNet is using 3 dense blocks for CIFAR and SVHN datasets and 4 dense blocks for
ImageNet classification whereas IrisDenseNet uses 5 dense blocks for each dataset.

- In DenseNet, all dense blocks have four convolutional layers [56], whereas IrisDenseNet has
two convolutional layers in the first two dense blocks and 3 convolutional layers for the
remaining dense blocks.

- In IrisDenseNet, the pooling indices after each dense block are directly fed to the respective
decoder block for the reverse operation of sampling.

- In DenseNet, fully connected layers are used for classification purpose, but in order to make
the IrisDenseNet fully convolutional, the fully connected layers are not used.

- In DenseNet, the global average pooling is used in the end of the network whereas
in IrisDenseNet, global average pooling is not used to maintain the feature map for
decoder operation.

The dense connectivity has following advantages over simple connections:

- It substantially reduces the vanishing gradient problem in CNNs, which increases the
network stability.
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- Dense connectivity in the encoder strengthens the features flowing through the network.
- It encourages the feature to be reused due to direct connectivity, so the learned features are

much stronger than those of normal connectivity.

A detailed layer-wise structure is provided in Table 2 for better understanding, which shows
that in a dense block, due to feature map concatenation, the output feature size for all layers in a
corresponding dense block always remains the same, which guarantees strong features. As shown in
Figure 4, the features through the red and half-circle lines (including arrows) in each dense block are
concatenated with the output features of convolution layer, and this concatenation layer is implemented
by depthConcatenationLayer() function. In details, there are two concatenation layers in each dense
blocks 3, 4, and 5. For example, the first concatenation layer (Cat-3 of Table 2) obtains the output
features by concatenating the output features of the 1st convolution layer (Conv-3_1 of Table 2) with
the output features of the 2nd convolution layer (Conv-3_2 of Table 2). The second concatenation
layer (Cat-4 of Table 2) obtains the output features by concatenating the output features of the first
concatenation layer (Cat-3 of Table 2) with the output features of the 3rd convolution layer (Conv-3_3
of Table 2). Same procedure is applied to dense blocks 4 and 5, also.

Table 2. IrisDenseNet connectivity and output feature map size of each dense block (Conv, BN,
and ReLU represent convolutional layer, batch normalization layer, and rectified linear unit layer,
respectively. Cat, B-Conv, and Pool indicate concatenation layer, bottleneck convolution layer,
and pooling layer, respectively) (Here, dense blocks 1 and 2 have the same number of convolution
layers, and dense blocks 3, 4, and 5 have the same number of convolution layers) (Convolutional
layers with “*” mean that these layers include BN and ReLU. Transition layers are a combination of
max-pooling and B-Conv)

Block Name/Size No. of Filters
Output Feature Map Size

(Width × Height × Number of Channel)

Dense Block-1

Conv-1_1*/3 × 3 × 3 64
300 × 400 × 64Conv-1_2*/3 × 3 × 64 64

Cat-1 - 300 × 400 × 128

Transition layer-1
B-Conv-1/1 × 1 64 300 × 400 × 64

Pool-1/2 × 2 - 150 × 200 × 64

Dense Block-2

Conv-2_1*/3 × 3 × 64 128
150 × 200 × 128Conv-2_2*/3 × 3 × 128 128

Cat-2 - 150 × 200 × 256

Transition layer-2
B-Conv-2/1 × 1 128 150 × 200 × 128

Pool-2/2 × 2 - 75 × 100 × 128

Dense Block-3

Conv-3_1*/3 × 3 × 128 256
75 × 100 × 256Conv-3_2*/3 × 3 × 256 256

Cat-3 - 75 × 100 × 512
Conv-3_3*/3 × 3 × 256 256 75 × 100 × 256

Cat-4 - 75 × 100 × 768

Transition layer-3
B-Conv-3/1 × 1 256 75 × 100 × 256

Pool-3/2 × 2 - 37 ×50 × 256

Dense Block-4

Conv-4_1*/3 × 3 × 256 512
37 ×50 × 512Conv-4_2*/3 × 3 × 512 512

Cat-5 - 37 ×50 × 1024
Conv-4_3*/3 × 3 × 512 512 37 ×50 × 512

Cat-6 - 37 ×50 × 1536

Transition layer-4
B-Conv-4/1 × 1 512 37 ×50 × 512

Pool-4/2 × 2 - 18 × 25 × 512

Dense Block-5

Conv-5_1*/3 × 3 × 512 512
18 × 25 × 512Conv-5_2*/3 × 3 × 512 512

Cat-7 - 18 × 25 × 1024
Conv-5_3*/3 × 3 × 512 512 18 × 25 × 512

Cat-8 - 18 × 25 × 1536

Transition layer-5
B-Conv-5/1 × 1 512 18 × 25 × 512

Pool-5/2 × 2 - 9 × 12 × 512
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4.2.2. IrisDenseNet Decoder

As described in Section 4.2.1, the SegNet-Basic decoder is used to up-sample the dense feature
provided by the dense encoder in this study. The decoder basically utilizes the pooling indices along
with dense features, and the feature maps are again passed through convolution filters for a reverse
process to the encoder to obtain the segmentation mask with same size as that of the input. In the
end, each pixel is classified by the soft-max function independently as iris or non-iris via the pixel
classification layer.

Figure 4 shows the overall dense encoder–decoder operation. Note that the decoder un-pools
and up-samples the pooling in reverse order. The dense features from the last dense block (Dense
block 5) relate to the first decoder layers, whereas those from the first dense block relate to the last
decoder layers. Table 2 shows that the output feature size is smallest with dense block 5 and largest
with dense block 1. Note that the decoder gets the pooling indices from the transition layers, which are
a combination of the 1 × 1 convolution layer and a max-pooling layer. The decoder is explained in
detail in [57].

 

Figure 4. Overall connectivity diagram of IrisDenseNet dense encoder–decoder.

5. Experimental Results

5.1. Experimental Data and Environment

In this study, the NICE-II dataset is used as iris images in visible light environment. The NICE-II
database is used for NICE-II competition for iris recognition [59], and consists of 1000 enormously
noisy iris images selected from the UBIRIS.v2 database. The database contains 400 × 300 pixel
images captured from a Canon EOS 5D camera of 171 classes walking 4–8 m away from the camera.
The database includes intruded difficulties such as motion blurs, eyelash and eyelid occlusions, glasses,
off-angles, non-uniform light illuminations, and partially captured iris images with irregular rotations.
The ground-truth images are publicly available with the database for comparison. In Figure 5, sample
images from the NICE-II database are shown with corresponding ground-truth images.
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Figure 5. Noisy iris challenge evaluation part-II (NICE-II) sample images with corresponding
ground truths.

In this study, half of the total NICE-II images are used for training and the remaining are used
for testing purposes based on two-fold cross-validation. To ensure the accuracy of the segmentation,
data augmentation is performed as described in Section 5.2. The training and testing of IrisDenseNet are
performed on Intel® Core™ i7-3770K CPU @ 3.50 GHz (4 cores) with 28 GB RAM and NVIDIA GeForce
GTX 1070 (1,920 Cuda cores) with graphics memory of 8 GB (NVIDIA, Santa Clara, CA, USA) [60]
using MATLAB R2017b [61]. We did not use any pretrained models of ResNet-50, Inception-v3,
GoogleNet, and DenseNet in our research. Instead, we implemented our IrisDenseNet by using
MATLAB functions. In addition, we performed the training our whole network of IrisDenseNet
(training from the scratch) with our experimental dataset.

5.2. Data Augmentation

In this study, semantic segmentation of the iris boundary using the full image is proposed, which is
much dependent on considerably large amount of image and ground-truth data. Owing to the limited
number of images, data augmentation is used to increase the volume of data for training. In this
study, each image of training data is augmented 12 times. The augmentation is performed in the
following ways:

- Cropping and resizing with interpolation
- Flipping the images only in horizontal direction
- Horizontal translation
- Vertical translation

5.3. IrisDenseNet Training

To segment the iris in a challenging situation, no pre-processing is performed for training.
If models that are very deep with the linearity of ReLU are used, the weight initialization with a
pre-trained model helps in convergence when training from scratch [62]. Using the same concept,
weights are initialized by VGG-16 trained on ImageNet [63] for better training. To train all datasets,
a fixed learning rate of 0.001 is used with stochastic gradient descent, which helps to reduce the
difference between the desired and calculated outputs by a gradient derivative [64] with a weight
decay of 0.0005.

IrisDenseNet is trained using 60 epochs. The mini-batch size is kept 4 with shuffling for the
NICE-II dataset. The cross-entropy loss proposed in [65] is used as an unbiased function to train the
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network, where the loss is calculated over all pixels that are available in a mini-batch acceding to
classes (iris and non-iris).

Considering the iris image from the NICE-II database in Figure 6a, the iris size is usually much
smaller than the non-iris areas, from which we can deduce that the number of non-iris pixels is much
larger than that of the iris pixels. Therefore, during training over a dataset, there can be a large
difference of frequency in each class, as shown in Figure 6b.

 

(a) (b) 

Figure 6. Difference in frequency between iris and non-iris classes. (a) NICE-II original input image.
(b) Difference in frequency of iris and non-iris pixels in NICE-II training dataset.

The frequencies of the iris and non-iris pixels indicate that the non-iris class dominates much
during training, so there is a need to maintain a balance between these two classes during training.
This type of frequency balancing is used when some classes are underrepresented in the training data.
In this study, median frequency balancing [66] is used, where a weight is assigned to the cross-entropy
loss. This weight is calculated from the training data by median class frequency (for both iris and
non-iris classes) by the following given formulas:

Wc1 =
Median_ f req

fc1
and Wc2 =

Median_ f req
fc2

(1)

In Equation (1), Wc1 and Wc2 are the class weights for iris and non-iris classes, respectively,
fc1 indicates the number of iris pixels over the total number of pixels in images, and fc2 indicates the
number of non-iris pixels over the total number of pixels in images. Median_freq is the median of fc1

and fc2. With frequency balancing, a weight smaller than 1 is assigned to a larger (non-iris) class and a
weight larger than 1 is assigned to a smaller (iris) class in the cross-entropy loss during training.

Figure 7a,b show the accuracy and loss curves for training from the 1st- and 2nd-fold
cross-validation, respectively. The x-axis for each curve shows the number of epochs and the y-axis
shows the training accuracy and loss. During the training, it is important to achieve accuracy close to
maximum and a loss close to the minimum. The loss is dependent on the learning rate, so the learning
rate is empirically found by conducting an experiment to achieve the minimum loss. With an increased
learning rate, the training loss can decrease dramatically, but it is not certain that the training would
converge to the valley point for the loss. In our proposed method, we achieve a training accuracy
approaching 100% and a loss approaching 0%. As described in Section 3, our trained models with
algorithms are made publicly available through [47] to make fair comparisons with other studies.
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(a) 

 
(b) 

Figure 7. Training accuracy and loss curves from (a) 1st-fold cross-validation and (b) 2nd-fold
cross-validation.

5.4. Testing of IrisDenseNet for Iris Segmentation

To obtain the segmentation results from the proposed IrisDenseNet, the input image is provided
to the trained model and there is no pre-processing involved during training and testing. The input
image is passed through the dense encoder and decoder in a forward fashion. The output of the trained
model is a binary segmentation mask, which is used to generate and evaluate the segmentation results
by using our trained model. The performance of the proposed IrisDenseNet is evaluated using the
NICE-I evaluation protocol [67], which is being used by many researchers to evaluate the segmentation
performance. Ei is computed by exclusive-OR (XOR) between the resultant image (Ii(m′, n′)) and
ground-truth image (Gi(m′, n′)) given as

Ei =
1

m × n ∑
(m′ ,n′)

Ii
(
m′, n′)⊗ Gi

(
m′, n′) (2)
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where m × n is the image size (by width and height of the image). For each image, Ei is calculated as
the pixel classification accuracy. The overall average segmentation error Ea is calculated by averaging
the classification error (Ei) over all images in the database:

Ea =
1
t ∑

i
Ei (3)

where t represents the total number of images to be evaluated. The value of Ea always lies within [0, 1].
If Ea is close to “0,” it shows the minimum error, whereas if Ea is close to “1,”it shows the largest error.

5.4.1. Result of Excessive Data Augmentation

Data augmentation is a method of increasing the training data for better accuracy, but this accuracy
is strongly dependent upon the augmentation type. The data augmentation varies with the application,
so in case of iris, it is experimentally observed that excessive data augmentation results in reduced
accuracy, as shown in Table 3. As explained in Section 5.2, each image of training data was augmented
12 times in our study. In the case of excessive data augmentation, each image of training data was
augmented 25 times. Moreover, if we augment the data by changing the contrast and brightness
of the iris image, the overall performance degrades in terms of segmentation accuracy as shown in
Table 3. The reason why the lower accuracy is obtained by excessive data augmentation is due to
the overfitting of training. The reason why the lower accuracy is obtained by data augmentation by
changing the contrast and brightness is that the augmented data based on this scheme do not reflect
the characteristics of testing data.

Table 3. Comparative accuracies according to various augmentation methods.

Method Ea

Excessive data augmentation 0.00729
Data augmentation by changing the contrast and brightness of iris image 0.00761
Proposed data augmentation in Section 5.2 0.00695

5.4.2. Iris Segmentation Results Obtained by the Proposed Method

Figure 8 shows the good segmentation results obtained by IrisDenseNet for the NICE-II dataset.
As explained in Section 5.4, the performance of the proposed method is measured as Ea, which is the
average error for the database. To pictorially represent the result, two error types, false positive and
false negative, are defined. The former represents the error of a non-iris pixel being misclassified as an
iris pixel, whereas the later represents the error of an iris pixel being misclassified as a non-iris pixel.
The false positive and negative errors are represented in green and red, respectively. The true positive
case is that the iris pixel is correctly classified as an iris pixel, which is represented in black. As shown
in Figures 8 and 9, the false positive error is caused by the eyelash pixel or pixel close to the reflection
noise or pupil, whose value is similar to that of the iris pixel, whereas the false negative error is caused
by reflection noise caused from glasses or with a dark iris area.

5.4.3. Comparison of the Proposed Method with Previous Methods

In this section, experimental results of the NICE-II dataset are given by IrisDenseNet on the basis
of Ea of Equation (3), and SegNet-Basic is tested on the same dataset for comparison. To clarify the
power of dense features, a visual comparison of convolutional features by SegNet and IrisDenseNet
is also provided in Section 6.1. Table 4 represents the comparative analysis of NICE-II with existing
methods based on the NICE-I evaluation protocol. Note that SegNet-Basic is a general semantic
segmentation method used for road scene segmentation (road, cars, building, pedestrian, etc.) and
the dataset of CamVid road scene segmentation [57,68] with 11 classes. For comparison, the number
of outputs for the original SegNet-Basic is changed from 11 to 2 iris and non-iris classes. As shown
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in Table 4, we can confirm that our IrisDenseNet shows an error lower than those generated in the
previous method. The reason why SegNet-Basic shows lower accuracy than our IrisDenseNet is that
the scheme of re-using features through dense connections is not adopted in SegNet-Basic.

 
(a) (b) (c) 

Figure 8. Examples of NICE-II good segmentation results obtained by IrisDenseNet. (a) Original image.
(b) Ground-truth image. (c) Segmentation result obtained by IrisDenseNet (The false positive and
negative errors are shown in green and red, respectively. The true positive case is shown in black).

 
(a) (b) (c) 

Figure 9. Examples of incorrect iris segmentation by our method. (a) Original input images.
(b) Ground-truth images. (c) Segmentation results (The false positive and negative errors are presented
as green and red, respectively. The true positive case is shown in black).
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Table 4. Comparisons of the proposed method with previous methods using NICE-II dataset.

Method Ea

Luengo-Oroz et al. [69] 0.0305
Labati et al. [70] 0.0301
Chen et al. [71] 0.029
Jeong et al. [26] 0.028

Li et al. [72] 0.022
Tan et al. [73] 0.019

Proença et al. [74] 0.0187
de Almeida [75] 0.0180

Tan et al. [76] 0.0172
Sankowski et al. [77] 0.016

Tan et al. [35] 0.0131
Haindl et al. [78] 0.0124
Zhao et al. [79] 0.0121

Arsalan et al. [45] 0.0082
SegNet-Basic [57] 0.00784

Proposed IrisDenseNet 0.00695

5.4.4. Iris Segmentation Error with Other Open Databases

This study includes additional experiments with four other open databases: Mobile iris challenge
evaluation (MICHE-I) [80], CASIA-Iris-Interval (CASIA v4.0 interval) [81], CASIA-Iris-Distance
(CASIA v4.0 distance) [81], and IIT Delhi (IITD) Iris Database (v1.0) [82]. Experiments conducted in
different environments such as visible light and NIR light show the robustness of the proposed method.

MICHE-I is a challenging dataset captured with mobile devices to ensure the developing
algorithms in non-ideal difficult situations. This database is collected using three smartphones:
iPhone5 with 8 MP (72 dpi) back camera and 1.2 MP (72 dpi) frontal camera, Samsung Galaxy S4
with 13 MP (72 dpi) back camera and 2 MP (72 dpi) frontal camera, Samsung Galaxy Tab2 with
0.3 MP frontal camera (with pixel resolutions of 1536 × 2048, 2322 × 4128, and 640 × 480 for iPhone5,
Galaxy S4, and Galaxy Tab2, respectively). This database is collected with 195 subjects over two
visits with a distance 5–25 feet under non-ideal conditions (indoor and outdoor), including motion
blur, occlusions, off-angle, and non-uniform illuminations. Ground-truth data are not provided in
MICHE-I database; therefore, we use the images whose ground truth can be correctly identified by
their provided algorithm [74] according to the instruction of MICHE. The total numbers of images in
sub-datasets from iPhone5, Galaxy S4, and GalaxyTab2 are 611, 674, and 267, respectively. In detail,
the numbers of images for training (testing) are 311 (300), 340 (334), and 135 (132) in the sub-datasets
from iPhone5, Galaxy S4, and GalaxyTab2, respectively.

Figure 10 shows the sample images for MICHE-I with corresponding ground truths for iPhone5
(left image), Samsung Galaxy S4 (middle image), and Samsung Galaxy Tab2 (right images).

 

Figure 10. Mobile iris challenge evaluation (MICHE-I) sample images with corresponding
ground truths.
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The CASIA v4.0 interval dataset is captured with a CASIA self-developed camera with a special
circular NIR LED array and appropriate luminous intensity for iris imaging. Owing to this suitable
camera setup and novel design, very clear iris images with very detailed features are captured.
The images are grayscale and have a pixel resolution of 320 × 280. The ground truth for the CASIA
v4.0 interval database is provided by the IRISSEG-EP [83]. Figure 11 shows the sample images and
corresponding ground truth.

 

Figure 11. The institute of automation, Chinese academy of sciences (CASIA) v4.0 interval sample
images with corresponding ground truths.

The CASIA v4.0 distance database contains iris images from a long-range multimodal biometric
image acquisition and recognition system (LMBS). These images are captured using a high-resolution
NIR camera. This database contains 2567 images from 142 subjects captured from 3 m distance
from the camera. The ground truth for CASIA v4.0 distance is not publicly available. Instead,
400 iris images from 40 subjects are manually labeled and publicly available for research purposes
through [47]. Figure 12 shows the sample images for CASIA v4.0 distance with provided corresponding
ground truths.

Figure 12. CASIA v4.0 distance sample images with corresponding ground truths.

The IITD Iris database consists of 2240 iris image from 224 subjects with a JPC1000 digital CMOS
camera in NIR light environment with a pixel resolution of 320 × 240 [82]. This image database is taken
in an indoor controlled environment with user cooperation for a frontal view of iris, so no off-angle
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iris is involved in this database. The ground truth for IITD is also provided by the IRISSEG-EP [83].
Figure 13 shows the sample images and corresponding ground truth for IITD iris database.

 

Figure 13. IIT Delhi (IITD) v1.0 sample images with corresponding ground truths.

Figures 14–17 show the good segmentation results for MICHE-I, CASIA v4.0 interval, CASIA
4.0 distance, and IITD databases, respectively. The false positive and negative errors are presented as
green and red, respectively. The true positive is presented as black.

 

 
(a) (b) (c) 

Figure 14. Examples of correct segmentation results in MICHE-I database by our method. (a) Original
image. (b) Ground-truth image. (c) Segmentation result by IrisDenseNet (The false and negative errors
are presented as green and red, respectively. The true positive case is presented as black).
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(a) (b) (c) 

Figure 15. Examples of correct segmentation results in CASIA v4.0 interval database by the proposed
method. (a) Original image. (b) Ground-truth image. (c) Segmentation result by IrisDenseNet (The false
positive and negative errors are presented as green and red, respectively. The true positive case is
presented as black).

We show the examples of bad segmentation results by IrisDenseNet only for MICHE-I in Figure 18
because there is no considerable error found in other datasets. The false positive errors are caused
by reflection noise created by environmental light, whereas the false negative errors are caused by
severely dark iris values.

Tables 5 and 6 show the comparisons of accuracies with MICHE-I and CASIA v4.0 distance
databases, respectively, based on the NICE-I evaluation protocol. As shown in Tables 5 and 6,
our method outperforms previous methods. The reason why SegNet-Basic shows lower accuracy than
our IrisDenseNet is that the scheme of re-using features through dense connections is not adopted
in SegNet-Basic.
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(a) (b) (c) 

Figure 16. Examples of correct segmentation results in CASIA v4.0 distance database by the proposed
method. (a) Original image (b) Ground-truth image. (c) Segmentation result by IrisDenseNet (The false
positive and negative errors are presented as green and red, respectively. The true positive case is
presented as black).

 
(a) (b) (c) 

Figure 17. Examples of correct segmentation results in IITD database by the proposed method.
(a) Original image. (b) Ground-truth image. (c) Segmentation result by IrisDenseNet (The false
positive and negative errors are presented as green and red, respectively. The true positive case is
presented as black).
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(a) (b) (c) 

Figure 18. Examples of MICHE-I incorrect segmentation results by our method. (a) Original image.
(b) Ground-truth image. (c) Segmentation result by IrisDenseNet (The false positive and negative
errors are presented as green and red, respectively. The true positive case is presented as black).

Table 5. Comparison of the proposed method with previous methods using MICHE-I dataset based on
NICE-I evaluation protocol.

Method Ea

Hu et al. [30]
Sub-dataset by iPhone5 0.0193

Sub-dataset by Galaxy S4 0.0192

Arsalan et al. [45]
Sub-dataset by iPhone5 0.00368

Sub-dataset by Galaxy S4 0.00297
Sub-dataset by Galaxy Tab2 0.00352

SegNet-Basic [57]
Sub-dataset by iPhone5 0.0025

Sub-dataset by Galaxy S4 0.0027
Sub-dataset by Galaxy Tab2 0.0029

Proposed IrisDenseNet
Sub-dataset by iPhone5 0.0020

Sub-dataset by Galaxy S4 0.0022
Sub-dataset by Galaxy Tab2 0.0021

Table 6. Comparison of the proposed method with previous methods using CASIA v4.0 distance
database based on NICE-I evaluation protocol.

Method Ea

Tan et al. [73] 0.0113
Liu et al. [44]

(HCNNs) 0.0108

Tan et al. [76] 0.0081
Zhao et al. [79] 0.0068
Liu et al. [44]

(MFCNs) 0.0059

SegNet-Basic [57] 0.0044
Proposed IrisDenseNet 0.0034

To evaluate the accuracies with CASIA v4.0 interval and IITD databases by fair comparative
analysis with other researchers for the same datasets, another evaluation protocol is used, which is

551



Sensors 2018, 18, 1501

named as RPF-measure protocol, which was used in [82] for evaluating the iris segmentation
performance. The RPF measure is basically recall (R), precision (P), and F-measure, which is similarly
used to evaluate the performance of an algorithm based on ground-truth images. The RPF measure is
a better way to measure the strength and weakness of an algorithm; to measure from this protocol,
the essentials, true positive (TP), false positive (FP), and false negative (FN), should be calculated.
Based on them, RPF measure can be computed by Equations (4)–(6), where #TP, #FN, and #FP represent
the numbers of TP, FN, and FP, respectively.

R =
#TP

#TP + #FN
(4)

P =
#TP

#TP + #FP
(5)

F =
2RP

R + P
(6)

where F-measure is basically the harmonic mean of both R and P, and prevents the evaluation
from overfitting or underfitting of iris pixels. The comparisons with CASIA v4.0 interval and IITD
databases are conducted based on the RPF-measure protocol. However, very few researchers have
addressed these two databases for segmentation purposes due to unavailability of ground-truth images.
To compare with other researchers, Gangwar et al. [84] used various algorithms such as GST [85],
Osiris [86], WAHET [87], IFFP [88], CAHT [89], Masek [90], and integro-differential operator (IDO) [25]
with the same database. Therefore, for comparison, the comparative results with these algorithms are
presented in Table 7, and it can be found that the proposed IrisDenseNet outperforms other methods.
The reason why SegNet-Basic shows lower accuracy than our IrisDenseNet is that the scheme of
re-using features through dense connections is not adopted in SegNet-Basic.

Table 7. Comparison of the proposed method with previous methods using CASIA v4.0 interval and
IITD databases based on the RPF-measure evaluation protocol. A smaller value of σ and a higher value
of μ show better performance. (unit: %) (The resultant values of GST [85], Osiris [86], WAHET [87],
IFFP [88], CAHT [89], Masek [90], IDO [25], and IrisSeg [84] are referred from [84]).

DB Method
R P F

μ σ μ σ μ σ

CASIA V4.0 Interval

GST [85] 85.19 18 89.91 7.37 86.16 11.53
Osiris [86] 97.32 7.93 93.03 4.95 89.85 5.47

WAHET [87] 94.72 9.01 85.44 9.67 89.13 8.39
IFFP [88] 91.74 14.74 83.5 14.26 86.86 13.27

CAHT [89] 97.68 4.56 82.89 9.95 89.27 6.67
Masek [90] 88.46 11.52 89 6.31 88.3 7.99

IDO [25] 71.34 22.86 61.62 18.71 65.61 19.96
IrisSeg [84] 94.26 4.18 92.15 3.34 93.1 2.65

SegNet-Basic [57] 99.60 0.66 91.86 2.65 95.55 1.40
Proposed Method 97.10 2.12 98.10 1.07 97.58 0.99

IITD

GST [85] 90.06 16.65 85.86 10.46 86.6 11.87
Osiris [86] 94.06 6.43 91.01 7.61 92.23 5.8

WAHET [87] 97.43 8.12 79.42 12.41 87.02 9.72
IFFP [88] 93.92 10.62 79.76 11.42 85.83 9.54

CAHT [89] 96.8 11.2 78.87 13.25 86.28 11.39
Masek [90] 82.23 18.74 90.45 11 .85 85.3 15.39

IDO [25] 51.91 15.32 52.23 14.85 51.17 13.26
IrisSeg [84] 95.33 4.58 93.70 5.33 94.37 3.88

SegNet-Basic [57] 99.68 0.51 92.53 2.05 95.96 1.04
Proposed Method 98.0 1.56 97.16 1.40 97.56 0.84
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6. Discussion and Analysis

6.1. Power of Dense Connectivity

In this research, the dense connectivity between the layers for better semantic segmentation is
used. The conventional methods eliminate the spatial information during the continuous layer by
convolution and this continuous elimination of spatial acuity is not good for minor high frequency
features in the image. Therefore, the decent way is to import the features from the previous layers to
maintain high frequency component during convolution. This maintenance of features from previous
layers is done by direct dense connection as shown in Figure 4.

IrisDenseNet is a densely connected fully convolutional network that proceeds in the feed-forward
fashion with dense features for better performance. The above discussion about dense features is
related to the theoretical discussion, and in this section, a practical comparison of the simple feature
with the dense feature is performed using visual images from the convolutional layers. Note that if we
compare SegNet with IrisDenseNet in terms of architecture, we can find one unique similarity that
both networks use pooling indices for up-sampling, as shown in Figures 2 and 4. Therefore, a careful
analysis of the IrisDenseNet network shows that each dense block is separated with a transition layer
that has the same pooling layer for pooling indices. Therefore, the difference between the simple and
dense features can be fairly compared with each dense block just before the pooling.

In this study, to explain the power of dense connectivity, the reference convolutional features
are compared. These are reference features obtained before the 4th max-pooling (Pool-4 of Table 2)
layer for both SegNet and IrisDenseNet, as shown in Figures 19 and 20. Note that the output features
from Pool-4 contain 512 channels, and for simplicity, the last 64 channels (449th to 512th channels) are
visualized. These features present noticeable visual difference. With a careful analysis of the output
(shown in Figures 19 and 20), following important observations can be deduced:

- The real power of dense connectivity is evident from the visual features before Pool-4 for both
SegNet (Figure 19) and IrisDenseNet (Figure 20). The Pool-4 features are the 2nd-last pooling
index features. The Pool-4 features from SegNet include much more noises than those from
IrisDenseNet, which can reduce the error of detecting correct iris pixels.

 

Figure 19. SegNet-Basic last 64 channel (the 449th to 512th channels) features before the 4th
max-pooling (Pool-4).
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Figure 20. IrisDenseNet last 64 channel (the 449th to 512th channels) features for the 4th dense block
before the 4th max-pooling (Pool-4 of Table 2).

6.2. Comparison of Segmentation Results (IrisDenseNet vs. SegNet)

IrisDenseNet uses the concept of feature reuse, which strengthens the features in a dense block for
better segmentation. When comparing the SegNet iris segmentation results with IrisDenseNet results,
the following differences are found.

- The segmentation results obtained by IrisDenseNet dense features show a thinner and finer iris
boundary as compared to SegNet, which substantially reduces the error rate for the proposed
method, as shown in Figure 21a,b.

- IrisDenseNet is more robust for the detection of the pupil boundary as compared to SegNet, as
shown in Figure 22a,b.

- IrisDenseNet is more robust for the ghost region in the iris area as compared to SegNet, as
shown in Figure 23a,b.

 
(a) (b) 

Figure 21. Comparison of iris thin boundary. Segmentation results obtained by (a) IrisDenseNet and
(b) SegNet.
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(a) (b) 

Figure 22. Comparisons of pupil boundary detection. Segmentation results obtained by (a) IrisDenseNet
and (b) SegNet.

 
(a) (b) 

Figure 23. Comparisons of iris detection affected by ghost effect. Segmentation results obtained by
(a) IrisDenseNet and (b) SegNet.

7. Conclusions

In this study, we proposed a robust IrisDenseNet with dense concatenated features to segment
the true iris boundaries in non-ideal environments even with low-quality images. To achieve better
segmentation quality, the encoder was empowered with a dense connection in which layers have
direct concatenated connections with all preceding layers in a dense block. This connectivity
enhances the capability of the network and enables the feature reuse for better performance.
The proposed method provides an end-to-end segmentation without any conventional image
processing technique. Experiments conducted with five datasets showed that our method achieved
higher accuracies for end-to-end iris segmentation than the state-of-the-art methods for both visible
and NIR light environments.

Our method was innovatively powered by dense features but still has a deep network. Therefore,
it is difficult to be trained with a GPU with low memory and larger mini-batch size. In the future,
we would optimize the network further and reduce the number of layers to make it memory-efficient
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for mobile and handheld devices with reduced parameters and multiplications. In addition, we will use
this method for other applications such as finger vein, human body, or biomedical image segmentations.
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78. Haindl, M.; Krupička, M. Unsupervised detection of non-iris occlusions. Pattern Recognit. Lett. 2015, 57,
60–65. [CrossRef]

79. Zhao, Z.; Kumar, A. An accurate iris segmentation framework under relaxed imaging constraints using
total variation model. In Proceedings of the IEEE Conference on Computer Vision, Santiago, Chile,
7–13 December 2015; pp. 3828–3836.

80. De Marsico, M.; Nappi, M.; Riccio, D.; Wechsler, H. Mobile iris challenge evaluation (MICHE)-I, biometric
iris dataset and protocols. Pattern Recognit. Lett. 2015, 57, 17–23. [CrossRef]

81. CASIA-Iris-Interval Database. Available online: http://biometrics.idealtest.org/dbDetailForUser.do?id=4
(accessed on 28 December 2017).

82. IIT Delhi Iris Database. Available online: http://www4.comp.polyu.edu.hk/~csajaykr/IITD/Database_Iris.
htm (accessed on 28 December 2017).

559



Sensors 2018, 18, 1501

83. Hofbauer, H.; Alonso-Fernandez, F.; Wild, P.; Bigun, J.; Uhl, A. A ground truth for iris segmentation.
In Proceedings of the 22nd International Conference on Pattern Recognition, Stockholm, Sweden,
24–28 August 2014; pp. 527–532.

84. Gangwar, A.; Joshi, A.; Singh, A.; Alonso-Fernandez, F.; Bigun, J. IrisSeg: A fast and robust iris segmentation
framework for non-ideal iris images. In Proceedings of the International Conference on Biometrics, Halmstad,
Sweden, 13–16 June 2016; pp. 1–8.

85. Alonso-Fernandez, F.; Bigun, J. Iris boundaries segmentation using the generalized structure tensor. A study
on the effects of image degradation. In Proceedings of the 5th International Conference on Biometrics:
Theory, Applications and Systems, Arlington, VA, USA, 23–27 September 2012; pp. 426–431.

86. Petrovska, D.; Mayoue, A. Description and documentation of the BioSecure software library. In Technical
Report, Proj. No IST-2002-507634-BioSecure Deliv; BioSecure: Paris, France, 2007.

87. Uhl, A.; Wild, P. Weighted adaptive hough and ellipsopolar transforms for real-time iris segmentation.
In Proceedings of the 5th IEEE International Conference on Biometrics, New Delhi, India, 29 March–1 April
2012; pp. 283–290.

88. Uhl, A.; Wild, P. Multi-stage visible wavelength and near infrared iris segmentation framework.
In Proceedings of the 9th International Conference on Image Analysis and Recognition, Aveiro, Portugal,
25–27 June 2012; pp. 1–10.

89. Rathgeb, C.; Uhl, A.; Wild, P. Iris biometrics: From segmentation to template security. In Advances in
Information Security; Springer: New York, NY, USA, 2013.

90. Masek, L.; Kovesi, P. MATLAB Source Code for a Biometric Identification System Based on Iris Patterns; The School
of Computer Science and Software Engineering, The University of Western Australia: Perth, Australia, 2003.

© 2018 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

560



sensors

Article

Star Image Prediction and Restoration under
Dynamic Conditions

Di Liu 1, Xiyuan Chen 1,*, Xiao Liu 1,2 and Chunfeng Shi 1

1 Key Laboratory of Micro-Inertial Instrument and Advanced Navigation Technology, Ministry of Education,
School of Instrument Science and Engineering, Southeast University, Nanjing 210096, China;
sdili_liudi@163.com (D.L.); sidescan@126.com (X.L.); shchfeng@163.com (C.S.)

2 School of Electrical Engineering and Automation, Qilu University of Technology, Jinan 250353, China
* Correspondence: chxiyuan@seu.edu.cn; Tel.: +86-25-8379-2010

Received: 24 March 2019; Accepted: 16 April 2019; Published: 20 April 2019

Abstract: The star sensor is widely used in attitude control systems of spacecraft for attitude
measurement. However, under high dynamic conditions, frame loss and smearing of the star image
may appear and result in decreased accuracy or even failure of the star centroid extraction and
attitude determination. To improve the performance of the star sensor under dynamic conditions, a
gyroscope-assisted star image prediction method and an improved Richardson-Lucy (RL) algorithm
based on the ensemble back-propagation neural network (EBPNN) are proposed. First, for the frame
loss problem of the star sensor, considering the distortion of the star sensor lens, a prediction model
of the star spot position is obtained by the angular rates of the gyroscope. Second, to restore the
smearing star image, the point spread function (PSF) is calculated by the angular velocity of the
gyroscope. Then, we use the EBPNN to predict the number of iterations required by the RL algorithm
to complete the star image deblurring. Finally, simulation experiments are performed to verify the
effectiveness and real-time of the proposed algorithm.

Keywords: star image prediction; star sensor; Richardson-Lucy algorithm; neural network

1. Introduction

Along with the development of navigation technology, the requirement for a spacecraft attitude
measurement is becoming higher and higher [1,2]. In general, star sensors and gyroscopes are often
used in spacecraft to measure the attitude information. The star sensor is supposed to be the most
accurate attitude-measuring device in stable conditions [3]. However, under dynamic conditions,
frame loss and blurring of the star image may occur, which leads to decreased accuracy or even failure
of the star centroid extraction and attitude determination. Therefore, only by solving the frame loss
and blurring problem of the star image, can the star sensor maintain good performance under dynamic
conditions. Because gyroscopes have a relatively high measurement accuracy and excellent dynamic
performance in a short period, using the gyroscope to assist in improving the dynamic performance of
the star sensor has become a hot topic [4–9].

In the process of spacecraft motion, due to the influence of external interference and the limitation
of the star sensor, the star sensor is prone to frame loss, which can result in a lack of coherence in the
process of moving image tracking and even loss of key motion features. Therefore, how to eliminate
the frame loss error has become a research hotspot in the field of image processing. Currently, the
primary methods for eliminating frame loss error includes the frame loss error elimination based
on the support vector machine (SVM) [10,11], frame loss error elimination based on iterative error
compensation [12,13] and frame loss error elimination based on adaptive minimum error threshold
segmentation [14]. These methods eliminate the interference noise in the image and compensate the
frame loss error, but still cannot avoid the frame loss. To overcome the shortcomings of the above
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methods, a method for eliminating the frame loss by using a motion image-tracking model is presented
in [15], since the frame loss of the star image is mainly affected by the exposure time and readout time
of the star sensor [2]. Therefore, in [16–18], parallel processing is used to overlap exposure time and
readout time to reduce the frame loss of the star image. In [19,20], the authors used image intensifiers
to increase the sensitivity of the image sensor, thereby reducing the occurrence of the frame loss in the
star sensors. In [21], Wang et al. proposed using field programmable gate arrays (FPGAs) to improve
the processing ability of the star sensor to reduce the readout time. Yu et al. [22] proposed a method to
reduce the occurrence of the frame loss by using an intensified star sensor. Although FPGAs and image
intensifiers can assist the star sensor in reducing the occurrence of the frame loss, the additional FPGA
and image intensifier lead to an increase in the weight and power consumption of the star sensor and
limit its application in micro-spacecraft.

The motion blur of the star image is another important reason that affects the dynamic performance
of the star sensor. To improve the dynamic performance of the star sensor, many scholars have done a
lot of research in the field of image processing, especially on the star image deblurring algorithms [23].
According to whether the point spread function (PSF) is known or not, the deblurring methods can be
classified into two typical forms: Blind image deblurring (BID) with unknown PSF, and non-blind
image deblurring (NBID) with known PSF [24]. Mathematically, the process of NBID is an inverse
problem, and an NBID algorithm has a good real-time performance. Currently, most BID algorithms
perform blur kernel estimation and image deblurring simultaneously, and recursively to approach the
sharp image [25–30]. Therefore, BID methods have poor real-time performance. Because star sensors
are widely used in spacecraft, the real-time requirements are high. Therefore, we intend to study an
NBID algorithm for star image deblurring.

Two problems should be solved in the process of restoring the blurred star image. One is how to
determine the blur kernel, and the other is to choose which deblurring method to use. The gyroscope
can be used to measure the angular rates of the carrier and is easy to integrate, and the blur kernel
parameters (blur angle and blur length) can be calculated according to the angular rate information
output by the gyroscope. In this paper, a gyroscope is used to assist in the calculation of blur kernels.
For the star image deblurring, there are two commonly used NBID algorithms. One is the Wiener
filter [31,32]. Quan et al. [31] proposed a Wiener filter based on the optimal window technique for
recovering the blurred star image. Ma et al. [32] proposed an improved one-dimensional Wiener
filtering method for star image deblurring. Although the two methods are better in real time, they also
amplify the noise in the image. The other is the Richardson–Lucy (RL) algorithm, which can effectively
suppress the noise in the deblurred star image [33,34]. However, the iterative convergence criterion is
not given in the RL algorithm, and the optimal number of iterations needs to be obtained through
constant-trying with large time-consumption. If the amount of blurred star image to be processed is
enormous, this is a disadvantage that cannot be ignored.

In this paper, to solve the shortcomings of the above methods and further improve the performance
of the star sensor under highly dynamic conditions, we propose an improved gyroscope-assisted
star image prediction method and RL non-blind deblurring algorithm. In the star image prediction
method, considering the second-order distortion of the star sensor lens, a prediction model between
the angular rates of the gyroscope and the position of the star spot is established. For the improved RL
algorithm, first, we analyze the point spread function (PSF) model of the star sensor under different
motion conditions, and then the ensemble back-propagation neural network (EBPNN) prediction
model based on the improved bagging method is constructed to predict the number of termination
iterations required by the conventional RL algorithm, which is used to overcome the disadvantage of
traditional RL algorithm that needs to set the number of iterations manually.

The rest of this paper is organized as follows. In Section 2, we introduce the star image prediction
model in the case of the frame loss of the star image. The improved RL algorithm is described in
Section 3. In Section 4, simulation results are shown to demonstrate the effectiveness of our method.
Finally, we give a conclusion in Section 5.
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2. Prediction Model of the Star Image

The star sensor is a vision sensor that can be used to measure the attitude of a spacecraft [35]. To
obtain the high-precision attitude information of the spacecraft, we must ensure that the image sensor
of the star sensor can output the star image continuously. Due to the highly dynamic motion of the
spacecraft, frame loss of the star image often occurs. Therefore, it is especially important to ensure that
the star sensor can output the high-precision attitude information under the condition of the frame loss
of the star image. In this section, we will show how to predict the position of the star spot based on the
angular rates of the gyroscope in the presence of distortion of the star sensor lens. In Figure 1, the
star sensor obtains the direction vector of the navigation star in the celestial inertial coordinate system
by observing the stars on the celestial sphere. At time t, the attitude matrix of the star sensor in the
celestial coordinate system is A(t), the star sensor can detect the direction vector vi of the navigation
star in the celestial coordinate system, and its image vector can be represented as Wi in the star sensor
coordinate system. The image coordinate of the principal point of the lens of the star sensor is (x0, y0),
the coordinates of the navigation star Si on the image plane is (xi, yi). Since the optical lens of the star
sensor mainly has a second-order radial distortion, the ideal image coordinate (x′i , y′i ) of the navigation
star Si can be expressed as, {

x′i − x0 = (xi − x0)(1 + k′x · r2),
y′i − y0 = (yi − y0)(1 + k′y · r2),

(1)

where, r =
√
(xi − x0)

2 + (yi − y0)
2, k′x and k′y represent the second-order radial distortion coefficients

in the X and Y directions, respectively.

f

Os

XS

Ys

Zs

Optical lens

Navigation star

Focal plane

Figure 1. Star image model of the star sensor.

Assuming that the focal length of the star sensor is f , the direction vector Wi can be given by

Wi =
1√

[(xi − x0)(1 + k′x · r2)]2 +
[
(yi − y0)(1 + k′y · r2)

]2
+ f 2

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎣
(xi − x0)(1 + k′x · r2)

(yi − y0)(1 + k′y · r2)

− f

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎦. (2)

According to the attitude matrix A(t) of the star sensor, the relationship between the vectors Wi
and vi can be obtained,

Wi = A(t) · vi, (3)

where, the attitude matrix A(t) can be solved by the N vector method, Trial method, Quest method,
Q-method and Least square method [36]. In this paper, we use the angular velocity information of the
gyroscope to calculate the attitude matrix A(t).

In Figure 2, OSXYZ represents the star sensor coordinate system, OCuv represents the image plane
coordinate system, the projection point of the principal point OS of the lens of the star sensor on the
image plane is OC, OCOS is consistent with the principal optical axis of the star sensor lens and its
length is equal to the focal length f . wx, wy and wz represent the three-axis angular rates of the star
sensor at instant t, which can be measured by the gyroscope. P denotes the position of the navigation
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star on the star image at instant t, OCP denotes the direction vector of the navigation star under the
coordinate system of the star sensor, and the star spot P shifts to P′ at instant t + Δt. According to

Equation (3), the direction vectors
→

OSP and
→

OSP′ can be expressed as,

⎧⎪⎪⎨⎪⎪⎩
→

OSP = Wi(t) = A(t) · vi,→
OSP′ = Wi(t + Δt) = A(t + Δt) · vi,

(4)

where, A(t + Δt) = At+Δt
t ·A(t), A(t + Δt) denotes the attitude matrix at instant t + Δt.

At+Δt
t = I − (w(t)×) · Δt = I −

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎣
0 −wz(t) wy(t)

wz(t) 0 −wx(t)
−wy(t) wx(t) 0

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎦ · Δt

=

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎣
1 wz(t) · Δt −wy(t) · Δt

−wz(t) · Δt 1 wx(t) · Δt
wy(t) · Δt −wx(t) · Δt 1

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎦,
(5)

where (w(t)×) represents the cross-product matrix of the star sensor angular rates vector w(t).

P

P

Z

Y

X

OsOC

u

v

wx

wz

wy

Figure 2. Prediction model of the star spot.

According to Equations (4) and (5), the relationship between Wi(t) and Wi(t+ Δt) can be obtained,

Wi(t + Δt) = At+Δt
t ·Wi(t), (6)

where, we can calculate Wi through the star image. According to Equations (1) and (6), we can obtain
the position prediction model as follows,

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
x′i (t + Δt) =

(xi(t)−x0)(1+k′x·r2)+x0+((yi(t)−y0)(1+k′y·r2)+y0)·wz(t)·Δt+ f ·wy(t)·Δt
(−((xi(t)−x0)(1+k′x·r2)+x0)·wy(t)·Δt+((yi(t)−y0)(1+k′y·r2)+y0)·wx(t)·Δt)/ f+1

y′i (t + Δt) =
((yi(t)−y0)(1+k′y·r2)+y0)−((xi(t)−x0)(1+k′x·r2)+x0)·wz(t)·Δt− f ·wx(t)·Δt

(−((xi(t)−x0)(1+k′x·r2)+x0)·wy(t)·Δt+((yi(t)−y0)(1+k′y·r2)+y0)·wx(t)·Δt)/ f+1

. (7)

3. Improved Star Image Deblurring Algorithm

Generally, establishing a PSF under a specific motion is the key to star image recovery. In this
section, first, we analyze the PSF model of the blurred star image caused by the rotation of the star
sensor around the optical axis and non-optical axis and calculate the PSF in the corresponding motion
condition through the angular velocity information of the gyroscope. Then, we introduce an improved
RL algorithm to recover the blurred star image.

3.1. Motion Blur Model of the Star Image

To better recover the blurred star image, the primary task is to obtain the PSF. Therefore, it is
necessary to analyze the mechanism of the star image blurs. The star sensor is a navigation device that
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acquires the attitude by utilizing star observations. Because the star sensor needs to photograph the
sky with a dark background, in order to increase the number of navigation stars in the star image, it
needs to increase the exposure time appropriately. If the star sensor has a wide range of motion during
the exposure time, the same star will be imaged at different locations on the star image, which will
result in blurring of the star image. Mathematically, the model of star image blurring can be written as,

g(x, y) = f (x, y) ⊗ h(x, y) + n(x, y), (8)

where f (x, y), g(x, y), and h(x, y) denote the sharp star image, the blurred star image, and the PSF,
respectively; ⊗ represents two-dimensional convolution operator, and n(x, y) denotes the image noise.

Due to the different motion types of the star, sensors produce different PSFs, so PSF is important
for describing the model of the blurred star image. Since the distance from the navigation star to the
earth is much larger than the distance from the star sensor to the earth, the linear motion has less effect
on the star image blur, and this effect can be ignored. Therefore, we mainly analyze the model of the
blurred star image generated by the angular motion.

In Figure 3a, the star image blur caused by the angular motion is shown. Since the exposure time
of the star sensor is short, the angular velocity of the star sensor can be considered to be constant during
the exposure time. Moreover, the star sensor coordinate system is coincident with the body-fixed
frame. In Figure 3b, the model of the blurred star image generated by the star sensor rotating around
the X-axis is shown, the initial angle between the starlight direction and the principal optical axis of the
star sensor is α, and the projection of the navigation star is P in the star image. When the star sensor
rotates clockwise around the X-axis at an angular velocity wx, and during the exposure time Δt, the
rotational angle is Δα = wxΔt, and the star spot moves from P to P′ in the image plane. The geometric
relationship between P and P′ is,

LPP′ = f · [tan(α+ Δα) − tanα]/dccd, (9)

where LPP′ represents the distance from P to P′ quantized by pixels, dccd denotes the pixel size, and f is
the focal length of the star sensor.
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Figure 3. Motion blur star image model. (a) Blurred star image generated by the angular motion;
(b) blurred star image generated by the rotation of the star sensor around the X-axis; (c) blurred star
image generated by the rotation of the star sensor around the Y-axis; (d) blurred star image generated
by the rotation of the star sensor around the Z-axis.
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As a result of the short exposure time of the star sensor, Δα is quite small, the first order
Taylor-expansion for tan(α+ Δα) can be obtained.

tan(α+ Δα) ≈ tanα+ (tanα)′ · Δα
= tanα+

(
sin2 α+cos2 α

cos2 α

)
· Δα

= tanα+ (tan2 α+ 1) · Δα.

(10)

Substituting Equation (10) into (9), we have

LPP′ = f · (tan2 α+ 1) · Δα/dccd. (11)

In general, the rotational motion characteristics of the star sensor in the OSX and OSY directions
are the same. As shown in Figure 3c, during the exposure time Δt, the star sensor rotates clockwise
around the Y-axis at an angular velocity wy, the rotational angle is Δα′ = wyΔt, the star spot shifts
along the u axis in the image plane, and its translation vector can be obtained.

LPP′ = f · (tan2 α+ 1) · Δα′/dccd. (12)

When the star sensor rotates around the X-axis and Y-axis with angular rates wx and wy, respectively,

and after the exposure time Δt, the rotation angle of the star sensor is Δα′′ = wxy · Δt =
√

w2
x + w2

yΔt,
and the translation vector of the star spot is

LPP′ = f · (tan2 α+ 1) · Δα′′/dccd. (13)

In general, when the star sensor rotates around the cross bore-sight direction (OSX and OSY
directions), the blur kernel angle θ of the star image can be given by

θ = arctan
[

tan(α+ Δα) − tanα
tan(α+ Δα′) − tanα

]
. (14)

Then, the PSF of the blurred star image is expressed as [37,38],

h1(x, y) =
{

1/LPP′ , i f y/x = sin|θ|/cos|θ|, 0 ≤ x ≤ LPP′ · cos|θ|
0, otherwise

. (15)

In Figure 3d, the star sensor rotates clockwise around the Z-axis at an angular rate wz, point P(u, v)
does a circular motion with OC as the center and r =

√
u2 + v2 as the radius. The rotation angle of the

star sensor is Δα′′′ = wz · Δt during the exposure time Δt. Since the exposure time of the star sensor is
short, the arc length PP′ can be approximated as the chord length ΔPP′. Inspired by reference [39], the
motion of the star spot can be regarded as a uniform linear motion on the focal plane. The displacement
of the star spot in the direction of the X- and Y-axis can be expressed as,

{
ΔPP′u ≈ −v ·wz · Δt,
ΔPP′v ≈ u ·wz · Δt.

(16)

The star image blur kernel angle θ and the ΔPP′ are given by

θ = arctan(ΔPP′u/ΔPP′v), (17)

ΔPP′ =
√

ΔPP′2u + ΔPP′2v
=
√

v2 ·w2
z · Δt2 + u2 ·w2

z · Δt2

= |wz| · Δt · r.

(18)
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According to the geometric relation in Figure 3d,

tanα = r · dccd/ f . (19)

Substituting Equation (19) into Equation (18), Equation (18) can be rewritten as

ΔPP′ = |wz| · Δt · f · tanα/dccd. (20)

Therefore, when the star sensor rotates around the Z-axis, the PSF of the blurred star image is
expressed as,

h2(x, y) =
{

1/ΔPP′, i f y/x = sin|θ|/cos|θ|, 0 ≤ x < ΔPP′ · cos|θ|
0, otherwise

. (21)

In summary, according to Equations (15) and (21), the model of the multiple-blurred star image is
given by

g(x, y) = f (x, y) ⊗ h1(x, y) ⊗ h2(x, y) + n(x, y), (22)

where the h1(x, y) and h2(x, y) need to be calculated based on the angular velocity wx, wy and wz of
the star sensor. In this paper, we use a gyroscope to provide the angular velocity [wbx wby wbz] of the
spacecraft. Therefore, the angular velocity [wx wy wz] of the star sensor is expressed as,

[
wx, wy, wz

]T
= Cs

b

[
wbx, wby, wbz

]T
, (23)

where Cs
b denotes the rotation matrix from the body coordinate system to the star sensor coordinate

system. Because the star sensor is fixed on the spacecraft, Cs
b can be calibrated in advance.

After obtaining the PSF, the NBID algorithm is used to recover the blurred star image.

3.2. Richardson-Lucy (RL) Algorithm

The NBID algorithm includes both linear and nonlinear algorithms. The most common linear
NBID algorithms include the inverse filtering algorithm, Wiener filtering algorithm, and least squares
algorithm [3]. Compared with the linear NBID algorithm, nonlinear NBID algorithm has a better
effect in suppressing noise and preserving image edge information. Currently, the RL algorithm [40]
is the most widely used non-linear iterative restoration algorithm. The RL algorithm is a blurred
image deconvolution algorithm that extends from the maximum a posteriori probability estimate.
This method assumes that the noise in the image follows a Poisson distribution, and the likelihood
probability of the image is

p(g/ f ) =
∏
x,y

(( f (x, y) ⊗ h(x, y))g(x,y)e−( f (x,y)⊗h(x,y))

g(x, y)!
, (24)

where, (x, y) denotes the pixel coordinate, g(x, y) represents the blurred image, h(x, y) denotes the PSF,
and ⊗ denotes the two-dimensional convolution operator.

To get the maximum likelihood solution of the sharp image f (x, y), we minimize the
energy function.

E( f ) =
∑
x,y

{
( f (x, y) ⊗ h(x, y)) − g(x, y) · log( f (x, y) ⊗ h(x, y))(x, y)}. (25)
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By deriving the E( f ) and normalizing the blur kernel h(x, y), the RL algorithm iteratively updates
the image by

f n+1(x, y) = [
g(x, y)

f n(x, y) ⊗ h(x, y)
⊗ h(−x,−y)] f n(x, y), (26)

where n represents the iteration number.
The RL algorithm has two important properties [40]: Non-negativity and energy preserving. It

constrains the non-negative of estimated values of the sharp image and preserves the total energy
of the image in the iteration so that the RL algorithm has excellent performance in the star image
deblurring. However, the iterative convergence criterion is not given in the RL algorithm, and the
optimal number of iterations need to be obtained through constant-trying with large time-consumption.
This shortcoming of the RL algorithm cannot be ignored if we are dealing with a large number of the
blurred star image. Therefore, it is necessary to study an improved RL algorithm which automatically
sets the number of iterations.

3.3. Improved RL Algorithm

To overcome the shortcomings of the RL algorithm, we propose an improved RL algorithm, and
the flow diagram is shown in Figure 4. First, we set the parameters of the star sensor including the field
of view, focal length, star magnitude limit, resolution of the star image, etc. We use these parameters
to simulate a large number of sharp star image and the corresponding blurred star image. Second,
according to the angular rates of the gyroscope output, we calculate the PSF of each blurred star image
and use the RL algorithm to deblur the star image and record the optimal number of iterations used.
The optimal number of iterations and the sum of the Magnitude of Fourier Coefficients (SUMFC) of
the PSF of the blurred star image are used for the training of the ensemble back-propagation neural
network (EBPNN) [41]. After the training is completed, the optimal iteration number prediction model
of the RL algorithm can be obtained. Finally, when the navigation system is used, the PSF of the blurred
star image is obtained according to the angular velocity of the gyroscope, and the SUMFC of the PSF is
used as the input of the prediction model. The star image is deblurred according to the number of
iterations required by the RL algorithm of the prediction model output. Especially, when predicting the
number of iterations, the ensemble back-propagation neural network (EBPNN) prediction model based
on the improved bagging method uses the SUMFC of the PSF of the blurred star image as the input.

Simulated
blur star 
image

Figure 4. Flow diagram of the improved Richardson-Lucy (RL) algorithm for star image deblurring.

We use different PSFs to blur the sharp star image (Figure 5a). The relationship between the
SUMFC of PSFs and the corresponding number of iterations required by the RL algorithm is shown in
Figure 6. We can see that there is an obvious non-linear relationship between them, which prompts us
to use EBPNN to predict the optimal number of iterations of the RL algorithm.
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(a) (b) 

Figure 5. Original sharp star image and its gray distribution. (a) Original sharp star image; (b) gray
distribution of star spot.

Figure 6. The relationship between the magnitude of Fourier coefficients (SUMFC) of the point spread
function (PSF) and the corresponding optimal number of iterations.

The performance of a single back-propagation (BP) neural network is limited. It takes a long
time to learn, and its objective function is easy to fall into a local minimum. Therefore, we use the
integration strategy based on the improved bagging method to integrate the single neural network.
The bagging method [42] is based on the re-sampling and self-help technology. The self-help learning
sample set Di(i = 1, 2, . . .) is retrieved from the original training set D, the size of each self-learning
sample set is equivalent to the original training set, and each self-learning sample trains a single BP
neural network. The bagging method increases the diversity of neural network by re-selecting the
training set, thereby improving the generalization ability and prediction accuracy of the EBPNN.

In order to further improve the prediction accuracy of the ensemble neural network, we introduce
a just-in-time learning algorithm to optimize the sample sets Di(i = 1, 2, . . .) obtained by the bagging
method. Suppose two input samples xi and xq, where xq is the currently acquired input sample and xi
is a training sample in Di(i = 1, 2, . . .). The distance and angle between them can be calculated by the
following equation. ⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

d(xi, xq) =
√
‖xi − xq‖2,

θ(xi, xq) = arccos
xT

i xq

‖xi‖2‖xq‖2 .
(27)

The similarity between xi and xq is

S(xi, xq) = αe−d(xi,xq) + (1− α) cos(θ(xi, xq)), (28)

where, α is the weighting factor, the larger the S(xi, xq) value, the higher the similarity between
xi and xq.
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We select the k-group data closest to the currently acquired one sample xq from the training
sample set Di(i = 1, 2, . . .) and arrange the new sample set in descending order.⎧⎪⎪⎨⎪⎪⎩ D′i =

{
(x1,i, y1,i), (x2,i, y2,i), · · · , (xk,i, yk,i)

}
, i = 1, 2, . . . ,

S(x1, xq) > S(x2, xq) > · · · > S(xk, xq),
(29)

where yk,i denotes the expected output value corresponding to xk,i in training sets Di(i = 1, 2, . . .).
Therefore, the local modeling problem is transformed into an optimization problem.

J(δ) = min
δ

k∑
i=1

(yi − ŷ(δ, xi))
2 · S(xi, xq). (30)

Minimize J(δ) to obtain the model parameter δ at the current moment, and then obtain its
local model:

yq = ŷ(δ, xq). (31)

In particular, we find that the computational complexity of the EBPNN model increases with the
increase of the number of BPNN models, but the prediction accuracy of the EBPNN model does not
always increase with it, sometimes it even decreases. Therefore, after considering the computational
complexity and prediction accuracy of the EBPNN model, we decide to use three sub-BP neural
network models to construct the EBPNN model. As shown in Figure 7, three BP neural networks
are trained by different sample sets D′i (i = 1, 2, 3), and the integrated prediction model is obtained
by aggregating the three BP neural networks. When the EBPNN is used for prediction, we use the
weighted method to integrate the output of each neural network and take the integrated result as the
output of EBPNN. In the process of integrating the output of each BP neural network, first, we calculate
the average training errors ei(i = 1, 2, 3) of three sub-models on their respective training sample set.
Then, we construct a weighting vector w of 1× n dimensions, the value of n is the same as the number
of sub-BP neural network models, so n = 3, wi = 1/ei, (i = 1, 2, 3). Finally, we calculate the prediction
results of three sub-models for the input data xq by Equation (31) and form a 1× 3-dimensional output
vector y′q. The final prediction result of the EBPNN is expressed as,

y =
w · y′qT

3∑
i=1

wi

. (32)

 
Figure 7. The ensemble back-propagation neural network.

To verify the effectiveness of the EBPNN prediction model, we analyzed the accuracy of the
iteration times estimated by the model. In the training stage of the EBPNN model, each BP neural
network adopts a three-layer structure. The nodes of the input layer, hidden layer, and output layer
are set to 1, 10 and 1, respectively. The sigmoid function is used as the activation function. The original
training set D contains 1708 samples. In Figure 8, we show the number of iterations predicted by the
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EBPNN model and compare it with the optimal number of iterations. We can see that the number of
iterations estimated by the EBPNN almost coincides with the optimal number of iterations, and the
error between them is small. Therefore, the performance of the EBPNN prediction model can meet
our requirements.

Figure 8. Comparison between the optimal number of iterations and the estimated number of iterations.

After EBPNN predicts the number of iterations, we use the improved RL algorithm to obtain
the sharp star image, and then we can accurately estimate the attitude information by the star image
segmentation, star extraction, star identification, star matching, and other operations [43].

4. Simulation Results and Analysis

In order to prove the effectiveness of the star image prediction method and the improved RL
algorithm in the highly dynamic environment, we compare and analyze the prediction accuracy of the
star spot, and the accuracy of the attitude estimation before and after the star image deblurring in the
following section.

4.1. Star Image Prediction Experiment

In this section, to validate the star image prediction method, we need to simulate the star image
acquired by the star sensor at a different time. In the process of star image simulation, we determine the
position of the navigation star in the star image based on the bore-sight direction of the star sensor and
the right ascension and declination of the navigation star. Since the star sensor is fixed on the spacecraft,
it can obtain different star images as the spacecraft moves. We assume that the exposure time of the
star sensor is 0.01 s, the field of view is 20◦ × 20◦, the image sensor size is 865 pixels × 865 pixels, the
pixel size is 20 μm, the focal length is 49 mm, and select the stars brighter than 3m in Yale Bright
Star Catalogue as the guide star catalog. We use these parameters and the spacecraft trajectory to
simulate the images at different times and use them as the ground truth of the star image. According
to the above parameters, the resolution of the star image we simulated is 865× 865. To speed up the
processing of the star image, we intercept the 512 × 512 size as the star image to be processed. The
trajectory of the spacecraft we simulated is shown in Figure 9. And 1500 frames of consecutive star
images are simulated, the first and the 1500th frame star image are shown in Figure 10.

To validate the star image prediction method, we predict the star image based on the first frame
star image and the angular velocity of the gyroscope, and compare it with the ground truth of the
star image. Figure 11a,b show the ground truth of the 1500th frame star image and the 1500th frame
star image predicted by the proposed algorithm. To more intuitively demonstrate the accuracy of the
prediction algorithm, in Table 1, the centroid coordinates of the star spot in the real and predicted
1500th frame star image is shown, where (x, y) represents the centroid coordinate of the star spot in the
real star image, (x′, y′) is the centroid coordinate of the predicted star spot. Δx and Δy represent the
difference of the horizontal and vertical coordinates between the true star spot and the predicted star
spot, respectively. As seen from Table 1, the maximum error of the horizontal and vertical coordinates
of the star spot predicted by our method within 15 s is 0.89 and 0.50 pixels, respectively.
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(a) 

(b) 

Figure 9. The spacecraft trajectory. (a) Three-dimensional trajectory of spacecraft; (b) projection of the
spacecraft trajectory on the surface of the Earth.

  
(a) (b) 

Figure 10. Star image simulation result. (a) The first frame star image; (b) the 1500th frame star image.

(a) (b) 

Figure 11. True star image versus predicted star image. (a) The true value of the 1500th frame star
image; (b) the 1500th frame star image predicted by the proposed algorithm.
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Table 1. Comparison of the coordinates between the ideal and the predicted star spots in the 1500th
star image.

Star Number

Ideal Star Spot
Coordinate

Predicted Star Spot
Coordinate

Predicted Star Spot
Coordinate Error

x y x
′

y
′

Δx Δy

1 24 63.50 23.25 63.62 0.75 −0.12
2 46.5 19 45.62 19.25 0.87 −0.25
3 54.50 371.50 54.23 371.76 0.26 −0.26
4 277 336.50 276.60 336.60 0.39 −0.10
5 290.50 305 290.11 305.27 0.38 −0.27
6 336.50 502.71 336.50 502.71 0 0
7 386.50 340 386 339.64 0.50 0.35
8 400.50 170 400 169.78 0.50 0.21
9 420.71 409.50 420.50 409.00 0.21 0.50
10 425.72 225.88 425.40 225.60 0.32 0.28
11 431.64 351 431.50 350.71 0.14 0.28
12 455 130.50 454.23 130.23 0.76 0.26
13 486.40 131.60 485.50 131.50 0.89 0.09

To further analyze the prediction algorithm, according to the first frame star image shown in
Figure 10a, we successively predicted the position of stars in 1500 star images, and analyze the mean
value of the estimation error of the star spot position in each predicted star image. As shown in
Figure 12, the mean value of the coordinate errors of the predicted star spot increases with the increase
of the estimated number of frames, but the mean errors could stay in a small range. Therefore, in
the case of the short-term frame loss, the proposed method can achieve an accurate prediction of the
star spot.

Figure 12. Predicted star position error.

4.2. Experiments on Star Image Deblurring

In this section, we present some examples to validate the proposed gyro-assisted improved RL
algorithm. First, we analyze the blurring of the star image when the star sensor rotates around the
X-axis, the Y-axis, the Z-axis, the X- and Y-axis, and the three axes simultaneously. Then, we add the
Gaussian white noise with zero mean and variance 0.01 to the blurred star images. Finally, the blurred
star image is deblurred by our proposed algorithm, and we compare the deblurred star image with
the original sharp star image. Figure 13 shows the magnified original star image, blurred star images
caused by the star sensor rotate around the X- and Y-axis, (wx = 10◦/s, wy = 10◦/s), deblurred star
image, and the gray distribution of the star spot in them. As can be seen from Figure 13, the gray value
of the star spot in the blurred star image decreases significantly, and after deblurring the star image,
the smearing phenomenon is obviously suppressed, the gray value and the gray distribution of star
spot are closer to those in original star image.
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(a) (b) 

 
(c) (d) 

 
(e) (f) 

Figure 13. The magnified star image and the gray distribution of the star spot in the case of Gaussian
white noise. (a) The magnified original star image; (b) gray value distribution of star spot in
the original star image; (c) the magnified blurred star image (wx = wy = 10◦/s); (d) gray value
distribution of star spot in the blurred star image (wx = wy = 10◦/s); (e) the magnified deblurred
star image (wx = wy = 10◦/s); (f) gray value distribution of star spot in the deblurred star image
(wx = wy = 10◦/s).

The star sensor is an attitude measurement device. To more intuitively reflect the deblurring
performance of the proposed algorithm, we compare the attitude information of the spacecraft estimated
by the star image before and after deblurring. The star image observed by the star sensor at a certain
time is shown in Figure 14. First, we perform an angular motion blurring on the observed star image,
then we use the proposed algorithm and the automatic iterative RL algorithm to deblur the star image,
and compare the attitude information estimated by the deblurred images. The automatic iterative RL
algorithm calculates the mean square error (MSE) of the currently restored image by automatically
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increasing the number of iterations, and compares it with the MSE of the image restored by the last
iteration. If the MSE of the currently restored image is higher than the last iteration recovery result, the
last iteration number is considered to be the optimal number of iterations, and the restored image is
the optimal restoration result. The attitude estimation results are shown in Tables 2–6, and the “Fail”
indicates that the attitude information of the spacecraft cannot be estimated by the star image because
the degree of blurring of the star image is too high.

Figure 14. Star spots observed by a star sensor.

From Tables 2–6, it can be seen that the attitude estimation failed when the angular velocity
of the star sensor rotating around the X-axis, the Y-axis, the Z-axis, the X-and the Y-axis, and the
three axes exceeds wx = 25◦/s, wy = 30◦/s, wz = 25◦/s, w = [20, 20, 0]◦/s and w = [15, 15, 15]◦/s,
respectively. After the blurred star image is restored by the proposed algorithm and the automatic
iterative RL algorithm, the maximum angular velocity of the attitude can be estimated to be expanded
to wx = 75◦/s, wy = 75◦/s, wz = 80◦/s, w = [75, 75, 0]◦/s, and w = [55, 55, 55]◦/s, respectively, these
two methods have a similar performance, and the attitude errors are kept in a small range. This is
because with the increase of the angular velocity of the star sensor, the blur extent of the star image gets
bigger, and the gray value of the star spot decreases significantly. When the gray value of a blurred star
is lower than the threshold for star image segmentation and the blurred star can hardly be detected.
However, after the restoration of the blurred star image, the gray value of the star spot is improved,
and the gray distribution of the star spot is closer to the true distribution so that the star spot can also
be extracted under high dynamic conditions. Finally, the attitude of the spacecraft can be estimated by
these star spots.

Table 2. Comparison of attitude estimation in the case of Gaussian white noise (Vary wx).

wx (deg/s)
Attitude Errors (Blurred
Star Image) (arc-second)

Attitude Errors (Restored
Star Image by our Method)

(arc-second)

Attitude Errors (Restored
Star Image by Iterative RL

Algorithm) (arc-second)

Pitch Yaw Roll Pitch Yaw Roll Pitch Yaw Roll

1 14.61 14.59 10.28 14.61 14.59 10.28 14.61 14.59 10.28
5 14.63 13.02 2.33 14.61 14.59 10.28 14.61 14.59 10.28

10 141.49 159.97 17.98 32.05 17.39 5.26 58.82 22.07 4.94
15 26.76 4.71 7.07 24.77 11.80 5.09 14.61 14.59 10.28
20 181.60 136.94 5.69 24.77 11.80 5.09 24.04 19.74 0.04
25 Fail Fail Fail 31.08 67.23 5.44 48.33 69.82 0.37
35 Fail Fail Fail 43.03 6.38 5.03 14.61 14.59 10.28
45 Fail Fail Fail 14.61 14.59 10.28 14.61 14.59 10.28
55 Fail Fail Fail 14.61 14.59 10.28 31.08 67.23 5.44
65 Fail Fail Fail 64.17 34.57 10.08 75.65 45.95 4.80
75 Fail Fail Fail Fail Fail Fail Fail Fail Fail
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Table 3. Comparison of attitude estimation in the case of Gaussian white noise (Vary wy).

wy (deg/s)
Attitude Errors (Blurred
Star Image) (arc-second)

Attitude Errors (Restored
Star Image by Our Method)

(arc-second)

Attitude errors (Restored Star
Image by Iterative RL

Algorithm) (arc-second)

Pitch Yaw Roll Pitch Yaw Roll Pitch Yaw Roll

1 31.08 67.23 5.44 31.08 67.23 5.44 31.08 67.23 5.44
5 115.63 61.76 52.20 43.03 6.38 5.03 43.03 6.38 5.03

10 11.50 76.89 2.08 14.61 14.59 10.28 14.61 14.59 10.28
15 11.67 61.47 6.26 14.61 14.59 10.28 24.77 11.80 5.09
20 154.24 149.17 10.11 136.04 113.32 0.70 82.09 103.43 0.50
25 104.74 147.65 0.63 14.61 14.59 10.28 43.60 79.70 20.88
30 Fail Fail Fail 220.53 211.73 8.91 56.75 92.69 9.77
40 Fail Fail Fail 80.44 65.31 4.72 81.32 67.23 5.44
50 Fail Fail Fail 49.10 34.30 4.87 53.03 33.80 5.03
60 Fail Fail Fail 131.35 108.60 30.05 134.43 105.09 30.27
70 Fail Fail Fail 58.07 57.61 0.29 80.44 65.31 4.72
75 Fail Fail Fail Fail Fail Fail Fail Fail Fail

Table 4. Comparison of attitude estimation in the case of Gaussian white noise (Vary wz).

wz (deg/s)
Attitude Errors (Blurred
Star Image) (arc-second)

Attitude Errors (Restored
Star Image by Our Method)

(arc-second)

Attitude Errors (Restored
Star Image by Iterative RL

Algorithm) (arc-second)

Pitch Yaw Roll Pitch Yaw Roll Pitch Yaw Roll

1 14.61 14.59 10.28 14.61 14.59 10.28 14.61 14.59 10.28
5 103.24 73.51 12.20 4.38 40.73 5.28 14.61 14.59 10.28

10 60.43 55.49 25.06 14.61 14.59 10.28 14.61 14.59 10.28
15 157.89 162.40 15.28 14.61 14.59 10.28 14.61 14.59 10.28
20 84.80 136.06 3.85 14.61 14.59 10.28 14.61 14.59 10.28
25 Fail Fail Fail 14.61 14.59 10.28 14.61 14.59 10.28
35 Fail Fail Fail 14.61 14.59 10.28 34.94 19.01 19.09
45 Fail Fail Fail 30.03 66.27 20.87 14.61 14.59 10.28
55 Fail Fail Fail 14.61 14.59 10.28 91.86 76.68 4.65
65 Fail Fail Fail 75.67 96.89 0.44 112.50 111.72 16.04
75 Fail Fail Fail 92.57 106.52 5.68 170.85 140.59 4.22
80 Fail Fail Fail Fail Fail Fail Fail Fail Fail

Table 5. Comparison of attitude estimation in the case of Gaussian white noise (Vary wx and wy).

Angular
Velocity (deg/s)

Attitude Errors (Blurred
Star Image) (arc-second)

Attitude Errors (Restored
Star Image by Our

Method) (arc-second)

Attitude Errors (Restored
Star Image by Iterative RL

Algorithm) (arc-second)

wx wy Pitch Yaw Roll Pitch Yaw Roll Pitch Yaw Roll

1 1 31.30 28.17 16.23 14.61 14.59 10.28 14.61 14.59 10.28
5 5 203.95 191.12 22.83 13.14 30.54 0.11 14.61 14.59 10.28
10 10 29.66 18.84 4.72 14.61 14.59 10.28 14.61 14.59 10.28
15 15 335.46 369.20 31.02 14.61 14.59 10.28 14.61 14.59 10.28
20 20 Fail Fail Fail 14.61 14.59 10.28 14.61 14.59 10.28
30 30 Fail Fail Fail 58.82 22.07 4.94 56.75 92.69 9.77
40 40 Fail Fail Fail 14.61 14.59 10.28 4.68 39.04 15.47
50 50 Fail Fail Fail 49.10 34.30 4.87 41.74 9.47 10.16
60 60 Fail Fail Fail 14.61 14.59 10.28 31.08 67.23 5.44
70 70 Fail Fail Fail 126.33 125.57 0.77 120.24 97.62 0.61
75 75 Fail Fail Fail Fail Fail Fail Fail Fail Fail
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Table 6. Comparison of attitude estimation in the case of Gaussian white noise (Vary wx, wy and wz).

Angular Velocity
(deg/s)

Attitude Errors (Blurred
Star Image) (arc-second)

Attitude Errors (Restored
Star Image by Our Method)

(arc-second)

Attitude Errors (Restored Star
Image by Iterative RL Algorithm)

(arc-second)

wx wy wz Pitch Yaw Roll Pitch Yaw Roll Pitch Yaw Roll

1 1 1 66.08 27.77 16.17 14.61 14.59 10.28 14.61 14.59 10.28
5 5 5 56.02 46.97 37.18 14.61 14.59 10.28 14..61 14.59 10.28

10 10 10 101.42 84.97 12.21 58.82 22.07 4.94 31.08 67.23 5.44
15 15 15 Fail Fail Fail 5.46 41.82 20.65 14.61 14.59 10.28
25 25 25 Fail Fail Fail 83.89 119.70 9.66 42.49 49.42 25.86
35 35 35 Fail Fail Fail 80.51 43.55 20.27 176.13 2014.12 29.58
45 45 45 Fail Fail Fail 148.94 104.19 29.98 132.07 131.26 30.66
55 55 55 Fail Fail Fail Fail Fail Fail Fail Fail Fail

To verify the real-time performance of the proposed algorithm in the case of Gaussian noise, we
use the proposed algorithm and the automatic iterative RL algorithm to restore the blurred star image
caused by the star sensor rotating around the Z-axis and compare the time consumed by the two
methods. As shown in Figure 15, the real-time performance of the proposed algorithm is significantly
better than the iterative RL algorithm. This is mainly because the proposed algorithm can use the
ensemble neural network based on the improved bagging method to quickly predict the number
of iterations required by the RL algorithm, while the iterative RL algorithm requires a step-by-step
iteration to optimize the number of iteration steps required.

Figure 15. Comparison of running time between the proposed method and the iterative RL method in
the case of Gaussian noise.

Second, in the case where the blurred star image is contaminated by Poisson noise, we present
the deblurring performance of the proposed method and compare it with the automatic iterative RL
algorithm. Figure 16 shows the magnified original star image, blurred star images caused by star sensor
rotate around the X- and Y-axis, (wx = wy = 10◦/s), deblurred star image, and the gray distribution
of the star spot in the case of Poisson noise. Combined with Tables 7–11, we can see that in the case
of Poisson noise, the attitude estimation failed when the angular velocity of the star sensor rotating
around the X-axis, the Y-axis, the Z-axis, the X-and the Y-axis, and the three axes exceeds wx = 40◦/s,
wy = 35◦/s, wz = 35◦/s, w = [30, 30, 0]◦/s and w = [15, 15, 15]◦/s, respectively. After the blurred star
image is restored by the proposed algorithm and the automatic iterative RL algorithm, the maximum
angular velocity of the attitude can be estimated to be expanded to wx = 160◦/s, wy = 160◦/s,
wz = 170◦/s, w = [120, 120, 0]◦/s, and w = [80, 80, 80]◦/s, respectively, these two methods have a
similar performance, and the attitude errors are kept in a small range. Figure 17 shows the real-time
performance of the proposed algorithm and the iterative RL algorithm when dealing with the blurred
star image caused by the star sensor rotating around the Z-axis, and the result shows that the real-time
performance of our algorithm is better than the iterative RL algorithm when the degree of the blurred
star image is large.
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(a) (b) 

(c) (d) 

  
(e) (f) 

Figure 16. The magnified star image and the gray level distribution of the star spot in the case of
Poisson noise. (a) The magnified original star image; (b) gray level distribution of star spot in the
original star image; (c) the magnified blurred star image (wx = wy = 10◦/s); (d) gray level distribution
of star spot in the blurred star image (wx = wy = 10◦/s); (e) the magnified deblurred star image
(wx = wy = 10◦/s); (f) gray level distribution of star spot in the deblurred star image (wx = wy = 10◦/s).

In summary, the proposed method and the iterative RL algorithm significantly improve the
dynamic performance of the star sensor and have similar performance. However, the real-time
performance of our algorithm is better than the iterative RL algorithm, especially in the case of
Gaussian white noise.
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Table 7. Comparison of attitude estimation in the case of Poisson noise (Vary wx).

wx (deg/s)
Attitude Errors (Blurred
Star Image) (arc-second)

Attitude Errors (Restored
Star Image by Our Method)

(arc-second)

Attitude Errors (Restored
Star Image by Iterative RL

Algorithm) (arc-second)

Pitch Yaw Roll Pitch Yaw Roll Pitch Yaw Roll

1 14.61 14.59 10.28 14.61 14.59 10.28 14.61 14.59 10.28
20 32.73 32.90 15.31 14.61 14.59 10.28 14.61 14.59 10.28
35 47.34 86.91 27.38 14.61 14.59 10.28 15.05 16.10 14.61
40 Fail Fail Fail 14.61 14.59 10.28 14.61 14.59 10.28
55 Fail Fail Fail 108.82 137.30 5.82 65.28 94.19 26.05
70 Fail Fail Fail 81.34 73.45 5.61 2.64 12.00 20.58
85 Fail Fail Fail 5.77 37.94 0.10 33.45 76.93 15.70
100 Fail Fail Fail 14.61 14.59 10.28 24.77 11.80 5.09
115 Fail Fail Fail 32.61 11.32 30.77 58.32 14.25 15.18
130 Fail Fail Fail 77.30 40.39 20.17 155.73 162.04 11.18
155 Fail Fail Fail 43.03 6.38 5.03 115.90 122.36 10.87
160 Fail Fail Fail Fail Fail Fail Fail Fail Fail

Table 8. Comparison of attitude estimation in the case of Poisson noise (Vary wy).

wy (deg/s)
Attitude Errors (Blurred
Star Image) (arc-second)

Attitude Errors (Restored
Star Image by Our Method)

(arc-second)

Attitude Errors (Restored
Star Image by Iterative RL

Algorithm) (arc-second)

Pitch Yaw Roll Pitch Yaw Roll Pitch Yaw Roll

1 14.61 14.59 10.28 14.61 14.49 10.28 14.61 14.59 10.28
15 79.44 29.91 24.85 14.61 14.49 10.28 48.33 69.82 0.37
30 142.86 135.25 5.44 31.08 67.23 4.87 14.61 14.59 10.28
35 Fail Fail Fail 14.61 14.59 10.28 14.61 14.59 10.28
60 Fail Fail Fail 29.23 21.90 20.51 89.29 132.34 16.03
75 Fail Fail Fail 31.08 67.23 5.44 35.21 85.90 26.01
90 Fail Fail Fail 14.61 14.59 10.28 58.07 57.61 0.29
105 Fail Fail Fail 134.41 104.39 24.90 154.70 146.49 6.03
120 Fail Fail Fail 136.04 113.32 0.70 82.09 103.43 0.50
135 Fail Fail Fail 102.04 79.48 0.54 127.91 105.30 14.66
155 Fail Fail Fail 119.10 74.69 0.48 137.62 93.05 14.73
160 Fail Fail Fail Fail Fail Fail Fail Fail Fail

Table 9. Comparison of attitude estimation in the case of Poisson noise (Vary wz).

wz (deg/s)
Attitude Errors (Blurred
Star Image) (arc-second)

Attitude Errors (Restored
Star Image by Our Method)

(arc-second)

Attitude Errors (Restored
Star Image by Iterative RL

Algorithm) (arc-second)

Pitch Yaw Roll Pitch Yaw Roll Pitch Yaw Roll

1 14.61 14.59 10.28 14.61 14.59 10.28 14.61 14.59 10.28
15 124.07 82.00 14.15 14.61 14.59 10.28 15.01 14.94 0.09
30 171.49 129.07 26.77 14.61 14.59 10.28 14.61 14.59 10.28
35 Fail Fail Fail 14.61 14.59 10.28 14.61 14.59 10.28
45 Fail Fail Fail 14.61 14.59 10.28 4.38 40.73 5.28
60 Fail Fail Fail 14.61 14.59 10.28 49.10 34.30 4.87
75 Fail Fail Fail 14.52 58.08 20.74 28.99 7.05 15.25
90 Fail Fail Fail 101.47 129.93 4.50 115.88 64.16 9.72
105 Fail Fail Fail 22.90 22.86 25.87 88.02 109.29 15.91
120 Fail Fail Fail 31.08 67.23 5.44 33.47 54.99 0.21
150 Fail Fail Fail 15.34 15.26 0.09 14.61 14.59 10.28
165 Fail Fail Fail 87.48 43.19 14.98 75.17 74.57 9.85
170 Fail Fail Fail Fail Fail Fail Fail Fail Fail
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Table 10. Comparison of attitude estimation in the case of Poisson noise (Vary wx and wy).

Angular
Velocity (deg/s)

Attitude Errors (Blurred
Star Image) (arc-second)

Attitude Errors (Restored
Star Image by Our

Method) (arc-second)

Attitude Errors (Restored
Star Image by Iterative RL

Algorithm) (arc-second)

wx wy Pitch Yaw Roll Pitch Yaw Roll Pitch Yaw Roll

1 1 40.61 18.59 22.13 14.61 14.59 10.28 14.61 14.59 10.28
15 15 51.70 33.10 21.44 14.61 14.59 10.28 14.61 14.59 10.28
25 25 372.32 260.78 13.32 14.61 14.59 10.28 49.10 34.30 4.87
30 30 Fail Fail Fail 14.61 14.59 10.28 43.08 6.38 5.03
45 45 Fail Fail Fail 14.71 14.46 10.27 14.71 14.46 10.27
60 60 Fail Fail Fail 43.60 79.70 20.88 43.03 6.38 5.03
75 75 Fail Fail Fail 80.44 65.31 4.72 75.75 118.93 16.02
90 90 Fail Fail Fail 52.75 59.83 25.98 58.82 22.07 4.94
105 105 Fail Fail Fail 58.82 22.07 4.94 60.44 25.31 4.72
115 115 Fail Fail Fail 138.30 159.19 0.82 138.30 159.19 0.82
120 120 Fail Fail Fail Fail Fail Fail Fail Fail Fail

Table 11. Comparison of attitude estimation in the case of Poisson noise (Vary wx, wy and wz).

Angular Velocity
(deg/s)

Attitude Errors (Blurred
Star Image) (arc-second)

Attitude Errors (Restored
Star Image by Our Method)

(arc-second)

Attitude Errors (Restored Star
Image by Iterative RL Algorithm)

(arc-second)

wx wy wz Pitch Yaw Roll Pitch Yaw Roll Pitch Yaw Roll.

1 1 1 59.74 47.73 20.42 14.61 14.59 10.28 14.61 14.59 10.28
5 5 5 67.70 46.17 16.68 14.61 14.59 10.28 14..61 14.59 10.28

10 10 10 88.61 125.45 16.57 14.61 14.59 10.28 14.61 14.59 10.28
15 15 15 Fail Fail Fail 14.61 14.59 10.28 80.44 65.31 4.72
25 25 25 Fail Fail Fail 17.43 10.02 5.16 40.75 11.52 15.49
35 35 35 Fail Fail Fail 53.52 24.12 25.38 53.52 24.12 25.38
45 45 45 Fail Fail Fail 93.01 128.85 36.48 150.77 171.60 0.99
55 55 55 Fail Fail Fail 87.19 79.21 0.45 97.60 67.91 30.26
65 65 65 Fail Fail Fail 42.59 42.40 0.16 47.73 83.74 10.54
75 75 75 Fail Fail Fail 42.34 71.39 41.44 42.34 71.39 41.44
80 80 80 Fail Fail Fail Fail Fail Fail Fail Fail Fail

Figure 17. Comparison of running time between the proposed method and the iterative RL method in
the case of Poisson noise.

5. Conclusions

In this paper, we improve the dynamic performance of the star sensor by using the star image
prediction method and the star image deblurring method. Taking into account the distortion of the
star sensor lens, we use the information provided by the star sensor and the gyroscope to establish
a star spot prediction model. Also, for the blurred star image problem, we proposed an improved
Richardson-Lucy (RL) algorithm based on the EBPNN.
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Experimental results demonstrate that the proposed methods are effective in improving the
dynamic performance of the star sensor. The maximum error of the star image prediction algorithm is
0.89 pixels in 15 s and the attitude errors calculated from the star image restored by the improved RL
algorithm can be kept in a small range. Compared with the iterative RL algorithm, the improved RL
algorithm proposed in this paper has better real-time performance.
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Abstract: The development and maturation of simultaneous localization and mapping (SLAM) in
robotics opens the door to the application of a visual inertial odometry (VIO) to the robot navigation
system. For a patrol robot with no available Global Positioning System (GPS) support, the embedded
VIO components, which are generally composed of an Inertial Measurement Unit (IMU) and a
camera, fuse the inertial recursion with SLAM calculation tasks, and enable the robot to estimate
its location within a map. The highlights of the optimized VIO design lie in the simplified VIO
initialization strategy as well as the fused point and line feature-matching based method for efficient
pose estimates in the front-end. With a tightly-coupled VIO anatomy, the system state is explicitly
expressed in a vector and further estimated by the state estimator. The consequent problems
associated with the data association, state optimization, sliding window and timestamp alignment in
the back-end are discussed in detail. The dataset tests and real substation scene tests are conducted,
and the experimental results indicate that the proposed VIO can realize the accurate pose estimation
with a favorable initializing efficiency and eminent map representations as expected in concerned
environments. The proposed VIO design can therefore be recognized as a preferred tool reference for
a class of visual and inertial SLAM application domains preceded by no external location reference
support hypothesis.

Keywords: tightly-coupled VIO; SLAM; fused point and line feature matching; pose estimates;
simplified initialization strategy; patrol robot; map representation

1. Introduction

When robots operate under an unknown environment, an absolute external location reference
such as a Global Positioning System (GPS) may be not available, and the no-prior-knowledge based
navigating technology will be highly required. Thus, the individual intelligent robot should have the
ability to estimate its own location using the carried sensors, such as Inertial Measurement Units (IMUs),
laser radars, cameras, et al. [1–3]. For the navigation and perception problems of patrol robots working
in the substations, the electromagnetic interferences will influence the signal transmissions, which
therefore does not allow for the GPS receiver to assist the patrol robots with continuous and steady
signal supports. In contrast to the existing navigation modes performed by dedicated external sensors,
the robust solutions mainly lie mainly in utilizing the essential visual functions of cameras to build an
environment map in real-time and estimate the position of the robot within the map simultaneously.
This problem is called simultaneous localization and mapping (SLAM). It is noteworthy that SLAM may
not only contribute to the acquisition and identification of the scene knowledge by some appropriate
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mode, but that it may also improve navigation performances with steady pose estimates [4]. One of
the most significant SLAM results is proposed by Davison A.J., who pioneered the updating of the
states of cameras and landmark points by an extended Kalman filter (EKF) and addressed the real-time
SLAM problems for practical applications [5]. Klein G. extended the above model using a nonlinear
optimization. He explicitly structured the SLAM system in terms of the front-end and the back-end,
and improved the matched back-end framework by having the fused global constraints of the state
variables be optimal rather than the pure iterations of EKF [6].

The above methods form the basis of feature-based methods for an efficient pose estimation [7–9].
Under the simple circumstances where the illumination changes slowly, or the cameras equipped
are at a low speed movement, the direct methods are generally simpler to apply in practice, directly
recovering the camera motion by minimizing a pixel-level intensities-based measurement error with no
need to detect feature points [10–12]. Lately, there has been more research in the area of SLAM-based
robot localization. In cases where the accurate pose estimates and large-scale scene reconstructions for
mapping tasks are desired, the feature-based methods are more suitable for robotic applications.

Some research focuses on eliminating the accumulative positioning errors mainly caused by the
incorrect feature points matching among images [13,14]. Actually, considering the fact that the cameras
in motion find it difficult to present the expected brilliant images continuously, and in view of the fact
that in some cases the cameras are working under the scenes with poor visibility or the ‘understanding’
of scenes can not be achieved in terms of textures, a visual inertial odometry (VIO) scheme is generally
preferred, by fusing the inertial recursion (IMUs present) and SLAM calculation (cameras present) in
robotics, to satisfy a long-term positioning accuracy and a matched favorable navigation stability in a
short-time rapid maneuver.

By a method in which the state of the camera and the state of IMU are either directly incorporated
in one state estimator or not, the typical VIO may be classified into a loosely-coupled mode and
tightly-coupled mode. A loosely-coupled VIO separately estimates the relative motion by two state
estimators, viz., the state of the camera and the state of IMU are separately estimated, and the VIO
makes a fusion of these two results. A tightly-coupled VIO fuses raw measurements from the camera
and IMU, explicitly estimating the relative motion by one state estimator, and this is generally fulfilled
by constructing the joint nonlinear loss functions associated with the state variables. By contrast, the
tightly-coupled mode presents a better accuracy and robustness.

For the state estimation, a filter-based method and optimization-based method are both
possible [15–18]. The tightly-coupled mode fully takes into account the coupling between the used
sensors. The optimization-based method explicitly incorporates the raw measurements of sensors and
globally optimizes the sensor states by one estimator. As a mainstream framework, the tightly-coupled
optimization-based VIO has been greatly extended theoretically. In principle, the system state of a VIO
is expressed by typically integrating the pose (such as a rotation and translation by IMUs/cameras),
velocity and zero bias (such as an inherent gyro bias and accelerometer bias by IMUs). The system state
estimation of a VIO can converge to the desired state by optimizing the previously-constructed loss
functions with respect to the state. It should also be noted that the initial values of the state variables
for the global optimization are given by a system initialization module. To guarantee the long-term
and steady availability in cases where limited numbers of feature points or textures are present, some
research has been developed to improve the feature extraction pattern by fusing the line features or
plane features in the VIO front-end, enabling the cameras to efficiently keep tracking. These solutions
are equivalent to exerting some additional constraints to the entire pose estimation tasks [19,20].

The maturation and development of the above techniques underpin a successful robot application
in the power patrol inspection. Accordingly, the efficiently initialized VIO permits the robot to perform
accurate localization and navigation tasks [21,22]. Based on the above discussion, an optimized VIO
system is presented to take into account the problems associated with the initialization efficiency and
feature matching results.

The main contributions to this paper are shown in the following aspects.
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1. First, during the course of a VIO initialization, the constant-velocity constraints are applied to the
robots in motion. The consuming time for calculating the camera rotation between frames, is, in
consequence, much less than that under the non-restriction conditions, accelerating the acquisition
process of the initial state variables (including the pose, velocity, zero bias, etc.) dynamically.

2. Second, as a consequence of explicitly taking into account the textures of the electrical equipment
in the work volume, the improved VIO characterized by the feature matching in terms of point
features and line features enables the camera movement estimation (such as the rotation or
translation) to be more accurate and smooth.

3. Third, the sparse maps represented by the point features and line features are constructed as
expected under the sliding window optimization model. The introduction of this practical
optimization model improves the efficiencies of the state estimation and mapping. Additionally,
both dataset tests and substation scene tests for the robot routing inspection applications have
been conducted, and the detailed evaluation results are given.

The outline of the remainder of the paper is as follows. The following section mainly discusses
the VIO anatomy, besides the detailed description of the VIO front-end, including the reprojection
errors associated with the points features and line features; additionally, the IMU pre-integration
model is given, and the superiority of the fused-point and line feature-matching based method in
accurate pose estimates over the direct method and simple point feature-matching based method
is numerically proven by multiple sets of simulations. In Section 3, a simplified VIO initialization
strategy is proposed and discussed, which subsequently includes a gyro bias estimation, accelerometer
bias and gravity estimation, and scale factor and velocity estimation; furthermore, the laboratory
test on the comparative time consumption by three typical feature-based visual odometries (VO) is
highlighted. The matched state variable optimization tasks in the VIO back-end are emphasized in
Section 4; specifically, the sliding window model for the accumulated error reduction and the visual
measurement model for the two Jacobian matrix calculations with respect to the reprojection errors
defined in Section 2, are respectively established. Section 5 carries out the experiments on dataset tests
and real substation scene tests, and presents the main conclusions of this investigation.

2. Overall Description of Tightly-Coupled VIO

The physical structure of VIO can be divided into two parts: an IMU and a monocular camera.
The embedded IMU provides the VIO system with an orthogonal 3-axial acceleration and angular
rate in the body (robot) coordinate frame. The camera is mounted on the stationary base of the robot,
providing the VIO system with sequential image information, by which it estimates the robot pose in
the world coordinate frame and which can be further applied to represent and address the structure
from motion (SFM) problem [23,24]. The essential part of integrating these two components consists
in updating the state variables of the tightly-coupled VIO system as time evolves, so as to efficiently
obtain the global optimum solutions of the state variables.

2.1. VIO Anatomy

Denote the world coordinate frame of the VIO system by W, which is referred to as the absolute
reference used to denote the position and orientation of the objects in the concerned scenes. Denote
the IMU coordinate frame (body coordinate frame) and the camera coordinate frame by B and C,
respectively. A transformation between W and B is represented by a homogeneous transform matrix
TWB = (RWB|WpB), where RWB represents the rotation and WpB represents the displacement. Let

WvB denote the robot velocity expressed in the world coordinate frame. Denote the gyro bias and
accelerometer bias by bg and ba, respectively. Figure 1 presents the diagrammatic representation of a
VIO state estimator algorithm.
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Figure 1. Flow chart of a VIO state estimator algorithm.

As illustrated, Figure 1 shows how information flows forward from the front-end to the back-end
of the process. The VIO front-end collects the manipulated inputs from the IMU and the camera, and
after obtaining the raw pose estimates of the robot in motion it turns to the VIO back-end to calculate
the initial state vector λ. As mentioned above, the fused point and line feature-matching based method
is conducted for the ideal pose estimates, on basis of the gray images.

The VIO back-end is used to optimize the state vector χ from λ. Let:

λ =
(
bg, ba, s, W g, WvB

)
χ = (RWB, wpB, WvB, bg, ba, PW , MW , NW)

χ∗ = arg min
χ

∑
k

(
Epoint + Eline + EIMU

) (1)

where s represents the scale factor of the monocular camera, and W g represents the gravity vector
expressed in the world coordinate frame. χ represents the VIO state vector and χ∗ represents the loss
function with respect to χ. PW and (MW , NW) respectively represent the point features and line features
of the images in the world coordinate frame. Epoint and Eline are, respectively, the constructed quadratic
form functions of the point feature reprojection error and line feature reprojection error. EIMU is also a
quadratic form function of the IMU error, which in nature denotes the constraints between the current
frame and the previous keyframe in terms of a series of variable errors, like the rotation, position,
velocity and bias [25]. Minimize the loss function χ∗ by means of a typical Levenberg-Marquardt
iterative calculation to assure the global optimization results, viz., the VIO can put out the globally
optimal pose, trajectory, and landmark position in the world coordinate frame.

Note that the relative position and orientation between the camera and the IMU are fixed once the
installation is done. Analogously, the transformation relationship between C and B can be represented
by a homogeneous transform matrix TCB = (RCB|CpB), where RCB represents the rotation and CpB
represents the displacement. More specifically, TCB essentially has a major impact on the precision
and stability of the VIO system, which should therefore be calibrated with some mathematical means
beforehand. Referring to the existing well-developed ways [26], the typical hand-eye calibration
method is adopted in this paper.
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2.2. Reprojection Error of the Camera

As described above, the VIO system fuses the point features and line features derived from the
camera images. For the point features, the reprojection error denotes the distance (on the imaging
plane) of the projection position of 3-D points from the detected position, minimizing this error by
means of identifying the matched transform matrix, which then indicates that the pose optimization
process is fully implemented. Suppose Pi = (Xi, Yi, Zi) is the position of the ith feature point in 3-D
space and ui is the detected projection position of Pi on the imaging plane, the constructed reprojection
error in terms of the point features can be defined as [27]:

rpoint = ui − 1
zi

Kexp(ξ∧)Pi (2)

where, zi is the depth of Pi, and K is the intrinsic matrix of the camera. ξ is the Lie algebraic
representation of the pose, and it follows that:

ξ∧ =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎣
0 −ξ3 ξ2

ξ3 0 −ξ1

−ξ2 ξ1 0

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎦ (3)

For a line segment with the ends M, N ∈ R3, the line reprojection error denotes a sum of point-to-line
distances between the projected line segment l ends (m, n) and the detected line segment l′ ends (M′, N′)
on the imaging plane; it follows that [28]:

rline(M′, N′, l, ξ, K) = r2
pl(M

′, l, ξ, K) + r2
pl(N

′, l, ξ, K) (4)

where, r2
pl(M

′, l, ξ, K) represents the distance between the detected position of M′ and line l, similarly,

r2
pl(N

′, l, ξ, K) represents the distance between the detected position of N′ and line l. The normalized
form l may be defined as:

l = (l1, l2, l3) =
mh

d × nh
d∣∣∣mh

d × nh
d

∣∣∣ (5)

where mh
d and nh

d respectively indicate the corresponding homogeneous coordinates of the two ends of
l. The graphic interpretation of the point/line feature reprojection error is illustrated by the points and
line segments in Figure 2.

 
Figure 2. The graphic interpretation of the point/line feature reprojection error.
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2.3. IMU Pre-Integration

The output frequency of the IMUs is generally dozens of times that of the cameras, which then
indicates during the course of the data fusion that the VIO collects multiple sets of IMU measurement
data in a single sampling interval [i, i + 1] (between two keyframes).

Let Bã(t) and Bω̃(t) respectively denote the measured angular rate and acceleration. We have:

Bã(t) = RBW(Wa(t) −W g) + ba(t) + ηa(t) (6)

Bω̃(t) = Bω(t) + bg(t) + ηg(t) (7)

where Wa(t) and Wω(t) are the angular rate and acceleration to be estimated. ηa(t) and ηg(t) are white
noise. The accelerometer bias ba(t) and the gyro bias bg(t) are subject to random walk noise.

The (i + 1)th updated Ri+1
WB, Wvi+1

B and Wpi+1
B can be given by [29]:

Ri+1
WB = Ri

WBExp((ω̃i − bg
i − η

g
i )Δti,i+1) (8)

Wvi+1
B = Wvi

B + W gΔti,i+1 + Ri
WB (̃ai − ba

i − ηa
i )Δti,i+1 (9)

Wpi+1
B = Wpi

B + viΔti,i+1 +
1
2 W gΔt2

i,i+1 +
1
2

Ri
WB (̃ai − ba

i − ηa
i )Δt2

i,i+1 (10)

where Δti,i+1 is the time interval between two keyframes. The relative motion between two keyframes
can be defined in terms of the pre-integrated ΔRi,i+1, Δvi,i+1 and Δpi,i+1, shown as follows:

ΔRi,i+1
.
= RT

i Ri+1 = Exp((ω̃i − bg
i − η

g
i )Δti,i+1) (11)

Δvi,i+1
.
= RT

i (vi+1 − vi −W gΔti,i+1) = ΔRi,i+1 (̃ai − ba
i − ηa

i )Δti,i+1 (12)

Δpi,i+1
.
= RT

i (pi+1 − pi − viΔti,i+1 − 1
2 W gΔt2

i,i+1)

= Δvi,i+1Δti,i+1 +
1
2

ΔRi,i+1 (̃ai − ba
i − ηa

i )Δt2
i,i+1

(13)

Note that it is supposed that bias ba and bias bg are constant during the time interval from t
to t + Δti,i+1, as indicated in Equations (11)–(13), and for this to be the case they should be initially
calibrated in practice. Define the change of ba (and bg) as the disturbance δb and linearize it with
first-order approximation; consequently, we obtain the (i + 1)th state estimates in terms of the ith state
estimates and the residual error:

Ri+1
WB = Ri

WBΔRi,i+1Exp(Jg
ΔRbg

i ) (14)

Wvi+1
B = Wvi

B + gWΔti,i+1 + Ri
WB(Δvi,i+1 + Jg

Δvbg
i + Ja

Δvba
i ) (15)

Wpi+1
B = Wpi

B + Wvi
BΔti,i+1 +

1
2

gWΔti,i+1 + Ri
WB(Δpi,i+1 + Jg

Δpbg
i + Ja

Δpba
i ) (16)

where Jg
(·) and Ja

(·) are the Jacobian matrices of the pre-integrated measurements with respect to δb at
the sampling point i.

The pose estimation and IMU pre-integration form the front-end tasks of the designed VIO.
To evaluate the performances of the VIO, we carry out a set of numerical simulations. Two images
(F1, F2) derived from fr1/desk of the TUM RGB-D datasets [30] are arbitrarily designated as the testing
samples, the fused point and line feature-matching based method and the simple point feature-matching
based method, together with the direct method. are conducted under different optimization strategies,
including non-optimization, typical Gauss-Newton (G-N) optimization and Levenberg-Marquardt
(L-M) optimization for the first round and convergence achieved respectively. The comparative results
are shown in Table 1, in terms of the transform matrix TF1F2 and RMSE (root mean squared error) values.
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As in Table 1, since the direct method estimates the robot pose directly by minimizing a pixel-level
intensities-based measurement error, which in nature belongs to the optimization problem, when
non optimization is adopted the direct method itself is not available at all. For the first-round G-N
optimization, the direct method and the simple point feature-matching based method both fail to
result in valid estimates, which is mainly because the trust region problem is not fully taken into
account during the optimization process, and consequently an oversized step is employed by mistake.
By contrast, the fused point and line feature-matching based method presents a better robustness
under a wider range of optimization strategies without any load in complexity; specifically, with the
L-M optimization conditions its pose estimation precision is generally best (a lower RMSE between
the estimated TF1F2 and the true transform matrix given in fr1/desk TUM). The following section
concentrates on fulfilling the VIO initialization design for a better state initializing efficiency.

3. VIO Initialization Design

The behavior of the VIO highly depends on the initial values of the system states. A proposed
method of initializing the VIO states consists of previously setting a constant velocity for a patrol robot
in operation. Moreover, it assumes that the rotation is steadily unchangeable. The simplified solution,
therefore, is expected to improve the initializing efficiency of an actual VIO without any decrease in
the precision. Quite simply, the accuracy of the estimated gravity is evaluated by reference to its true
value (since the magnitude of the true gravity is known), so that the effectiveness of the simplified VIO
initializing strategy can be verified. The detailed procedures are shown below.

3.1. Gyro Bias Estimation

Assume that the relative rotation defined in the pre-integration module is constant, and that the
velocity difference is zero during the given time interval [i,i + 1], [i + 1,i + 2], . . . ; we have:

ΔRi,i+1 = ΔRi+1,i+2, Δvi,i+1 = Δvi+1,i+2 = 0 (17)

Define the residual error rΔRi,i+1 by integrating the terms from the camera calculation and gyro
pre-integration. It follows that [31]:

rΔRi,i+1 =
N−1∑
i=1

Log((ΔRi,i+1Exp(Jg
ΔRbg

i ))
T

Ri+1
BWRi

WB) (18)

where RWB = RWCRCB (RWC is derived from the monocular camera). N is the number of keyframes.
The gyro bias bg

i is estimated by minimizing rΔRi,i+1 with the L-M calculation. Among some typical
feature point methods such as ORB (Oriented Brief) feature, SURF (Speeded Up Robust Features)
feature and SIFT (Scale Invariant Feature Transform) feature, the process of feature extraction and
matching cost more execution time. To quantitatively illustrate the time taken for each step of the
VIO pose estimation, Table 2 presents the comparative time consumption results through three typical
feature-based visual odometries (VO) with a computer Lenovo Y510 (Inteli5-4200MQ, 2.5GHz CPU,
8GB RAM, Lenovo Grope, Beijing, China,) under an Ubuntu 16.04 environment. The images that are
used are coming from the fr1_xyz of TUM dataset.

Table 2. The comparative time consumption results (s).

Feature
Extraction

Descriptor
Calculation

Feature
Matching

Pose
Estimation

Total

ORB
SURF
SIFT

0.0101
0.0435
0.9228

0.0087
0.0095
0.0125

0.0118
0.0274
0.0285

0.0009
0.0014
0.0012

0.0315
0.0818
0.9650

592



Sensors 2019, 19, 2004

As described, the main idea of the VIO initialization lies in calculating the rotation matrix of each
frame according to the results from the first two frames on the basis of keeping the rotation constant,
rather than repetitively performing a routine feature extraction and feature matching. This is illustrated
by the comparative time consumed for the bias estimation in Figure 3; we arbitrarily designate different
numbers of the images for testing, and compare the corresponding consumption time by the method in
this paper and the typical methods in [22,31]. Clearly, continuously estimating the rotation between the
frames reveals its poor efficiency when a larger number of frames are concerned; therefore, the proposed
method shows its superiority in dealing with the bias estimation in large-scale scene information.

 
Figure 3. The time consumed for the bias estimation.

3.2. Accelerometer Bias and Gravity Estimation

The residual error of relative velocity rΔvi,i+1 may be directly defined on the basis of the constant
velocity hypothesis with the known bg

i , viz., the accelerometer bias is fully taken into account in this
case, which is quite different from that adopted in [31]. We define:

rΔvi,i+1 =
N−1∑
i=1

(Wvi+1
B −Wvi

B︸����������︷︷����������︸
0

− gWΔti,i+1 −Ri
WB(Δvi,i+1 + Jg

Δvbg
i + Ja

Δvba
i )) (19)

Analogously, the estimates of the accelerometer bias ba
i and the gravity gW are solved by forming a

least-square problem with manipulated VIO inputs. It is noted that, in view of the VIO computational
load, only three keyframes with a strong parallax excitation are used to establish the fewer simultaneous
equations, and this simplified scheme is sufficiently accurate to deal with a wider range of accelerometer
bias phenomena.

We further optimize the gravity gW and parameterize it as:

ĝW = g · gW +ω1b1 +ω2b2 (20)

where g is the magnitude of the gravity, and gW is the direction vector of the current gravity ĝW . b1 and
b2 are two orthogonal bases on the tangent plane and can be easily determined by the Gram-Schmidt
process. ω1 and ω2 are the corresponding 2D components to be estimated. Substitute Equation (20)
into Equation (19) and solve it by Singular Value Decomposition (SVD) [32]. This process is iterated
several times until ĝW converges.
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3.3. Scale Factor and Velocity Estimation

The scale uncertainty of the monocular cameras may lead to an ambiguous estimate trajectory.
The scale factor s is therefore introduced to represent the position transformation between the camera
and IMU, and it follows that [33]:

WpB = sWpC + RWCCpB (21)

Substitute Equation (21) into Equation (16) and ignore the accelerometer bias. We have:

[
Ri

WB
T(Ri

WC −Ri+1
WC)CpB +

1
2

Ri
WB

T gWΔti,i+1 + Δpi,i+1

]
=
[
Ri

WB
T(Wpi+1

C −Wpi
C) −Ri

WB
TΔti,i+1

] [ s

Wvi
B

] (22)

Substitute the relative velocity of the pre-integration measurements (expressed in Equation (12))
into Equation (22), and let Δti,i+1 and Δti+1,i+2 respectively denote the time interval between Keyframe 1
to Keyframe 2 and Keyframe 2 to Keyframe 3. Eliminate the unknown, and we can get ẑi,i+1,i+2, similar
to [31]. Thus, s can be calculated from the residual error equation below:

s∗ = argmin
s

⎛⎜⎜⎜⎜⎜⎜⎝ ẑi,i+1,i+2 − [s(Wpi+1
C −Wpi

C)Δti+1,i+2 − s(Wpi+2
C −Wpi+1

C )Δti,i+1

+
1
2

gW(Δt2
i,i+1Δti+1,i+2 + Δt2

i+1,i+2Δti,i+1)]

⎞⎟⎟⎟⎟⎟⎟⎠ (23)

In Equation (22), so far, the unknown Wvi
B is solvable. For the first (K−1) keyframes, the

corresponding velocity can be explicitly calculated. Conversely, the current (the Kth) keyframe should
be given by Equation (15).

4. Tightly-Coupled Information Fusion Based on Sliding Window

The VIO system may proceed, in this phase, by realizing the initialization of the variables
illustrated above. The core points consist in continuously optimizing the joint loss functions of each
error term (including Epoint, Eline and EIMU). However, since the front-end of the VIO collects a large
amount of input information from the camera and IMU, a heavy emphasis should be placed upon the
real-time state estimation of the VIO that has to cope with the potential tracking failures. Considering
the computational load in the back-end of the VIO, a practical sliding window scheme is developed to
perform the efficient state optimization [34].

4.1. Sliding Window Model

The sliding window in the VIO mainly marginalizes out certain states of the system by a Schur
complement, and the reinsertion of these as prior information (the prior term Eprior) would allow
the loss functions to be formed and optimized. That is, Eprior further supplies the system state with
observable constraints. Suppose that the ith system state vector (in terms of discrete moment) is
χi = (Ri

WB, wpi
B, Wvi

B, bi
g, bi

a, Pi
W , Mi

W , Ni
W), the matched error terms, can therefore be expressed as:

Epoint =
∑

k∈KV

∑
i∈β
ρ(ri,k

point
TΣ−1

ri,k ri,k
point) (24)

Eline =
∑

k∈KV

∑
j∈η
ρ(rj,k

line
TΣ−1

rj,k rj,k
line) (25)

EIMU =
∑

i, j∈KI

[
ρ(rT

ΔRrT
ΔvrT

Δp)ΣI(rT
ΔRrT

ΔvrT
Δp)

T
+ ρ(rT

ΔbΣRrΔb)
]

(26)

where KV and KI respectively represent the sets of visual and inertial measurements in the current
sliding window, and PW and (MW , NW) respectively represent the point features and line features
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which are observed at least twice in the current sliding window. Σ−1
ri,k and Σ−1

rj,k respectively represent
the information matrix of the point feature reprojection error and line feature reprojection error. ΣI and
ΣR are also information matrices, respectively representing the pre-integration information matrix and
bias random walk information matrix. ρ is the robust kernel, piece-wisely expressed as:

ρ(s) =

⎧⎪⎪⎨⎪⎪⎩
1
2 s2 |s| ≤ δ
δ(|s| − 1

2δ) Others
(27)

where ρ(·) is in the Huber norm (δ being a pre-set threshold). rΔR and rΔv are defined in Equations (18)
and (19). Analogously, the definitions of rΔp and rΔb are also derived from the pre-integration
measurements, and we have:

rΔp = Wp j
B −Wpi

B −Wvi
bΔti j − 1

2
gWΔt2

i j −Ri
WB(Δpi,i+1 + Jg

Δpbg
i + Ja

Δpba
i ) (28)

rb = rj
b − ri

b (29)

The marginalization result can be denoted as the prior term Eprior, and it follows that:

Eprior = ‖rprior −Hpriorχ‖2 (30)

where rprior represents the prior information after marginalization, and Hprior represents the Hessian
matrix constrained by the pose, landmark position and IMU measurements.

The modified loss function in a linear combination form can therefore be further written as:

Floss =
∑

i

(
Epoint + Eline + EIMU + Eprior

)
(31)

The typical optimization strategy of Floss is similar to Visual-Inertial System (VINS) [35]. Given
the frames in the optimization window, the decision-making pattern of the end-back of the VIO is
diagrammatically represented in Figure 4. In the figure, the green circle in the figure indicates the
pose of the keyframes, the gray circle indicates the pose of the non-keyframes, the yellow square
indicates the measurements of the features, the red square indicates the inertial constraints of the IMU,
and the purple square and the arrow indicate the information that is marginalized. The red cross
indicates the measurements that was discarded. Two cases are discussed: 1� if the current inserted
frame is not a keyframe, the visual measurement, together with the current pose estimate, would be
explicitly neglected, viz., the IMU constraints would only be marginalized out; 2� if the current frame
is a keyframe, the visual measurement and the pose estimate of the oldest keyframe in the sliding
window would be marginalized out and the current keyframe would be kept accordingly.

Owing to the specific forms of the variables to be optimized in the sliding window model, the
following work will turn to the definition of the vertices/edges in the graph optimization model by
means of a G2o optimization framework and to the estimation of the state variables by means of an
L-M iterating calculation [36].
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Figure 4. Decision-making pattern of the sliding window model, (a) the inserted frame is not a keyframe
and (b) the inserted frame is a keyframe.

4.2. Visual Measurement Model

For the loss function represented by Equation (31), the optimization means recurrently performing
the linear expansion of Equation (31) around the current estimated value, which therefore implies
its principal of calculating the Jacobian matrices of the residual functions with respect to the state
variables. Specifically, the method chosen to solve the Jacobian matrix of the point reprojection error
with respect to the pose should be the typical chain rule [37], which yields:

∂rpoint

∂δξ
= −∂rpoint

∂PC

∂PC
∂δξ

(32)

with

∂rpoint

∂PC
=

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
fx
Z

0 − fxX
Z2

0
fy

Z
− fyY

Z2

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦ (33)

∂PC
∂δξ

= [−PC
∧, I3×3] (34)

where δξ is the disturbance of the pose, PC = [X, Y, Z]T is the coordinate of the landmark in the camera
coordinate frame, and fx and fy are the focal length parameters in K. I3×3 is an identity matrix.

For the Jacobian matrix of line reprojection error with respect to the pose, let � = [n, v]T be the
Plücker coordinate of the line feature [38], and let the homogeneous coordinates of M′ and N′ be
M′ = (u1, v1, 1)T and N′ = (u2, v2, 1)T respectively. We have:

∂rline
∂δξ

= −∂rline
∂l

∂l
∂�

∂�
∂δξ

(35)

with
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(l21 + l22)
3
2
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3
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1
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⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
(36)
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∂�
∂δξ

=

[ −[RCWnW ]∧ − [t∧CWRCWvW ]∧ −[RCWvW ]∧

−[RCWvW ]∧ 0

]
(38)

where v is the direction vector of the line, and n is the normal vector of the plane formed by the line
and origin point; they are both in the Plücker coordinate frame. In addition to the Jacobian matrices
of the point/line reprojection error with respect to the pose, analogously, the Jacobian matrices of the
point/line position in space could be formulized as the similar forms to those in Equations (32) and
(35), due to the limits of the space. Please see [39] for details.

5. Experimental Section

The experimental observations consist of dataset tests and substation scene tests. The behaviors
of the VIO on the datasets largely reflect its actual performances, so the process of evaluating the
performances of the designed VIO consists of first testing it in the public datasets.

5.1. Dataset Tests and Analyses

The public dataset European Robotics Challenge (EUROC) [40] provides a series of information
(such as images, accelerations and angular rates, etc.) invoking a micro aerial vehicle (MAV) equipped
with a stereo camera and an IMU in either 1� a cluttered workspace scene or 2� an industrial machine hall
scene. Moreover, the derived information (11 sequences in total) is classified into three grades: “easy”,
“medium” and “difficult”, depending for example on the velocity of the aerial vehicle, the texture
status of the scene, or the lighting conditions nearby. Also, EUROC presents the standard trajectories
captured by the VICON motion capture system with reliable navigating parameters (so-called ‘Ground
Truth’) available to users, including the position, attitude, velocity of the MAV in 3D space and some
other inertial data, such as the gyro bias and the accelerometer bias obtained by the IMU. Specifically,
the V1_01_easy sequence and the MH_04_difficult sequence are designated as the testing samples,
and are therefore more appropriate to reflect the strong information domain coverage. In contrast,
the state estimates are compared with those extracted by the existing eminent VIOs, such as OKVIS,
VIORB, VINS, etc. One thing that should be noted is that, since EUROC doesn’t explicitly provide the
Ground Truth scale, we therefore extract it by collecting the translation results from ORB-SLAM2 and
translation references provided by Ground Truth. Once we obtained the translation transformation
between the first two keyframes in ORB-SLAM2, the truth scale would be a calculation of the translation
transformation to the references. Note also that the EUROC dataset presents the stereo images at 20 Hz
with IMU measurements at 200 Hz and a trajectory Ground Truth with a higher updating frequency.
Hence, the efficient state estimate comparison can only depend upon the accurate alignment of the
timestamps. Among these, the VIO trajectory comparison is fulfilled by means of the evo tool [41], and
the position error comparison is conducted by the script that TUM provides.

5.1.1. VIO Initialization Results

The initialization results are illustrated by the convergence procedures of the initialization
state with respect to two typical sequences (V1_01_easy and MH_04_difficult) in Figure 5, and the
initialization state is constructed of 1� the accelerometer bias, 2� the gyro bias in orthogonal tri-axes,
3� the condition number (referring to the data adaptation), 4� the scale factor of the monocular camera,

and 5� the orthogonal tri-axial component of the gravity vector. Quite clearly, all of these five sets of
variables converge for t > 8 s. Specifically, the accelerometer bias and gravity vector appear convergent
after 2 s, and the accelerometer bias converges to almost zero even under the MH_04_difficult sequence
circumstances, while in contrast to this the gyro bias appears larger yet, with more stable characteristics;
the reasons for this consist in the fact that we merely calculated and corrected the gyro bias by means of
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the pose transformation directly derived from the camera, whereas the estimations for the accelerometer
bias were implicitly performed by the precise least-square iterations. By comparison, the initialization
performances for the MH_04_difficult sequence are slightly inferior, because the condition number
illustrated in Figure 6c approximately converges until t = 8 s; by then, the observabilities for the
initialization state variables are satisfied. Meanwhile, the estimated scale factor, as shown, may be
considered to be a true value for t > 8 s; the camera trajectory can therefore be recognized as being
precisely recovered as expected.

  
(a) 

  
(b) 

  
(c) 

  
(d) 

  
(e) 

Figure 5. The convergence procedures of the initialization states for the V1_01_easy & MH_04_difficult
sequences, (a) Initialization results of accelerometer bias; (b) Initialization results of gyro bias;
(c) Calculation of the condition number; (d) Initialization results of scale factor; (e) Initialization
results of gravity vector.

5.1.2. Navigation Performance Evaluations

The feature extraction results are diagrammatically illustrated by Figure 6. As shown, in cases
where the scene textures appear clear with an ideal illumination, a large amount of point features and
line features are captured as expected (see Figure 6a). Additionally, even though the MH_04_difficult
sequence supplies the system with an unstable illumination for representing the MAV in motion
circumstances (see Figure 6b), the VIO front-end can still extract enough features and consequently
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stabilize the dynamic VIO. Here, four representative pictures are selected to describe the scenes that
are considered.

 
(a) 

 
(b) 

Figure 6. Feature extraction performances of the VIO front-end: (a) V1_01_easy sequence; (b) MH_04_difficult sequence.

The performances of the VIO designed above are diagrammatically given in 3D space, being
characterized by absolute positioning errors (APEs). APE is often used as the absolute trajectory error,
and the corresponding poses are directly compared between the estimate and reference, and given a
pose relation.

Figure 7a–k corresponds to 11 sequences at different difficulty levels. Furthermore, more detailed
analyses related to the two typical sequences (V1_01_easy and MH_04_difficult) are illustrated by
planar trajectories, as shown in Figure 8. In Figure 7, the dotted lines represent the Ground Truth
trajectories (reference), the color lines represent the estimated trajectories by the designed VIO; the
closer the color of the lines approaches to red, the greater the APE, and vice versa. As we can see, the
designed VIO presents stable tracking performances for all difficulty levels, even for a fast camera
movement or un-ideal illumination circumstances (as V2_03_ difficult and MH_05_difficult denote);
no ‘tracking lost’ appears.

  
(a) (b) 

Figure 7. Cont.
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(c) (d) 

  
(e) (f) 

  
(g) (h) 

  
(i) (j) 

Figure 7. Cont.
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(k) 

Figure 7. VIO Performances when dealing with sequences at different difficulty levels. (a) V1_01_ easy
sequence; (b) V1_02_ medium sequence; (c) V1_03_ difficult sequence; (d) V2_01_ easy sequence;
(e) V2_02_ medium sequence; (f) V2_03_ difficult sequence; (g) MH_01_easy sequence; (h) MH_02_easy
sequence; (i) MH_03_medium sequence; (j) MH_04_difficult sequence; (k) MH_05_difficult sequence.

 
(a) 

 
(b) 

Figure 8. VIO planar trajectory comparisons, (a) V1_01_easy sequence; (b) MH_04_difficult sequence.

The corresponding trajectory comparisons by VIORB (merely with point-based SLAM) and the
designed VIO (with fused point and line based SLAM) are given in Figure 8 with a more detailed APE
(see Table 3). Considering the fact that the dynamics of the MAV in space are irregular, the 3D trajectory
comparisons, would therefore be insufficiently visible; we are, accordingly, mainly concerned with
the projected planar trajectory for further analyses (take typical sequence V1_01_easy and sequence
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MH_04_difficult, for example). In Figure 8, the dotted lines represent the projected Ground Truth
trajectories, and the orange full lines and blue full lines respectively denote the trajectories by VIORB
and the designed VIO. Figure 8b shows that the VIORB scheme failed to dynamically track the desired
Ground Truth trajectory stably. Quite clearly, the orange full line shows its interruption in tracking,
which is mainly caused by a lack of environmental textures. Even though the loop closure detection
part could help VIORB by restarting the positioning tracing thread according to the previous scene
information, the short-term tracking failures could be never acceptable for the actual robot inspection
applications. Compared with VIORB, the generated trajectories by the designed VIO kept close to the
Ground Truth trajectories (being collected by Vicon). The amplified local trajectories clearly show its
superior performances in precision.

Table 3. The comparative absolute positioning errors in the European Robotics Challenge (EUROC) datasets.

Ref. [42] Ref. [25] Ref. [18] Ref. [35] Ref. [39] VIO Designed

V1_01_easy 0.1167 0.0958 0.0716 0.0544 0.0591 0.0524
V1_02_medium 0.1392 0.0964 0.0912 0.0849 0.0766 0.0724
V1_03_diffcult 0.1934 × 0.1742 0.1597 0.1302 0.1102

V2_01_easy 0.1267 0.0858 0.1017 0.0712 0.0502 0.0413
V2_02_medium 0.2049 0.1525 0.1876 0.1638 0.0945 0.0815
V2_03_diffcult × 0.2588 0.2719 0.2347 0.2609 0.2176
MH_01_easy 0.2557 0.1537 0.1647 0.1221 0.0731 0.0513
MH_02_easy 0.1861 0.1595 0.1573 0.1287 0.2327 0.0407

MH_03_medium 0.2176 0.1719 0.2077 0.1365 0.1122 0.1065
MH_04_diffcult 0.3037 0.3165 0.3921 0.1894 0.1394 0.1377
MH_05_diffcult 0.3509 × × 0.2173 0.2569 0.1546

This high precision can also be indicated by the tri-axial APE in the world coordinate frame in
Figure 9, and the VIO designed in this paper supplies the combined system with less APE along the
X & Y directions in statistics. Two essential enhancements actually facilitate this good result: one is the
fused line feature constraints, which further improved the pose transformation precision between the
images; the other is the introduced sliding window, which efficiently reduced the data dimension for
the back-end optimization. These enhancements are encouragingly achieved with no sacrifices in the
VIO operating efficiency.

The corresponding visualized APE distributions are shown in Figure 10a,b, which also statistically
shows the max values (red lines), the median values (yellow lines), the min values (green lines) and the
concentrated error distributions, being termed ‘mean value domain’ (blue and orange blocks). Here,
the remaining points represent the outliers with less weight. As we see, the positioning accuracy by the
designed VIO over that by VIORB approaches 4 cm for the V1_01_easy sequence, whose value would
be impressively over 16 cm for the MH_04_difficult sequence. Table 3 also gives the detailed APE for
the total 11 sequences in terms of the comparison between 5 typical VIOs and the VIO designed in this
paper. It can be concluded that the proposed VIO steadily presents its superiorities when dealing with
the datasets with different difficulty levels.
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(a) 

 
(b) 

Figure 9. Tri-axial absolute positioning error, (a) V1_01_easy sequence; (b) MH_04_difficult sequence.

  
(a) (b) 

Figure 10. Absolute positioning error distribution, (a) V1_01_easy sequence; (b) MH_04_difficult sequence.

5.1.3. Mapping Results

As an illustration of how the point and line features can be fused to support the operations of
the VIO front-end, the sparse maps in terms of the fused point and line features for the V1_01_easy
sequence and MH_04_difficult sequence are respectively shown in Figure 11. The green lines represent
the trajectories of the keyframes, the blue lines represent the selected keyframes for the sliding window
optimization, the black points or lines represent the fixed features in 3D space which have been
marginalized out, and the red or pink points and lines represent the features which are still in their
early optimizing phase. The results indicate that the designed VIO powerfully provides additional
structured supports for the typical sparse maps, and this efficient mapping therefore means that it
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can be recognized as an eminent tool for the solution of scene reconstructions under complex human
interaction situations, being preferred for assisting the practical location, navigation and obstacle
avoidance tasks.

  
(a)  (b)  

Figure 11. Sparse maps in terms of fused point and line features, (a) V1_01_easy sequence;
(b) MH_04_difficult sequence.

5.2. Substation Scene Tests and Evaluations

The positioning performances are experimentally assessed to evaluate the universal applicability
of the VIO designed in practice. The substation scene tests are conducted based upon campus substation
(100 m × 40 m rectangle) observations and subsequent laboratory analyses. Table 4 presents the
calibration parameters of the camera and IMU we use.

Table 4. Calibration parameters of camera and IMU.

Camera Intrinsic
Focal length: fx = 363.034 pixel, fy = 364.019 pixel
Principal point of photograph: [366.871, 243.308]

Radial distortion: [−3.08252, 8.42513, −1.50093, 2.01707]

Camera/IMU Extrinsic TCB =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
−0.00647 −0.99995 −0.00764 0.00534
0.99998 −0.00647 −0.00009 −0.04303
0.00005 −0.00764 0.99997 0.02303

0 0 0 1

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
Image parameters Image resolution: 752 × 480 pixel

Let the robot move around the rectangle with a lower constant velocity; the monocular camera
embedded simultaneously entered the working state and was set to initialize the state variables λ by
the initialization strategy described in Section 3, once the user workstation obtained the moderate
convergent behaviors of the initial state variables. This, then, permitted the robot to perform
higher-speed moving tasks (keep walking around the substation). Given the collected information by
the user workstation, as shown in Figure 12, the state variables converge for t > 6.4 s, as we expected.
With a controllable constant velocity, it is relatively efficient to initialize a VIO system. Figure 12e also
presents an increase in speed for t > 9 s.

The feature extraction results of the VIO front-end in the substation scene is shown in Figure 13;
obviously, the VIO front-end is capable of acquiring abundant point and line features even in cases
where the illumination changes frequently (the snow diffuse reflection happens). As in Figure 14, the
trajectory drawn according to the camera motion is rectangle distributed, which favorably conforms
to the planar geometric appearance of the substation. The fused line features is therefore proven to
improve the VIO accuracy both for translation and rotation, and to further improve the VIO robustness
under the un-ideal illumination environments.
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(a) (b) 

  
(c) (d) 

 
(e) 

Figure 12. The convergence procedures of the initialization states in the substation scene tests,
(a) Initialization results of accelerometer bias; (b) Initialization results of gyro bias; (c) Calculation of
the condition number; (d) The initialization results of the gravity vector; (e) The initialization results
of velocity.

 
Figure 13. Feature extractions of the VIO front-end in the substation scene.

 
Figure 14. Rectangular trajectory drawn according to the camera motion.
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6. Conclusions

An optimized tightly-coupled VIO model which combines an efficient initializing strategy and
fused point and line feature matching ideas was employed for navigating and mapping tasks of
patrol robots in substations. After exhibiting favorable performances in initializing efficiency, pose
estimation and trajectory tracking in a public dataset, this was further experimentally assessed by
a campus substation application. It illustrated that, for the feature extraction and matching tasks
in the VIO front-end, the fused point and line based method is generally preferred with an L-M
optimization strategy; the optimized VIO presents its superiorities even though it is dealing with
datasets with different difficulty levels. With respect to the point features and line features, the
sparse maps are constructed under the sliding window optimization model, providing the VIO with a
necessary location, navigation and obstacle avoidance references. The experimental results showed
that a shortened initialization time was derived in practice and that the designed VIO could still
accurately fulfill the point and line feature extractions and recover the motion trajectory under un-ideal
illumination circumstances. The proposed VIO model therefore fairly meets the SLAM requirements
with no external absolute location reference supports.
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Abstract: This paper presents a high-accuracy method for globally consistent surface reconstruction
using a single fringe projection profilometry (FPP) sensor. To solve the accumulated sensor pose
estimation error problem encountered in a long scanning trajectory, we first present a novel 3D
registration method which fuses both dense geometric and curvature consistency constraints to
improve the accuracy of relative sensor pose estimation. Then we perform global sensor pose
optimization by modeling the surface consistency information as a pre-computed covariance matrix
and formulating the multi-view point cloud registration problem in a pose graph optimization
framework. Experiments on reconstructing a 1300 mm × 400 mm workpiece with a FPP sensor is
performed, verifying that our method can substantially reduce the accumulated error and achieve
industrial-level surface model reconstruction without any external positional assistance but only
using a single FPP sensor.

Keywords: quality control; fringe projection profilometry; depth image registration; 3D reconstruction

1. Introduction

Fringe projection profilometry provides a convenient way to measure dense and accurate three
dimensional (3D) surface point cloud of target objects. It plays an increasingly important role in
various fields such as industrial quality inspection, prototyping, culture heritage preservation and
movie industry [1–5]. Owing to the limited field of view (FOV) and object self-occlusion, 3D point
cloud obtained from a single viewpoint only contains partial surface shape data. To reconstruct
complete surface models, 3D measurements from multiple viewpoints are deserved to cover the whole
object, and their sensor poses need to be precisely tracked to further transform these partial surface
point clouds into a global coordinate system [6–9].

Existing sensor pose tracking solutions are mostly based on external assistance methods, such as
attaching artificial markers or using external positional equipment such as a laser tracker or optical
coordinate measuring machines (CMMs) [10], their usage flexibility is inherently limited. Alternatively,
sensor poses can also be directly estimated by using 3D registration techniques [11–13] to compute the
relative pose between sequential two measurements. However, sensor pose estimation drifts inevitably
exist due to 3D registration inaccuracy. Small sensor pose estimation error which may seem negligible
on a local scale, can drastically accumulate along a long scanning trajectory [12,14]. The accumulated
error directly leads to surface point clouds inconsistency between the first and last scans and finally
breaks the reconstruction result.
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Different optimization methods have been adopted to solve the accumulated error problem.
Among them, bundle adjustment (BA) is one of the most well-known approaches that performs global
optimization by minimizing the reprojection error across different frames. Specifically, BA is conducted
by firstly identifying the same visual feature points appearing in multiple frames, and then adjusting
the estimated 3D locations of feature points together with the camera poses [7,9]. Nevertheless, BA
only optimizes sparse 3D feature points and camera poses, thus it does not guarantee local shape
consistency of the reconstructed 3D models [14]. Besides, visual feature detection is the prerequisite
for BA optimization, it cannot be fulfilled when the color image is not valid or the target object surface
is textureless (e.g., industrial parts).

Instead of optimizing the accumulated error to solve surface inconsistency, Zhou et al. [15]
and Whelan el al. [16] chose to deform inconsistency local point clouds together using non-rigid 3D
registration techniques, consumer RGB-D sensors are taken as the depth input in their works. Shape
deformation provides a simple yet useful approach to obtain globally consistent models, especially
in some applications such as indoor reconstruction [12] where surface consistency instead of the
accuracy is of the most importance. However, shape deformation is not desired in our problem,
because it directly ruins the surface measurement accuracy. Furthermore, since FPP sensor provides
high-accuracy surface point cloud measurements, theoretically when sufficient accurate sensor poses
are recovered, the individual local 3D point clouds should be able to integrate into a globally consistent
model using only rigid transformations.

Differently, Cao et al. [17] and Yue et al. [18] optimized the accumulated error by first identifying
the loop closures formed through successful 3D registration between each current frame and other
earlier frames, and then performing a pose graph optimization [19] to reduce the sensor poses
drifts. However, in their works the loop closures are identifying either by manually checking the
3D point cloud overlapping ratio [17], or by using the measurement system setup information [18],
which prevents their further usage in a practical 3D scanning system. Moreover, the pose graph
optimization in [17,18] only optimized the inconsistency between two associated sensor poses and
their relative pose constraint; it ignores important surface consistency information in the 3D registration
process [6].

According to the above analysis, the key to accurate surface reconstruction lies in the reduction of
accumulated sensor pose estimation error. In this paper, we present a flexible and accurate method for
high-accuracy globally consistent surface reconstruction using a single FPP sensor. The accumulated
error problem is addressed from two aspects: (1) observing the underlying principle that surface
curvature remains invariant against measurement viewpoint changes, a novel 3D registration method
is proposed which fuses both dense geometric and curvature consistency constraints to joint optimize
the relative sensor pose estimation. The introduction of curvature consistency constraint implicitly pays
attention to high-curvature surfaces, which helps to generate more accurate 3D registration results [20].
(2) We utilize 6-DOF pose distances for adaptive keyframe determination, and use a two-step checking
scheme for automatic loop closure detection. By modelling the surface inconsistency information as a
pre-computed covariance matrix and formulating the multi-view point cloud registration problem in a
pose graph optimization framework, the accumulated error can be effectively reduced to obtain the
final accurate sensor pose estimations.

The effectiveness of our proposed method is demonstrated by reconstructing a 1300 mm ×
400 mm workpiece with a FPP sensor. Results show that the proposed method substantially reduced
the accumulated error, making the sensor pose estimation accuracy match the measurement accuracy
well. Our method shows the ability to accomplish industrial-level surface model reconstruction
without any external positional assistance but only using a single FPP sensor.

610



Sensors 2019, 19, 668

2. Measurement Principle

In our FPP sensor, a series of sinusoidal fringes along the horizontal axes of projector image frame
with constant phase shifting are projected onto a target object, and two cameras capture the distorted
fringe images synchronously. The captured images can be expressed as:

Ii(x, y) = Ai(x, y) + Bi(x, y) cos(φ(x, y) + δi), i = 1, 2, 3, . . . , n (1)

where (x, y) is the pixel coordinates and is omitted in the following expression, Ii denotes the recorded
intensity, Ai indicates the average intensity, Bi represents the modulation intensity, δi is the constant
phase-shift, n is the phase shift number, and φ is the desired phase information. By solving Equation (1),
the phase value φ can be obtained according to:

φ = − arctan(
n

∑
i=1

Ii sin(δi)/
n

∑
i=1

Ii cos(δi)). (2)

The arctangent function in Equation (2) will result in a phase value within the range of [−π, π]

with 2π discontinuities. In our sensor, multi-frequency heterodyne technology is adopted to construct
the continuous phase map [21], so that the correspondence between two camera views can be
established unambiguously. Finally, the 3D result can be obtained according to the pre-calibrated
camera intrinsic and external parameters. The measurement principle of the FPP sensor is shown in
the Figure 1 below.

Figure 1. The 3D measurement principle of fringe projection profilometry (FPP sensor).

3. Relative Sensor Pose Estimation

The relative sensor pose estimation between sequential two measurements (also called as frames
in the following) is the basis to obtain the initial global sensor pose estimation of each measurement.
In this section, we will introduce the proposed method which estimates the relative sensor pose
(a rigid transformation) by 3D registering two depth maps to jointly optimize the dense geometric and
curvature inconsistency errors. The whole process is conducted by first computing the curvature map
of each depth map, and then iteratively performing data association and error minimization steps.

3.1. Curvature Map Estimation

Similarly to depth map (also called as depth image), curvature map is a 2D image in which the
value of each pixel is the surface curvature value instead of the depth value. Specifically, for each pixel
x = (u, v)ᵀ in the depth map with valid depth z(x), its corresponding 3D point coordinate p(x) can be
computed using the inverse of projection function Π(·) as:
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p(x) = Π−1(x, z(x))

= z(x)(
u − cx

fx
,

v − cy

fy
, 1)ᵀ, (3)

where fx, fy are the focal lengths and cx, cy are the principle point, respectively. The mean curvature of
each point on the surface is represented using a surface variation notion in [22]. Hence, the surface
curvature value κ(x) at pixel x is estimated by taking the eigen-analysis of the covariance matrix of the
local neighbor points of point p(x). The covariance matrix is defined as:

C(x) =
k

∑
i
(pi − p̄)(pi − p̄)ᵀ, p̄ =

1
k

k

∑
i

pi, (4)

where pi is one of the nearest neighbor points of p(x). Then κ(x) can be computed as:

κ(x) =
λ0

λ0 + λ1 + λ2
, (5)

where λ0 ≤ λ1 ≤ λ2 are the eigenvalues of the covariance matrix C(x).
To speed up the nearest neighbor search, we take advantage of the organized point cloud

structure embedded in the depth map, only taking adjacent pixels as candidate neighbors. Meanwhile,
the geometric continuity constraints are also considered to filter the potential depth gaps by specifying
a maximum allowed distance. Pixel xi is the nearest neighbor of pixel x, only when it satisfies
‖x − xi‖ ≤ σ1, and ‖p(x) − p(xi)‖ ≤ σ2, where σ1 and σ2 represent the pixel and point nearest
neighbor distance threshold, respectively. In this paper, we set σ1 = 3 and σ2 = 1.1 mm (with average
point cloud density as 0.275 mm) to allow approximate 30 nearest neighbor points for curvature
value estimation.

Figure 2a shows a depth map measured with the FPP sensor, Figure 2b shows the estimated
curvature map using our method. Figure 2c is the corresponding 3D point cloud whose color is
mapped from the curvature map, and the local detail is displayed in Figure 2d. It can be seen that the
estimated curvature map exhibits high consistency with the point cloud surface variation. Furthermore,
by carefully handling the discontinuous boundary case, the curvature values at boundary points can
also be robustly estimated, as shown in Figure 2d.

Figure 2. (a) A depth map acquired with the FPP sensor, (b) Its corresponding curvature map estimated
using our method, (c) The rendered 3D point cloud with its color mapped from the curvature map,
(d) Local details of curvature information at local point cloud surface.

3.2. Data Association

Data association is to identify the corresponding points between two sequential frames,
the correspondence set is then fed to the optimization process to find the optimal relative sensor
pose estimation. Assuming small camera motion between sequential frames, the projective data
association algorithm [12] is conducted to produce the point correspondences set. Given the relative
sensor pose estimation Ti−1,i between current frame fi and its previous frame fi−1, then for each pixel
x with valid depth in fi, we first transform its corresponding 3D point p(x) into the local coordinate
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system of previous frame fi−1 as Ti−1,ip(x) = (x, y, z)ᵀ. Then the corresponding pixel of x in frame
fi−1 can be computed with perspective projection:

x̄ = Π(Ti−1,ip(x))

=
1
z

KTi−1,ip(x)

= ( fx
x
z
+ cx, fy

y
z
+ cy)

ᵀ, (6)

where K is the camera intrinsic matrix. Note that for simplicity of notation, we omit the conversions
between vectors and its homogeneous vectors throughout this paper.

With the projective data association, multiple pixels in source depth image fi may correspond to a
common pixel in target depth image fi−1. To solve the many-to-one problem, the z-buffer technique is
adopted, for each pixel in target depth map fi−1 we only keep the corresponding pixel in source depth
map fi with minimum depth. All corresponding points pairs together construct the corresponding set
Ki−1,i = {(x, x̄)} between frame fi and fi−1.

3.3. Minimization

The relative sensor pose optimization function Ereg is defined as:

Ereg = Egeo + λEcur, (7)

where Egeo denotes the geometric inconsistency error, Ecur denotes the curvature inconsistency error,
λ is the weight of the curvature inconsistency error.

The geometric error is defined as the point-to-plane error [11] between current and
previous frames:

Egeo = ∑
(x,x̄)∈Ki−1,i

‖(exp(ξ̂)Ti−1,ipi(x)− pi−1(x̄)) · ni−1(x̄)‖2, (8)

in which (x, x̄) is one corresponding pixels pair in the corresponding set Ki−1,i, pi(x) is the local
3D point in the current frame fi, pi−1(x̄) and ni−1(x̄) are the corresponding 3D point and normal,
respectively. Ti−1,i is the current estimation of the relative sensor pose between the two frames.
exp(ξ̂) ∈ SE(3) is the incremental transformation to be estimated in each iteration, in which
ξ = (ω, t)ᵀ = (α, β, γ, tx, ty, tz)ᵀ ∈ R6.

The curvature inconsistency error Ecur is defined as the curvature value inconsistency between
the warped curvature map of current frame fi and the curvature map of previous frame fi−1:

Ecur = ∑
(x,x̄)∈Ki−1,i

‖κi(x)− κi−1(x̄)‖2

= ∑
(x,x̄)∈Ki−1,i

‖κi(x)− κi−1(Π(exp(ξ̂)Ti−1,ipi(x))‖2, (9)

where κi(x) is the curvature value at pixel x of the current frame, κi−1(x̄) is the curvature value at pixel
x̄ of the previous frame.

Assuming the incremental pose transformation exp(ξ̂) to optimize at each iteration is small, it can
be linearized as exp(ξ̂) ≈ I + ξ̂, where ξ̂ ∈ se(3) is the corresponding Lie algebra element:

ξ̂ =

[
[ω]× t

0ᵀ 0

]
=

⎡⎢⎢⎢⎣
0 −γ β tx

γ 0 −α ty

−β α 0 tz

0 0 0 0

⎤⎥⎥⎥⎦ , (10)
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the [·]× : R3 → so(3) is a linear skew-symmetric operator (see [23] for details).
With this linearization and simple notation ṗi−1(x) = Ti−1,ipi(x), the error term Egeo becomes:

Egeo ≈ ∑
(x,x̄)∈Ki−1,i

‖((I + ξ̂)ṗi−1(x)− pi−1(x̄)) · ni−1(x̄)‖2

= ∑
(x,x̄)∈Ki−1,i

‖
[

pi−1(x)× ni−1(x̄)

ni−1(x̄)

]ᵀ
ξ + (ṗi−1(x)− pi−1(x̄)) · ni−1(x̄)‖2

= ‖Jgeoξ + rgeo‖2, (11)

where Jgeo is the Jacobian matrix and rgeo is the residual vector. Similarly, the error term Ecur becomes:

Ecur ≈ ∑
(x,x̄)∈Ki−1,i

‖κi(x)− κi−1(Π((I + ξ̂)ṗi−1(x)))‖2

= ∑
(x,x̄)∈Ki−1,i

‖κi(x)− κi−1(
1
z

K(I + ξ̂)ṗi−1(x))‖2

≈ ∑
(x,x̄)∈Ki−1,i

‖ − ∂κi−1(x̄)

∂x̄

∂x̄

∂ξ̂ṗi−1(x)

∂ξ̂ṗi−1(x)

∂ξ
ξ + κi(x)− κi−1(

1
z

Kṗi−1(x))‖2

= ‖Jcurξ + rcur‖2. (12)

With the above linearization, minimization of Equation (7) allows to solve the following linear system:

(JᵀgeoJgeo + λJ
ᵀ
curJcur)ξ = −(Jᵀgeorgeo + λJ

ᵀ
currcur). (13)

In each iteration, we compute Jacobian Jgeo, Jcur and residual rgeo, rcur at current relative sensor
pose estimation Ti−1,i, and solve the linear system in Equation (13) to find the ξ that best satisfies the
geometric and curvature consistency constraint. Then the relative pose Ti−1,i is updated to exp(ξ̂)Ti−1,i,
and taken as the initialization for the next iteration.

When the optimization converges, the Ti−1,i is taken as the final relative sensor pose estimation
between two frames. We fix the sensor pose of the first frame f1 as T1 = I and regard it as the world
coordinate system. Then the initial global sensor pose of frame fi is computed as Ti = Ti−1Ti−1,i.

Figure 3 shows the 3D registration results comparison between the proposed method and
two other methods. The sensor pose estimation accuracy is directly reflected in the surface shape
consistency of two registered point clouds. When independently visual inspecting each registration
result, each method seems to converge to a correct result. However, when comparing the registration
results between Figure 3b–d, it is not hard to see that the relative sensor pose estimation accuracy of
our method outperforms the other two methods.

Figure 3. (a) Initial relative pose between source (green) and target (yellow) point cloud, (b) Registration
result by only minimizing geometric error in Equation (8), (c) Point-to-plane ICP performed on 3D
point cloud with a max distance threshold to eliminate outliers, (d) Minimizing both of the geometric
error and curvature error as proposed in this paper.

614



Sensors 2019, 19, 668

Figure 4a,b represents the curvature value difference map between source and target point cloud
before and after the 3D registration, respectively. The curvature difference map is built on the target
frame fi−1, correspondences are built using the above data association method. Gray pixels indicate
that no correspondence is built for these pixels. It can be seen that the curvature value difference
from Figure 4a,b decreases dramatically over the whole map, which demonstrates the significance of
introducing curvature map consistency into the 3D registration constraints.

Figure 4. Curvature difference map (a) Before registration, (b) After registration.

4. Global Sensor Pose Optimization

Though fusing curvature consistency information improves the accuracy of the estimated relative
sensor poses, the global sensor pose drift will inevitably accumulate during a long scanning process.
To reduce the accumulated error and obtain globally consistent 3D models, successful relative pose
estimation to much earlier frames (also called as building loop closure) is deserved. In this section,
we will first introduce how to automatically build a series of loop closures with the proposed adaptive
keyframe selection and the two-step checking method. We will then introduce our method which
performs multi-view point cloud registration in a pose graph optimization framework [19].

4.1. Keyframe Selection

Detecting loop closure for every new-income measurement is not optimal; it will greatly increase
the computation cost after a long time scanning. Therefore, we only detect loop closure for selected
keyframes. We utilize 6-DOF (degree of freedom) pose distance metrics to determine when to add
a new keyframe for further loop closure detection. For each new input frame f j, we evaluate the
relative pose distances between it and the last added keyframe f k

i−1. In which, the rotation distance is
measured as the rotation angle using the Rodrigues’ formula:

d(Rj, Rk
i−1) = | arccos(

trace(Rᵀ
j Rk

i−1)− 1

2
)|. (14)

The translation distance is computed as:

d(tj, tk
i−1) = ‖tj − tk

i−1‖, (15)

If either the rotation or translation distance exceeds its corresponding threshold σR or σt,
the current frame f j is marked as a new keyframe f k

i . We set σR = 20◦, σt = 130 mm in our paper.
Figure 5 shows the keyframe selection results using the total 146 depth maps acquired with our FPP
sensor (see Section 5). Gray points identify the 34 selected keyframes out of a total 146 depth maps.
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Figure 5. (a,b) show the translation and rotation distance between each frame with its previous
keyframe, respectively.

4.2. Loop Closure Detection

For each new added keyframe f k
i , we use a two-step checking scheme to detect whether it forms

correct loop closures with previous keyframes. If two keyframes construct a loop closure, then they
must fulfil: (1) the overlapping area between two point clouds is enough, (2) the mean absolute error
(MAE) between them is small.

The overlapping area ratio is crucial for arbitrary two frames with loop closures, as small
overlapping area ratios are prone to correspond to non-loop-closure connection. In this paper,
we propose to use the projective association algorithm to efficiently compute the overlapping area
ratio between two keyframes. When a new keyframe f k

i arrives, we compute its depth valid map
Vk

i for each pixel. Vk
i (x) = 1 for each pixel where its depth is valid, and Vi(x) = 0 when depth is

not valid. Then for a pair of keyframes f k
i and f k

j , we obtain the correspondence set Kk
i,j = {(x, x̄)}

using the data association method in Section 3.2. Note that, the relative sensor pose between f k
i and

f k
j is computed as Tk

i,j = Tk
i
−1

Tk
j here. A correspondence pair (x, x̄) is identified as overlapped when

Vk
j (x̄) = 1. We collect all overlapped point pairs, the overlapping ratio is computed as τo = N/M,

where N is the overlapped points number, M is the total number of points with valid depth. If the
overlapping ratio τo is larger than the threshold σo, we mark keyframe f k

i and f k
j as a candidate loop

closure. Figure 6a shows the overlapping ratios between the 34th keyframe (frame 145) with all its
previous keyframes, we set the overlapping ratio threshold σo = 0.65 in this paper. We select frame 36,
96, 120 and 140 to visualize the correctness of our proposed method as shown in Figure 6b, dotted line
sketches the scanning path.

We then check the dense geometric consistency to further validate the correctness of these
candidate loop closures. A candidate loop closure ( f k

i , f k
j ) is considered as reliable only if the MAE of

the correspondence points between two frames is below a threshold σr:

1
|Ki,j| ∑

(x,x̄)∈Ki,j

‖Tk
i,jp(x)− p(x̄)‖ < σr. (16)

If the two-step checks all passed, the two frames are further registered together to construct a
loop closure.
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Figure 6. (a) The computed overlapping ratios between frame 145 with all its previous keyframes and
(b) Frame 36, 96, 120, 140 and the reference frame 145.

4.3. Graph Based Sensor Pose Optimization

Removing the accumulated error to get globally consistent model needs to eliminate the surface
inconsistencies across all associated point clouds. We define the surface inconsistency as a error term
Fi,j in terms of the dense geometric registration error between frame fi and f j, as:

Fi,j = ∑
pi ,pj

‖(Tjpj − Tipi)‖2

= ∑
pi ,pj

‖T−1
i Tjpj − pi‖2

≈ ∑
pi ,pj

‖T−1
i TjTj,ipi − pi‖2. (17)

Note that Ti, Tj is obtained through the relative sensor pose estimation in Section 3.3, Tj,i is
obtained through the loop closure detection in Section 4.2. Inconsistency exists between Tj,i and Ti,
Tj due to the accumulated error. Line (17) holds by restricting the corresponding points (pi, pj) must
fulfil ‖Tj,ipi − pj‖ < ε, we set ε = 1.0 mm in this paper.

Then by approximating T−1
i TjTj,i = I + ξ̂i,j, Equation (17) can be written as:

Fi,j ≈ ∑
pi ,pj

‖ξ̂i,jpi‖2

= ∑
pi ,pj

‖
[
−[pi]× I

]
ξi,j‖2, (18)

in which ξi,j actually measures the inconsistency between sensor pose Ti, Tj and their relative pose

constraint Ti,j. Define Gi =
[
−[pi]× I

]
, we obtain:

Fi,j ≈ ∑
pi ,pj

‖Giξi,j‖2

= ξᵀi,j ∑
pi ,pj

G
ᵀ
i Giξi,j

= ξᵀi,jΩi,jξi,j. (19)
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Equation (19) shows the surface inconsistency term Fi,j can be represented with the sensor
pose inconsistency term ξi,j and a covariance matrix Ωi,j = ∑pi ,pj

G
ᵀ
i Gi, it is constant and can be

pre-computed for each term during the 3D registration process.
Let C be the set of indices for which a connection between two sensor poses exists, then the

multi-view point cloud registration problem can be formulated as:

F = ∑
(i,j)∈C

Fi,j

= ∑
(i,j)∈C

ξᵀi,jΩi,jξi,j. (20)

This exactly defines a pose graph optimization, which can be directly solved using the g2o
library [19]. Figure 7 shows the pose graph constructed with our method. Vertices represent the 6-DoF
sensor poses, edges represent the constraints between sensor poses. The pose graph is visualized with
the g2o viewer software.

Figure 7. It shows a pose graph consists of 146 pose vertices, 229 edges (84 loop closure edges inside).

5. Experiment

In the experiment, a FPP sensor is constructed using (1) a Texas Instruments LighterCrafter4500
board (Texas Instruments, Dallas, TX, USA) for fringe patterns projection, (2) two Basler
acA1300-30gm cameras (Basler AG, Ahrensburg, Germany) simultaneously capturing the modulated
images with pixel resolution of 1296 × 966. The proposed method is validated by scanning a
1300 mm × 400 mm sheet metal using the FPP sensor as shown in Figure 8, the 3D measurement and
model reconstruction are conducted on a desktop PC with a 3.3 GHz Intel Xeon CPU and 16 GB RAM.
By moving the FPP sensor around, complete scan of the sheet metal with totally 146 frames (depth
maps) acquired is accomplished.

Figure 8. (a) The measurement scene, (b) Sinusoidal fringe pattern projected onto the measured object.

To test and verify the accuracy and effectiveness of the proposed relative sensor pose estimation
method and the global optimization method, a ceramic ball bar is placed beside the measured sheet
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metal. The reconstruction accuracy can then be well examined by qualitatively observing the surface
consistency and quantitatively analyzing the size fitting results of the reconstructed ceramic ball bar.

5.1. Relative Sensor Pose Estimation Accuracy

The accuracy of our proposed relative sensor pose estimation method is tested first. The sensor
pose of each frame relative to the world coordinate system (frame 1) is separately estimated by (1) jointly
optimizing the geometric and curvature consistency constraints (our method), (2) only optimizing the
geometric consistency constraint for comparison. With the estimated sensor poses, 3D point cloud of
each frame is transformed to the world coordinate system and further voxel downsampled to a unified
3D point cloud. Figure 9a shows the reconstructed surface of sheet metal with our method, it shows
that the overall shape of our reconstruction result matches the actual sheet metal shape well. The point
clouds are rendered with Open3D library [24].

Figure 9. (a) The reconstructed surface and (b) Its local details using both geometric and curvature
consistency constraints, (c) The corresponding local details using only geometric consistency constraints
(its complete surface model not displayed here).

On the other side, sensor pose estimation error inevitably accumulated in the reconstruction
process, which leads to obvious surface shape artifacts, as shown in Figure 9b,c. In which, Figure 9b
shows the local surface inconsistency at 3 difference places using our method, Figure 9c shows the
corresponding results using only geometric consistency constraints. With this comparison, it is not
hard to see that introducing the curvature consistency constraint effectively improves the sensor pose
estimation accuracy, which provides a good foundation for further global optimization.

5.2. Global Sensor Pose Optimization Accuracy

Based on the sensor pose estimation results above, the global optimization is performed by (1)
keyframe selection, (2) loop closure detection and (3) pose graph optimization. Then the globally
optimized reconstruction result is obtained with the optimized sensor poses. Figure 10a,b show
the optimized surface model and its local details, respectively. With the global model optimization,
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we obtained globally consistent surface model, surface inconsistencies due to the accumulated error
are well optimized as shown in Figure 10b.

Figure 10. (a) The reconstructed surface after global optimization, (b) Its local details.

To further quantitatively analyze the accuracy improvement with the global optimization,
we computed the relative translation and rotation changes of each keyframe pose before and after
global optimization, as shown in Figure 11, the optimized poses are taken as the reference values here.
It demonstrates that even very small translation estimation inaccuracy (less than 2.0 mm) and rotation
estimation inaccuracy (less than 0.10◦) in the reconstruction range of 1300 mm × 400 mm, are enough
to cause obvious surface inconsistency (as shown in Figure 9b), and lead to reconstruction results that
are unusable for high-accuracy dimensional inspection.

Figure 11. (a) Relative translation and (b) Rotation changes of each keyframe pose.

Meanwhile, the absolute accuracy of the reconstructed surface model can be directly and precisely
tested by comparing (1) diameter fitting values of two spheres, (2) standard deviation values of
Euclidean distances between sphere surface 3D points and the fitted sphere surface, (3) Euclidean
distance between two sphere centers. The comparison is made between the not-optimized model,
globally-optimized model and the ground truth. The ground-truth is obtained with the fitting values
of frame 130, because two spheres are both measured in this frame, the fitting values are only related
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to the measurement accuracy of our FPP sensor, and are not affected by any sensor pose estimation
error. Specifically, for each kind of data source, we manually cropped the corresponding points that
belong to the two sphere surfaces, and fitted the diameter and standard deviation values using the
Geomagic software.

Table 1 shows the comparison results of diameter and standard deviation fitting values of two
spheres. The standard deviation values directly reflect the surface consistency of our reconstruction
model. After the global optimization, it decreases from 0.1971 mm to 0.0282 mm for sphere 1,
and decreases from 0.2534 mm to 0.0301 mm for sphere 2. Furthermore, the standard deviation
value of globally-optimized model is very close to the value of a single measurement (frame 130),
which demonstrates that our reconstructed surface exhibits very good shape consistency.

Table 1. Comparison of the diameter and standard deviation fitting results between not-optimized and
globally-optimized model.

Data Source Diameter (mm) Standard Deviation (mm)

Sphere 1
not-optimized model 44.0074 0.1971

globally-optimized model 43.9713 0.0282
Frame 130 44.1121 0.0164

Sphere 2
not-optimized model 43.8685 0.2534

globally-optimized model 44.0624 0.0301
Frame 130 44.0881 0.0258

We also compared the difference of the sphere center distances between not-optimized and
globally-optimized models, as shown in Table 2. The absolute error of sphere center distance relative
to the ground truth decreases from 0.2080 mm to 0.0205 mm, the relative error relative to the ground
truth decreases from 0.1387% to 0.0137%.

Table 2. Sphere center distance fitting results with the absolute and relative errors relative to the
ground truth.

Data Source Sphere Center Distance (mm) Absolute Error (mm) Relative Error (%)

not-optimized model 149.7950 0.2080 0.1387
globally-optimized model 149.9825 0.0205 0.0137

Frame 130 150.0030 / /

Both of the above two comparison results explain the surface shape inconsistency refinement
from Figure 9a,b to Figure 10a,b, and illustrate that with the global optimization (1) the accumulated
error is substantially reduced to less than 1/10 of the not-optimized reconstruction result, (2) the final
sensor pose estimation accuracy can well match the measurement accuracy of our FPP sensor.

6. Conclusions

In this paper, we present a high-accuracy globally consistent surface reconstruction method
using fringe projection profilometry. The accumulated sensor pose estimation error problem is solved
with a first relative sensor pose estimation step and a following global sensor pose optimization step.
The former step tries to reduce the accumulated error by maximizing the relative sensor pose estimation
accuracy; it helps to ensure the initial sensor poses lie in the convergence basin of the following global
optimization method. The latter step globally optimizes the sensor poses through a multi-view point
cloud registration formulated in the pose graph optimization framework. Besides, adaptive keyframe
selection and loop closure detection method are proposed to efficiently and automatically build point
cloud connections and their relative pose constraints, which are the prerequisites of global sensor
pose optimization. By qualitatively observing and quantitatively analyzing the reconstruction results
of a 1300 mm × 400 mm workpiece, we validated the effectiveness and accuracy of our method.

621



Sensors 2019, 19, 668

Our method demonstrates the ability to accomplish industrial-level surface model reconstruction
without any external positional assistance but only using a single FPP sensor.

Since our reconstruction method is based on 3D registration, it also shares some limitations similar
to most 3D registration based surface reconstruction methods [7,12,16]. For example, when the target
object is near a plane, 3D registration may not converge to a correct result due to insufficient geometric
constraint [11], which will stop the sensor poses from being robustly tracked. A possible solution is to
further exploit the usage of surface textures constraint to help the robust tracking of sensor poses.
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Abstract: Lane marking detection and localization are crucial for autonomous driving and lane-based
pavement surveys. Numerous studies have been done to detect and locate lane markings with
the purpose of advanced driver assistance systems, in which image data are usually captured by
vision-based cameras. However, a limited number of studies have been done to identify lane markings
using high-resolution laser images for road condition evaluation. In this study, the laser images
are acquired with a digital highway data vehicle (DHDV). Subsequently, a novel methodology is
presented for the automated lane marking identification and reconstruction, and is implemented in
four phases: (1) binarization of the laser images with a new threshold method (multi-box segmentation
based threshold method); (2) determination of candidate lane markings with closing operations and
a marching square algorithm; (3) identification of true lane marking by eliminating false positives
(FPs) using a linear support vector machine method; and (4) reconstruction of the damaged and dash
lane marking segments to form a continuous lane marking based on the geometry features such as
adjacent lane marking location and lane width. Finally, a case study is given to validate effects of
the novel methodology. The findings indicate the new strategy is robust in image binarization and
lane marking localization. This study would be beneficial in road lane-based pavement condition
evaluation such as lane-based rutting measurement and crack classification.

Keywords: laser sensor; line scan camera; lane marking detection; support vector machine (SVM);
image binarization; lane marking reconstruction

1. Introduction

Road lane markings deteriorate from routine use, which can lead to unexpected traffic accidents
for road users [1]. Usually, lane marking data can be acquired by various approaches, such as visual
cameras, GPS sensors, radar sensors, and laser sensors [2–4]. Each acquisition method has its own
advantages and limitations in different application fields. Previous studies indicate that lane marking
data captured by visual cameras are widely used for autonomous driving navigation and traffic
surveillance [2,5,6], based on which numerous efforts have been made to detect, locate, and track lane
markings in the spatial domain. However, the study of lane marking detection and location for use in
road condition evaluation is neglected.

Generally the detection and localization of lane markings can be roughly implemented in
a three-step process: (1) extraction of the lane marking features though pre-processing operations
(i.e., exposure correction and shadow removal . . . ) [7–9]; (2) obtaining the location of true lane marking
through a series of related process (i.e., thresholding, particle filtering, model fitting . . . ) [10,11];
and (3) tracking the detected lane marking with different techniques (i.e., temporal consistency,
position consistency, Hough transform...) [12–14]. However, unexpected challenges always appear in
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lane marking detection and localization due to various interferences such as illumination conditions
(occlusion, night time . . . ), camera location and orientation, environmental factors (i.e., foggy days,
cloudy and rainy days . . . ), the appearance of the lane markings, the type of road, and so on [2].
To deal with the abovementioned problems, numerous vision-based lane marking detection and
localization algorithms have been proposed, which for structured roads can be roughly grouped into
two categories: feature-based methods and model-based techniques [6,15–18].

Feature-based methods identify road lane markings with low-level features such as line edges and
colors [19]. Traditional edge-based segmentation methods such as the watershed transformation [20],
the OTSU segmentation method [21], and Canny edge detectors [22] are used to identify lane
markings. However, these traditional methods are susceptible to the effects of occlusions and intensity
noise, and thus produce unsatisfactory identification results. Color representation is a widely used
technique in image processing, which captures the feature information of lane markings in several
color spaces (i.e., RGB, HSI and XYZ) [23–27]. The authors in [28] compared the effectiveness of color
representation in HSI and RGB space, and then developed an adaptive method for lane marking
identification in HSI color space. Although HSI-based color representation can alleviate the influence
of brightness changes, it tends to confuse true targets with noises when the color information is
similar. Moreover, color representation cannot comprehensively disclose lane marking features so
that its use should be in combination with other non-color features such as lane edges or corners,
painted lines, etc. [29–31]. The authors in [32] analyzed low-level features by using an adaptive
segmentation method, and then an efficient line segment detector was proposed for lane marking
detection. However, one explicit limitation exists for feature-based methods, that is, it requires
the well-painted road or strong lane edges, therefore, it may suffer from background noises.

Model-based methods use a few parameters or templates to represent the lines by assuming straight
lines or parabolic curves [6,33]. These techniques are more robust in noise removal, probably due to
their high-level processing instead of pixel-based processing. Deformable template models that
describe road edges in terms of their curvature, orientation, and offset are proposed to locate
the lane boundaries [34,35]. These models are deformable so that they can best fit or match
the underlying intensity variation [36], which enables them to detect lane markings in situations
with shadows and broken segments since thresholding of the intensity information is ignored.
A lane detection and tracking algorithm was initiated based on B-snakes [11]. This method can
describe a lane through a wide range of lane structures since this model can form an arbitrary
shape by a set of control points. Linear-parabolic lane models are proposed for lane departure
warning systems, in which the linear function and quadratic function are used to model the lane
markings in the near field and far field, respectively [33,37]. Hough Transform (HT) and its variants
(e.g., improved HT, randomized HT, hierarchical HT) are widely used for straight or curved lane
marking detection [2,38–41]. However, one primary limitation of this method is how to model arbitrary
road shape. Furthermore, model parameters’ setting and computation are an iterative trial-and-error
process, which requires both human expertise and labor.

Note that the abovementioned approaches may perform well for the color images captured
by an on-board camera of a vehicle and fulfill their application in driving assistance systems.
However, studies on lane-based infrastructure performance assessment using 2D laser images
are neglected.

Although lots of efforts have been made on pavement distress identification and rutting measurement
in the past several decades [42], road lane boundaries cannot be accurately positioned, thus resulting in
the inaccuracy of lane-based distress classification and performance assessments. To implement lane-based
distress evaluation (i.e., pavement cracks, rutting measurement) using 2D laser images, a robust lane
detection and localization approach is presented in this study. Firstly, 2D laser image data are collected
by the Digital Highway Data Vehicle (DHDV) which is a real-time multi-functional system for roadway
data acquisition, and then sigmoid correction method is used for background noise removal and contrast
enhancement. Subsequently a new thresholding strategy is proposed to binarize laser images, based on
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which the pixel-based contour traversal method is developed to produce the contour boxes used as basic
elements for lane marking identification. Thirdly, a Linear Support Vector Machine (LSVM) is introduced
to determine proper vector weights and bias to discriminate true lane markings from noises based on
contour box attributes. Finally, true lane markings along the traveling direction can be continuously
reconstructed using the geometry information of the previous and current frames or images. To validate
effects of the new methodology on lane marking detection and localization, a 2.286 km-long pavement
section (including 1000 laser images) is chosen as a test bed. The performance of the new methodology
is evaluated using Precision-Curve (PR) analysis. Results indicate the new methodology is robust and
reliable in lane marking detection and localization for laser images. This study would be beneficial in
continuous measurement and evaluation of lane-based pavement distress for project- and network-level
pavement survey.

2. Data Acquisition System

The DHDV is a real-time multi-functional system for roadway data acquisition and analysis,
particularly for pavement surface distress survey, roughness- and safety-related pavement performance
evaluation [42]. The PaveVision3D Ultra (3D Ultra for short) system is the latest imaging sensor
technology that enables one to acquire both 2D and 3D laser imaging data from pavement surfaces
through two separate left and right sensors. The system is made up of eight high resolution cameras
and two sets of lasers and is capable of constructing 4096 × 2048 images of full-lane width pavement
surface with complete and continuous coverage. The subsystems of the DHDV vehicle include one
8-core computer, a Waylink Power Chassis (WPC), a WayLink Control Chassis (WCC), a differential
GPS receiver or Inertial Measuring Unit (IMU), a Distance Measuring Instrument (DMI), and laser
imaging sensors, as illustrated in Figure 1.

Figure 1. Generic DHDV subsystem overview.

With the high-power line laser projection system and custom optic filters, the DHDV can work at
highway speeds during daytime and nighttime and maintain image quality and consistency. That means
the images are shadow-free at any time of the day. Figure 2 demonstrates the wiring of the cameras
and lasers to the computer rack inside the vehicle. The cameras and lasers are powered by WPC and
triggered by the WCC. The WCC connects to the Control Computer. The cameras are mounted on
an aluminum alignment frame spaced equidistant from previously calibrated readings. The cameras
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and lasers reside inside two water-tight, aluminum containers, which are mounted on the external
DHDV frame. The calibrated spacing of the cameras ensures that captured laser images can cover
four-meter-wide pavements. The height of the sensors has been specifically designed for cameras to
accurate capture data within the laser illumination ranges.

Figure 2. Line scan camera wiring diagram.

Figure 3a shows the interior appearance. Figure 3b shows rear view of the working DHDV
equipped with the 3D Ultra technology. The camera and laser working principle are depicted in
Figure 3c,d. By illuminating a surface using a line laser and shooting both 2D and 3D images using
the corresponding cameras, the surface intensity and height variation information can be captured,
in which surface height information is calculated from the distance from the camera to pavement
based on the laser points (termed as the triangulation principle).

 

Figure 3. Photos of (a) DHDV interior appearance (b) DHDV rear view with PaveVision3D sensors;
and (c,d) Pavevision3D working principle.

From Figure 3b, it can be observed that the width of laser images acquired from DHDV is more than
the width of highway lanes (e.g., 3.66 m in United States) [43]. Accordingly, the exact detection and location
of road lane marking are significant for lane-based pavement distress measurement and evaluation.
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3. Methodologies

To achieve this objective, a series of image processing techniques are presented in this paper, which
can be classified into four phases, as illustrated in Figure 4. The first phase is to binarize 2D the laser
images with sigmoid correction and a new threshold method; the second phase is to delineate all
contour boxes or candidate lane markings based on closing operation and marching square algorithm;
the third phase is to separate out true lane marking from candidate lane marking using LSVM based
on contour box attributes; and the last phase is to reconstruct broken and inconsecutive segments and
form the continuous lane marking along traveling direction. As a consequence, the exact location of lane
marking of the entire pavement section can be obtained, and the lane-based pavement distress survey
can be performed.
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Figure 4. Schematic of the new methodology for automated identification and localization of lane marking.

3.1. Image Binarization

During laser image data collection, some unexpected errors or intensity noises (i.e., whitening
strips in travel direction) might be produced due to the presence of non-uniformity of laser intensity,
lens distortion, physical installation locations of cameras. Therefore, maximally suppressing effects of
noises on target detection is critical for the laser image binarization.

3.1.1. Data Preprocessing

To maximally suppress background noises and enhance the contrast between targets
(lane marking) and background noises, histogram equalization and sigmoid correction are introduced,
in which the method that produces better pre-processing results would be used in this paper.
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Histogram equalization is a widely used method in image contrast enhancement [44]. The basic
idea behind this method is to redistribute all pixel values to be as close as possible to a specified desired
histogram. Its mathematical description can be given in (1) and (2):

Pr(rk) = nk/n (1)

T(ri) = r ×
k−1

∑
i=0

Pr(ri) (2)

where r represents the grayscale range of 2D image data (in this case r = 255), Pr(rk) stands for
the frequency of grayscale value of rk; nk is the number of grayscale value of rk; n is the total of all
pixels; T(ri) represents the new grayscale value for the grayscale of ri.

Sigmoid correction method uses a continuous non-linear function to transform the normalized
pixel values of input images to the pixel values of output images [45], and its mathematical equation
can be described in (3):

Iout =
1

1 + egain×(cuto f f−Iin)
(3)

where Iin and Iout respectively represent the normalized pixel values of input and output images; gain is
the multiplier in exponential’s power of sigmoid function; cutoff is the shift value of the characteristic
curve in horizontal direction. Note that both gain and cutoff should be properly initialized before use.

Note that sigmoid function is ‘S’ shaped, as shown in Figure 5. Figure 5a shows the transform trend
ranged at [−0.5, 0.5] decreases sharply with the decrease of gain, and it becomes approximately linear
when the gain variable equals to 2. The cutoff variable shifts the curve characteristics in the horizontal
direction, as shown in Figure 5b. In this study, the gain of 10 and the cutoff of 0.5 are chosen after several
rounds of trial and error.

Figure 5. Sigmoid functions of (a) with different gains (cutoff = 0); (b) with different cutoffs (gain = 10).

To examine the effects of the two techniques on background noise removal and contrast enhancement,
two laser images (Original_IMG1 and Original_IMG2) are chosen as test specimens, as shown in
Figure 6a,d. It can be observed that both images contain whitening strips or noises, as red rectangle
marks. Subsequently, the two methods are respectively applied on the two images for noise removal.
Figure 6b,c,e,f represent the pre-processing results of Original_IMG1 and Original_IMG2 with the two
different techniques. Note that the sigmoid correction method has better performance in separating
background from foreground (lane marking) than histogram equalization. For the sigmoid correction
method, the background pixels become much darker than that in the original images, that is, the influences
of background noises on laser image binarization are greatly suppressed. Meanwhile, intensities of
foreground pixels are increased, that is, lane marking would be easier to be identified out in the process of
image binarization. Therefore, the sigmoid correction is chosen and used for background noise removal
and contrast enhancement.
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Figure 6. Photographs of noise removal: (a) raw image1 with whitening noises; (b) IMG1 with
histogram equalization; (c) IMG1 with sigmoid correction; (d) Original_IMG2; (e) IMG2 with histogram
equalization; (f) IMG2 with sigmoid correction.

3.1.2. New Binarization Method

Once noise removal and contrast enhancement are accomplished, the following task is image
binarization. In this study, two methods, namely OTSU method and minimum threshold method are
examined for this purpose. The OTSU method is a clustering-based image thresholding method [46].
The algorithm assumes that the image contains two classes of pixels following bi-modal histogram
(foreground pixels and background pixels), and then it calculates the optimum threshold separating
the two classes so that their combined spread (intra-class variance) is minimal. The mathematical
description is given in (4)–(6):

σ2
intra = ω0(t)ω1(t)[μ0(t)− μ1(t)]

2 (4)

ω0(t) + ω1(t) = 1 (5)

ω0(t)μ0(t) + ω1(t)μ1(t) = μ(t) (6)

where weights ω0 and ω1 are the probabilities of the two classes separated by a threshold t; σ2
intra are

variances of these two classes, μ0 and μ1 respectively represent the means of these two classes.
The minimum threshold method [47,48] is suitable for binarizing images with two spikes or

maxima so that the algorithm requires keep calculating and smoothing the histogram of the input
image until there are only two maxima. Subsequently the threshold can be determined by the minimum
value between the two maxima. However, in fields the laser image may not have the two maxima,
and thus the threshold method would fail in image processing. To deal with this problem, the minimum
thresholding method is modified to adapt the binarization of the image with one spike, and its
mathematical expression is given in (7):

T =

{
f (h1 + Tm)/2

f (min(hi)
, hi ∈ (h1, h2) (7)

where T is the minimum threshold; h1 and h2 represents the two maxima of the histograms of the input
image; Tm is the maxima intensity of input image; f is used to calculate the threshold.

Figure 7a,d show two 2D laser images and their histogram distribution, respectively. Note that
IMG2 has the two spikes, and both methods produce excellent binarization results for IMG2 since
the histogram distribution of IMG2 has two maxima. It can be found that the two methods perform well
in binarization for laser images that have two spikes in their histogram distribution, based on which
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the optimal threshold can be determined, as shown in Figure 7e,f. For IMG1, however, both methods
produce the poor binarization results since it only has one single maximum. In this case, the OTSU
method produces a false positive (FP) result, while the modified minimum threshold method produces
a false negative (FN) result, as the red circles show in Figure 7b,c, respectively. It can be concluded that
both methods fail to binarize the laser image that has one single spike in its histogram distribution.

Figure 7. Binarization results: (a) IMG1 and its histogram; (b) binarized IMG1 with OTSU method;
(c) binarized IMG1 with minimum method; (d) IMG2 and its histogram; (e) binarized IMG2 with OTSU
method; (f) binarized IMG2 with minimum method.

To investigate the cause why the two methods fail in Original_IMG1 binarization, the sum of
pixel intensity in the vertical direction is projected onto the x-axis for IMG1 and IMG2, as plotted in
Figure 8a,b, respectively. In this study one laser image is obtained by merging pixel data derived from
the left and right cameras. Note that IMG2 has a strong contrast between background and foreground
pixels for both sides of the laser image, that is, the foreground and background are apparent and easily
distinguished, as shown in Figure 8b. For the left-sided lane marking of IMG1 in Figure 8a, however,
a low contrast is observed, indicating the background and foreground are indistinct and thus are
cumbersome to separate out. To deal with the issue that may be caused by the non-uniformity of laser
intensity, the multi-box segmentation-based threshold method is proposed.

Figure 8. Pixel intensity sum’s projection on x-axis for: (a) IMG1; and (b) IMG2.

The basic idea behind the new binarization method is to divide one laser image into multiple
small segmentation regions, and subsequently the threshold operation is performed on each individual
segmentation region. Its implementation can be elaborated below: (1) partition 2D laser image
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into the left and right sides (i.e., IMG_L and IMG_R) since each 2D laser image is made of two
components derived from two different cameras mounted on DHDV, and thus the better binarization
result might be obtained once the left and right sides are separated out; (2) divide both left and right
sides of images into multiple small regions (i.e., IMG_L_1, . . . , IMG_L_N, N is the number of small
segmentation regions for left side) along traveling direction, and the corresponding threshold can
be obtained; (3) recalculate the new threshold for each small region based on minimum square error
method; and (4) reconstruct the binarized images by merging all small segmentation boxes in sequence.
The new threshold for each segmentation box can be calculated using (8)–(10):

β̂0 =

n
∑

i=1
X2

i

n
∑

i=1
Yi −

n
∑

i=1
Xi

n
∑

i=1
XiYi

n
n
∑

i=1
X2

i − (
n
∑

i=1
Xi)

2 (8)

β̂1 =

n
∑

i=1
XiYi −

n
∑

i=1
Xi

n
∑

i=1
Yi

n
n
∑

i=1
X2

i − (
n
∑

i=1
Xi)

2 (9)

YNewi = β̂0 + β̂1Xi (10)

where Xi, Yi represent the i-th small segmentation region in sequence and its corresponding threshold,
respectively; n is the number of small segmentation regions for each side of image; β̂0, β̂1 refer
to the regression coefficients of the ordinary least square errors. YNewi is the new threshold for
the segmentation region i.

Figure 9 shows the working principle of the new binarization method. Firstly, the left side of IMG1 is
partitioned into 16 small segmentation regions (Xi), and the modified minimum threshold method is used
on each small region to calculate thresholds (Yi). The calculated threshold for each small region are shown
on Figure 9a. Note that the different segmentation regions have different thresholds, and the two adjacent
regions may even have a sharp variation in threshold (i.e., region IDs 2 and 3). The large variation in
threshold may be caused by two underlying reasons: (1) the inconsistency or ununiform of pixel intensity
of images, and (2) the drawback or limitation of the threshold method.

To deal with this issue, the minimum square error method is used to recalculate thresholds for
each segmentation region based on the pre-calculated thresholds (Yi) from 16 segmentation regions.
Once the coefficients of linear regression model are obtained, the new threshold (YNewi ) for each
segmentation region can be recalculated, as shown in Figure 9b. Note that the new thresholds between
the adjacent segmentation regions display smooth changes, with a threshold value of approximately
137. Finally, the left side of IMG1 can be reconstructed by merging all small regions that have been
binarized with the new threshold, as shown in Figure 9c.

Figure 10a–h show the effects of the new binarization method, OSTU method, and the modified
minimum threshold method on laser images. It can be found that the new threshold method produces
the best binarization results. For IMG2, all three methods can produce decent binarization results for
lane markings, except for several whitened spots. For IMG1, the OSTU threshold method produces
a false positive binarization result, and the modified minimum threshold method produces a false
negative binarization results. The new threshold method produces an excellent binarization result for
IMG1, and the true positive and true negative binarization results are produced. Therefore, in this
paper, the new method, namely the multi-box segmentation-based traversal method, is used for 2D laser
image binarization.
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Figure 9. Binarization with the new method: (a) segmentation regions with their thresholds;
(b) segmentation regions with new thresholds; and (c) image binarization result with new threshold.

 

Figure 10. Comparison of binarization results: (a–d) IMG1 and its corresponding threshold methods;
and (e–h) IMG2 and its corresponding threshold methods.

3.2. Candiate Lane Marking

Once 2D laser images are binarized with the new threshold method, the following task is to
determine whether any whitened strips in binary images belong to lane markings or not. Firstly, a median
filter is employed to eliminate the discrete spots or small blobs that are produced in binarization.
Usually the discrete spots or small blobs can be assumed as fake targets and should be eliminated.
Secondly, morphological closing operation and marching square algorithm are used to obtain the contour
of each whitening strip or blob, and then contour box-based method is proposed to frame each whitening
strip or blob. In this study, each contour box is considered as a candidate lane marking, and is taken as
a basic element for the true lane marking identification.
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3.2.1. Closing Operation

Due to the existence of noises such as the whitening aggregates and others, the binarized images
may contain some discrete pixels or spots. To eliminate the influence of discrete spots on true lane
marking identification, a median filter is employed to remove the discrete none-zero pixels.

Pavement distress such as cracking or potholes will appear during pavement aging. As a result,
one entire lane marking or whitening strips may be broken into several segments by cracks, which results
in extra difficulties in true lane marking identification. To deal with this issue, the morphological
closing operation is used to stitch the separated whitening strips with gaps in between and produce one
well-connected strip, and simultaneously the discrete white pixels are eliminated. The morphological
closing operation is defined as a dilation followed by an erosion [49]. The closing operation can remove
small bright spots and patch small dark cracks in lane markings. Erosion removes the non-zero pixels
from object boundaries to shrink the boundaries, while the dilation operation adds binary pixels with
non-zero values to the boundaries of objects in an image to fill the gaps and enlarge boundaries [42].
The number of pixels added or removed from the objects in an image depends on the size and shape of
the structuring element used to process the image. The structuring element defines the neighborhood of
the pixel of interest. In this study, the structuring element with a size of 15 × 15-pixel matrix is used after
several trials and errors.

In Figure 11a,d, the discrete spots and lane marking gaps are marked using red circles and rectangles,
respectively. Firstly, median filtering is used to remove the discrete spots, as shown in Figure 11b,e.
It can be observed that the discrete spots inside circles are totally removed. Subsequently, closing
operations is employed to stitch lane marking with gaps in between and produces one independent and
well-connected strip. From Figure 11c,f, it can be observed that the gap or crack inside rectangles are
fully filled up. Accordingly, both median filter and closing operation are robust in eliminating discrete
spots and patching up lane marking gaps, which are crucial for removing fake targets and determining
candidate lane markings.

Figure 11. Photographs of morphological operation: (a,d) images after binarization; (b,e) binarized
images after median filtering; (c,f) binarized images after closing operation.

3.2.2. Marching Square Algorithm

All candidate lane markings should be found before true lane marking identification. To achieve
this goal, a marching square algorithm is introduced to generate the contour of the segmentation region
for a two-dimensional image [50]. For one binary image, every 2 × 2 block of pixels (see Figure 12)
forms a contouring box or cell, so the entire image can be represented by numerous contouring boxes.
The important thing in marching square algorithm is the “sense of direction”. The moving direction
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you head are with respect to your current positioning, which depends on the way you entered the pixel
you are standing on. Therefore, it’s important to keep track of your current orientation.

 

Figure 12. Photographs of (a) 12-moving direction for single segment; (b) no contour segment;
(c) two-segment saddle; and (d) the 4-moving direction for the two-segment saddle.

The algorithm can be described as follows: (1) assume that you stand on the start pixel of one image
binary; (2) observe the up, left, and up left pixel values, and then pick next moving direction based on
Figure 12. For ‘single segment’ case, it easy to determine the next moving direction by matching the right
contouring box, as shown in Figure 12a. For two-segment saddle (see Figure 12c), each contouring box
can be divided into two states and their moving direction, as given in Figure 12d; and (3) keep moving
until you get back the start position, and pixels you walked over would be the contour of the pattern.

The marching square algorithm is used on binary images (i.e., IMG1 and IMG2) that have been
pre-processed with median and closing operations, and then the contours of candidate lane marking can
be obtained, as shown in Figure 13, which shows that IMG1 only has one contour box, indicating only
one candidate lane marking needs to be judged whether it belongs to true lane marking or not. Figure 13b
shows there are eight contour boxes for IMG2, indicating there are eight candidate lane markings that
need to be validated which one or two belong to true lane marking or not.

Figure 13. Photographs after the use of marching square algorithm: (a) one contour box for IMG1; and
(b) eight contour boxes for IMG2 (as different colors show).

3.3. True Lane Marking

Contour box attributes (i.e., box width, box height, contour complexity, contour length, and target
integrity degree) for each candidate lane marking are calculated along with contour box determination.
They are stored into arrays and used for separating true lane marking from noises. In this study
contour box attributes are defined below:
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3.3.1. Contour Box Attributes

Contour box width and height are pixel differences between the minimum and maximum
coordinates of contouring box in x-axis and y-axis, respectively. Contour length is the number of pixels
that comprise object contours. Contour complexity is calculated by the contour length divided by
the perimeter of boundary box. Contour complexity should approximate to 1 if the candidate lane
marking belongs to true lane marking. Target integrity degree It equals to one minus the root of square
sum of gradients regions ∇x and ∇y, which is used to help judge whether candidate lane marking
belongs to true lane marking or not. The target integrity degree is close to one if the candidate lane
marking is true lane marking. The mathematical description of target integrity degree is given in (11):

It = (1 −
√
(∂z/∂x)2 + (∂z/∂y)2)× 100% (11)

where It represents the target (lane marking) integrity degree; z represents the binary values at point (x, y);
∂z/∂x denotes the first-derivative of binary image in the x direction; ∂z/∂y denotes the first-derivative of
binary image in the y direction.

In general, each candidate lane marking belongs to either a true lane marking or noises,
which depends on four contour box attributes: contour box width, contour box height, contour
complexity, and target integrity degree. Table 1 shows contour box attributes of each candidate lane
marking. In addition, the sum of pixel intensity for each contour box is projected onto the X-axis,
as shown in Figure 14. IMG1 has one single contour box namely BoxID1, and its binary projection on
X-axis is plotted in Figure 14a. IMG2 has eight contour boxes namely from BoxID1 to BoxID8, and their
binary projections on X-axis are plotted in Figure 14b–i, respectively. It is apparent that IMG1 has one
true lane marking based on its pixel projection on X-axis. IMG2 has a pair of lane marking, based on its
pixel projection on X-axis in Figure 14b,c. For other contour boxes, their binary projections on X-axis
are not apparent and can be negligible, and thus these contour boxes or candidate lane markings do
not belong to true lane marking.

Table 1. Summary of Contour Box Attributes.

IMG ID Box ID Box Width Box Height Contour Length Contour Complexity ∇x ∇y It(%)

IMG1 ID1 170 2019 4310 1.0 0.004 0.012 98.8
IMG2 ID1 152 1149 2630 1.0 0.008 0.015 98.4

ID2 151 2019 4314 1.0 0.004 0.013 98.6
ID3 34 34 96 0.7 0.057 0.054 92.2
ID4 36 61 161 0.8 0.049 0.054 92.6
ID5 5 3 13 0.8 0.533 0.267 40.4
ID6 9 10 27 0.7 0.178 0.222 71.5
ID7 5 6 16 0.7 0.267 0.333 57.3
ID8 3 5 12 0.8 0.267 0.533 40.4

In summary, it can be preliminarily concluded that IMG1_ID1, IMG2_ID1 and IMG_ID2 belong
to true lane markings based on their contour box attributes and binary projections on the X-axis.
To efficiently separate out true lane marking from fake targets, linear support vector machine is presented
in this study.
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Figure 14. Photographs of the binary pixel’s projection on X-axis for each contour box: (a) BOXID1
for IMG1; and (b–i) BOXID1 to 8 for IMG2.

3.3.2. Linear Support Vector Machine (LSVM)

A Linear Support Vector Machine (LSVM) is used to separate out true lane markings from
candidate lane markings based on three variables since contour box height may be very low in laser
images due to the presence of dash lane markings. SVM model is a representation of the samples as
points in space and is mapped so that the samples of the separate categories are divided by a clear gap
that is as wide as possible [51,52]. Typically, this clear gap is defined as the hyper plane, and the distance
between hyper plane and the corresponding support vectors equals to 1/||w||.

Once the hyper plane is located, the new sample is then mapped into that same space and
predicted to belong to a classification based on which side of the hyperplane they fall. The key of
the LSVM is to determine the vector weights W and the bias b of the hyperplane g(X). The hyperplane
can be mathematically expressed using (12):

g(X) = WTX + b (12)

where X = [xw,xc,xt] is a 3-dimentional vector (inputs), xw,xc,xt represent the contour box width,
contour complexity and target integrity degree, respectively; W = [ww,wc,wt] are three vector weights or
the normal vector to hyper plane; b is the bias of the hyperplane.
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To use the vector weight W and the bias b to separate out true lane marking from candidate
lane marking, they should be computed first based on the labeled training data [Xp,δp]]. p represents
the training sample number. Y is either 1 or −1, denoting the class to which the input vector X belongs,
if the predicted g(X) is larger than zero, the input vector belongs to true lane marking, otherwise it
belongs to noise box, which can be described using (13):

Yp(WTXp) + b ≥ 1 (13)

To calculate the maximum-margin hyper plane, the cost function Φ(W) = 1
2WTW is introduced and

minimized. Equation (13) is one equality constraint of cost function. It is well known that the Lagrange
function is widely used to deal with the optimization problem that finds the local minima or maxima of
a function. In this study it is introduced to find the optimal solutions of W0 and b0, and its mathematical
expression is (14):

L(W, b, α) =
1
2

WTW −
P

∑
p=1

αp[Yp(WTXp + b)− 1] (14)

where L(W, b, α) is the Lagrange function or expression; αp is the Lagrange multiplier, and its value is
no less than 0.

To minimize Lagrange function, the calculation of partial derivatives of L(W,b,α) with respect to
vector weights and bias can be mathematically expressed in (15) and (16). Subsequently, the calculated
vector weights are given in (17), and one equality constraint is obtained and given in (18):

∂L(W, b, α)

∂w
= 0 (15)

∂L(W, b, α)

∂b
= 0 (16)

W =
P

∑
p=1

αpYpXp (17)

P

∑
p=1

αpYp = 0 (18)

Using (17) to replace W in (14), the Lagrange function can be rewritten as (19). According to
the Kuhn Tucker theory [53], the optimal solution for (19) can be deduced and rewritten as (20):

L(W, b, α) =
P

∑
p=1

αp −
1
2

P

∑
p=1

P

∑
j=1

αpαjYpYj(Xp)TXj (19)

αp[Yp(WTXp + b)− 1] = 0, αp > 0 (20)

Assume the optimal Lagrange multiplier is {α0p, α1p,Λ,α0p}, the optimal weight vector can be
calculated and rewritten as (21), and the optimal bias can be calculated using (22). Once W0 and b0 are
calculated, the hyperplane coefficients can be determined accordingly:

W0 =
P

∑
p=1

α0pYpXp = ∑
ASV

α0sYsXs (21)

b0 = 1 − W0
TXs (22)

where Xs is the support vector sample; ASV is defined as all support vectors; α0s is the Lagrange multiplier
of the support vector sample Xs; Ys is the classification label for the support vector sample Xs.
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Eight continuous 2D laser images are chosen to illustrate how LSVM works. 38 contour boxes
(p = 38) and their corresponding contour box attributes are obtained via a series of image processing
operations. Subsequently the LSVM model is employed to fit sample features X with classification labels
Y. The weight vector W0 = [w0w,w0c,w0t] = [2.38092890 × 10−2, 7.31285305 × 10−5, −1.41721958 × 10−5]
and the bias b0 = −1.92861422 are trained. Finally, the hyperplane or decision boundary can be plotted
as seen in Figure 15.

Figure 15. Illustration of hyperplane to separate true lane marking box from noise box.

As a result, the category that the contouring box belongs to can be determined based on (23).
If the sign of the function f (X) is positive, the contouring box is a true lane marking box, otherwise it is
a noise box:

f (X) = sgn(WT
0 + b0) (23)

3.4. Lane Marking Reconstruction

In this study the 2D laser image contains either one or a pair of lane markings, as shown in
Figure 16a,d,g. For images having a pair of lane markings, it is easy to reconstruct the continuous lane
markings based on the identified lane markings, as shown in Figure 16b,c,e,f. However, for images having
only one lane marking, it is a challenge to determine the exact location of the other one lane marking,
and two variables, namely lane marking location in previous image and lane width are proposed to solve
this problem. Finally, a pair of lane markings for each laser image can be reconstructed, as shown in
the right Figure 16h,i.
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Figure 16. Binarization, Identification, and Reconstruction for solid and dash lane markings:
(a–c) for IMG0; (d–f) for IMG1; and (g–i) for IMG2.

The lane width depends on the distance between the coordinates of the left and right lane
markings. The coordinates of the left and right lane markings for current and previous images are

stored in the vectors Xl =
[

xc
l , xp

l

]T
, Xr =

[
xc

r , xp
r

]T
, respectively. Eventually, a pair of lane marking

along traveling direction can be continuously reconstructed with (24) and (25):

Dcp =

⎧⎨⎩
∣∣∣xc

l − xp
l

∣∣∣∣∣∣xc
r − xp

r

∣∣∣ , Dcp ≤ Tos (24)

Dlr = |xc
l − xc

r |, Dlr ≤ Tw (25)

where Dcp is the offset of left or right lane marking locations between previous and current images;
Tos refers to the tolerable range of lane marking offsets; Dlr is the actual lane width; Tw represents
the tolerable range of lane widths.

4. Case Study

To validate the effectiveness of the new methodology in lane marking identification and localization,
a 7500 ft-long asphalt pavement section is chosen as a test bed in this study. Data collection starts
at GPS coordinate of 34.8681, −92.401996, and ends at the GPS coordinate of 34.881418, −92.39309,
located at 17468 to 16420 Maumelle Blvd. in Maumelle, AR, USA. The test section consists of 1000 laser
images, and each image may either contain or not contain lane marking. In this study the binarization,
identification, and localization of lane markings are validated.

4.1. Binarization Result Analysis

To quantitatively describe binarization results of lane marking, three evaluation metrics namely
precision, recall, and F-score are introduced. For each lane marking, it can be regarded as “True Positive (TP)”
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if the automatic binarization result exactly matches with the manual survey result (ground truth); otherwise,
it would be considered as the “False Negative (FN)”. For non-lane marking, it can be considered as
“True Negative (TN)” if the binarized non-lane marking still is non-lane marking; otherwise, it would
be considered as the “False Positive (FP)”. In this study TP and TN are regarded as the acceptable
binarization results, while FP and FN are considered as the unacceptable binarization results.

Once the TP, TN, FP, and FN are determined, three evaluation metrics can be calculated,
as described in Equations (26)–(28). Generally, the larger the evaluation metrics is, the better
the performance of the test algorithm is [54]. An ideal or robust algorithm would have values
of all evaluation metric approximating to one:

Precision = TP/(TP + FP) (26)

Recall = TP/(TP + FN) (27)

F =
2 × Precision × Recall

Precision + Recall
(28)

Several methods, the namely OTSU threshold method [46], minimum threshold method [47],
Yen’s method [55], Li’s cross entropy method [56], ISODATA method [57], and the new method are
used to verify the binarization effects, as summarized in Table 2.

Table 2. Comparison of Binarization Results with Various Methods.

Binarization Methods # of IMGs Precision Recall F-Measure

OTSU 1000 0.873 0.898 0.885
Minimum 1000 0.866 0.842 0.854

Yen’s Method 1000 0.553 0.900 0.685
Li’s Method 1000 0.644 0.732 0.685
ISODATA 1000 0.813 0.843 0.828

New Method 1000 0.967 0.961 0.964

Note that the new method produces the best binarization results when compared with the other
five binarization methods, with a precision of 0.97, recall of 0.96, and F-measure of 0.96, followed by is
the OTSU threshold method, minimum threshold method, ISODATA method, Yen’s method, and Li’s
cross entropy method. Therefore, it can be concluded that the new binarization method is robust for
2D laser image binarization in this calculation example.

4.2. Identification and Reconstruction Result Analysis

To validate the effects of the new method on road lane marking detection, the detection result
from the new method is compared with that from two widely used methods, namely the Hough linear
transform and linear-parabolic lane method. The laser image has a size of 2048 × 3604 pixels. Two laser
images are chosen to demonstrate the implementation of lane marking detection and reconstruction.
The colorful lines and solid rectangles of IMG1 in Figure 17a–c show the lane marking detection results
based on the three methods. For the lane marking reconstruction, both Hough linear transform and
linear-parabolic method cannot successfully reconstruct the dash lane marking in IMG2, as shown in
Figure 17d,e, however, the new method can efficiently reconstruct the dash lane marking, as shown in
Figure 17f.
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Figure 17. Comparison of detection and reconstruction results of lane marking with: (a,d) Hough
linear transform; (c,e) linear-parabolic method; (d,f) the new method.

In this study the precision, recall, and F-measure are used to evaluate the effects of three methods
on lane marking detection. The lane marking detection accuracy with the three methods are given
in Table 3. It can be observed that the new method produces the best detection result among them,
with a precision of 0.95, recall of 0.93, and F-measure of 0.94, based on 1000 test laser images, followed by
the linear-parabolic lane method which produces a detection result with a precision of 0.91, recall of
0.89, and F-measure of 0.90. The Hough linear transform produces a result with a F-measure of 0.88.
The corresponding results based on the three methods are given in Table 3.

Table 3. Comparison of Lane Marking Identification Results with Various Methods.

Detection Methods # of IMGs Computing Time(s)/Frame Precision Recall F-Measure

Hough Linear Transform 1000 1.135 0.91 0.86 0.88
Linear-parabolic Lane Method 1000 1.124 0.91 0.89 0.90

Newly Proposed Method 1000 1.423 0.95 0.93 0.94

The three methods are implemented using Python & OpenCV running on an Intel(R) Core(TM)
i7-7700K @4.2 GHz computer. The processing times for the three methods are given in Table 3.
With the new method, the processing times for image binarization, candidate lane marking determination,
and true road lane marking detection and reconstruction are 1.263, 0.156 s, and 0.004 s, respectively.
The total processing time is about 1.423 s per frame, which is slightly longer than that of the other
two methods. Therefore, the new method is not suitable for real-time processing of lane marking
detection and is recommended to be used for image post-processing with the purpose of pavement
performance evaluation.

In addition, a precision of 0.95, recall of 0.91, and F-measure of 0.94 are obtained for the lane
marking reconstruction results based on 1000 test laser images. It can be concluded that the new method
is robust for lane marking detection and reconstruction. The exact identification and localization of
lane marking are crucial for pavement lane-based study, such as crack detection and classification,
rutting measurement and evaluation, etc.

5. Conclusions and Recommendations

In this paper a new methodology is proposed to detect and locate road lane markings with 2D laser
images collected from a DHDV. Firstly, the multi-box segmentation-based traversal method to binarize
2D laser images is presented, and excellent binarization results are produced when compared with other
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methods such as the OTSU method, minimum method, ISODATA method, Yen’s method, and Li’s cross
entropy method, with a precision of 0.97, and recall of 0.96. Subsequently the morphological closing
method and marching square method are employed to determine the contours of the potential lane
markings, where generally one contouring box represents one candidate lane marking. Thirdly, a linear
support vector machine is used to distinguish true lane markings from candidate lane markings based
on contour box attributes, with a precision of 0.95, recall of 0.93, and F-measure of 0.94. The new
method produces the better detection results when compared with the Hough linear transform and
linear-parabolic lane methods. Finally, the continuous true lane markings along the traveling direction
are reconstructed with the location of adjacent lane markings and road lane width. The findings indicate
that the proposed methodology is robust for the detection and location of road lane markings in 2D laser
images, which would benefit in road lane-based pavement distress measurement and evaluation, such as
pavement cracking detection and classification, rutting measurement and so on.

Although LSVM based on contour box attributes can efficiently separate out true lane markings
from fake targets, the effects of pedestrian crosswalks and lane direction arrows on lane marking
identification cannot be avoided. As a future improvement, a new strategy could be developed to
solve this issue, and simultaneously examine lane-based crack detection and classification.
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Abstract: Ghosting and seams are two major challenges in creating unmanned aerial vehicle (UAV)
image mosaic. In response to these problems, this paper proposes an improved method for UAV
image seam-line searching. First, an image matching algorithm is used to extract and match the
features of adjacent images, so that they can be transformed into the same coordinate system. Then,
the gray scale difference, the gradient minimum, and the optical flow value of pixels in adjacent
image overlapped area in a neighborhood are calculated, which can be applied to creating an energy
function for seam-line searching. Based on that, an improved dynamic programming algorithm is
proposed to search the optimal seam-lines to complete the UAV image mosaic. This algorithm adopts
a more adaptive energy aggregation and traversal strategy, which can find a more ideal splicing path
for adjacent UAV images and avoid the ground objects better. The experimental results show that
the proposed method can effectively solve the problems of ghosting and seams in the panoramic
UAV images.

Keywords: UAV image; dynamic programming; seam-line; optical flow; image mosaic

1. Introduction

Image mosaics have a long history starting in the early days of computer vision and
photogrammetry. With the rise of UAV remote sensing technologies, this research has become
paramount to many applications based on UAV survey including 3D reconstruction, ecological farming,
disaster emergency management, and photography activity. These are due to UAV remote sensing
technology’s strengths of low-cost, high–Speed, and easy accessibility [1–5]. However, there are three
disadvantages, its low flight altitude, the camera perspective constraints, and the small coverage area
of a single UAV image. In many applications mentioned above, in order to expand the image coverage
area to capture more information from the target area, multiple UAV images are collected, leading to
the need of mosaic multiple images to form a panoramic image. Furthermore, high-altitude wind has
a significant impact on the UAV platform due to its light-weight, problems such as irregular image
overlaps and uneven image exposure are introduced into the adjacent images [6]. Therefore, images
captured from an unstable UAV platform will lead to a vulnerable stitched image with ghosting, blur,
dislocation, and color inconsistency. Overall, there are many challenges about the state-of-the-art
image mosaic methods.

In response to these difficulties, this paper proposes a new UAV image mosaic method. The
method solves the dislocation and ghosting problem cause by selecting the optimal seam-line in the
building-intensive areas. In this new method, we first introduce the optical flow to construct the energy
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function for seam-line searching, it can factor the image structure information into the seam-line
optimization better. Secondly, a new seam-line search strategy is presented. In this method, its basic
idea is to determine the geometric errors introduced by perspective errors, camera distortions, and
radiation errors by analyzing the mapping relationships between the left and right images, then using
these errors to aid in the seam-line search process.

2. Related Work

There are various methods for seamless mosaic of UAV remote sensing images have been
investigated [7–17]. Among them, seam-line based methods are intended to reduce grayscale and
geometric differences. They look for the least-cost seam-line in the overlapping region of adjacent
images by constructing an energy function. This paper will focus on the seam-line search methods
based on dynamic programming and optical flow.

2.1. Methods Based on Dynamic Programming

This is a kind of mainstream image mosaic method. The methods in [11–13] focus on the energy
difference between the images and their effects are superior, but they still present some problems. For
example, dynamic programming-based methods in [11–13] adopt Dijkstra’s shortest path algorithm to
search for the optimal seam-lines, which address the ghosting and dislocation problems because of
the movements of the objects and registration errors, but they suffer from low search efficiency and
complex weight determination. The ant colony method in [14] is also based on dynamic programming,
which can evade the areas where the color contrast is larger between images, while it will easily lead
the search processing to the local optimum due to its sensitivity to the number of ants. Furthermore,
there are some other methods based on the snake model [15], and some based on a morphological
model [16,17]. Although these methods can almost ensure the consistence of the geometric structure
and evade the phenomenon of ghosting in the overlapping regions under some conditions, they are
still unable to ensure that ghosting and seams can be overcame at the same time—especially when
there is a significant brightness difference between adjacent images. Meanwhile, these methods are
unable to achieve satisfactory results when there are rich texture structures, registration errors, and
radiation brightness differences between images. Furthermore, most of the current seam-line search
methods based on dynamic programming theory rely strongly on image direction that leads to a low
robustness with their energy functions.

2.2. Methods Based on Optical Flow

Optical flow is the pattern of apparent motion of objects, surfaces, and edges in a visual scene
caused by the relative motion between an observer and a scene [18,19]. The American psychologist
Gibson introduced the concept of optical flow in the 1940s [20]. Sequences of ordered images allow the
estimation of motion as either instantaneous image velocities or discrete image displacements [21].
David and Weiss introduce gradient-based optical flow [22]. John, David, and Steven provide a
performance analysis of a number of optical flow techniques. It emphasizes the accuracy and density
of measurements [23]. So far, there are many methods to calculate the optical flow, and these methods
have great differences. There is still no systematic classification of the existing methods. Here, we
divide the optical flow calculation methods into the following four categories: methods based on
gradient, methods based on matching, methods based on frequency, and methods based on Bayesian.
Among them, gradient-based methods are simple computation and effective, so they have been widely
studied. Lucas–Kanade method and Horn–Schunk method are representative methods, they are used
to calculate the motion of a partial pixels of images (called sparse optical flow) and the motion of all
pixels of images (called dense optical flow), respectively [24,25]. The energy function constructed in
this paper needs the optical flow value of each pixel in the overlapping area of adjacent images, so we
use the dense optical flow method to calculate them. In the image mosaic, using the methods based
on optical flow to estimate the camera’s motion parameters has the following advantages over the
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methods based on feature matching. It is unnecessary to extract image features. They are not sensitive
to noise. Moreover, they can be applied to complex scenes and do dense optical flow calculation
on the entire image without extrapolation of interpolation. Nevertheless, methods based on optical
flow also have some weaknesses. Specifically, feature matching–based methods can be applied to the
adjacent image with large difference and correct mark the corresponding points of adjacent images.
However, methods based on optical flow assume that the change between images is continuous and
the difference between adjacent images is very small, which greatly limits the application of these
methods. For UAV image mosaic, the difference between adjacent images may be very large due to
the fast flight and illumination changes of UAV. Therefore, it is difficult to create UAV image mosaics
only by the methods based on optical flow. Nonetheless, the optical flow information of pixels in the
overlap area of adjacent images can well provide the structural information of the images, which is
conducive to searching for the optimal seam-line [26].

In this paper, the optical flow information of the pixels in the overlapped area of the adjacent
images is used to construct the improved dynamic programming energy function, trying to find the
best seam-line between the adjacent images and realizing the seamless mosaic of UAV images. The
reminder of this paper is organized as follows. In Section 2, we explain the methodology of our
proposed new method based on Duplaquet’s method in detail. Experiments and results are described
and analyzed in Section 3. Discussion and conclusions are drawn in Section 4.

3. Methodology

It is well–known that image registration is a key technology in the research of image mosaic
method. The same is true of the research in this paper. Before the seam-line search, this paper
uses the classic SIFT(scale-invariant feature transform)-based image feature extraction and matching
algorithm for the registration of experimental images, in which the false matching points are removed
by the RANSAC (random sample consensus) algorithm. Then, the experimental image pairs in this
paper are transformed into the same coordinate system. Finally, these registered images are used for
subsequent experiments.

3.1. Classic Duplaquet’s Method

In 1958, Bellman proposed the optimization theroy for multi-stage problems. He transformed the
multi-stage process into a series of single-stage solution problems, and created a dynamic programming
method [27]. Based on Bellman’s theory, Duplaquet proposed an improved method to search for image
seam-lines based on dynamic programming idea [28]. Formula (1) is the energy criterion defined in
the classic Duplaquet’s method

C(x, y) = Cdif (x, y) − λCedge (x, y) (1)

where Cdif (x, y) is the mean value of the gray scale difference of the pixel in the overlapping regions
between adjacent images, Cedge (x, y) is the gradient minimum of the pixel in the overlapping areas, x,
y are the pixel coordinates, and λ is a weighting factor, which can be used to adjust the proportion of
gray scale difference and structure difference in the energy function, the value of λ is −0.15 in classic
Duplaquet’s method.

3.2. Problems Analysis of Duplaquet’s Method

The energy criterion in the Duplaquet’s method only considers the horizontal and vertical
gradients, and compares the pixels in three adjacent directions near the current pixel, as shown in
Figure 1. P is current pixel, m and n respectively present the pixel width and height of the overlapping
region. When the overlapped region has dense tall ground objects (e.g., buildings or trees), the
seam-lines output from the Duplaquet’s method are likely through the edges of the buildings due to
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the inconsistent deformation from the image point to the roof point (as in Figure 2). Thus, it is easy to
produce ghosting and seams in the stitched images.

Figure 1. The schematic diagram of Duplaquet’s energy criterion.

Figure 2. The mosaic results using the existing methods for two image pairs. (a) The Duplaquet’s
method; (b) the method introduces the fourth horizontal direction based on the Duplaquet’s method.

As shown in Figure 2. There are two experimental results based on the existing methods.
The seam-lines across the houses can be easy to see in stitched images. Among them, the Figure 2a
is the result of the Duplaquet’s method, the Figure 2b is the result of another existing method which
introduces the fourth horizontal direction based on the Duplaquet’s method, its seam-line across the
houses less than the Duplaquet’s method, but the seam-line still deviates from the ideal seam-line.
Nowadays, some researchers believe that the energy function is poorly fitted, making it difficult to
find the optimal seam-line. For this reason, these researchers attempt to modify the energy function
based on dynamic programming. However, they overlook the optimality of the corresponding model.
This also happens in the methods included in the OpenCV library. One of reasons for these problems
is that the Duplaquet’s method cannot ensure the best seam-line by using the classical Sobel operator
to calculate the approximate gradient of the pixels based on the horizontal and vertical templates
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(Formula (2)) without considering diagonal directions in the calculation process [29]. In Formula (2),
Dx and Dy are the gradients of the pixel (x, y) in the vertical and horizontal directions, respectively.

Dx =

⎡⎢⎣ −1 0 1
−2 0 2
−1 0 1

⎤⎥⎦Dy =

⎡⎢⎣ −1 −2 −1
0 0 0
1 2 1

⎤⎥⎦ (2)

Specifically, the Duplaquet’s method has the following three problems: (1) The gradient guidance
direction of the energy function does not support omnidirectional searching. (2) The energy function is
direction-dependent, and the energy aggregation considers only three directions, and the direction of
energy traversal are limited from left to right, as well as from top to bottom. (3) The energy function
getting local optimal solution is easy due to the impact of the two factors mentioned above. These will
directly lead to the optimal seam-line susceptible to dense ground objects.

3.3. Improved Seam-Line Search Method

This paper introduces the optical flow value of the pixels in the overlapped regions for seam-line
searching, and proposes a new method for finding optimal seam-lines by improving gradient guidance
direction, energy accumulation directions that include energy aggregation directions, and energy
traversal direction.

3.3.1. Gradient Calculation

The Duplaquet’s method only considers the horizontal and vertical gradients in the energy
criterion; it often fails to obtain the optimal seam-line. To solve this problem, this paper uses a new
gradient operator based on the classical Sobel operator, which considers eight-directional neighborhood
information of current pixel and the similarity of its surrounding structure [30]. The new approach of
gradient calculation is

D0◦ =

⎡⎢⎣ 1 2 1
0 0 0
−1 −2 −1

⎤⎥⎦D45◦ =

⎡⎢⎣ 2 1 0
1 0 −1
0 −1 −2

⎤⎥⎦D90◦ =

⎡⎢⎣ 1 0 −1
2 0 −2
1 0 −1

⎤⎥⎦D135◦ =

⎡⎢⎣ 0 −1 −2
1 0 −1
2 1 0

⎤⎥⎦
D180◦ =

⎡⎢⎣ −1 −2 −1
0 0 0
1 2 1

⎤⎥⎦D225◦ =

⎡⎢⎣ −2 −1 0
−1 0 1
0 1 2

⎤⎥⎦D270◦ =

⎡⎢⎣ −1 0 1
−2 0 2
−1 0 1

⎤⎥⎦D315◦ =

⎡⎢⎣ 0 1 2
−1 0 1
−2 −1 0

⎤⎥⎦
(3)

In Formula (3), D0◦ , D45◦ , D90◦ , D135◦ , D180◦ , D225◦ , D270◦ , D315◦ are the gradients of pixel (x, y) in
eight directions, respectively.

3.3.2. Directionality of Energy Accumulation

In order to solve the direction-dependent problem in energy accumulation, this paper introduces
a fourth horizontal direction in energy accumulation, as is shown in Figure 3. This change can get
better seam-line which can be seen easily in Figure 2b. It is closer to the ideal seam-line by using this
method than the Dulapquet’s method, but it is obviously insufficient.

Since the optimal seam-line searching is not only affected by the directions of energy aggregation,
but also affected by the directions of energy traversal. Therefore, this paper redefines the new energy
criterion and adds the new aggregate directions to our dynamic programming algorithm with a stereo
dual-channel energy accumulation strategy. It improves the searching scheme of optimal seam-line.
As shown in Figure 4, there is a schematic diagram of our optimal seam-line search strategy, which
optimizes the seam-line search criteria by detecting the eight pixels (contain the horizontal direction)
surrounding the current pixel.
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Figure 3. A schematic diagram of energy accumulation by improving energy guidelines.

Figure 4. A schematic diagram of our search strategy.

In Figure 4, P is the current pixel. This paper redefines the nine related directions surrounding
P as follows: 0 (initial invalid direction), 1 (top-left of P for energy channel 1), 2 (top of P for energy
channel 1), 3 (top-right of P for energy channel 1), 4 (left of P for energy channel 1), 5 (top-left of P for
energy channel 2), 6 (top of P for energy channel 2), 7 (top-right of P for energy channel 2), 8 (right
of P for energy channel 2). Seam-line searching is an aggregation process of minimum energy. Each
seam-line consists of neighborhood pixels with smallest energy value. In our method, the longest
seam-line is the optimal seam-line.

3.3.3. Calculation of Optical Flow Value of Pixels in the Overlapped Region

In this paper, in order to take into account the image structure information better in the overlapped
region of the adjacent images, we use the optical flow value of pixels in the overlapped region as a
constraint condition for the construction of seam-line energy function. According to Section 2, this
paper uses a dense optical flow method for optical flow calculation. The H–S method proposed
by Horn and Schunck is a very popular dense optical flow method, which is easy to calculate [25].
The pixel displacement in the overlapping area can be calculated by H–S method, it can obtain the
optical flow value of each pixel in the overlapped region. L–K is a sparse optical flow method, which
can only calculate the optical flow value of part pixels. Others need to be obtained by interpilation.
This is also the main reason for using the H–S method in this paper. Formula (4) is H–S method’s
objective function.

min
u,v

Ef low(u, v) =
�

[((T(x, y)− I(x + u, y + v))2 + a · (u2
x + u2

y + v2
x + v2

y)]dxdy (4)
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In Formula (4), Eflow is the value of optical flow, u and v is the displacement in the x and y axis
directions. T is the reference image, I is the current image, a is a weight factor, ux, vx, uy, vy are the first
derivative of u and v in the x and y directions, respectively.

3.3.4. Energy Function

Based on the analysis of the theoretical model, we constructed a mathematical abstract expression
of the theoretical model. Assuming that image f 1 and image f 2 are an original image pair to be stitched,
the energy function is defined as

E = ∑
(x,y)∈O

B(x, y)σ(| f1(x, y)− f2(x, y)|) + ∑
(x,y)∈O

(
max

(
dk

0≤k≤7
( f1(x, y))− dk

0≤k≤7
( f2(x, y))

))
+ ∑

(x,y)∈O
Ef low(x, y) + ∑

(x,y)/∈O
N(x, y)

(5)

In Formula (5), E is the energy value of the current pixel, B (x, y) determines whether the current
pixel P (x, y) is in the boundary of the overlapped region, when B(x, y) =1, it means that it is not in the
boundary region, and when B(x, y) = 10, it is in the boundary region. σ(*) is the Gaussian smoothing
term, which uses the information in the local window to enhance the local influence of the current
pixel. f 1(x, y), f 2(x, y) are pending images to be stitched. O is the overlapped area. d(*) represents the
gradient function of one of the eight directions. N(x, y) is the energy value of the invalid area, which is
the constant term, and the value is 100 times larger than the maximum value of O. Eflow(x, y) is the
optical flow constraint item. In the actual processing, each data item and smoothing item are to be
normalized, and the boundary effect is considered. That is, a large weight is given at the boundary
area and the invalid area.

3.3.5. Computation Procedure

Because the overlapped region of adjacent UAV images is often irregular, it needs to be handled
properly to facilitate the calculation. As Figure 5 shows, the irregular overlapped area is in Figure 5b,
it can be extended to a regular area by using the minimum exterior rectangle of the overlapped region.
Let us say that the overlapped region is m × n.

Figure 5. Processing principle of irregular overlapped region: (a) Regular overlapped region; (b)
Irregular overlapped region.

The image energy function E can be calculated by Formulas (3)–(5). A method flow chart of this
paper is shown in Figure 6.
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Figure 6. A flow chart of our method.

In the actual calculation process, each data item and smoothing item should be normalized.
Furthermore, the boundary effect of overlapped regions needs to be taken into account, i.e., assigning
a greater weight to invalid regions and boundaries. Therefore, the specific steps of our method are as
following: Define the overlapped region of the adjacent images to be O, the buffer area of O boundary
is W (set its width as 20 pixels, and W is an empirical value, the invalid area is N (extend area), and
the boundary intersection J. Set W∈ [1,10], the closer to the boundary, the larger the value is, and set
N = 100×max (O), J = −1000×max (O)). At the same time, energy aggregation channels C1 and C2
have the same size as the minimum exterior rectangle; each pair of corresponding elements in these
two matrices hold two scalar numbers representing the current aggregation value and the current path
direction of the seam-line. For the first row of the matrices C1 and C2 assigned with the first row of E
as the initial value, and set them corresponding direction as zero. The energy aggregation channel
matrixes start to make a difference from the second row, which are divided into two aggregation
processes from left to right and from right to left (see in Figure 4). For the energy aggregation channel
C1, its aggregation process is from the left to the right; the current pixel only considers the directions
of 1, 2, 3, 5, 6, 7, and 4. For the energy aggregation channel C2, its aggregation process is from the
right to the left, and the current pixel only considers the directions of 1, 2, 3, 5, 6, 7, and 8. When
the aggregation is finished, the minimum energy values are found from the last row in C1 and C2
respectively, and then an optimal mosaic path is found based on the direction information stored in
the matrixes. In addition, in order to ensure that the seam-lines start and end at the intersection points,
this paper selects two special intersection points (see that in Figure 5) that have the smallest energy
value above, so that the seam-lines can be guided and adsorbed.

4. Experimental Results Analysis

4.1. Experimental Environment and Data

In order to verify the effectiveness of our method (Our-flow-DP), this paper not only utilized the
UAV images from different regions with different flight altitudes and cameras, but also compared the
experimental results with the classic Duplaquet’s dynamic programming method using three search
directions (Duplaquet3-DP), dynamic programming method based on Duplaquet using four search
directions (Duplaquet4-DP), and the dynamic programming methods from OpenCV (OpenCV-DP).
In this paper, we used Visual C++ based on OpenCV open source library to program the proposed
improvement method. The experimental images are divided into four data sets; among them, the data
in Figure 7a were acquired by Canon IXUS 220HS (Canon, Oita, Japan) in Paris, the height of the UAV
is approximately 250 m. The data in Figure 7b were acquired by DJ-Phantom4 (DJ, Shenzhen, China)
at Wuhan University square, the height of the UAV is approximately 115 m. The data in Figure 7c were
acquired by DJ-Phantom4 (DJ, Shenzhen, China) at Hongshan district of Wuhan city, the height of the
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UAV is approximately 116 m. The data in Figure 7d were acquired by ILCE-QX1 (Sony, Chonburi,
Thailand) in Jiashan County, China, the height of the UAV is approximately 150 m. The experimental
computer environment is Windows 7 operating system, CPU: Intel (R) Core (TM) i7-4790, RAM: 32 GB.

Figure 7. Four experimental UAV image pairs from four data sets: (a) The first image pair; (b) the
second image pair; (c) the third image pair; (d) the fourth image pair.

4.2. Experimental Results Analysis

4.2.1. Comparison of Mosaic Results with Four Different Image Pairs

So as to verify the effect of this paper proposed method, Duplaquet3-DP, Duplaquet4-DP,
OpenCV-DP, and Our-Flow-DP were used to search the optimal seam-lines of image pairs in Figure 7
with irregular overlapped regions. Figures 8–11 are the respective results. It can be seen from
Figures 8–11 that the optimal seam-lines are obviously different with the four test methods. From the
local zoom view of Figures 8–11, we can find that the optimal seam-lines searched by Our-Flow-DP
are basically following along the road direction, which avoid the ground buildings, this will greatly
reduce the probability of dislocation and ghosting because of image geometric errors. The other
three methods place the seam-lines across the edges of houses, and present a ghosting and seam
phenomenon. Especially in Figure 8, the other three methods have poor mosaic effects due to the
dense distribution of buildings and the large changes in height. Furthermore, there was a problem of
house information loss around seam-line edge in stitched images.

Figure 8. The seam-lines of different search methods for Figure 7a: (a) Dulapquet3-DP;
(b) Dulapquet4-DP; (c) OpenCV-DP; (d) Our-Flow-DP.
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Figure 9. The seam-lines of different search methods for Figure 7b: (a) Dulapquet3-DP;
(b) Dulapquet4-DP; (c) OpenCV-DP; (d) Our-Flow-DP.

Figure 10. The seam-lines of different search methods for Figure 7c: (a) Dulapquet3-DP;
(b) Dulapquet4-DP; (c) OpenCV-DP; (d) Our-Flow-DP.

Figure 11. The seam-lines of different search methods for Figure 7d: (a) Dulapquet3-DP;
(b) Dulapquet4-DP; (c) OpenCV-DP; (d) Our-Flow-DP.
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4.2.2. Comparison of Four Methods under the Condition of Image Rotation

Images in Figure 7 were rotated from the horizontal to the vertical firstly. Then, we used the
four methods mentioned above to search the optimal seam-lines for vertical and horizontal images
respectively. Figures 12–15 show the results of them. In Figures 12, 14, and 15, the partially enlarged
pictures illustrated that the optimal seam-lines searched by Our-Flow-DP basically no change before
and after rotation, they always were good at avoiding the ground buildings and tall trees in the
overlapped regions of adjacent images. In Figure 13, our seam-lines changed slightly, but they were
less affected by the cars and tall trees in the overlapped regions than others, and the directions and
movements of the seam-lines basically avoided the cars. In contrast, the seam-lines of the other
three methods all crossed the edges of the buildings in different places before and after rotation, and
the directions and movements of the seam-lines have an obvious change in Figures 12, 14, and 15.
In Figure 13, the seam-lines of Duplaquet4-DP is more susceptible to tall trees than Duplaquet3-DP
and OpenCV-DP. From the above results analysis, Our-Flow-DP is more independent than the other
three methods in direction, and it can best avoid houses and tall trees for the best seam-lines searching
when there are a large number of buildings and tall tress distribution in images, this is crucial for
finding the most suitable seam-lines for adjacent images. Therefore, due to the specific improvements
to the above issues of dynamic programming mentioned in Section 3.3, our method has advantages in
adaptability and robustness for different UAV images. The minimum value of our energy function is
almost no relationship to the direction of energy aggregation and traversal, and it can better take into
account the structural information of the adjacent images.

Figure 12. The seam-lines of four search methods for Figure 7a: (a) Dulapquet3-DP; (b) Dulapquet4-DP;
(c) OpenCV-DP; (d) Our-Flow-DP.
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Figure 13. The seam-lines of four search methods for Figure 7b: (a) Dulapquet3-DP; (b) Dulapquet4-DP;
(c) OpenCV-DP; (d) Our-Flow-DP.

Figure 14. The seam-lines of four search methods for Figure 7c: (a) Dulapquet3-DP; (b) Dulapquet4-DP;
(c) OpenCV-DP; (d) Our-Flow-DP.
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Figure 15. The seam-lines of four search methods under different situations for Figure 7d:
(a) Dulapquet3-DP; (b) Dulapquet4-DP; (c) OpenCV-DP; (d) Our-Flow-DP.

4.2.3. Efficiency Comparison of Our Energy Accumulation Processing

The improved method proposed in this paper found the almost best seam-lines in the previous
experiments. Since Our-Flow-DP is based on the classical Duplaquet method, this section will
compare the energy accumulation time efficiency of Duplaquet3-DP, Duplaquet4-DP, and Our-Flow-DP.
Firstly, we assumed that Our-Flow-DP, Duplaquet3-DP, and Duplaquet4-DP could find the same
optimal seam-lines. Their time efficiency difference can be quantitatively analyzed from the method’s
complexity. In this paper, the direction of energy aggregation form three aggregation directions
increased to eight is mainly an improvement. Setting that the time complexity of the Dulapquet3-DP
is O(z3), the time complexity of the Dulapquet4-DP is O(z4), and Our-Flow-DP is O(z8), where z is
the total number of pixels within the minimum exterior rectangle of the overlapped region, z can be
expressed as the product of m and n, m is the width of the minimum exterior rectangle and n is the
length of the minimum exterior rectangle. Both m and n are measured by unit pixel. However, because
the local energy minima exists in the energy function of the Duplaquet3-DP and Duplaquet4-DP, they
result in a lot of time consumption. Therefore, the above assumption is invalid, that is to say, they
cannot get the same optimal seam-lines.

Four experimental image pairs were selected in Figure 7 to verify the above conclusions.
In order to speed up the calculation, it is generally necessary to zoom the image at a certain scale.
Therefore, the size of the overlapped region is not same to the size of the original image overlapped
region. The experimental results can be seen in Table 1. The efficiency of our method is more than
37–148 times that of the other three methods. It proved the convergence speed of our energy function
was faster than others. In addition, it further pointed out that the theory and the results of the proposed
method were obviously different with the classic Duplaquet’s method. The theoretical improvement
and experimental comparison have proven that this paper proposed a global and non-direction
optimization method, which not only has the best seam-line, but also has better time efficiency.
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Table 1. Time efficiency comparison of energy accumulation processing with different methods

Image Pair Figure 7a Figure 7b Figure 7c Figure 7d

Rotation Horizontal Vertical Horizontal Vertical Horizontal Vertical Horizontal Vertical

z = m × n 956 × 522 635 × 362 745 × 560 1473 × 642

Location Paris Square Hongshan Jiashan

Duplaquet3-DP 5088 ms 4911 ms 1625 ms 1538 ms 3373 ms 3244 ms 14,501 ms 14,503 ms

Duplaquet4-DP 5075 ms 4862 ms 1580 ms 1516 ms 3321 ms 3238 ms 14,547 ms 14,229 ms

Our-Flow-DP 90 ms 55 ms 43 ms 24 ms 76 ms 44 ms 201 ms 98 ms

Multiple
56 89 38 64 44 74 72 148

56 88 37 63 43 73 72 145

5. Conclusions

This paper selected the essential problems of dynamic programming algorithms for image
seam-line optimization, and introduced the optical flow value of the pixels in the overlapped
regions for seam-line searching. At last, on the basis of classic dynamic programming algorithm,
this paper proposes a new improved dynamic programming algorithm to search the optimal seam
lines. Meanwhile, this paper carried out a detailed theoretical study and a lot of UAV image mosaic
experiments. The superiority and efficiency of the method proposed in this paper are verified by the
credible experiments of different image pairs with irregular overlapped regions. It can be seen from
the experimental results in this paper, the UAV image mosaic results are better than the comparison
methods. Furthermore, the proposed method is proven invariant to image rotation, and the improved
dynamic programming algorithm works more efficiently. It is worth mentioning that the improved
method in this paper is even better than the OpenCV method, which is an open source method and
has been constantly updated. In the future, we will continue to improve our existing deficiencies to
achieve a more perfect and robust method of rapid UAV image mosaic. In addition, a real-time UAV
image mosaic will be our main research direction.
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Abstract: When geometric moments are used to measure the rotation-angle of plane workpieces,
the same rotation angle would be obtained with dissimilar poses. Such a case would be shown as an
error in an automatic sorting system. Here, we present an improved rotation-angle measurement
method based on geometric moments, which is suitable for automatic sorting systems. The method
can overcome this limitation to obtain accurate results. The accuracy, speed, and generality of this
method are analyzed in detail. In addition, a rotation-angle measurement error model is established
to study the effect of camera pose on the rotation-angle measurement accuracy. We find that a
rotation-angle measurement error will occur with a non-ideal camera pose. Thus, a correction method
is proposed to increase accuracy and reduce the measurement error caused by camera pose. Finally,
an automatic sorting system is developed, and experiments are conducted to verify the effectiveness
of our methods. The experimental results show that the rotation angles are accurately obtained and
workpieces could be correctly placed by this system.

Keywords: geometric moments; camera pose; rotation-angle; measurement error

1. Introduction

An automatic sorting system has the advantages of high efficiency, low error rate, and low labor
cost. It is widely used in several fields, such as vegetable classification [1,2], the postal industry [3],
waste recycling [4,5], and medicine [6]. To meet the requirements of intelligent sorting in industrial
environments, a vision system is often used to sense, observe, and control the sorting process. In this
system, the pose and position of the workpiece are obtained using a camera with image processing,
and the actuator is driven according to these parameters. Consequently, the adaptive ability of the
automatic sorting system will be improved. Generally, pose is described by angles in space [7]. For a
plane workpiece, only one angle is needed. To place a plane workpiece correctly, the rotation angle
of each workpiece must be calculated. Because workpieces are placed arbitrarily in the sorting area,
they should be placed in the storage area in one pose. Therefore, the rotation-angle is an important
parameter that is used to plan a path for the actuator. An incorrect rotation-angle will lead to an error
in path planning, causing the workpieces to be placed incorrectly.

Rotation-angle measurement is an important component of visual measurement and has been
substantially studied. As a result, various visual rotation-angle measurement methods have emerged,
and they are used in different fields. Existing rotation-angle measurement methods are mainly
classified into four categories. The first one is template matching, in which the rotation angle is
calculated through a similarity measurement. This method is simple, but it has a high computational
cost and is slow. The main challenges for template matching are the reduction of its computational
cost and improvement of its efficiency [8]. The second category is polar transform. The advantage
of this method is that any rotation and scale in Cartesian coordinates are represented as shifts in the
angular and the log-radius directions in log-polar coordinates, respectively [9]. Then, the rotation
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angle is obtained between two images. The third category of methods takes advantage of the feature
line and feature point in images. The feature line is obtained by Hough transformation or from
the image moment [10]. The angle between the matching lines in two images is calculated, and it
could be regarded as the rotation angle. Such methods are simple and suitable for fast detection.
Feature points are some local features that are extracted from the image. They remain constant
for rotation, scaling, and various types of illumination. Scale-invariant feature transform (SIFT) is
always used to obtain feature points [11], and the rotation angle is calculated by matching points
in different images. In [12], a isosceles triangle is established and then the rotation-angle between
two points could be obtained by solving the triangle formed by origin coordinates and position of
these two points. The fourth category of methods requires auxiliary equipment, which mainly include
a calibration board and projector. In [13], a calibration pattern with a spot array was installed at
the rotor. The rotation angle of the spot array is detected with the equation of coordinate rotation
measurement. The standard deviation of rotation-angle measurement is smaller than 3 arcsec. In [14],
a practical method to measure single-axis rotation angles with conveniently acquirable equipment
was presented. Experiments achieved a measurement accuracy of less than 0.1◦ with a camera and a
printed checkboard. The Moire fringe is an optical phenomenon used in rotation-angle measurement.
The principle of measurement is that the width of the Moire fringe varies as the angle between the
grating lines varies [15]. Lensless digital holographic microscopy is used to accurately measure
ultrasmall rotation angles [16]. Furthermore, white-light interferometry was used in a previous study
to measure one-dimensional rotation angles [17]. In that study, the rotation angle was measured with
an optical plane-parallel plate with a standard refractive index. The phase change of the interference
spectrum of the interferometer was output during the rotation of the plane workpiece.

It should be noted that although many methods have been developed, these methods are not
suitable for automatic sorting system. This is because the method used in the automatic sorting
system has three requirements. Firstly, the rotation angle needs to be calculated correctly in a short
time. Secondly, auxiliary equipment should not be used, because of the continuous movement of
the workpieces. Thirdly, the method has generality and can calculate the rotation-angle of different
workpieces. Therefore, a new rotation-angle measurement method which satisfies the above conditions
is needed.

In the present paper, an improved rotation-angle measurement method based on geometric
moments is proposed. The improved method is suitable for workpieces of all shapes and could
overcome a limitation of geometric moments when calculating the rotation-angle. The analysis of speed
and accuracy of the proposed method shows that it can meet the requirements of automatic sorting
systems. In addition, a rotation-angle measurement model is established, and the relationship between
camera pose and rotation-angle measurement error is investigated. Subsequently, a correction method
is presented to reduce the measurement error caused by camera pose. Experimental results show that
this method is accurate and suitable for rotation-angle measurement. The remainder of this paper
is organized as follows. Section 2 reviews the concept of image moment and clarifies the limitation
of rotation-angle measurement based on geometric moments. Section 3 describes the rotation-angle
measurement method in detail. Section 4 establishes a rotation-angle measurement model and
illustrates that a measurement error can be caused by camera pose. Subsequently, a correction method
for rotation-angle measurement error is presented. In Section 5, an automatic sorting system is set up,
and experimental results are discussed. Section 6 draws conclusions.

2. Basic Theory

2.1. Image Moment

The concept of moments was initially proposed in classical mechanics and statistics. At present,
it is widely used in image recognition [18,19], image segmentation [20], and digital compression [21].
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The geometric moment of an image is the simplest, and lower moments have a clear physical meaning
in an image.

Area is expressed by the zeroth moment:

M00 =
n

∑
i=1

m

∑
j=1

I(i, j). (1)

Center of mass is expressed by the first moment:⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
M10 =

n

∑
i=1

m

∑
j=1

i · I(i, j)

M01 =
n

∑
i=1

m

∑
j=1

j · I(i, j)
(2)

xc =
M10

M00
, yc =

M01

M00
. (3)

The second moments are defined as:⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

M20 =
n

∑
i=1

m

∑
j=1

i2 · I(i, j)

M02 =
n

∑
i=1

m

∑
j=1

i · j · I(i, j)

M11 =
n

∑
i=1

m

∑
j=1

j2 · I(i, j)

(4)

Orientation is used to describe how the object lies in the field of view and it could be expressed
by this three second moments:

tan 2θ =
b

a − c
(5)

where ⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

a =
M20

M00
− x2

c

b =
M11

M00
− xcyc

c =
M02

M00
− y2

c

(6)

θ is an angle which is defined by the direction of the axis of least inertia [22]. It is worth noting
that the summation is used in Equations (1), (2) and (4) because we are dealing with discrete images
rather than continuous images.

Higher moments contain details of the image that are relatively more sensitive to noise.
Redundancies will be shown in the operation of a higher moment owing to its nonorthogonality.
Therefore, many new moments [18,21,23] have been proposed.

2.2. Deficiency of Rotation-Angle Measurement Based on Geometric Moments

The rotation-angle measurement method based on geometric moments is advantageous because
of its high accuracy and speed. However, there is a limitation when this method is used, as illustrated
in Figure 1. The figure shows two workpieces S1 and S2 with different poses. Their centers of mass
A1 and A2 are represented by the yellow ∗ symbols, and their axes are represented by green dotted
lines. The angles θ1 and θ2 of the two axes are equal. The object position and pose are expressed by Pob,
and the angle of its axis is θob.
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Assuming that the rotation direction is counterclockwise, when S1 and S2 need to be placed into
Pob, the minimum rotating angle around the center of mass is obtained as follows:

rn =

{
θob − θn + 180◦, n = 1.

θob − θn, n = 2.
(7)

where r is the rotation angle.
The difference between r1 and r2 is 180◦ because θ1 is equal to θ2. S1 and S2 will be rotated by

the same angle if the angle of the axis is regarded as the rotation angle. Therefore, the same rotation
angle is obtained with dissimilar poses, which is an error of the measurement. The reason is that S1

and S2 are non-centrosymmetric about points A1 and A2, respectively. Thus, for non-centrosymmetric
workpieces, the same rotation-angle would be obtained with dissimilar poses when the geometric
moments are used for rotation-angle measurement. An automatic sorting system using this method is
only suitable for center-symmetrical workpieces. This limitation significantly decreases the generality
of the system.

Figure 1. Case where the same rotation angle is obtained with dissimilar poses when using image
geometric moments.

3. Method for Rotation-Angle Measurement

An improved method is presented here to overcome the limitation described in the previous
section. The method is called the least iterative region segmentation (LIRS) method which consists of
three steps and geometric information is used to overcome the limitation caused by the shape of the
workpiece. The following two points are made before the LIRS method is introduced:

(1) We assume that the plane workpiece is uniform and the center of mass is located on the workpiece.
(2) We assume that the optical axis of the camera is perpendicular to the work plane.

The LIRS method is illustrated in detail below.

3.1. Image Preprocessing

An image point will be deviated from its ideal position in the presence of lens distortion [24],
resulting in distorted images. Therefore, the calibration is used to improve the accuracy of
rotation-angle measurement [25]. Moreover, the complicated background and the surface texture
of a workpiece will appear as noise in rotation-angle measurement. Therefore, image processing is
required to acquire a superior binary image. Common methods for image processing include denoising,
grayscale, image morphology, and binarization. The image needs to be segmented into several pieces
when more than one workpiece exists because only one workpiece can be handled at a time.
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3.2. Least Iterative Region Segmentation Method

The coordinates system is established as shown in Figure 2. The red region is a workpiece. Isw

is a regions which is the minimum enclosing rectangle of the workpiece. I′sw is also a regions which
boundary is violet dotted line. The axis is shown as blue dotted line and the angle of the axis θ is
obtained from Equation (5). The point A is the center of mass which coordinate is (x, y).

3.2.1. Judgment of Centrosymmetry

Two steps are required to judge whether the workpiece is centrosymmetric. Firstly, the center of
Isw should be calculated and the region Isw needs to be extended to I′sw, if A is not the center of Isd.
After extention, the point A is the center of I′sd. Secondly, the region I′sd rotated by 180◦ is convolved
with the original region. The workpiece is centrosymmetric about the center of mass if the result is
greater than a threshold. The angle in the counterclockwise direction between the two axes can be
regarded as the rotation angle. Otherwise, the next step should be carried out.

Figure 2. Schematic of image extension.

Template matching is always used for recognition. Therefore, this step can be changed to evaluate
whether the template is centrosymmetric. The next step will be performed when the workpiece
matches the asymmetric template. In this manner, the judgment of centrosymmetry will be completed
before the region segmentation, and the efficiency of LIRS will be improved.

3.2.2. Region Segmentation and Identification

The purpose of this subsection is to find a separation line which divide the workpiece into two
parts with different areas. A new rectangular coordinate system is established with center of mass as
its origin, as shown in Figure 3. Then, a separation line through the origin is drawn as follows:

y − kx = 0, (8)

where k = tan(θ + nα), α is the deviation angle which range is [0◦, 360◦) and n is the iteration number
which initial value is 1.

After θ and n are assigned, the equation of the separation line would be obtained. Then the
workpiece could be divided into two parts D1 and D2 according to the relationship between the point
and the line. The areas of D1 and D2 are Γ(D1) and Γ(D2). When the Γ(D1) is equal Γ(D2), we need
to add 1 to n and divide the workpiece with the new separation line. The iteration will be stopped
until the condition Γ(D1) �= Γ(D2) is met. The larger between the two parts is marked as Dl while the
other is marked as Ds. The workpiece must be divided into two regions with different areas by the
separation line because it is non-centrosymmetric about the center of mass.

To improve the efficiency of division, the threshold method is used. Firstly, the threshold function
B (P) = y − kx is established and P (x, y) is a point in the workpiece. The segmentation function is set
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up as expressed by Equation (9), and P (x, y) can be assigned to a region according to the polarity of
the thresh function. Therefore, the workpiece is divided into two parts according to the relationship
between the point and the separation line.{

B(P) > 0, P ∈ D1

B(P) > 0, P ∈ D2
(9)

There are two point which need attention:

(1) The deviation angle needs to be selected reasonably. We should avoid choosing the symmetry axis
or its perpendicular axis as the separation line because these axes divide a symmetric workpiece
into two parts with the same area.

(2) The area of the workpiece will not be exactly equal after the workpiece is rotated at different
angles because the images captured by the industrial camera have been already discretized by
a charge-coupled device and a discretization error will always exist. To eliminate the effect
of discretization on the measurement, a threshold is employed. The areas of Dl and Ds are
considered equal when the absolute area difference is less than the threshold.

Figure 3. Image segmentation with a separation line.

3.2.3. Rotation-Angle Calculation

After segmentation, a direction vector �p can be established from (xl , yl) to (xs, ys), where (xl , yl)

is the center of mass of Dl and (xs, ys) is the center of mass of Ds. The two coordinates are calculated
by Equation (3). The direction vector can be used to calculate the rotation angle because of rotation
invariance. Assuming that a pose is represented by vector �p = (xo, yo), the rotation angle is obtained
by employing:

Θ =
�p ×�q
|�p||�q| =

Δxxo + Δyy0√
(Δx)2 + (Δy)2√x2

o + y2
o

Δx = xs − xl , Δy = ys − yl

(10)

Λ = �p ×�q (11)

θ = f (Θ, Λ) (12)

where, Θ is a cosine value and the Λ is symbol which polarity is decided by the relationship between�q
and �p. f is a function which calculate the rotation-angle based on Θ and the Λ. The value range of θ

is [0◦, 360◦).
The result of the LIRS method is shown in Figure 4. The green dotted lines are the separation lines

and the blue dotted lines are axes. The red arrows are the direction vectors and the purple arrows are
the object vectors. Although the slopes of the two axes are the same, the direction vectors are different.
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The angle in the counterclockwise direction between two direction vectors could be regarded as the
rotation-angle. The result shows that the LIRS method can effectively measure the rotation-angle of the
workpiece, and it overcomes the limitation of the conventional rotation-angle measurement method
based on geometric moments.

Figure 4. Result of the LIRS method.

3.3. Evaluation of LIRS Method

Efficiency, accuracy, and application range are the three most important indexes of automatic
sorting systems. They are affected by the performance of the vision algorithm. Therefore, the applicability
of the LIRS method in industrial environments needs to be evaluated. In this section, the accuracy,
speed, and generality of LIRS as well as the image size are analyzed in detail.

A schematic of the rotation-angle measurement assessment system is shown in Figure 5.
The experimental set up consists of a CCD, a computer, a support, and rotary equipment, which
includes a pedestal and a rotor. A dial is fixed on the surface of the rotor, and the workpiece is placed
on the dial. The workpiece is rotated by the rotor.

Figure 5. Schematic of the rotation-angle measurement assessment system.

The CCD model is MER-200-14GC. It has a 12-mm lens, and its image resolution is 1628 × 1236.
A support with three degrees of freedom is used to adjust the camera pose. For convenience, the camera
optical axis is made perpendicular to the work plane by adjusting the support. A photograph of the
experimental set up is shown in Figure 6.

The LIRS method is coded in C++ and compiled for 64 bits under Windows 10, and OpenCV 3.2 is
used to process images. The program is executed using an Intel(R) Core(TM)i5-6300HQ CPU running
at 2.30 GHz with 16 GB RAM. The workpiece is rotated from 1◦ to 360◦ in steps of 1◦. One image is
obtained per rotation, and the first image is regarded as the reference. Subsequently, rotation angles
are calculated between the reference and the other images.
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Figure 6. Experimental set up of the LIRS assessment system.

3.3.1. Accuracy

The measurement error is shown in Figure 7. The maximum measurement error is less than 0.1◦,
which indicates that the LIRS method has a high accuracy. In other words, the LIRS method can be
used to realize rotation-angle measurement with the whole angle range of 1◦–360◦ in an automatic
sorting system.
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Figure 7. Measurement error of rotation angle in the experiment when the rotation angle is 1◦–360◦.

3.3.2. Time Consumption

The time consumption of LIRS method is shown in Figure 8. The average time to calculate a
rotation-angle is 62.1136 ms. The time-consumption curve shows large fluctuations because the images
have different sizes. Each image shows the region of interest (ROI), which is determined based on the
minimum external rectangle. The size of the ROI differs after rotation, as shown in Figure 9. Therefore,
the time consumption shows large fluctuations when the whole angle range is measured.
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Figure 8. Time consumption of rotation-angle measurement when the rotation angle is 1◦–360◦.
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There may be several workpieces in an image, and the execution of this program is sequential.
Therefore, the time consumption is high. If the program is run in a field-programmable gate array
(FPGA) device, the parallel-computing features of the FPGA device can be used to reduce the operating
time substantially, further improving the efficiency of the LIRS method.

Figure 9. Schematic of ROI selection with the minimum external rectangle.

3.3.3. Generality

The LIRS method is designed to overcome the limitation of rotation-angle measurement methods
based on geometric moments. The LIRS method has an iteration number n and a deviation angle α,
which can adjust the orientation of the separation line. The LIRS method can find a separation line
for all non-centrosymmetric workpieces. This separation line will be determined uniquely after the
deviation angle is selected. Therefore, the LIRS method has a higher flexibility and a better generality
compared to the conventional method because it is suitable for workpieces of all shapes.

3.3.4. Image Size

The relationship between the length of the direction vector and the measurement error should be
consider since discretization error exist. Assume that the length of the direction vector is l. Take the
starting point of the vector as the center and draw an one-pixel circle. The maximum directions which
the vector could represent is equal to An, which is also the number of pixels on the circle. Therefore,
with more pixels on the circle, the direction vector can represent more directions. As Figure 10 shows,
L = 70, 130, 180 are selected, and the maximum numbers of angles are An = 636, 792, 1312, respectively.

Figure 10. Schematic of the image size.

The discretization error between the measured value and the actual value decreases when l is
larger. As the number of direction increases, the discrete values are closer to being continuous values.
Consequently, the accuracy of the LIRS method is increased. For the same workpiece, the length of the
direction vector can be increased by selecting a suitable lens and reducing the distance between the
camera and the workpiece. However, this will increase the size of the ROI and time consumption. It is
necessary to obtain the optimal solution between time consumption and accuracy.
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4. Rotation-Angle Measurement Model

4.1. Modeling

When the optical axis is non-perpendicular to the work plane, a dimensional measurement error
will occur. In other words, the accuracy of dimensional measurement is affected by camera pose.
However, the relationship between the accuracy of rotation-angle measurement and camera pose has
not been studied. Therefore, a rotation-angle measurement model needs to be established. Figure 11
shows the basic geometry of the ideal camera model. Three steps are necessary because only an ideal
camera model is addressed [26]. For convenience, the pose in which the optical axis is perpendicular
to the work plane is called the ideal pose. All other camera poses are non-ideal.

Figure 11. Geometry of the ideal camera model.

There are four coordinate systems in this model. The camera coordinate system is composed of
Xc, Yc, and Zc axes and the point Oc. The robot coordinate system is treated as the world coordinate
system, which is composed of Xr, Yr, and Zr axes and the point Or. The pixel coordinate system is
composed of u and v axes and the point Ouv. The image coordinate system is composed of x and y
axes and the point Oxy. The work plane is represented by α. For convenience, we assume that the Zc

axis is perpendicular to the work plane, and the height of the workpiece is neglected. For any point P
in α, its image coordinates can be expressed as Equations (13)–(17).

Zc

⎡⎢⎣u
v
1

⎤⎥⎦ =

⎡⎢⎣ f /dx 0 u0

0 f /dy v0

0 0 1

⎤⎥⎦
⎡⎢⎣Xc

Yc

Zc

⎤⎥⎦ (13)

⎡⎢⎣Xc

Yc

Zc

⎤⎥⎦ = RzRyRx

⎛⎜⎝
⎡⎢⎣Xw

Yw

Zw

⎤⎥⎦−
⎡⎢⎣tx

ty

tz

⎤⎥⎦
⎞⎟⎠ , (14)

Rx =

⎡⎢⎣cos α − sin α 0
sin α cos α 0

0 0 1

⎤⎥⎦ , (15)
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Ry =

⎡⎢⎣0 0 1
0 cos β − sin β

0 sin β cos β

⎤⎥⎦ , (16)

Rz =

⎡⎢⎣ cos γ 0 − sin γ

0 1 0
− sin γ 0 cos γ

⎤⎥⎦ , (17)

where f is focal length, dx and dy are the distances between adjacent pixels in the u and v axes,
respectively. u0 and v0 are row and column numbers of the center.

[
tx, ty, tz

]′ is a translation vector from
the robot coordinate to the camera coordinate system. Rx, Ry, and Rz are three rotation matrixes, which
are multiplied in the order of Equation (14). α, β, and γ are three angles. Equation (13) describes the
relationship between camera coordinates system and pixel coordinates system. Equation (14) describes
the relationship between robot coordinate system and camera coordinate system. The equation
of coordinate transformation between pixel coordinate system and the robot coordinate system is
established by using this two equations.

For convenience, vector
−→
RS = (1, 0, 0) is considered as the object pose, and the workpiece is

abstracted as a vector
−→
PQ = (Δx, Δy, 0).

−→
RS and

−→
PQ are represented by blue and red arrow in

Figure 11, respectly. The work plane in robot coordinates is Zr = Z. The center of mass is treated as
the starting point P, and the center of mass of region Ds is regarded as the ending point Q. Therefore,
the angle in the counterclockwise direction between

−→
PQ and

−→
RS can be regarded as the rotation angle.

The ideal value of the rotation angle is

θ′i = arccos
−→
PQ ×−→

RS∣∣∣−→PQ
∣∣∣ ∣∣∣−→RS

∣∣∣ , (18)

θi = f
(
θ′i
)

, (19)

where f is an adjusting function that makes the value range of the rotation angle [0◦, 360◦).
The measured value is obtained by substituting Equation (13) into Equation (18) and simplifying,

as expressed by Equation (20)

θ′r = arccos
fn1 + ty fn2

(
1 − c2)+ C

(
A fn2 − tyk sin y

)
0.5
√

f 2
d1 + f 2

d2

√
fd3t2

y + fd4

, (20)

θr = f
(
θ′r
)

, (21)

where ⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

fn1 = kA sin β − d2 − cos α

fn2 = −ty + ktx +
b

tz−Z
fn3 = −2ty + ktx +

b
tz−Z

fd1 = k cos β − B fn2 − D
fd2 = cos α − fn2 sin α

fd3 = 3 − 2
(
C2 − B2)− cos 2α

fd4 = 3 − 2
(

A2 − D2)+ cos 2α + 8ty AC
A = sin α cos β

B = cos α sin β

C = cos α cos β

D = sin α sin β

(22)

y = kx + b is a line corresponding to
−→
PQ in robot coordinates.
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Thus, the rotation-angle measurement model has been established, and the difference between θi
and θr is the rotation-angle measurement error.

4.2. Simulation and Discussion

It can be seen that the measured value is affected by several parameters, which can be divided
into two categories. The first includes α, β, tx, ty, and the difference between the work plane and
optical center tz − Z. These six parameters will be confirmed after the camera is installed. There
are only two angles in the model, and γ is not included. It can be seen that γ is uncorrelated with
the measured value, and camera rotation around the its optic axis can be neglected in installation.
Thus, camera-installation flexibility is improved in the automatic sorting system. The second category
includes k and b. k is the tangent value of the rotation angle, and b is the position of the vector with
the angle α. When the vector moves along the line, the measured value remains invariant. Otherwise,
it will be changed. This means that different measured values would be obtained for some vectors that
have the same rotation angle but dissimilar positions. This case would result in measurement error.

Figure 12 shows curves of rotation-angle measurement error when four vectors move along the
line y = 50. An approximately linear relationship exists between displacement and measurement
error. The polarity and the rate of error are related to the vectors. This means that different measured
values would be obtained when the workpiece is located at different positions with the same rotation
angle. Figure 13 shows the rotation-angle measurement error in simulation with four values of α and
β. The vector rotates around its starting point in steps of 1◦. For vectors with different values of α

and β, the measurement-error curves are different. The measured values are different, when the same
vector is selected with different values of α and β. That is, when the same workpiece is measured with
different camera poses, the measured values are different. The polarity and value of the error is related
to the camera pose.

To reduce the rotation-angle measurement error to zero, the following condition should be met:

θi − θr = 0. (23)

Then, Equation (24) will obtained:
α = 0, β = 0. (24)

It can be seen that the measurement error is always present only if the camera is in a non-ideal pose.
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Figure 12. Measurement error in the simulation experiment when vectors move along the line y = 50.
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Figure 13. Measurement error in the simulation experiment when the vector rotates around its starting point.

4.3. Method for Correction of Rotation-Angle Measurement Error

To meet the condition of perpendicularity, camera should be adjusted by the support before
the measurement. The rotation-angle measurement error will always exist when the camera is in a
non-ideal pose, reducing the accuracy of rotation-angle measurement. To make the measured value
accurate, it is necessary to keep the camera in the ideal pose. In other words, the optical axis needs to
be adjusted to be perpendicular to the work plane. However, this condition cannot be met easily in
industrial environments, because of camera-installation errors or position limitations. The actual pose
could not be coinciding with the ideal pose completely. Therefore, the rotation-angle measurement
error needs to be corrected.

When the camera is in a non-ideal pose, the Zc coordinate of a point on the work plane will be
changed form a constant to a variable. The relationship between the image coordinates and camera
coordinates can be expressed as follows:

Δu = f
X1Z2 − X2Z1

dxZ1Z2
, Δv = f

Y1Z2 − Y2Z1

dyZ1Z2
, (25)

where (X1, Y1, Z1) and (X1, Y1, Z1) are two camera coordinates in the work plane. dv and du are
the differences of image coordinates. There is no linear relationship between

√
(Δu)2 + (Δv)2 and√

(X1 − X2)2 + (Y1 − Y2)2. Therefore, the image will be distorted. This is the primary cause of the
rotation-angle measurement error.

A rotation-angle error measurement correction (REMC) method with an error-correction matrix
is presented to reduce the rotation-angle measurement error. A binary function ω is employed to
multiply with Zc and keep the result constant. A linear relationship will be kept between the image
coordinates and camera coordinates after mapping. The REMC method is illustrated in detail below.

A correction matrix A is introduced as follows:⎡⎢⎣u′

v′

1

⎤⎥⎦ =
1
ω

⎡⎢⎣a11 a12 a13

a21 a22 a23

a31 a32 a33

⎤⎥⎦
⎡⎢⎣u

v
1

⎤⎥⎦ , (26)

ω = ua31 + va32 + a33. (27)
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The relationship between the image coordinate system (u, v) and camera coordinate system
(Xc, Yc, Zc) can be expressed as follows:

u =
f Xc

Zcdx
+ u0, u =

f Yc

Zcdy
+ v0. (28)

Then, Equation (13) can be rewritten as follows:

Zcω

⎡⎢⎣u′

v′

1

⎤⎥⎦ =

⎡⎢⎣F′
11 F′

12 F′
13

F′
21 F′

22 F′
23

F′
31 F′

32 F′
33

⎤⎥⎦
⎛⎜⎝
⎡⎢⎣Xw

Yw

Zw

⎤⎥⎦−
⎡⎢⎣tx

ty

tz

⎤⎥⎦
⎞⎟⎠ , (29)

where F is a coefficient matrix and Zcω can be expressed as

Zcω = a31 fxXc + a32 fyYc + s(a31u0 + a32v0 + a33). (30)

The work plane in the camera coordinate system can be expressed as follows:

aXc + bYc + cZc − A = 0, (31)

where a, b, c, and A are constant parameters. Three parameters a31, a32, and a33 must exist to ensure
the equation holds:

Zcw = A. (32)

Then, (u′, v′, 1) can be obtained as follows:⎡⎢⎣u′

v′

1

⎤⎥⎦ =
1
A

⎡⎢⎣F′
11 F′

12 F′
13

F′
21 F′

22 F′
23

F′
31 F′

32 F′
33

⎤⎥⎦
⎛⎜⎝
⎡⎢⎣Xw

Yw

Zw

⎤⎥⎦−
⎡⎢⎣tx

ty

tz

⎤⎥⎦
⎞⎟⎠ . (33)

A is the Zc value of the work plane in the camera coordinate system. It can be seen that the Zc

value can remain invariant during the mapping process. Therefore, the measurement error caused by
camera pose will be reduced when (u′, v′) is used to calculate the rotation angle.

The experimental system is shown in Figure 6. The optical axis is adjusted using the support
to be non-perpendicular to the work plane, and the obtained results are listed in Table 1. It can be
seen that the REMC method can reduce the rotation-angle measurement error caused by a non-ideal
camera pose, and the error is less than 0.1◦. Therefore, the proposed method is effective and meets
the requirements.

The correction matrix is selected as follows:

A =

⎡⎢⎣ 4.5985 0.0779219 −1904.15
0.0572827 4.58486 −2660.6

2.07701 × 10−5 4.75542 × 10−5 1

⎤⎥⎦ . (34)

Table 1. Experimental results obtained when the REMC method is employed in the experiment under
a non-ideal camera pose.

Ideal Value Measured Value Correction Value Error

30◦ 31.15◦ 30.11◦ 0.11◦

60◦ 62.95◦ 60.06◦ 0.06◦

120◦ 121.97◦ 119.04◦ 0.04◦

150◦ 150.31.32◦ 150.03◦ 0.03◦

210◦ 210.21◦ 209.09◦ 0.09◦

240◦ 242.61◦ 240.05◦ 0.05◦

310◦ 311.73◦ 319.03◦ 0.03◦

330◦ 330.82◦ 330.06◦ 0.06◦
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5. Experiment

An automatic sorting system with machine vision is established, as shown in Figure 14. A robot
(Dobot Magician) with a four degrees of freedom robot is used in this system. Four stepping motors
are used to drive a manipulator, which moves with a re-orientation accuracy of 0.2 mm. The software
is coded by MFC with OpenCV 3.2 and consisted of three parts: (1) a camera and a robot control
system including initialization, start and stop functions, and parameter setting; (2) a real-time display
system consisting of an image display and information display; and (3) an information storage system
designed to save important data during program operation. The correction matrix A is selected
as follows:

A =

⎡⎢⎣ 1.45457 0.383242 −902.439
−0.220291 1.86919 −318.915

1.57966 × 10−6 0.000271224 1

⎤⎥⎦ . (35)

The workpiece is a uniform-thickness thin sheet with two holes of different diameters. The experimental
result is shown in Figure 15. The image with the blue external rectangle and yellow point is shown on
the main interface. Key information is shown in the message region. The results show that the rotation
angles are obtained accurately, and the workpieces could be placed correctly by this system. Therefore,
the LIRS and REMC method could be used in automatic sorting systems in industrial environments.

Figure 14. Automatic sorting system with machine vision.

Figure 15. Result of the experiment.

6. Conclusions

The rotation angle is an important parameter in an automatic sorting system. To accurately
measure the rotation angles of plane workpieces for an automatic sorting system, the LIRS method was
proposed. This method overcomes limitation of the conventional method based on geometric moments,
and it is suitable for workpieces of all shapes. Experimental results show that the measurement error
of the LIRS method is less than 0.1◦, and the measurement range is between 0◦ and 360◦. Therefore,
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the LIRS method meets the requirements of automatic sorting in industrial environments. However, the
average measurement time is approximately 62.1136 ms, which leaves much room for improvement.

A model was established for studying the relationship between camera pose and rotation-angle
measurement error. Then, a formula for calculating the error was derived. The simulation results
show that the measurement error will always exist when the camera is in a non-ideal pose. The value
and polarity of the measurement error are related to the camera pose and location of the workpiece.
Subsequently, the REMC method was designed to correct the rotation-angle measurement error.
The experimental results show that the REMC method is effective, and the measurement error with
the REMC method is less than 0.12◦.

Finally, an automatic sorting system with the LIRS and REMC method was established, and sorting
experiments were conducted. The two proposed methods yielded accurate rotation angles, and plane
workpieces could be placed correctly by this system.

Author Contributions: Conceptualization, C.C.; methodology, Q.O.; formal analysis, C.C.; software,
C.C.; investigation: C.C.; data curation, C.C.; validation, Q.O.; writing—original draft preparation, C.C.;
writing—review and editing, Q.O.; supervision, Q.O.; project administration, Q.O.

Funding: This work is supported by the National Natural Science Foundation of China (No. 51374264) and
Overseas Returnees Innovation and Entrepreneurship Support Program of Chongqing (No. CX2017004).

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Cho, N.H.; Chang, D.I.; Lee, S.H.; Hwang, H.; Lee, Y.H.; Park, J.R. Development of automatic sorting system
for green pepper using machine vision. J. Biosyst. Eng. 2007, 30, 110–113.

2. Zheng, H.; Lu, H.F.; Zheng, Y.P.; Lou, H.Q.; Chen, C.Q. Automatic sorting of Chinese jujube (Zizyphus jujuba,
Mill. cv. ‘hongxing’) using chlorophyll fluorescence and support vector machine. J. Food Eng. 2010, 101,
402–408. [CrossRef]

3. Basu, S.; Das, N.; Sarkar, R.; Kundu, M.; Nasipuri, M.; Basu, D.K. A novel framework for automatic sorting
of postal documents with multi-script address blocks. Pattern Recognit. 2010, 43, 3507–3521. [CrossRef]

4. Mesina, M.B.; de Jong, T.P.R.; Dalmijn, W.L. Automatic sorting of scrap metals with a combined
electromagnetic and dual energy X-ray transmission sensor. Int. J. Miner. Process. 2007, 82, 222–232.
[CrossRef]

5. Jiu, H.; Thomas, P.; Bian, Z.F. Automatic Sorting of Solid Black Polymer Wastes Based on Visual and Acoustic
Sensors. Energy Procedia 2011, 11, 3141–3150.

6. Wilson, J.R.; Lee, N.Y.; Saechao, A.; Tickle-Degnen, L.; Scheutz, M. Supporting Human Autonomy in a
Robot-Assisted Medication Sorting Task. Int. J. Soc. Robot. 2018, 10, 621–641. [CrossRef]

7. Urizar, M.; Petuya, V.; Amezua, E.; Hernandez, A. Characterizing the configuration space of the 3-SPS-S
spatial orientation parallel manipulator. Meccanica 2014, 49, 1101–1114. [CrossRef]

8. De Saxe, C.; Cebon, D. A Visual Template-Matching Method for Articulation Angle Measurement.
In Proceedings of the IEEE International Conference on Intelligent Transportation Systems, Las Palmas,
Spain, 15–18 September 2015; pp. 626–631.

9. Matungka, R.; Zheng, Y.F.; Ewing, R.L. Image registration using adaptive polar transform. In Proceedings
of the 15th IEEE International Conference on Image Processing, San Diego, CA, USA, 12–15 October 2008;
pp. 2416–2419.

10. Revaud, J.; Lavoue, G.; Baskurt, A. Improving Zernike Moments Comparison for Optimal Similarity and
Rotation Angle Retrieval. IEEE Trans. Pattern Anal. Mach. Intell. 2008, 31, 627–636. [CrossRef]

11. Delponte, E.; Isgro, F.; Odone, F.; Verri, A. SVD-matching using SIFT features. Graph. Models 2006, 68,
415–431. [CrossRef]

12. Munoz-Rodriguez, J.A.; Asundi, A.; Rodriguez-Vera, R. Recognition of a light line pattern by Hu moments
for 3-D reconstruction of a rotated object. Opt. Laser Technol. 2004, 37, 131–138. [CrossRef]

13. Li, W.M.; Jin, J.; Li, X.F.; Li, B. Method of rotation angle measurement in machine vision based on calibration
pattern with spot array. Appl. Opt. 2010, 49, 1001–1006. [CrossRef] [PubMed]

678



Sensors 2019, 19, 1634

14. Dong, H.X.; Fu, Q.; Zhao, X.; Quan, Q.; Zhang, R.F. Practical rotation angle measurement method by
monocular vision. Appl. Opt. 2015, 54, 425–435. [CrossRef]

15. Fang, J.Y.; Qin, S.Q.; Wang, X.S.; Huang, Z.S.; Zheng, J.X. Frequency Domain Analysis of Small Angle
Measurement with Moire Fringe. Acta Photonica Sin. 2010, 39, 709–713. [CrossRef]

16. Wu, Y.M.; Cheng, H.B.; Wen, Y.F. High-precision rotation angle measurement method based on a lensless
digital holographic microscope. Appl. Opt. 2018, 57, 112–118. [CrossRef] [PubMed]

17. Yun, H.G.; Kim, S.H.; Jeong, H.S.; Kim, K.H. Rotation angle measurement based on white-light interferometry
with a standard optical flat. Appl. Opt. 2012, 51, 720–725. [CrossRef] [PubMed]

18. Hu, M.K. Visual pattern recognition by moment invariants. IRE Trans. Inf. Theory 1962, 8, 179–187.
19. Khotanzad, A.; Hong, Y.H. Invariant Image Recognition by Zernike Moments. IEEE Trans. Pattern Anal.

Mach. Intell. 1990, 12, 489–497. [CrossRef]
20. Marin, D.; Aquino, A.; Gegundez-Arias, M.E.; Bravo, J.M. A new supervised method for blood vessel

segmentation in retinal images by using gray-level and moment invariants-based features. IEEE Trans.
Med. Imaging 2011, 30, 146–158. [CrossRef] [PubMed]

21. Mandal, M.K.; Aboulnasr, T.; Panchanathan, S. Image indexing using moments and wavelets. IEEE Trans.
Consum. Electron. 1996, 42, 557–565. [CrossRef]

22. Berthold, K.P.H. Robot Vision; MIT: Boston, MA, USA, 1987; p. 50.
23. Liu, Z.J.; Li, Q.; Xia, Z.W.; Wang, Q. Target recognition of ladar range images using even-order Zernike

moments. Appl. Opt. 2012, 51, 7529–7536. [CrossRef]
24. Ouyang, Q.; Wen, C.; Song, Y.D.; Dong, X.C.; Zhang, X.L. Approach for designing and developing

high-precision integrative systems for strip flatness detection. Appl. Opt. 2015, 54, 8429–8438. [CrossRef]
[PubMed]

25. Munoz-Rodriguez, J.A. Online self-camera orientation based on laser metrology and computer algorithms.
Opt. Commun. 2011, 284, 5601–5612. [CrossRef]

26. Tian, J.D.; Peng, X. Three-dimensional digital imaging based on shifted point-array encoding. Appl. Opt.
2005, 44, 5491–5496. [CrossRef] [PubMed]

c© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

679





sensors

Article

A Stereo-Vision System for Measuring the Ram Speed
of Steam Hammers in an Environment with a Large
Field of View and Strong Vibrations

Ran Chen, Zhongwei Li *, Kai Zhong *, Xingjian Liu, Yonghui Wu, Congjun Wang and

Yusheng Shi

State Key Laboratory of Material Processing and Die & Mould Technology, Huazhong University of Science
and Technology, Wuhan 430074, China; chenran@hust.edu.cn (R.C.); xingjianliu@hust.edu.cn (X.L.);
wuyonghui@hust.edu.cn (Y.W.); walden@hust.edu.cn (C.W.); shiyusheng@hust.edu.cn (Y.S.)
* Correspondence: zwli@hust.edu.cn (Z.L.); kaizhong@hust.edu.cn (K.Z.)

Received: 24 January 2019; Accepted: 22 February 2019; Published: 26 February 2019

Abstract: The ram speed of a steam hammer is an important parameter that directly affects the
forming performance of forgers. This parameter must be monitored regularly in practical applications
in industry. Because of the complex and dangerous industrial environment of forging equipment,
non-contact measurement methods, such as stereo vision, might be optimal. However, in actual
application, the field of view (FOV) required to measure the steam hammer is extremely large,
with a value of 2–3 m, and heavy steam hammer, at high-speed, usually causes a strong vibration.
These two factors combine to sacrifice the accuracy of measurements, and can even cause the failure
of measurements. To solve these issues, a bundle-adjustment-principle-based system calibration
method is proposed to realize high-accuracy calibration for a large FOV, which can obtain accurate
calibration results when the calibration target is not precisely manufactured. To decrease the influence
of strong vibration, a stationary world coordinate system was built, and the external parameters were
recalibrated during the entire measurement process. The accuracy and effectiveness of the proposed
technique were verified by an experiment to measure the ram speed of a counterblow steam hammer
in a die forging device.

Keywords: speed measurement; stereo-vision; large field of view; vibration; calibration

1. Introduction

The ram speed of a steam hammer reflects the energy of a forging’s deformation and directly
affects the forming performance of forging equipment. Thus, it is an important parameter in the
forging process. Due to their advantages of long life, high efficiency, and great energy, hammers [1]
driven by steam are used in forging, especially for large workpieces. However, the ram speed of the
steam hammer varies as the number of its use cycles increases, which may deteriorate its performance
in forming workpieces. Therefore, it must be monitored regularly in practical applications. Currently,
contact sensors, such as acceleration sensors [2] and inertial sensors [3,4], are widely used for speed
measurement. Although these sensors are relatively accurate, they need to be affixed to the object
being measured. Considering that the temperature of the steam hammer is very high, reaching around
300 ◦C, it is difficult to obtain stable and accurate measurement data when using contact speed sensors,
which greatly limits their application.

To overcome the impact of high temperatures, non-contact methods are a good choice. There are
various non-contact speed measurement systems, such as the Global Positioning System (GPS) [5,6],
laser Doppler velocimetry [7], radar velocimetry [8], and stereo-vision techniques [9–13]. However,
when GPS is used indoors, the signal can be disturbed by the building, which ultimately affects
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its measurement accuracy. Devices for laser Doppler velocimetry and radar velocimetry should be
installed on the moving line of a steam hammer and facing the measurement surface. This installation
requirement is hard to achieve owing to the complex and dangerous environment in and near
forging equipment. In addition, non-contact methods require the sensors to remain stationary
during the measurement process, but the high speed and weight of a steam hammer usually cause
a strong vibration. Thus, it is difficult to keep a non-contact system stationary in the vibrating
environment, which often leads to unreliable measurement results for non-contact measurement
methods. Despite the diversity of non-contact speed measurement options, stereo-vision techniques
have received increasing attention due to their outstanding advantages, such as easy-to-use setup,
multipoint measurement and visualization, and wide range of resolution and applicability. However,
in actual application, the size of the steam hammer and its travel distance are large, with a value up to
2 m. To measure the ram speed of steam hammer, the measurement FOV of the stereo-vision system
should be larger than that size, which can lead to inaccurate measurement results. The main reason for
this is that it is difficult to obtain accurate calibration results in a large FOV. Traditional calibration
methods [14,15] require a high-precision calibration target with a size similar to that of the range of the
measurement FOV. This creates challenges for a large FOV stereo-vision system because fabricating
a high-precision large calibration target is difficult and expensive. In addition, strong vibration can
cause the speed measurement to fail. First, strong vibration may change the relative pose between the
two cameras. Second, the measurement coordinate system moves in a strongly vibrating environment.

To solve these problems, a bundle-adjustment-based system calibration method is proposed
to obtain accurate calibration results when the calibration target is not precisely manufactured.
The calibration method is divided into calibrating internal parameters and external parameters.
To eliminate the influence of strong vibration, the external parameters are recalibrated during the
whole measurement process, and the world coordinate system is based on the steam hammer bracket,
which is relatively stationary in respect to the steam hammer. Compared with traditional contact
measurement techniques, the stereo-vision method has the advantages of compact configuration, ease
of use, and capability for non-contact and multipoint deflection measurement. Additionally, in contrast
with non-contact methods, the proposed technique offers an outstanding advantage of flexible system
configuration and insensitivity to strong vibration due to its stationary measurement coordinate system.
The accuracy and effectiveness of the proposed method were verified by experiments that measured
the ram speed of a counterblow steam hammer in a die forging device. In addition, this technique can
also be used in displacement measurement in a vibrating environment with a large FOV.

This paper is organized as follows: Section 2 introduces the system configuration, the procedures
and principles involved in this system, an overview of the stereo-vision method, the system calibration
method for a large FOV, the external parameters calibration method of the stereo-vision system,
and speed solutions. Section 3 shows the experimental validations, and Section 4 summarizes the study.

2. Stereo-Vision System for Measuring Steam Hammer Speed

2.1. System Configuration

The stereo-vision system we developed for measuring the ram speed of a steam hammer is
shown in Figure 1. The system consists of two high-speed digital monochrome video cameras
(Photron FASTCAM Mini UX100 type 200K-M-16GB, resolution of 1280 × 1024 pixels with 12-bit
quantization, maximum frame rate of 4000 frames per second at full resolution, Photron, Tokyo, Japan),
two Schneider Xenoplan 1.9/35 lenses with a fixed focal length of 35 mm (Schneider, Bad Kreuznach,
Germany), two white LED light sources with a power of 500 W each, an aluminum beam 2 m long,
two tripods, and a laptop computer (Dell Precision 4800, Intel® Core i7-4800MQ, 2.7 GHz, 8 GB RAM,
Dell, Texas, USA). The video cameras were tightly clamped to the aluminum beam and could be
adjusted readily. The two video cameras were synchronized with an internal trigger signal. Images
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captured by the cameras were stored in the camera’s memory and transmitted to the computer through
a gigabit network cable after image acquisition was complete.

It is important to note that the steam hammer has a high ram speed, about 3 m/s, and the duration
of impact between the hammer and forging is very short. Thus, to accurately measure the ram speed
of the steam hammer, the stereo-vision system uses two high-speed cameras. To ensure the image
quality of high-speed cameras with a large FOV, their FOV is illuminated by two high-power LED
light sources. To increase the image contrast and signal-to-noise ratio, retro-reflection targets were
used which made by mixing glass, silver powder, and resin according to a specific mixing ratio.

 

Figure 1. Stereo-vision system for measuring the ram speed of the steam hammer.

2.2. Measurement Principles

2.2.1. Stereo-Vision Theory

In the stereo-vision system, the camera can be modeled by a standard pinhole model. An arbitrary
3D point P in the world coordinate system is denoted as Pw; the ray departing from P and passing
through the ith camera lens is captured on the camera sensor formed the image point pi. In practice,
although the lens aberrations distort the shape of the images, the imaging process can be described
with a nonlinear camera model [16]:

⎧⎨⎩ sip̃
′
i = Ai[Ri|ti]P̃w

pi = p′
i + θ(ki; p′

i)
, withAi =

⎡⎢⎢⎣
axi 0 ui

0 ayi vi

0 0 1

⎤⎥⎥⎦, (1)

where si is a scaling factor, •̃ is the homogenous coordinate, •′ is the ideal image point without
distortion; Ai is the intrinsic camera matrix which contains the normalized horizontal and vertical
direction focal lengths (axi, ayi) and the principal point coordinates (ui, vi) in the image coordinate
system; θ(ki; •) is the lens distortion that parameterized by the distortion coefficients ki; and Ri and ti
are the rotation matrix and translation vector, respectively, which are referred to as extrinsic parameters.

In the binocular vision system, if the corresponding points p1 and p2 are determined, the 3D
coordinates of the homogenous point Pw can be reconstructed by a least-squares solution according to
Equation (2): {

s1p̃1 = A1[R1|t1]P̃w

s2p̃2 = A2[R2|t2]P̃w
, (2)
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where s1, s2, A1, A2, R1, t1, R2, t2 can be accurately calibrated before measurement, which will be
described in the next Sections 2.2.2 and 2.2.3.

In the stereo-vision system, the cameras are fixed with respect to each other, the rotation matrix
R and translation vector t can be introduced to represent the relative motion between two cameras,
which is defined by: {

R = R2R−1
1

t = t2 − R2R−1
1 t1

(3)

2.2.2. System Calibration for Large FOV

The essence of stereo-vision system calibration is to solve the internal and external parameters
using the known coordinates of multiple 3D points and the corresponding 2D image points.
The calibration accuracy directly determines the measurement accuracy of the stereo-vision system.
In this paper, a bundle-adjustment-principle-based system calibration method in a large FOV
is proposed, and the calibration process is divided into calibrating internal parameters and
external parameters.

As shown in Figure 2, a cross-shaped calibration target with ring-coded points and circular points
is used. Because the calibration target is portable and easy to manufacture, it is convenient for in-situ
calibration, especially for large FOV calibration. The ring-coded points on the calibration target can
be identified from an image regardless of their rotation or scale. It is used to correlate the reference
points in different images to make the calibration process completely automated. The ring-coded
points can be identified by an accurate gray-gradient-based method [17] previously proposed by the
authors. In addition, each circular point’s identification number can be easily determined according to
the positional relationship between the circular points and ring-coded points.

Figure 2. Cross-shaped calibration target.

After identifying the reference points in different images, the corresponding points in these images
can be determined. The corresponding points can be also related by epipolar geometry, which can be
described by the fundamental matrix F; it contains all the geometric information between two cameras,
including the intrinsic parameters and relative rigid motion:

p̃′T
2 Fp̃′

1 = 0, with F = A−T
2 [t]xRA−1

1 , (4)

where [t]x is the anti-symmetric matrix by t, and for any vector y, [t]xy = t × y.
To obtain the relative rigid motion, we assume that the cameras are an ideal perspective imaging

system that the distortion coefficients ki are 0; thus, we have p̃′ = p̃, and the fundamental matrix F

can be estimated by the classic eight-point algorithm and iterative optimization based on minimizing
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the distances between reference points and epipolar lines. Furthermore, the initial value of intrinsic
parameters in Ai can be deduced from the nominal parameters of camera and lens. For example,
the principal point coordinates (ui, vi) are assumed to be at the image center. The initial value of
the normalized horizontal and vertical focal lengths (axi, ayi) can be computed by axi = fi/dxi and
ayi = fi/dyi, where fi is the nominal focal length, dxi and dyi are the horizontal and vertical pixel size
of the camera sensor, respectively. Although the initial value of intrinsic matrix is not very accurate,
it is sufficient to gain the essential matrix E = [t]xR according to Equation (3). Furthermore, the relative
rigid motion of the cameras can be calculated at a low precision level by singular-value-deposition of
E [18]. After retrieving the relative rigid motion between cameras, the 3D coordinate of the homogenous
control points could be reconstructed by a least-squares solution according to Equation (2).

When calibrating the camera internal parameters, the first image is taken as a reference. Then, the
initial 3D coordinates of reference points on the calibration target and the initial external parameters
can be solved by the above method. To obtain accurate camera internal parameters and accurate 3D
coordinates of reference points, the non-linear least-squares optimization method is used to refine the
optical geometry together with the 3D coordinates of reference points. The corresponding cost function
is built according to discrepancies between reference points and the expected re-projection data:

Cst =
M

∑
i=1

N

∑
j=1

∥∥∥pij − p̂ij(A, K, Ri, ti, P
j
w)
∥∥∥2

, (5)

where superscripts i, j denote the sequence number of images and the reference points respectively;
M is the total number of images; N is the total number of reference points; P

j
w are the jth reference

points in the world coordinate system; pij are the image points of jth reference points in the ith image

plane; and
^
p

ij
are the re-projection of P

j
w in the image plane. This problem can be solved using the

Levenberg-Marquardt algorithm [19].

2.2.3. External Parameters Self-Calibration

In a typical stereo-vision system, the cameras are fixed with respect to each other, and one of
the cameras is chosen as the world coordinate system. If the stereo-vision system is vibrating during
the measurement, it will move two camera coordinate systems and change the relative pose between
the two cameras. To obtain accurate measurement results in a vibrating environment, the external
parameters of two cameras need to be corrected in real time, and the world coordinate system has to
be stationary during the measurement.

To gain an accurate solution of the relatively rigid motion R, t of the two cameras, the non-linear
least-squares optimization method is used. According to Equation (5), the optimization cost function
can be described by Equation (6):

Cst =
M

∑
i=1

N

∑
j=1

∥∥∥pij
1 − p̂

ij
1 (A1, K1, Ri

1, ti
1, P

j
w)
∥∥∥2

+
M

∑
i=1

N

∑
j=1

∥∥∥pij
2 − p̂

ij
2 (A2, K2, Ri

2, ti
2, R, t, P

j
w)
∥∥∥2

. (6)

During iterative computation, the intrinsic camera matrixes, lens distortion parameters, and 3D
coordinates of the reference points are fixed; only the external parameters of two cameras and the
relative rigid motion are refined.

After the optimization, the translation vector is given in a metric reconstruction coordinate system,
and it needs to be transformed into the Euclidean coordinate system using a scaling factor. If the
distance between any two control points in the Euclidean coordinate system is known, it can be
used to calculate the scaling factor. After calibrating the external parameters of both cameras, the 3D
coordinates of target points can be calculated according to Equation (2). Note that the initial value of
external parameters is important for the iterative computation, which may cause the iteration to not
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converge or fall into a local minimum. To solve this problem, an accurate non-iterative method [20] is
used to calculate the initial value of external parameters.

If the world coordinate system is fixed on one of the cameras in the stereo-vision system, it will
move in the vibration environment and the measurement error will increase. To solve this problem,
the world coordinate system is defined by reference points that are stationary during the measuring
process. During the forging process, the bracket of the forging machine can be considered to be
stationary. Therefore, the reference points are placed on the bracket, which will be described in
Section 3.2.

2.2.4. Speed Solution

To compute the ram speed of a steam hammer, the measured points should be stable with respect
to the steam hammer. Then, those measured points can move with the same speed and in the same
direction as the steam hammer. Then, successive frame images of the stereo-vision system are used to
compute the speed as follows:

v =
Δs
Δt

, (7)

where v is the average speed of the measured point in time interval Δt, and Δs is the displacement of
the measured point in time interval Δt.

It should be noted that, according to Equation (7), the speed measurement error is inversely
proportional to the time interval. In actual application, the time interval is very short, only 0.25 ms,
which will result in a large error in the speed measurement. In addition, if the displacement
measurement error is smaller than the displacement Δs in time interval Δt, the measurement speed
will be wrong. To solve this problem, the speed is calculated by calculating the derivative of the
displacement curve, and the displacement curve is fitted by the least-squares method. If sufficient
displacement data are measured, the speed can be accurately calculated.

3. Experiments

To verify the accuracy and effectiveness of the proposed method, we programmed it using
Microsoft Visual Studio 2015 with C++ (Microsoft, Redmond, USA). The experimental arrangement is
shown in Figure 3. The steam hammer in this experiment is a counterblow steam hammer in which
each hammer has a weight of about 100 tons. In this section, the experiments are as follows: (1) Large
FOV calibration experiment. A scale bar with known coded feature distance was measured 10 times
while it was positioned in the measurement volume. This allowed the measured distance and reference
values to be compared to evaluate the measurement accuracy. (2) External parameter calibration
experiments. The 3D coordinates of reference points on the forging machine’s bracket were measured
when the forging machine was operated, and the distances between them were analyzed to evaluate
the dynamic measurement accuracy. (3) Ram speed measurement. The ram speed of the steam hammer
was measured to verify the capability and effectiveness of the stereo-vision system.
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Figure 3. Experimental setup.

3.1. Large FOV Calibration Experiment

To test the measurement accuracy of the developed stereo-vision system, a scale bar with two
ring-coded circle features was selected as the measured object according to the VDI-2634 Optical
3D measurement accuracy test standard. The distance between the centers of these two circles was
accurately known. In the experiment, the internal parameters of the stereo-vision system were
calibrated by placing the cross-shaped calibration target at 12 different orientations and positions
within the measurement volume, then the external parameters could be calibrated using images of
the calibration target. The scale bar was placed at 10 different orientations and positions within the
measurement volume. The measurement range was approximately 3000 mm wide, 2400 mm tall, and
1000 mm deep, and the measurement distance was approximately 5400 mm. The measurement error is
defined as the difference between the measured length of the ring-coded circle centers and the known
value of 1001.762 mm. The results are shown in Figure 4. It can be seen that the measurement error of
the stereo vision system was less than 0.15 mm, which verified that the stereo vision system can obtain
accurate 3D results.

 

Figure 4. Measurement accuracy test results.
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3.2. External Parameter Self-Calibration Experiments

The stereo-vision system was vibrating while it measured the ram speed of the steam hammer.
Therefore, it is necessary to evaluate the dynamic measurement accuracy of the stereo-vision system,
which can be regarded as the difference of the measured distance between the measured points
during the measurement. In other words, it is actually an analysis of the stability of measuring
the distance between two measured points during the measurement. As shown in Figure 5,
a number of retro-reflection targets on the forging machine’s bracket were chosen as reference points
for synchronously calibrating the external parameters during the measurement. Before measurement,
the 3D coordinates of all the reference points were accurately calibrated by the optical coordinate
measuring system Creaform MaxSHOT 3D (Creaform, Lévis, Canada) [21], so the world coordinate
system of the stereo-vision system is the measurement coordinate system of the optical coordinate
measuring system. The retro-reflection targets on the steam hammer are the measured points.

 

Figure 5. Reference points and measured points.

During the experiment, the upper and lower hammers moved downwards and upwards,
respectively; 1000 images were captured by each camera with an acquisition speed of 4000 frames
per second and exposure time of 0.000125 s. The measurement range was approximately 3000 mm
wide, 2400 mm tall, and 1000 mm deep, and the measurement distance was approximately 5400 mm.
As shown in Figure 5, two distances were measured within the measurement area. As the hammer
moved, L2 changed, but L1 did not change. The error is defined as the difference between the measured
distance of L1 and its known value. The measurement results are shown in Figure 6. Figure 6a shows
that by using the self-calibration method, the measurement results were more accurate than without
using the self-calibration method, and the measurement accuracy was less than 0.2 mm by using the
self-calibration method. After the upper and lower steam hammers were in contact (where L2 reaches
its minimum value), the measurement accuracy was significantly reduced when the self-calibration
method was not used, as shown in Figure 6a,b. The reason for this is that when the upper and lower
hammers were in contact, the vibration was at a maximum. This is shown in Figure 6c, where the
distance curve is smoother when using the self-calibration than without using it. This also proves that
the self-calibration method can effectively improve the measurement accuracy.
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Figure 6. Dynamic measurement results for (a) distance error of L1, (b) distance of L2, and (c) distance
of L2 at 0.14–0.15 s.

3.3. Ram Speed Measurement

In this experiment, a number of retro-reflection targets on the upper and lower hammers were
measured to analyze their ram speeds, as shown in Figure 7a. The exposure time, measurement range,
and measurement distance were the same as those described in Section 3.2. During the experiment,
4000 images were captured by each camera, but some scattered debris blocked the measurement
points. Only five points on the upper hammer (shown in Figure 7a) could be measured during the
whole process. The displacements of these points are shown in Figure 7b. It can be seen that the
five displacement curves were almost the same because the upper hammer is a rigid body and the
displacement of all points on the upper hammer should be the same at the same time. The displacement
curves can also show the movement stage of the steam hammer as the displacement of points became
larger during the striking stage. After the displacement reached the maximum, the steam hammer
began to rebound and then rise under mechanical force, during which the displacement of these points
became smaller.

Using this information, the speed can be calculated according to the speed solution described in
Section 2.2. The speed of the upper and lower hammers is the average speed of the measured points
on the upper and lower hammers separately, as shown in Figure 8. In the comparison of the speed of
the steam hammer, the direction of the upper steam hammer’s velocity is downward and the direction
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of the lower steam hammer is upward. As shown in Figure 8a, the maximum speed of the upper and
lower hammers is 3.149 m/s, and the rebounding speed is −0.7855 m/s. Figure 8b shows the speed
history for 0.50–0.55 s, where the speeds of the upper and lower hammers were almost the same; this
is consistent with the structure of the counterblow steam hammer. This proves that this method can
achieve high accuracy in speed measurement.

Figure 7. Displacement measurement for upper steam hammer: (a) measurement points and
displacement of measured points at (b) 0–1 s and (c) 0.292–0.297 s.

Figure 8. Ram speed of steam hammer at (a) 0–1 s and (b) 0.50–0.55 s.
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4. Conclusions

This paper presents a stereo-vision system for measuring the ram speed of a steam hammer.
To solve the problem of calibrating a stereo-vision system with a large FOV, a bundle-adjustment-
principle-based method is proposed to realize high-accuracy calibration. This method can obtain
accurate calibration results when the calibration target is not precisely manufactured. To decrease the
influence of strong vibrations, a stationary world coordinate system was devised, and the external
parameters were recalibrated during the entire measurement process. The accuracy and effectiveness
of the proposed technique were verified by an experiment to measure the ram speed of counterblow
steam hammers in a die forging device. In addition, this technique can be also used for displacement
measurement in an environment with strong vibrations and a large FOV.
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Abstract: The space pose of fruits is necessary for accurate detachment in automatic harvesting.
This study presents a novel pose estimation method for sweet pepper detachment. In this method,
the normal to the local plane at each point in the sweet-pepper point cloud was first calculated.
The point cloud was separated by a number of candidate planes, and the scores of each plane were
then separately calculated using the scoring strategy. The plane with the lowest score was selected
as the symmetry plane of the point cloud. The symmetry axis could be finally calculated from the
selected symmetry plane, and the pose of sweet pepper in the space was obtained using the symmetry
axis. The performance of the proposed method was evaluated by simulated and sweet-pepper cloud
dataset tests. In the simulated test, the average angle error between the calculated symmetry and
real axes was approximately 6.5◦. In the sweet-pepper cloud dataset test, the average error was
approximately 7.4◦ when the peduncle was removed. When the peduncle of sweet pepper was
complete, the average error was approximately 6.9◦. These results suggested that the proposed
method was suitable for pose estimation of sweet peppers and could be adjusted for use with other
fruits and vegetables.

Keywords: pose estimation; symmetry axis; point cloud; sweet pepper

1. Introduction

Fruit harvesting is an important part of the entire production process of fruit farming. In the
production process, prevalent harvesting methods are still based on high-cost, -intensity, and -risk
manual harvesting, in which the labor force employed accounts for 33% to 50% of the total labor
force [1]. In the Washington State alone, the harvesting cost for handpicking apple is approximately
$1150 to $1700 per acre per year [2]. A total of $21 million was used for personal injury compensation
related to manual harvesting between 1996 and 2001 in the USA [3]. More importantly, the agricultural
labor force worldwide exhibits a declining trend with aging population, which aggravates the
problem of labor shortage and labor cost increase, and eventually affects sustainable fruit cultivation
development [4]. Thus, automated harvesting systems must be developed to meet the increasing labor
demand, to decrease human risks of injuries in orchards, and to decrease the harvesting cost by saving
time, money, and energy to benefit producers and consumers [5].

Since Schertz and Brown [6] first introduced the concept of automatic harvesting as an alternative
to mechanical harvesting, the development of an automated crop harvesting system has been a
crucial topic in the field of agricultural engineering. After approximately 50 years of development,
many automatic harvesting machines based on various working principles and structural forms
were studied and proposed [7–9]. A harvesting robot based on machine vision technology is the most
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important fruit harvesting machine because it can automatically obtain a variety of information (such as
plant structure, fruit location, and surrounding environment), and thus, facilitate the appropriate
picking action to reduce the damage to the fruit and plant.

Fruit detection in plants provides fundamental information for developing harvesting robots.
The accuracy in detection of a fruit is easily influenced by uncertain and variable lighting conditions in
the field; variable and complex canopy structures; and varying colors, shapes, and sizes of fruits [10].
Numerous methods were established to improve the accuracy of fruit detection in similar outdoor
environments. These methods mainly focus on the following: (1) acquiring an image using different
types of visual sensors (i.e., black/white (B/W), colored, spectral, and thermal cameras); (2) extracting
color, geometric, and texture features from the acquired images using different imaging analysis
techniques; (3) and identifying fruit object from the whole images using different machine learning
methods with different extracted features. Edan et al. [11] used a B/W camera to detect melons using
the intensity levels of reflectance and texture and analyzing shape; 82–88% of the fruits were detected
under real field conditions. Cohen [12] identified 85% of the apples using combined color and texture
analyses with a standard color charge-coupled device (CCD) camera. Safren et al. [13] used principle
component analysis to reduce high-dimensional data from hyperspectral camera. Homogeneous
objects were extracted and classified, and morphological operations, watershed analysis, and blob
analysis were then conducted. The integration of these methods led to a fruit segmentation accuracy
of 88.1%.

Fruit localization in trees is another important ability of harvesting robots, which locate the fruit
in a three-dimensional (3D) coordinate system, and are used to guide the manipulator and end-effector
move to the desired position for picking action. Mehta et al. [14] calculated the citrus position detected
by a single camera to the robot base; they reported that the accuracy of estimating the position was
approximately 15 mm. Bulanon et al. [15] used a color camera and a laser sensor, which were mounted
together in a cylindrical manipulator controlled by a visual servo method. The target fruit center was
aligned at the center of image by visual servoing, and a laser range sensor measured the distance to
the fruit. The accuracy of the system for estimating the distance to the fruit was ±3 mm. Plebe and
Grasso [16] used stereo cameras to locate oranges in a 3D coordinate system by stereo matching
based on artificial neural networks (ANNs). Gongal et al. [17] used a time-of-flight (TOF) camera to
determine the 3D coordinates of the fruit in apple trees.

After the detection and localization of the fruit, automatic harvesting robots implement the
detachment action. Studies suggested that the efficiency of fruit detachment can be improved if
the fruit is rotated or twisted in a particular manner relative to the orientation of the fruit and
peduncle [18,19]. Researchers attempted to detach the fruit and peduncle through peduncle detection.
Sa et al. [20] utilized color and geometry information acquired from a red/green/blue-depth (RGB-D)
sensor coupled on a support vector machine for peduncle detection. The performance of the proposed
method was evaluated using qualitative and quantitative results (the area under the curve (AUC) of
the detection precision–recall curve). The method achieved an AUC of 0.71 for peduncle detection
of field-grown sweet peppers. Eizentals and Oka [21] presented a peduncle estimation algorithm for
automatic harvesting of Japanese green pepper. In the laboratory test, the mean total error for the
affine transformation was less than 25 mm in 42 of 49 positions, less than 20 mm in 28 of 49 positions,
and less than 15 mm in 19 of 49 positions. However, the direct detection of peduncle with a machine
vision system remains challenging because it is small and often occluded by the fruit. Future research
in machine vision systems should focus on estimating the orientation of the fruit and the orientation
and location of the peduncle. Determination of fruit geometric parameters, such as symmetry of the
shape, can provide means to estimate the direction of the fruit [5]. However, few studies investigate
pose estimation based on the symmetry axis of the fruit.

Sweet pepper naturally has a regular shape and a symmetry axis (Figure 1). Hence, the method
proposed to estimate the pose of sweet pepper by detecting the symmetry axis is feasible. In contrast
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to previous methods, the proposed method estimates sweet-pepper posture based on the symmetry
axis, regardless of whether the peduncle is small or occluded.

 
Figure 1. Example of the symmetry axis passing through the peduncle (the axis is manually annotated).

Overall, this study aimed to estimate the pose of sweet peppers and to provide effective guidance
for the end-effector of an automatic harvesting robot. The specific goal was to calculate the symmetry
axis of sweet pepper.

2. Dataset and Methods

2.1. Dataset

The proposed pose estimation algorithm was tested on a set of manually annotated 3D images of
sweet pepper and peduncle to evaluate its performance. The dataset obtained from an Intel RealSense
SR300 camera was reported by Sa et al. [18]. In their work, the preregistered 3D models of the scene
containing the peduncle and sweet pepper were obtained. They also used a statistical outlier remover
and a voxel grid down sampler supported from the point cloud library [22] to filter the dataset.
The dataset included 27 point clouds with peduncle (Figure 2a) and point clouds with removed
peduncle (Figure 2b).

  
(a) (b) 

Figure 2. Three-dimensional (3D) pepper point cloud in MeshLab. (a) Full pepper; (b) sweet pepper
with removed peduncle.

The real symmetry axis could not be obtained because the sweet-pepper point cloud provided
by Sa et al. was not manually calibrated. To verify the accuracy of the algorithm, we simulated a
dataset to compare errors between the calculated and real axes. The sweet-pepper point cloud was
simulated by the fitted ellipsoid, whose symmetry axis could be manually determined. An ellipsoid
was produced as follows:

(x − x0)
2

x1
2 +

(y − y0)
2

y1
2 +

(z − z0)
2

z1
2 = 1, (1)

where x0, y0, and z0 represent the coordinates of the center of the point cloud; and x1, y1, and z1

represent the half-axis of the point cloud on the x-, y-, and z-axes, respectively. The Intel RealSense
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SR300 depth camera has a working range of 20–150 cm. As the distance increases, the accuracy of the
camera decreases. In the simulation, the depth between the ellipsoid and the viewpoint z0 increased
from 25 cm to 70 cm with a step of 1 cm; thus, 45 point clouds were tested in each experiment using the
proposed algorithm. The values of x0 and y0 were set to 3 and 5 cm, respectively, to simulate the offset
of the point cloud from the camera. To simulate the size of the sweet pepper in space, we set the size of
the point cloud to approximately 5 cm × 5 cm × 4 cm (x1 = 2.5 cm, y1 = 2.5 cm, z1 = 2 cm). The depth
camera uses KinFu technology, which made an incomplete 3D reconstruction of the sweet-pepper
cloud point (the part located opposite the camera was invisible). Therefore, we artificially removed
this part from the viewpoint of the ellipsoid (Figure 3).

  
(a) (b) 

Figure 3. Simulated point cloud 20 cm away from the camera viewed from different perspectives.
(a) Front view of the simulated point cloud; (b) side view of the simulated point cloud.

2.2. Method

The symmetry axis, rather than peduncle, should be the focus in developing a sweet-pepper
pose estimation scheme. The geometric information in the 3D fruit point cloud was used. In the
main part of the algorithm, the normal to the local plane at each point in the fruit point cloud was
calculated first. The point cloud was then separated by u2 (u > 4, where u is an integer) candidate
planes in the spherical coordinate system established with the centroid of the crop (not the centroid of
the point cloud) as the origin. A scoring strategy was employed to calculate the scores for each plane
separately, and the plane with the lowest score was selected as the symmetry plane of the point cloud.
The symmetry axis could finally be calculated using the selected symmetry plane. An overview of our
method is illustrated in Figure 4. The different parts of the proposed algorithm are described in the
sections below.

2.3. Calculation of Normal

The normal is an essential property of point clouds. An estimation of the normal plays
an important role in point cloud processing. However, point clouds are prone to containing
noise, outliers, and holes because of unavoidable noise, physical errors, and occlusions during
acquisition. The three main methods of point-cloud normal-vector estimation are partial surface
fitting, the Delaunay/Voronoi method, and robust statistical methods [23–25]. Assuming that the
sampling plane of the point cloud is smooth everywhere, a local neighborhood of any point can be
fitted by the plane. Therefore, a method based on partial surface fitting was used to calculate the
normal vector for each point p in the sweet pepper cloud. The normal n at a point p was calculated
by fitting a plane to all the points in the neighborhood of that point. The plane fit was found with
the eigenvectors of the covariance matrix M. The normal n of the plane was the eigenvector that
corresponded to the smallest eigenvalue of the covariance matrix, as follows:

M =
1
k

k

∑
i=1

(pi − p)(pi − p)T , (2)
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where k is the number of neighbors of p for fitting a plane; i = 1, . . . , k; and p is the centroid of k
neighbor points.

 

t<u2?

Point cloud pi  (i=1,2, ,m)   
pi=(xi,yi,zi)

The calculation of the  normal to 
the local plane at each point

Segmentation of u2 

candidate symmetry plane
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Calculation of the 
strategy score St

t=t+1

Selection of symmetry plane with 
the minimum score Smin

Calculation of symmetry 
axis

Yes

No

Figure 4. Overview of sweet-pepper pose estimation method.

2.4. Candidate Symmetry Plane

Before the candidate plane is calculated, the centroid of the fruit pc should be obtained.
The weighted average of the coordinate value of each point cannot be used as the centroid of the fruit
because the part that is far away from the camera cannot be obtained. The sweet-pepper point cloud
was similar to a part of a spheroid. Therefore, the centroid of the sweet pepper could be calculated
indirectly. A predetermined number of random points generated based on normal distribution within
the vicinity of the original point cloud data were randomly generated. For each random point,
the root-mean-square error between each point in the random point cloud and the original cloud data
was calculated, as follows:

dr =

√
1
m

m

∑
i=1

(pr − pi)
2, (3)
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where dr is the root-mean-square error of the distances between each point pr in the random point
cloud and the original point cloud data, and m is the number of points in the point cloud. Finally,
the stochastic point with the smallest root-mean-square error was regarded as the centroid pc of the
original point cloud data.

In centering the centroid of point cloud pc, a spherical coordinate system was established. The u2

(u > 4, and u is an integer) candidate symmetry planes were then selected using the spherical coordinate
system division method, which includes the following steps:

Step 1: The ranges of the horizontal and vertical segmentation angles were defined as ϕ and θ,
respectively. ϕ had the entire range (ϕε(0,π)), and θ was only for half a sphere (θε

(
−π

2 , π
2
)
).

Step 2: ϕ and θ were divided as follows:

ϕsize =
(ϕ(2)− ϕ(1))

u
, (4)

θsize =
(θ(2)− θ(1))

u
, (5)

where ϕsize is the ϕ variation range, and θsize is the θ variation range. ϕ(2) and ϕ(1) are the maximum
and minimum values of ϕ, respectively. Similarly, θ(2) and θ(1) are the maximum and minimum
values of θ, respectively.

Step 3: For each ϕ, θ was changed u times to obtain the u2 unit-plane normal vector np, which was
calculated as follows:

α = (g − 1) · ϕsize +
ϕsize

2
+ ϕ(1), (6)

β = (h − 1) · θsize +
θsize

2
+ θ(1), (7)

x = r · sin(α) · cos(β), (8)

y = r · sin(α) · sin(β), (9)

z = r · cos(α), (10)

where α is the azimuth in the spherical coordinate system, β is the elevation angle in the spherical
coordinate system, g is the number of changes in the horizontal segmentation angle, and h is the
number of changes in the vertical segmentation angle; x, y, and z are the coordinate values of the
normal vectors calculated, and r is the radius of the unit circle. The point cloud could finally be divided
by u2 candidate planes.

2.5. Calculation of Symmetry Axis

The score of each candidate symmetry plane was calculated according to the preset scoring
strategy [26]. Each candidate plane was traversed to determine the one with the lowest score and to
select it as the symmetry plane of the target object. The calculation of the score is described below.

Assuming that points are generated from a fluoroscopic imaging device from a single viewpoint,
the symmetric partners (the symmetry points of the original points with respect to the candidate
symmetry plane) of many points are invisible, and the points without visible symmetry partners are
useless for score calculation of the candidate symmetry planes. Therefore, before calculating the score
of the candidate symmetry plane, the points without the symmetric partner should be processed.

When viewing an object from one side of a symmetry plane, most of the visible points observed
will be those that share the same side with the camera. For the same reason, the points observed from
the other side of the camera should have visible symmetry points (Figure 5).
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(a) 

 
(b) 

Figure 5. Symmetry planes and visible symmetric partners. For each of the two cases, we show a sweet
pepper imaged from a particular point of view (left), estimated symmetry plane (middle, depicted
by the intersection of the plane with the sweet pepper), and a color map of points with and without
symmetric partners. (a) A sweet pepper imaged frontally has virtually all of its points (yellow) in the
range data possessing symmetric partners (red). Hence, all points on the left of the symmetry plane
are marked yellow; (b) a sweet pepper imaged obliquely has the same symmetry plane (now shown
rotated). Only the points marked yellow have visible symmetric partners (red), and the green part has
invisible symmetry partners.

These points were found on the closer side of the candidate plane and the points without partners
on the farther side were excluded from the score calculation using surface normals. Point

.
p on the

surface with an estimated surface normal nx was visible from viewpoint pv if(
nx, pv −

.
p
)
> 0, (11)

where pv is the coordinate of the viewpoint, and the default is (0,0,0). Therefore, points with a
symmetric partner and a surface normal that points away from the camera were determined. Point

.
p

with estimated normal nx was reflected over the candidate symmetry plane with center point pc and
normal np by

..
p =

.
p − 2·np·dx, (12)

where dx is the signed distance between the point
.
p and the plane. Correspondingly,

.
p’s normal was

reflected by
ñx = nx − 2·np·dn, (13)

where ñx is the normal of
..
p, and dn is the signed distance between the normal’s head and the candidate

plane centered at the camera’s axis origin with normal np. Thus,
.
p had no symmetric partner if:(

ñx, pv −
..
p
)
≤ 0. (14)
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The score of each candidate point was calculated according to a preset scoring strategy. Specifically,
the candidate point

.
p was symmetrically transformed with respect to the candidate symmetry plane to

obtain symmetrical point
..
p. Searching the point with the smallest Euclidean distance from point

..
p,

point
...
p , which is the nearest neighbor to

..
p, could be obtained, (Figure 6a). The distance d between

..
p

and
...
p and the angle ξ between the normal vector of points

..
p and

...
p were also calculated (Figure 6b).

 
(a) (b) 

Figure 6. Schematic of reflection score calculation for point
.
p. (a) Determining the closest point

...
p using

the reflection point
..
p of

.
p and calculating the distance between

...
p and

..
p; (b) calculating the normal

difference ξ between
...
p and

..
p.

The score of each candidate point was calculated using Equation (14), and the scores were added
as the score of candidate planes; the plane with the lowest score was the symmetry plane.

S = d + τ·ξ, (15)

where S is the score of the candidate point, and τ is the weight of the normal differences relative to
the point distances. Parameter τ was determined simply by testing the different values and choosing
the best one, which eventually was chosen to be 3

π . The symmetry axis of pepper could be calculated
based on the symmetry plane of the point cloud by

γ = np ×
pv − pc

||pv − pc||
, (16)

where γ is the symmetric axis vector, np is the normal vector of the symmetry plane, pv is the coordinate
of the viewpoint with a default value of (0,0,0), and pc is the centroid of the fruit. The vector γ starting
from pc was considered the symmetry axis of sweet pepper.

3. Results and Discussion

3.1. Results for Simulation Dataset

The symmetry axes of the fitting point cloud were calculated using the proposed algorithm.
The results of the point cloud that was 20 cm away from the camera and its true symmetry axes are
shown in Figure 7.
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(a) (b) 

Figure 7. Errors between true and calculated symmetry axes, where the point cloud is rendered in two
colors to show the symmetry plane. The green line indicates the calculated symmetry axis, and the
white line indicates the real symmetry axis. (a) Close-range view; (b) camera view.

The presented method was tested based on 45 point clouds 50 times. The mean errors between
the two axes in the simulated experiments are shown in Figure 8, where the average error was 6.4710◦.
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Figure 8. Mean error between real and calculated axes for each distance of the simulated point cloud
from the camera.

Figure 8 shows that the error for each distance between the real and the calculated symmetry
axis varied between 5◦ and 8◦ as the distance between the point cloud and the viewpoint increased.
Given that the distance of the fruit point cloud from the camera was not more than 70 cm when using
the Intel RealSense SR300, the upper limit distance of the simulation experiment was set to 70 cm.
From a distance change of 25 cm to 70 cm, the average deviation of each distance does not vary by
more than 3◦ because the angle is invariant for the perspective projection and should not change
with increasing distance from the camera. Therefore, although the change in distance causes reduced
accuracy of the point cloud obtained from the camera, it has no effect on the proposed algorithm for
pose estimation.

3.2. Results for Sweet-Pepper Dataset Analysis

The normal vector of each point in the point cloud could be directly calculated because the
data were prefiltered. The sweet pepper cloud was separated from (u = 6) planes using the methods
mentioned in the previous section (Figure 9). The score of each plane was calculated.
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(a)

   
(b) 

Figure 9. Six effects of u2 segmentation. The sides of the candidate plane are shown in red and blue.
(a) The left picture shows the symmetry plane of the point cloud without peduncle; (b) the left picture
shows the symmetry plane of the point cloud with peduncle.

The best plane was selected as the symmetry plane of the point cloud. The axis was calculated
based on the obtained symmetry plane (Figure 10).

  
(a) 

  
(b) 

Figure 10. Sweet-pepper cloud with calculated symmetry axes in different perspectives, where the
green dotted lines indicate symmetry axes. (a) Sweet pepper without peduncle; (b) sweet pepper
with peduncle.
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The real symmetry axis could not be obtained because the sweet-pepper point cloud provided
by Sa et al. was not manually calibrated. The fruit peduncle was used to calculate the symmetry axis
of the sweet pepper in our experiments. The weighted average of the point cloud coordinates of the
peduncle cloud was first considered as the center of the peduncle. The extension line of the center of
the peduncle and the center of the fruit in the sweet-pepper point cloud experiment was considered to
be the true axis of symmetry. The qualitative results are shown in Figure 11.

  
(a) 

(b) 

Figure 11. Calculated symmetry axes and the peduncle with standard symmetry axes from different
views, where the green lines indicate the calculated symmetry axes, and the white lines indicate the
real symmetry axes. (a) Sweet pepper without peduncle; (b) sweet pepper with peduncle.

The error between the two axes of experiments on sweet pepper without peduncle are shown in
Figure 12. The error ranged from 3.6957◦ to 9.3433◦, and the average error was 7.3729◦.
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Figure 12. Errors between calculated and real symmetry axes when the peduncle was removed.
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When the peduncle was complete, the quantitative results shown in Figure 13 were obtained.
The error ranged from 4.4879◦ to 8.9578◦, and the average error was 6.9343◦.
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Figure 13. Errors between calculated and real symmetry axes when the peduncle is complete.

Figures 12 and 13 show the slightly different results of the experiments using the sweet-pepper
point cloud with peduncle and without peduncle. When the peduncle was complete, the average error
of the experiment was 6.9343◦, which was lower than the average error (7.3729◦) of the experiment on
sweet pepper without peduncle. The sweet pepper with peduncle allowed obtaining more geometric
information than the sweet pepper without the peduncle.

3.3. Discussion

The results of sweet-pepper point cloud analysis and experiments of the simulated point cloud
were compared. The error based on the sweet-pepper point cloud was larger than the average based on
the simulated data. On one hand, the standard axis of symmetry in the experiment of simulating a point
cloud was determined by the ellipsoid equation, and the extension line of the center of the peduncle
and the center of the fruit in the sweet-pepper point cloud experiment was artificially regarded as the
standard symmetry axis. This finding may affect the experiment error calculation on the sweet-pepper
point cloud. On the other hand, the simulated point cloud was more regular than the shape of the
sweet-pepper point cloud. Despite the error, the proposed method for detection of the symmetry axis
could still estimate the pose of sweet pepper when the peduncle was invisible and visible.

Fruit pose estimation through the direct detection of peduncles using machines remains
challenging because peduncles are small and often occluded by the fruit. In contrast to other methods,
the proposed pose estimation method does not depend on the peduncle of the sweet pepper. Given that
the shape of the sweet-pepper point cloud is more complex than those of other fruits, such as apples,
pose estimation, applied here to sweet pepper, will be easier when the algorithm is applied to fruits
with regular shapes.

In this study, the pose of non-occluded sweet pepper was estimated. To improve the accuracy
when the fruit is occluded, future research should focus on two aspects: firstly, the point cloud without
serious occlusion (the occlusion area accounts for less than one-half of the cross-sectional area of the
fruit) can be fitted by least squares [27], and the approach can be improved based on the fitted point
cloud; secondly, seriously occluded sweet pepper (the occlusion area accounts for more than one-half
of the cross-sectional area of the fruit) can be detected and labeled, such that the robot would perform
localization and movement planning, and thus, prioritize normal sweet peppers for harvesting.

4. Conclusions

This study proposed a machine vision approach to estimate the pose of sweet pepper based on
its symmetry axis. The method can also overcome the case where the peduncle is too thin to detect
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and when self-occlusion of the peduncle occurs. In the simulated test, the mean angle error between
the calculated symmetry axis and the real axis was approximately 6.5◦. In a particularly challenging
sweet-pepper cloud dataset test, the average error was approximately 7.4◦ when the peduncle was
removed. When the peduncle of sweet pepper was complete, the average error was approximately
6.9◦. The proposed method can not only estimate the pose of fruit to provide effective guidance for the
end-effector in the detachment process, but can also be used to detect the symmetry axis of regular
objects. However, the improvement required for the presented approach is remarkable, especially
for the occluded fruit. For point clouds without serious occlusion, the improvements can be made
based on the fitted point cloud by least squares. For seriously occluded sweet pepper, the robot would
perform localization and movement planning to prioritize normal sweet peppers for harvesting.
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Abstract: Digital image correlation (DIC)-based stereo 3D shape measurement is a kind of single-shot
method, which can achieve high precision and is robust to vibration as well as environment
noise. The efficiency of DIC has been greatly improved with the proposal of inverse compositional
Gauss-Newton (IC-GN) operators for both first-order and second-order warp functions. Without the
algorithm itself, both the registration accuracy and efficiency of DIC-based stereo matching for shapes
with different complexities are closely related to the selection of warp function, subset size, and
convergence criteria. Understanding the similarity and difference of the impacts of prescribed subset
size and convergence criteria on first-order and second-order warp functions, and how to choose a
proper warp function and set optimal subset size as well as convergence criteria for different shapes
are fundamental problems in realizing efficient and accurate 3D shape measurement. In this work,
we present a comparative analysis of first-order and second-order warp functions for DIC-based 3D
shape measurement using IC-GN algorithm. The effects of subset size and convergence criteria of
first-order and second-order warp functions on the accuracy and efficiency of DIC are comparatively
examined with both simulation tests and real experiments. Reference standards for the selection of
warp function for different kinds of 3D shape measurement and the setting of proper convergence
criteria are recommended. The effects of subset size on the measuring precision using different warp
functions are also concluded.

Keywords: single-shot 3D shape measurement; digital image correlation; warp function; inverse
compositional Gauss-Newton algorithm

1. Introduction

Optical 3D shape measurement has become one of the research hotspots in the field of measurement
due to the advantages of high precision, non-contact, and high speed, etc. Laser scanning [1–3],
structured light [4,5], and digital image correlation (DIC) [6–8] are commonly used for accurate 3D
shape measurement. According to previous researches [6,9], all of the three methods can achieve the
same level of precision. The principle of laser scanning can be briefly summarized as: a laser line
stripe plane is projected onto a measuring surface, then a laser stripe is formed and modulated by the
depth of the surface. By calibrating the line stripe plane previously and recording the laser stripe by a
well-calibrated camera, the 3D information along the stripe line on the surface can be characterized.
For structured light measurement, coded fringe patterns are projected onto a measuring surface,
the captured images are processed by relative decoding method, whereby an exact phase is computed
for each pixel. The phase value is used as a measure for getting depth information of the pixel during

Sensors 2018, 18, 1208; doi:10.3390/s18041208 www.mdpi.com/journal/sensors707



Sensors 2018, 18, 1208

3D reconstruction. Laser scanning is robust to severe environment, but it needs several scans to obtain
a complete shape. Structured light measurement is fast at obtaining full-field shape, which can be
classified into single-shot and multiple-shot methods according to the number of projected fringe
patterns. Multiple-shot structured light measurement can achieve high precision but is sensitive to
vibration. Single-shot structured light measurement does not have synchronization problem between
projector and camera(s) but is inaccurate at large slope or discontinuities [10]. DIC-based shape
measurement is an accurate single-shot method, which is usually accompanied with speckle projection
to enhance the surface characteristic, but the calculation amount is much larger than laser scanning
and structured light measurement.

The principle basis of DIC-based 3D shape measurement is binocular stereovision. The key
component of 3D reconstruction by the way of stereovision is stereo matching. DIC is adopted as a
region-matching algorithm to get the disparity of the same characteristic in the left (reference) image
and right (target) image: it is assumed that a warp function can be used to describe the mapping relation
of two local regions around the same characteristic with proper warp parameters. The warp parameters
are optimized by sub-pixel registration algorithm, which is usually the most time-consuming step.
The forward additive Newton-Raphson (FA-NR) algorithm is a typical iterative updating method,
which is widely used with first-order [11,12] and second-order [13,14] warp functions in last decade.
However, the limitation of FA-NR is that the Hessian matrix must be re-computed and inverted in
each iteration, which leads to a heavy calculation burden. A more efficient algorithm called inverse
compositional Gauss-Newton (IC-GN) [15] was proven to have the same accuracy as classical forward
additive image alignment algorithm, but the Hessian matrix remains the same in each iteration of
IC-GN [16]. Pan et al. first combined IC-GN and zero-mean normalized sum of square difference
(ZNSSD) criterion in DIC with first-order warp function [17]. Since then, almost all the researches
related to DIC adopted IC-GN algorithm for sub-pixel registration, which can be summed up as
first-order and second-order IC-GN. First-order IC-GN is extensively used for real-time human pulse
monitoring [18], real-time dynamic strain measurement [19], and 3D shape measurement [7]. It is
worth noting that first-order warp function is a linear transformation, which can only characterize
local translation, rotation, and uniform mapping. Therefore, Gao et al. [20] and Bai et al. [21] proposed
operators for second-order IC-GN, which is effective to handle non-uniform complex mapping.
Additionally, some researches have been done to study the factors that may influence the efficiency
or accuracy of DIC, such as subset size [22], convergence criteria [23]. However, only first-order
warp function is used in the studies. As far as we know, there is no comparative analysis about the
measurement effectiveness and different characteristics of first-order and second-order warp functions
until now. Therefore, it is hard to select a proper warp function and set optimal parameters according
to the characteristics of different measurements.

In this work, we present a comparative analysis of first-order and second-order warp functions
for DIC-based 3D shape measurement using IC-GN algorithm. The influences of convergence criteria,
subset size on the convergence efficiency and accuracy are comparatively studied by simulations and
real tests. The remainder of this paper is organized as follows: The principle of DIC-based single-shot
3D shape measurement is introduced in Section 2. Experimental results and discussions are reported
in Section 3. Finally, conclusions are drawn in Section 4.

2. Principle of DIC-Based Single-Shot 3D Shape Measurement

A single-shot stereo system, composed of two Charge Coupled Device (CCD) cameras and a digital
projector, was introduced in our previous work [7]. A speckle pattern is projected onto the measuring
object to enhance surface characteristics. With accurate stereo calibration and rectification [24], the same
points locates on the same row of left image and right image due to the epipolar constraint. DIC can be
used as a local stereo matching method to measure the disparity of the two same points that locate on
the left and right images. Speckle projection-based DIC has been proven to have good performances in
single-shot 3D measurement and the principle is introduced in this section [25,26].
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2.1. Warp Function of DIC

The captured images of a same local region from two different angles of view have obvious
difference due to rotation and deformation. By setting a reference subset in the reference image,
the position and shape of the relative target subset in the target image can be described by a warp
function with proper parameters.

The first-order and second-order warp functions can be represented as:

W1(x, y; p1) =
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Δp2 =
(
Δu, Δux, Δuy, Δuxx, Δuxy, Δuyy, Δv, Δvx, Δvy, Δvxx, Δvxy, Δvyy

)T (6)

where (x, y) denotes the local coordinate of the pixel in reference subset, (x′, y′) is the mapped
coordinate of (x, y). W1(x, y; p1) and W2(x, y; p2) are the first-order and second-order warp functions
with parameter vector p1 and p2, respectively. Δp1 and Δp2 denote the incremental parameter vectors.
u and v denote the displacement components of center pixel of the reference subset in x direction and
y direction, respectively. The other parameters are the first-order gradient components (i.e., ux, uy, vx,
vy) and second-order gradient components (i.e., uxx, uxy, uyy, vxx, vxy, vyy).

2.2. Principle of DIC-Based Stereo Matching Using IC-GN Algorithm

Figure 1 [7] shows the schematic principle of DIC-based stereo matching using IC-GN algorithm.
The first-order and second-order warp functions are adopted in Figure 1a,b, respectively. Subscript 1
and 2 are used hereinafter to distinguish the first-order and second-order IC-GN algorithms: IC-GN1

and IC-GN2. f and g denote the gray level intensities of reference subset and target subset, respectively.
A whole DIC process using IC-GN algorithm can be concluded as three steps. Firstly, compute the
optimal parameter incremental vector Δp according to current p, which need to be estimated before
the first iteration. The most commonly used ZNSSD criterion is employed in this step [20].

CZNSSD(Δp) =
y=M

∑
y=−M

x=M

∑
x=−M

[
f (W(x, y; Δp))− f

Δ f
− g(W(x, y; p))− g

Δg

]2

(7)

Δ f =

√√√√ y=M

∑
y=−M

x=M

∑
x=−M

(
f (x, y)− f

)2
, Δg =

√√√√ y=M

∑
y=−M

x=M

∑
x=−M

(g(x′, y′)− g)2 (8)

where x′ and y′ in Equation (8) are usually sub-pixel values, g(x′, y′) is calculated by B-spline
interpolation [18]. f and g are the mean values of gray level intensities of the reference subset
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and target subset. f is constant during the iterations, while g need to be calculated in each iteration.
Equation (7) can be simplified by first-order Taylor expansion with respect to Δp:

CZNSSD(Δp) =
y=M

∑
y=−M

x=M

∑
x=−M

⎡⎣ f
(

W(x, y; 0) +∇f
(

∂W
∂p

)
Δp − f

)
Δ f

− g(W(x, y; p))− g
Δg

⎤⎦2

(9)

where ∇f = (∂ f /∂x, ∂ f /∂y) is the gray level intensity gradient in x and y directions of the reference
subset. ∂W

∂p is the Jacobian of the warp function. For first-order and second-order warp functions,
the Jacobians can be expressed respectively as:

∂W1

∂p1
=

[
1 x y 0 0 0
0 0 0 1 x y

]
(10)

∂W2

∂p2
=

[
1 x y 1

2 x2 xy 1
2 y2 0 0 0 0 0 0

0 0 0 0 0 0 1 x y 1
2 x2 xy 1

2 y2

]
(11)

Figure 1. Schematic principle of DIC-based stereo matching using IC-GN algorithm: (a) First-order
warp function; and (b) Second-order warp function.

From Equation (9) Δp can be solved by least-squares method:

Δp = −H−1
y=M

∑
y=−M

x=M

∑
x=−M

{[
∇f
(

∂W

∂p

)]T[
f (W(x, y; 0))− f − Δ f

Δg
g(W(x, y; p)) +

Δ f
Δg

g
]}

(12)

H =
y=M

∑
y=−M

x=M

∑
x=−M

{[
∇f
(

∂W

∂p

)]T[
∇f
(

∂W

∂p

)]}
(13)

where H is the Hessian matrix in the IC-GN algorithm, which is constant during the iterations because
∇ f and ∂W

∂p are independent of the target subset.
Secondly, exert Δp on the reference subset to get the incremental warp W(x, y; Δp). Subsequently,

compose current warp W(x, y; p) with the inverse incremental warp W−1(x, y; Δp) to obtain an
updated warp:

W(x, y; p) = W(x, y; p) · W−1(x, y; Δp) (14)
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Thirdly, repeat the above two steps with the updated p obtained by Equation (14) until preset
convergence conditions have been met. In Equation (14), the warp function must be invertible.
The first-order warp function can be inverted directly, while the second-order warp function need to
be expanded to make it invertible [20].

There are usually two steps to get dense disparity map in DIC-based stereo matching, namely seed
point generation and seed point propagation. Scale-invariant feature transform (SIFT) [27] is a classical
feature detection method, features extracted by which is invariant to affine transformation, rotation,
and scale. In this paper, SIFT-based feature detection, feature matching [28], and affine transformation
are adopted to estimate initial values for p to generate seed points. The detailed procedure can be
found in our previous work [7]. The initial values for p1 can be estimated directly. For IC-GN2,
the initial values for the second-order components (i.e., uxx, uxy, uyy, vxx, vxy, vyy) of p2 are set to
zeros. To improve the calculation efficiency, a fast recursive scheme [29] and reliability-guided seed
point propagation [14] are utilized. Based on the disparity map, 3D reconstruction can be finished
via triangulation.

3. Experiments and Discussions

To conduct the comparative analysis quantitatively, two groups of experiments are investigated.
In the first group, numerical simulations with two speckle images generated by computer are
conducted to compare performances of first-order and second-order warp functions. In the second
group, a set of experiments with different real objects are performed to evaluate the applicability
and efficiency of first-order and second-order warp functions for the measurement of surfaces with
different complexities. All the experiments are executed on a normal Intel(R) Core(TM) i7-4710MQ
CPU 2.50 GHz laptop by C++ language with the additional library of Open Source Computer Vision
(OpenCV).

In the following experiments, the modulus of the incremental displacement components Δu
and Δv, ‖ΔPmain‖ =

√
Δu2 + Δv2, is used to examine the convergence. Also the optimized ZNSSD

correlation coefficient is converted to zero-mean normalized cross-correlation (ZNCC) coefficient,
which is equivalent to ZNSSD but more straightforward [30]. The judging conditions for the success
of IC-GN are that ‖ΔPmain‖ is less than the preset convergence threshold and the optimized ZNCC
coefficient is larger than 0.8, as well as the number of iterations is less than 30.

3.1. Comparative Analysis by Numerical Simulations

In the following tests, a simulated image pair is equalized as a rectified stereo image pair:
the displacements between the two images only occur along the along the x-axis. Therefore,
the measurement of the displacements between the reference image and target image is equivalent to
the process of stereo matching (getting dense disparity map) in DIC-based 3D shape measurement.
As shown in Figure 2, the reference image and target images are generated by the well-known
simulation algorithm proposed by Zhou [31] and widely used in previous researches [32–34]:

I(x, y) =
S

∑
k=1

I0 exp

(
− (x − xk)

2 + (y − yk)
2

r2

)
(15)

where I is the generated intensity of the simulated speckle image. S is the total number of speckles, r is
speckle size. (xk, yk) is a randomly generated speckle position. I0 is the peak intensity of each speckle,
which is usually set to be 255.

In Figure 2a, there are totally 150, 000 randomly generated speckles in the reference image with a
resolution of 1280 × 960 pixels, and the speckle radius is 1.2 pixels. Figure 2b is the corresponding
target image generated by exerting specific displacements on the reference image:
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U(x, y) =

{
sin(2πE(x)/t) sin(2πE(y)/t) x < 640

E(x)E(y) x ≥ 640
(16)

E(x) =

{
e−(x−u1)

2/(2σ1
2) x < 640

e−(x−u2)
2/(2σ2

2) x ≥ 640
(17)

E(y) =

{
e−(y−v1)

2/(2σ1
2) x < 640

e−(y−v2)
2/(2σ2

2) x ≥ 640
(18)

Two different forms of displacements along the x-axis are exerted on the reference image according
to the displacement function U(x, y). The displacements for the left part and right part are generated
by an analogous sinusoidal-Gaussian function and an analogous Gaussian function, respectively.
In Figure 2a, two preset regions of interest (ROI) are marked by yellow rectangles in the left part (ROI1)
and right part (ROI2). (u1, v1) and (u2, v2) are the coordinates of the center pixels of ROI1 and ROI2,
which are set to be (320, 480) and (960, 480), respectively. σ denotes the Gaussian Root-Mean-Square
(RMS) width, where σ1 and σ2 are set to be 50 and 200, respectively. t is the period of sinusoidal
function, which is set to be 1. The displacement fields of ROI1 and ROI2 are shown in Figure 2c,d, it is
obvious that the displacement field of ROI1 is much more complex than that of ROI2.

Figure 2. Synthetic speckle images: (a) Simulated reference image; (b) Simulated target image;
(c) Theoretical displacements along x-axis of ROI1; and (d) Theoretical displacements along x-axis
of ROI2.
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The displacements of all the pixels in ROI1 and ROI2 are measured by IC-GN1 and IC-GN2.
The measured data are analyzed statistically:

sU =

√√√√ i=N

∑
i=1

(|Umei − Uthi| − eU)
2/(N − 1) , eU =

1
N

i=N

∑
i=1

|Umei − Uthi| (19)

RMSEU =

√√√√ i=N

∑
i=1

(Umei − Uthi)
2/N (20)

where eU is the mean bias error, sU is the standard deviation, and RMSEU is the root-mean-square
error (RMSE). Umei and Uthi denote the measured and theoretical displacements along the x-axis of the
sampling pixel with index i. N is the number of sampling pixels. It is necessary to state here that the
influence of subset size and convergence criterion on the accuracy of IC-GN1 and IC-GN2 in different
displacement fields are compared.

3.1.1. Comparative Analysis with Different Subset Sizes

Three groups of data (namely, measured data of ROI1, ROI2, both ROI1 and ROI2) are analyzed
with subset size changed from 15 × 15 to 35 × 35 pixels, where the three groups of data are denoted as
ROI1, ROI2, and ROI1&2 hereinafter. Figure 3 shows the sU and RMSEU as a function of subset size,
where the convergence threshold for ‖ΔPmain‖ is set to be 0.001. The corresponding data are listed
in Table 1. To compare the characteristics of the errors measured by IC-GN1 and IC-GN2 of the two
displacement fields, the error distribution maps with a specific subset size as 27 × 27 pixels are shown
in Figure 4.

Figure 3. Measured displacement errors (sU , RMSEU): (a) Standard deviation as a function of side
length of subset; and (b) RMSE as a function of side length of subset.

It can be easily seen in Figure 3 that for IC-GN1, sU and RMSEU of ROI1 both increase as the
subset size becomes larger. However, sU and RMSEU of ROI2 decrease as the subset size becomes
larger. For IC-GN2, sU and RMSEU of ROI1 get the minimums with the subset size of 27 × 27 pixels.
sU and RMSEU of ROI2 decrease as the subset size becomes larger. For both IC-GN1 and IC-GN2,
sU and RMSEU of ROI2 are always smaller than that of ROI1, which indicates that the precision
of IC-GN can be reduced by complex displacement field. It should be noted that IC-GN2 is more
accurate than IC-GN1 for ROI1. However, IC-GN1 is more accurate for ROI2 with all tested subset
sizes. The errors of ROI1&2 are the tradeoff of errors of ROI1 and ROI2.
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Table 1. Comparison of measured displacement errors with different subset sizes (SS) by IC-GN1 (1st)
and IC-GN2 (2nd) of ROI1, ROI2, and ROI1&2 (unit: pixel).

SS
sU-ROI1 sU-ROI2 sU-ROI1&2 RMSEU-ROI1 RMSEU-ROI2 RMSEU-ROI1&2

1st 2nd 1st 2nd 1st 2nd 1st 2nd 1st 2nd 1st 2nd

15 0.02029 0.01755 0.00749 0.01661 0.01621 0.01709 0.02869 0.02800 0.01211 0.02673 0.02202 0.02738
17 0.02467 0.01422 0.00632 0.01324 0.01949 0.01375 0.03365 0.02284 0.01018 0.02149 0.02486 0.02218
19 0.02981 0.01207 0.00552 0.01108 0.02354 0.01159 0.03982 0.01942 0.00886 0.01800 0.02884 0.01872
21 0.03553 0.01065 0.00496 0.00952 0.02815 0.01012 0.04688 0.01713 0.00793 0.01540 0.03362 0.01629
23 0.04173 0.00977 0.00450 0.00826 0.03319 0.00908 0.05468 0.01563 0.00719 0.01342 0.03900 0.01457
25 0.04830 0.00941 0.00416 0.00736 0.03858 0.00851 0.06307 0.01484 0.00665 0.01192 0.04485 0.01346
27 0.05517 0.00941 0.00389 0.00667 0.04422 0.00827 0.07194 0.01457 0.00625 0.01073 0.05106 0.01280
29 0.06228 0.00994 0.00369 0.00612 0.05009 0.00844 0.08120 0.01497 0.00592 0.00978 0.05757 0.01264
31 0.06960 0.01099 0.00350 0.00567 0.05615 0.00904 0.09079 0.01601 0.00569 0.00903 0.06433 0.01299
33 0.07707 0.01254 0.00335 0.00530 0.06233 0.01006 0.10065 0.01763 0.00555 0.00841 0.07128 0.01381
35 0.08466 0.01454 0.00321 0.00498 0.06862 0.01148 0.11072 0.01985 0.00548 0.00786 0.07839 0.01510

Figure 4. Error distribution maps with a subset size of 27× 27 pixels: (a) Error distribution map of ROI1

measured by IC-GN1; (b) Error distribution map of ROI2 measured by IC-GN1; (c) Error distribution
map of ROI1 measured by IC-GN2; and (d) Error distribution map of ROI2 measured by IC-GN2.

The error distribution maps of ROI1 and ROI2 measured by IC-GN1 and IC-GN2 are shown in
Figure 4a–d, respectively. By horizontal comparison, it is obvious that the errors of ROI1 measured by
IC-GN1 and IC-GN2 are both mainly concentrate on the peak areas of the shape of displacement field,
while the error distribution of ROI2 likes a random distribution. By vertical comparison, we can see that
the concentrated errors in the peak areas measured by IC-GN1 can be suppressed by IC-GN2, while the
errors of ROI2 measured by IC-GN2 are about double of that measured by IC-GN1. Therefore, it can
be concluded that IC-GN2 is more accurate for complex displacement (disparity) field measurement,
while IC-GN1 is more accurate for general uniform displacement (disparity) field measurement.
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3.1.2. Comparative Analysis with Different Convergence Criteria

In Figure 3b, the curves of RMSEU of ROI1&2 measured by IC-GN1 and IC-GN2 have an
intersection around the side length of subset of 17 pixels. Therefore, the subset size is set to be
17 × 17 pixels to compare the performances of IC-GN1 and IC-GN2 under different convergence
criteria. As shown in Figure 5, the convergence threshold for ‖ΔPmain‖ is set to be 0.1, 0.01, 0.001,
and 0.0001, respectively. To compare the convergence efficiency of IC-GN1 and IC-GN2 under different
convergence thresholds, the average numbers of iterations (denoted as nitor) of ROI1, ROI2, and ROI1&2

are listed in Table 2.

Figure 5. Measured displacement errors (sU , RMSEU) under different convergence criteria:
(a) Standard deviation as a function of convergence threshold for ‖ΔPmain‖; and (b) RMSE as a
function of convergence threshold for ‖ΔPmain‖.

Table 2. Comparison of average number of iterations of matched pixels in ROI1, ROI2, and ROI1&2

with different convergence thresholds for IC-GN1 and IC-GN2.

Threshold for
‖ΔPmain‖

nitor-ROI1 nitor-ROI2 nitor-ROI1&2

IC-GN1 IC-GN2 IC-GN1 IC-GN2 IC-GN1 IC-GN2

0.1 1.0110 1.4293 1.0024 1.3989 1.0063 1.4141
0.01 1.4927 2.4875 1.3874 2.4457 1.4401 2.4666
0.001 2.4787 3.8182 2.3830 3.7693 2.4308 3.7937
0.0001 3.6110 5.1762 3.5212 5.1098 3.5661 5.1430

It can be concluded from Figure 5 that the same characteristic of IC-GN1 and IC-GN2 for the three
groups is that the errors under the convergence thresholds of 0.01, 0.001, and 0.0001 are almost the
same from each other. The difference is that the errors of IC-GN1 under the convergence threshold of
0.1 are significantly larger than that under the other thresholds, while the errors of IC-GN2 under the
convergence threshold of 0.1 are slightly larger or smaller than under the other thresholds. Furthermore,
sU and RMSEU of ROI1&2 measured by IC-GN2 under the convergence threshold of 0.1 are smaller
than that measured by IC-GN1 under any one of the tested convergence thresholds. Also, it is evident
in Table 2 that the preset convergence threshold directly affects the convergence efficiency. For all ROI1,
ROI2, and ROI1&2, the average numbers of iterations of IC-GN2 under the convergence threshold of
0.1 are about the same as those of IC-GN1 under the convergence threshold of 0.01. If only ROI1&2

is considered, IC-GN2 under the convergence threshold of 0.1 is more accurate than IC-GN1 under
the convergence threshold of 0.01. Considering both the efficiency and accuracy, conclusions can be
drawn that the convergence threshold of 0.01 is the best choice for IC-GN1, while 0.1 is more suitable
for IC-GN2.
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3.2. Comparative Anslysis by Real Tests

As Shown in Figure 6a [7], a single-shot stereo system is used to perform real experiments,
which is composed of two CCD cameras with a resolution of 1280 × 960 pixels (Basler acA1300-30 gm.
Manufactured by Basler AG, Ahrensburg, Germany. Supplied by Shanghai Vision-Light Tech Co., Ltd.
Pudong New Area, Shanghai, China), two camera lenses (Computar 8 mm 1:1.4 2/3. Manufactured
by Computar®, Tokyo, Japan. Supplied by Shanghai Vision-Light Tech Co., Ltd. Pudong New Area,
Shanghai, China), and a projector with a resolution of 1140 × 912 pixels (TI DLP LightCrafter4500.
Manufactured by TEXAS INSTRUMENTS, Dallas, Texas, America. Supplied by Texas Instruments
Semico . . . es (Shanghai) Co. Ltd. Pudong New Area, Shanghai, China). Figure 6b shows the projected
speckle pattern with the same resolution as the projector: there are totally 120,000 speckles with a fixed
radius of 1.2 pixels.

Figure 6. Experimental setup for real tests: (a) A single-shot stereo system with speckle projection;
and (b) Projected speckle pattern.

Three objects are employed to compare the real measurement performances of IC-GN1 and
IC-GN2. The measured surfaces are shown in Figure 7a–c, namely, plane surface, cylinder surface,
and back surface of a plaster head (named as head hereinafter for short). The plane surface and
cylinder surface are used as standard surfaces, which are measured by a Coordinate Measuring
Machine (CMM (2 + (L/350) μm. Manufactured by Thome Präzision GmbH, Messel, Germany.
Supplied by THOME China, Minhang District, Shanghai, China)). The 3D coordinates of the measured
points are fitted into plane and cylinder surface by least square method, respectively, and the fitted
results are listed in Table 3. In the calculations of real tests, a ROI is set in the left image of each rectified
stereo image pair. The shape of the ROI in the head is much more complex compared to that of the
plane or cylinder. The disparity maps and 3D shapes of the three ROIs are shown in Figure 8 to enable
a visual comparison. In the following comparative analysis, both IC-GN1 and IC-GN2 are used for all
the ROIs except for that in Figure 8, which refers to different warp function for different ROI: the ROIs
in the plane and cylinder are measured by IC-GN1 under a convergence threshold of 0.01, and the ROI
in the head is measured by IC-GN2 under a convergence threshold of 0.1. In addition, the subset size
is set to be 27 × 27 pixels in Figure 8.
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Figure 7. Rectified stereo image pairs for real tests, the left images are listed on the up row and the
corresponding right images are listed in the bottom row: (a) Plane surface; (b) Cylinder surface; and (c)
Back surface of a plaster head.

Table 3. Plane and cylinder surface fitting results of 3D coordinates measured by CMM.

Point Number Standard Deviation Positive Maximum Negative Maximum

Plane 15 0.001 mm 0.003 mm −0.004 mm
Cylinder 44 0.004 mm 0.011 mm −0.008 mm

Figure 8. Measured disparity maps and corresponding 3D shapes, the disparity maps are listed on the
up row and the corresponding 3D shapes are listed in the bottom row: (a) The ROI of plane; (b) The
ROI of cylinder; and (c) The ROI of head.

To verify the conclusions drawn by simulation tests. The pixels in each ROI are matched by
IC-GN1 and IC-GN2 with the convergence threshold of 0.001, and the subset size ranges from 15 × 15
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to 35 × 35 pixels. For the plane surface and cylinder surface, the standard deviation (denoted as s) of
plane or cylinder surface fitting in each measurement is plotted in Figure 9a.

Figure 9. Comparisons of IC-GN1 and IC-GN2 by the standard deviations of plane fitting and cylinder
surface fitting: (a) Comparison with the change of subset size; and (b) Comparison with the change of
convergence threshold.

It can be seen that IC-GN1 is always more accurate than IC-GN2 with all tested subset sizes
for both surfaces. To compare the measuring abilities of IC-GN1 and IC-GN2 for different surfaces,
the statistics of matching rates with different subset size of each ROI are listed in Table 4. The matching
rate is denoted as rm, which is the ratio of number of matched pixels to the number of total pixels
(denoted as Npix) in the ROI. The matching rates of IC-GN1 and IC-GN2 are all equal or very close
to 100% for the plane and cylinder surfaces. However, the matching rates of IC-GN1 for the ROI of
head are all below 70%, while the matching rates of IC-GN2 are all very close to 100%. Therefore,
the measurement ability of IC-GN1 for complex shape measurement is limited, which is almost
unrelated to the change of subset size.

Table 4. Statistics of matching rates with different subset sizes measured by IC-GN1 and IC-GN2.

SS

Plane Cylinder Back of Head

Npix
rm (%)

Npix
rm (%)

Npix
rm (%)

IC-GN1 IC-GN2 IC-GN1 IC-GN2 IC-GN1 IC-GN2

15 90,000 99.93 99.84 90,000 100 99.01 62,500 63.95 98.77
17 90,000 99.99 99.97 90,000 100 99.29 62,500 64.52 98.93
19 90,000 100 99.97 90,000 100 99.31 62,500 65.09 99.00
21 90,000 100 99.98 90,000 100 99.35 62,500 65.55 98.99
23 90,000 100 99.98 90,000 100 99.38 62,500 65.62 98.99
25 90,000 100 99.98 90,000 100 99.38 62,500 66.27 98.98
27 90,000 100 99.98 90,000 100 99.38 62,500 67.01 99.01
29 90,000 100 99.98 90,000 100 99.35 62,500 67.71 98.99
31 90,000 100 99.98 90,000 100 99.40 62,500 68.15 98.97
33 90,000 100 99.98 90,000 100 99.41 62,500 68.60 98.89
35 90,000 100 99.98 90,000 100 99.38 62,500 68.80 98.88

The accuracy of IC-GN1 and IC-GN2 are also compared under different convergence thresholds
with a specific subset size of 27 × 27 pixels. The standard deviations of plane fitting and cylinder
surface fitting versus convergence threshold are plotted in Figure 9b. It can be seen that for IC-GN1,
only the differences of standard deviations under convergence thresholds of 0.1 and 0.01 are relevant.
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For IC-GN2, the standard deviations are almost the same under different convergence thresholds.
As shown in Figure 10, the 3D data of the ROI of head measured by IC-GN2 under two different
convergence thresholds are compared. That means for every pixel in the ROI that has been matched,
the spatial distance of the corresponding two 3D points reconstructed under the two convergence
thresholds are calculated. The distance distribution maps by comparison of convergence threshold
of 0.1 to 0.01 and 0.001 are shown in Figure 10a,b, respectively. Furthermore, comparison of shapes
measured by IC-GN2 and structured light of the head are shown in Figure 11.

Figure 10. Distribution maps of spatial distance of the ROI in the head, which are measured by IC-GN2

under two different convergence thresholds: (a) Under convergence thresholds of 0.1 and 0.001; and (b)
Under convergence thresholds of 0.01 and 0.001.

Figure 11. Rectified left image of head and reconstructed 3D data of the ROI marked by yellow
rectangle: (a) Measured by IC-GN2 under the convergence threshold of 0.1; and (b) Measured by
three-frequency three-step structured light.
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It needs to declare that the distance values for unmatched pixels are set to be zeros in Figure 10.
There is no significant difference between Figure 10a,b; the corresponding standard deviations are
4.318 μm and 4.496 μm. To further verify the measurement effectiveness of IC-GN2 under the threshold
of 0.1, the head is measured at the same position by both IC-GN2 and three-frequency three-step
structured light using the same system. The same ROI is set in the rectified left images of DIC
measurement and structured light measurement, and the shapes of the ROI measured by IC-GN2 and
structured light are shown in Figure 11a,b, respectively. For every pixel in the ROI, the spatial distance
of the two 3D coordinates measured by IC-GN2 and structured light is calculated. The standard
deviation of all the calculated distance values is 0.023 mm, which is in the same level of precision of the
above plane fitting and cylinder surface fitting. Therefore, conclusions can be drawn from the above
comparisons that the convergence threshold of 0.01 is suitable for IC-GN1, while 0.1 is recommended
for IC-GN2. The conclusions are consistent with that drawn in the simulation tests.

4. Conclusions

In this paper, a comparative analysis of first-order and second-order warp functions for DIC-based
stereo 3D shape measurement is presented. Both simulation tests and real experiments with
different objects are performed to compare the impacts of subset size and convergence criteria on
the measuring ability, efficiency, and precision by IC-GN using first-order and second-order warp
functions. Conclusions are summarized as follows:

(1) The first-order warp function is more suitable for surfaces with a shape of flat or small curvature,
such as plane, cylinder, and flat Gaussian surface, etc. Under the same convergence criteria,
IC-GN1 is always more efficient and accurate than IC-GN2 with all tested subset sizes.

(2) The second-order warp function is more suitable for surfaces with a complex shape or large
curvature, such as the tested back surface of head and analogous sinusoidal-Gaussian surface, etc.
IC-GN1 is not capable or accurate enough for such kind of 3D shape measurement; the matching
rate of tested ROI of head is under 70% with any of the tested subset size.

(3) The convergence thresholds for IC-GN1 and IC-GN2 are recommended to be that the variation of
the modulus of incremental displacement vector is less than 0.01 pixel, and 0.1 pixel, respectively.
Both the recommended convergence thresholds can achieve considerable measurement precision
compared to smaller thresholds according to the simulation tests and real experiments.
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