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Abstract: Cameras and LiDAR are important sensors in autonomous driving systems that can provide
complementary information to each other. However, most LiDAR-only methods outperform the
fusion method on the main benchmark datasets. Current studies attribute the reasons for this to
misalignment of views and difficulty in matching heterogeneous features. Specially, using the single-
stage fusion method, it is difficult to fully fuse the features of the image and point cloud. In this
work, we propose a 3D object detection network based on the multi-layer and multi-modal fusion
(3DMMF) method. 3DMMF works by painting and encoding the point cloud in the frustum proposed
by the 2D object detection network. Then, the painted point cloud is fed to the LIDAR-only object
detection network, which has expanded channels and a self-attention mechanism module. Finally,
the camera-LiDAR object candidates fusion for 3D object detection(CLOCs) method is used to match
the geometric direction features and category semantic features of the 2D and 3D detection results.
Experiments on the KITTI dataset (a public dataset) show that this fusion method has a significant
improvement over the baseline of the LiDAR-only method, with an average mAP improvement
of 6.3%.

Keywords: auto-driving; 3D object detection; multi-sensor fusion; self-attention mechanism

1. Introduction

With the rapid development of artificial intelligence, research on intelligent unmanned
systems is no longer limited to performing simple mechanical tasks, and further focus is on
the interaction of intelligent unmanned systems and an unpredictable world. From a bio-
logical perspective, the sensory organs and nervous system of animals receive multimodal
physiological signals and send them to the central nervous system for processing, using
the brain to make behavioral decisions. The sensorimotor system of animals is complex
and consists of many small structures. Each small structure has only a single function,
and when the number of structures forms a certain scale, the interaction effects between
them increase dramatically. Through these large-scale and complex interactions, biolog-
ical systems perceive and make decisions based on the external environment, showing
intelligent abilities called emergent abilities.

Emergent abilities can provide inspiration and reference for unmanned systems, which
are self-adaptive and innovative, and can adjust and learn according to environmental
changes. In recent years, with the improvement of hardware and the rise of artificial
intelligence technology, driving is being increasingly intelligent and unmanned. Automatic
driving systems consist of three parts: perception, decision, and control. The perception
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system refers to the sensors carried by the automatic driving system, including vision
sensors, LIDAR, and millimeter-wave radar. It provides accurate information about ob-
jects and is the basis for autonomous navigation and obstacle avoidance. By integrating
information from multiple sensors, multi-modal fusion algorithms can provide a more
comprehensive understanding of the environment and enable unmanned systems to make
more informed decisions, effectively enhancing the perception and interaction capabilities
of unmanned systems. Among them, multi-modal object detection is an important part of
unmanned system perception, which provides basic information for the unmanned system
to make decisions.

Object detection methods mainly include 2D detection, 3D LiDAR-only detection,
3D camera-only detection, camera—-LiDAR fusion detection, etc. From the perspective
of sensor characteristics, vision sensors can obtain rich semantic feature information of
objects, but the imaging quality is easily affected by background interference, and the
depth information of the detected object cannot be obtained when it is occluded. In con-
trast, LIDAR can obtain the position and speed of the object and is almost unaffected by
environment illumination, but it cannot provide color, texture, or other visual information.
Moreover, with increases in the target distance, the sparsity of the point cloud become
more obvious. The strong complementarity between LiDAR and vision sensors makes
it achieve information complementarity and higher-precision object detection through
multi-sensor fusion. However, the current research shows that in the detection capability
ranking of the KITTI dataset, LIDAR-only methods such as PointPillars [1], PointRCNN [2],
and VoxelNet [3] generally perform better than camera-LiDAR fusion methods such as
Frustum PointNets [4], MV3D [5], and AVOD [6].

According to the stage of fusion, multi-sensor fusion methods can be roughly divided
into three categories. Early fusion methods usually process raw data directly, which can
be regarded as data-level fusion. Such methods require precise alignment of data from
different sensors, and if the raw data do not match well, the resulting misalignment will
lead to a severe degradation in the detection performance. Typical early fusion methods
include PointPainting [7] and PI-RCNN [8]. Although this method realizes the transfer of
image semantics to point cloud space, it also transfers noise from one mode to another. This
noise, combined with the alignment of features in the point cloud, obviously destroys the
saliency of some point cloud spatial features. Late fusion methods only fuse the processed
features at the decision level. Since the spatial and pattern differences between the point
cloud and image are significantly reduced at this stage, it is also classified as decision-level
fusion. However, this fusion method is not satisfactory because the fused ROI region still
contains a large amount of background noise, and how to reasonably use the multi-sensor
features to generate confidence remains to be studied. Deep fusion methods are usually
flexible and complex with different network structures: there are two-level cascaded fusion
such as Frustum PointNets and parallel feature fusion such as MV3D and AVOD. These
methods all use the original, high-level semantic information, but most of them require
significant calculations, and the detection indicators are not very good.

The main reasons for the poor performance of the multi-modal fusion methods include
the dislocation of the image and the point cloud perspective and the feature mismatch
caused by the difference in heterogeneous data formats. Therefore, we propose a 3D object
detection network based on the multi-layer and multi-modal fusion method (3DMME),
which fully integrates image features and point cloud features in multiple stages. At each
fusion stage, the feature confidence of different modes is emphasized to enhance the
detection effects of the fusion method. The experimental verification of this method on
the KITTI dataset shows that the performance of this multi-modal and multi-layer fusion
method is good. Compared with the baseline of LIDAR-only network, the performance is
obviously improved.

The proposed fusion method delivers the following contributions:

*  We design and implement a 3D object detection network based on the multi-layer and
multi-modal fusion method, which paints and encodes the point cloud (Frustum RGB



Electronics 2024, 13, 3512

30f19

PointPainting) in the frustum proposed by the 2D object detection network, therefore
increasing the amount of input information in the 3D detection network.

¢ To solve the problem that doubling the number of channels may affect the spatial
shape characteristics of the point cloud, a context-aware self-attention mechanism
module is introduced to the 3D object detector, which can perceive the global image
while extracting spatial features.

¢ CLOCs is introduced to fuse the 2D and 3D detection results without NMS to further
improve the detection accuracy. Experiments on KITTI datasets prove that this fusion
method has a significant improvement over the baseline of the LiDAR-only method,
with an average mAP improvement of 6.3%.

2. Materials and Methods
2.1. 3D Object Detection Using Objectness

Alexe et al.’s “Measuring the Objectness of Image Windows” [9] proposes a generic
objectness measurement for object detection, quantifying the likelihood of image windows
containing objects of any category to distinguish between objects with clear boundaries
and background elements. This method, integrating various image cues within a Bayesian
framework, effectively identifies object characteristics such as closed boundaries, providing
an efficient attention mechanism for a variety of image processing applications. Deep-
Box [10] employs CNNss to re-rank proposals generated using bottom-up methods. This
approach treats “objectness” as a high-level concept, differing from traditional methods
that solely rely on bottom-up cues. DeepBox adopts an innovative four-layer CNN archi-
tecture that can match larger networks in the task of evaluating objectness while being
faster. RON [11] is an efficient object detection framework that combines the strengths of
region-based and anchor-free methods. It achieves multi-scale object localization through
reverse connections and significantly reduces the search space for negative samples by
utilizing objectness priors. Through the optimization of a multi-task loss function, RON
can directly predict the final detection results from various positions in the feature maps.

2.2. Three-Dimensional Object Detection Using Point Clouds

According to the different ways to process the raw point cloud, LiDAR-only networks
have gradually been divided into point-based and voxel-based methods. Point-based
methods directly use the raw point cloud as the feature carrier, and voxel-based methods
organize the raw point cloud in a certain region with some rules and then send it into
Convolutional Neural Networks (CNNs) for feature extraction after unified processing.

For point-based methods, PointNet [12] uses the arrangement invariance of point cloud
spatial features, interaction and transformation invariance between point sets, and uses
Multi-Layer Perceptron (MLP) to directly process a single original point cloud to maximize
the retention of spatial features. PointNet++ [13] is proposed to solve the problem that
PointNet does not capture the local structure induced by the metric space points and
has limited generalization capabilities for complex immersions. PointRCNN [2] applies a
two-stage architecture, firstly generating 3D proposals and then refining these proposals
to obtain accurate detection results. Complex-YOLO [14] is proposed based on YOLOv2,
and a new Euclidean region proposal network is designed. Inspired by this, YOLO3D [15]
uses dual-input channels and optimizes the loss function. Point-GNN [16] introduces the
idea of graph convolution for 3D object detection to adapt to the irregularity of the original
point cloud. 3DSSD [17] uses a sampling strategy that combines Euclidean spatial distance
and semantic features because of the few sampling points for foreground points.

For voxel-based methods, BirdNet [18] projects the 3D point cloud into a 2D bird’s-eye
view and uses the Faster-RCNN network to predict the detection box of the bird’s-eye
view. BirdNet+ [19] extracts the height and pitch angle information of the target box
in advance to avoid blurring it during subsequent processing to solve the problem that
BirdNet roughly processes the height information of the target. VoxelNet [3] encodes
the sparse raw point cloud into dense voxel information, aggregates local features and
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point-by-point features, and then extracts features using 3D CNNs. SECOND [20] uses
sparse 3D CNNs for the sparsity of point cloud to improve the poor speed of VoxelNet
using 3D CNNs. PointPillars [1] uses the “Pillar” method to generate pseudo-images
and then uses 2D CNNss to extract features from the pseudo-images, achieving detection
efficiency 2~4 times faster than previous methods. PV-RCNN [21] assumes that voxel-
based operations can retain more accurate position information because of variable sensory
fields, so it integrates the efficient learning of 3D voxel CNNs and the flexible receptive
range of PointNet.

2.3. Three-Dimensional Object Detection Using Multi-Modal Fusion

MV3D [5] generates 3D proposals from a bird’s-eye view (BEV) map and projects
them to the bird’s view, front view, and image. Then, it combines region-wise features
obtained via ROI pooling for each view. Compared to MV3D, AVOD [6] removes the input
of the front view and the reflection intensity of the bird’s eye view, while introducing
a Feature Pyramid Network (FPN) to improve the detection accuracy for small objects.
Frustum PointNets [4], Pointfusion [22], and Frustum ConvNet [23] are the representatives
of 2D-driven 3D detectors. Take Frustum PointNets as an example. It firstly generates 2D
object region proposals in the RGB image using a 2D CNN, then it uses these proposals
to generate corresponding 3D frustums. Finally, the 3D bounding box for the object from
the points in frustum is regressed. PI-RCNN [8] uses 3D object detection for the point
cloud branch, uses semantic segmentation for the image branch, and then attaches the
features of image semantic segmentation to the point cloud. PointPainting [7] fuses the
semantic information in the image with the point cloud on the pixel level through sequential
encoding. 3D-CVF [24] solves the problem of misalignment of the perspective of the image
and point cloud after the bird’s-eye view projection, and it maps the image pixels to the
bird’s-eye view. Frustum PointPillars [25] combines Frustum PointNets, which limits the
point cloud computing space with PointPainting, expanding the mask channel. CLOCs [26]
uses deep learning methods to fuse 2D and 3D object detection results on the decision level.
CL3D [27] integrates with a point enhancement module, which is designed to enhance the
raw LiDAR with the pseudo point, point-guided fusion module. This module is developed
to find image—point correspondence at different resolutions and incorporate semantic and
geometric features in a point-wise manner, including an IoU-aware head for cross-modal 3D
object detection. Samal [28] presents a task-driven approach to input fusion that minimizes
the utilization of resource-heavy sensors and demonstrates its application to visual-lidar
fusion for object tracking and path planning.

2.4. Problem Statement

Considering the problem of misalignment between the perspective of the camera
and LiDAR, we propose a simple, innovative, and effective sequential fusion method
based on PointPainting: projecting each lidar point into the output of the image semantics
segmentation network, then concatenating the segmentation information with the original
features of the point cloud at the corresponding position. The painted points can be used in
any LiDAR-only detector. Compared with previous fusion methods, PointPainting impose
no constraints on 3D detection architectures, and it does not need to compute pseudo
point cloud.

However, PointPainting also exposes some problems in practical applications. First,
the 2D image semantic segmentation is relatively difficult. The network is complex, and it
leads to long waiting times for pre-transmission. PointPainting uses the image segmen-
tation results of adjacent time frames to paint the point cloud of this frame to overcome
this problem, which harms the real-time performance of the detector. Second, the input
of the 3D detection network needs to increase the number of channels to be consistent
with the number of categories performing semantic segmentation. Four channels need
to be expanded in the KITTI dataset, and eleven channels need to be expanded in the
nuScenes [29] dataset with more categories, which significantly increases the computation
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costs. Third, the noise after semantic segmentation will be introduced into the point cloud,
which may easily cause false alarms. Nevertheless, this method effectively improves the 3D
detection accuracy by increasing the information of each point through additional channel
encoding of the point cloud.

3. Three-Dimensional Object Detection Network Based on Multi-Modal and
Multi-Layer Fusion

As Figure 1 shows, 3DMMEF is a multi-modal and multi-layer architecture, which takes
the image and point cloud as input and uses three layers to process them. The architecture
of the multi-layer fusion method is as follows:

(1) Early fusion: A 2D candidate box is proposed by the 2D image object detection
network. Then, in the frustum formed by the 2D candidate box after Non-Maximum
Suppression (NMS), the spatial point cloud is projected to the image, and the point cloud
is painted. Sequentially, the point cloud is encoded and fused in the local area, and a
recommendation channel and three color channels are added after the reflectivity channel
of the point cloud.

(2) Detection backbone network: The encoded point cloud is fed to PointPillars, then
the CNN is used to extract the spatial features. Meanwhile, the global self-attention [30]
mechanism is introduced to extract contextual features. Two features are concatenated in
series and sent to the SSD detection head to propose the 3D object detection candidates box.

(3) Late fusion: The 2D candidate box generated in step (1) and the 3D candidate box
generated in step (2) are encoded into two sets of sparse tensors before non-maximum
suppression (NMS) and input into the camera-LiDAR object candidates fusion network
(CLOC:s) to obtain the final detection results.

2D

CNN
Feature Extraction
SSD Head | NMS
Self-Attention

Feature Extraction

R Frustum RGB
A PointPainting
A4
E
A

Image

Point Cloud

Prediction result after fusion

Point Cloud

Figure 1. The architecture of the proposed multi-layer fusion method.

3.1. Early Fusion: Frustum RGB PointPainting (FRP)

On the basis of PointPainting, Frustum RGB PointPainting (FRP) is a sequential and
serial structure, as shown in Figure 2.

We replace the image semantics segmentation network in PointPainting with a 2D
object detection network. Firstly, the semantics segmentation task needs to identify and
classify the image pixels one-by-one and output the pixel-level masks of different object
categories, while the pixel-level image labeling task is more cumbersome than labeling
the detection frame. Secondly, a simple segmentation task requires only one bool value to
indicate whether an object exists, but it becomes complicated when it comes to images con-
taining multiple categories. There are multi-category objects in the KITTI dataset without
time labels. If the image segmentation processing time is too long, the pre-transmission
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Point Cloud

time cannot be reduced. When the vehicle is driving too fast, the 3D detection network
still uses the image segmentation results of the previous frames to paint the encoded point
cloud data, resulting in false or missed detection.

2D
Detector

Projecton

@) (b)

Figure 2. (a) Two-dimensional object detection using a relatively mature 2D detector and generating
frustums after passing through NMS. (b) Regional data-level fusion projecting the spatial point cloud
to the image, painting the point cloud in the frustum, sequentially encoding the point cloud in the
local area, and adding a recommended channel and three color channels. The recommended channel
is a two-dimensional Gaussian probability function mask, and the color channel is RGB information
corresponding to the image pixel.

Another reason for replacing the forward serial network with a 2D object detection
network is that the improvement is not good when projecting the image segmentation
result into the point cloud space, especially for some objects that occupy a large number of
point clouds. Frustum PointNets was used for experiments using 2D image segmentation
masks to predict point cloud candidate regions. The results showed that the effects were
far worse than the detection results after 3D segmentation. Even when using the common
2D and 3D segmentation results for predictions, the cumulative error caused by the 2D
segmentation results will also reduce the accuracy of the prediction after 3D segmentation.
Therefore, Frustum PointNets [4] assumes that in the typical 2D mask prediction task,
although the estimated 2D mask is of good quality on the RGB image, it still contains
significant clutter and foreground points, which will be more obvious when projected
onto 3D space. As shown in Figure 3, pixel-level segmentation errors may cause distance
errors of tens of meters in the 3D point cloud space. As a result, Frustum PointNets uses a
2D object detector with a relatively good performance to generate 2D object regions and
form frustums for 3D segmentation prediction instead of using projection prediction after
segmentation. This method has achieved good results, and many Frustum algorithms that
add restrictions to point cloud information have been developed on the basis of this work.
Among them, the newly published Frustum PointPillars method combines the idea of
limiting the calculation space for point cloud and adding the mask channel to point clouds,
proposing an innovative method of adding a “probability mask” in the frustum.This is the
basis of the idea for adding the “recommended channel” to the point cloud in this paper.

The 2D detector in this paper is YOLOV5, which is currently one of the preferred detec-
tion algorithms in the engineering community, with the advantages of a clear architecture
and good real-time performance. Compared with the two-stage detection network such as
Fast R-CNN and the single-stage detection network such as SSD, etc., YOLOv5 improves
the detection speed while maintaining the accuracy. The ultra-fast processing speed is
more in line with the early fusion serial processing structure of FRP, which reduces the
time consumed in the 2D image-processing stage, thereby reducing the waiting time for
pre-transmission. YOLOV5 uses CSPDarknet53 as its backbone network and FPN to fuse
information from different feature map levels, outputting feature layers of three scales:
19 x 19, 38 x 38, and 76 x 76, taking into account the detection robustness of multi-scale ob-
jects. In the experiment, the 2D annotation file format of the KITTI dataset is first converted
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to the VOC dataset format, because YOLOVS5 uses the VOC dataset format for training.
Then, YOLOVS5 is trained, and finally, the data prepared for fusion are obtained.

Error range of 2D Error range of point False alarm in the distant rear of the
segmentation mask after cloud after 3D semantic target after the 2D segmentation mask

Image 2D segmentation mask
. w projection to point cloud segmentation is projected onto the point cloud

\

-] =

range: 8m ~ 55m range: 9m ~ 55m range: 12m ~ 16m

Figure 3. False detection caused by 2D mask noise in the rear of 3D space.

This fusion method adds four encoding channels to each point cloud and expands the
raw KITTI point cloud information from (x,y,z,7) to (x,v,2,7,S,R, G, B), where x, y, and z
are the spatial position information of the point cloud, r is the laser radar reflection intensity,
S is the recommended channel, and R, G, and B are the color channels corresponding to
the point cloud.

The preprocessing of the point cloud mainly consists of two parts: point cloud filtering
and data enhancement. Using the preprocessed point cloud for training can reduce the
computation cost and improve the generalization performance of the algorithm. Point cloud
projection needs to associate the point cloud coordinate system with the image coordinate
system. This process needs to complete the conversion from the LiDAR coordinate system
to the pixel coordinate system.

Data augmentation improves the generalization performance and detection effects of
the detector by increasing the number of samples. Considering that there are no objects in
the point cloud of most regions in the KITTI dataset, in order to ensure balanced training
samples, we firstly generate point cloud for all types of objects based on the reference
bounding box lookup table and box. According to the annotation information of the 3D
bounding box, a sample library is constructed using all the sample data. The sample library
stores the annotation information of the point cloud and bounding boxes of various types of
vehicles, pedestrians, and cyclists. Real samples of 15 cars and 8 cyclists are selected to join
the current point cloud data for subsequent training. Secondly, the reference boxes of the
real target are added one-by-one, and the frequency shift operation or rotation operation is
performed on each box, wherein the translation operation is N(0,0.2) times of the normal
distribution of the x, y, z coordinate, and the rotation operation range is [—7/20, 7/20].
After increasing the amount of training samples for the above method, the global bounding
box is mirrored and flipped along the x-axis, and the translated global point cloud is drawn
according to the same normal distribution N (0, 0.2) to simulate positioning noise.

After filtering and enhancing the point cloud, the point cloud is projected onto the
2D image plane for painting and encoding. The process of projecting, painting, and
encoding the point cloud is shown in Algorithm 1. Recommendation channel S adopts
the probability mask in Frustum PointPillars, which mainly uses the object distribution
probability information. We know that the center of the 2D detection box is more likely to
be occupied by objects, and the projected 3D points in the central area are more likely to
belong to objects, not background clutter. This method defines the probability of points
belonging to an object as a Gaussian function:

27 = x-x%)? _ G-
L(%,y) = exp ( R e T ) 1)
After the recommended likelihood value is added to the reflection intensity r of the

original point cloud as an additional feature vector, the maximum likelihood value is
selected if one point is shared by multiple 2D boundary boxes at the same time.
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Algorithm 1 Frustum RGB PointPainting
Input:
LiDAR point cloud L € RNP (N is the number of points, D is the dimension, typically
4 for KITTI dataset.)

Recommended channel S € RW-H
Color channel C € RW#3 for RGB channels
Extrinsic transformation matrix M, € R**
Camera intrinsic matrix M; € R34

Method:

for! € L do
Point cloud projection:

— —

limagg = Projection(My, My, lpoim(x,yfz))

Z;'mage € R?
Recommended Channel acquisition:
if Point € boxes generated by 2D detection then

S=L(xy)
else

S=0
end if

§= S(limﬂge[o]/limage[1]> seR
Color channel acquisition:
¢ = C(limage [0], limage[l]) ceR?
Point cloud encode:
7 = Encode(L,5,¢) p € RD+1+43
end for
Output:

Encoded point cloud P € RN-P+1+3

The sequential encoding method adopted by FRP has two main characteristics: local
encoding of the frustum and RGB color encoding. Global point cloud encoding corresponds
to the local encoding of the frustum, but the experiments prove that the detection perfor-
mance of the 3D detection network after global point cloud encoding is not significantly
improved compared with the original baseline, or it even declines. We find that the global
color information will submerge the more important spatial coordinate information for the
point cloud, leading to the degradation of the spatial information’s salience. Local encoding
of the frustum forms a recommended region of the object, then RGB color encoding is per-
formed, as well as recommended channel encoding in this region. It retains the semantics
of the object position and can also attach additional color, material, brightness, and shape
information to the point cloud.

FRP requires the 2D detector to provide relatively accurate object position semantics,
and candidate boxes should be located accurately, using as few as possible. Therefore,
before the completion of fusion encoding, the detection results of YOLOvVS need to be
introduced into non-maximum suppression (NMS). Additionally, a local optimal solution
search should be carried out in the domain space of the candidate box, forming a frustum
in the region with the highest probability that 2D objects will appear. The candidate boxes
that are not introduced into NMS will be directly transmitted to CLOCs.

3.2. Three-Dimensional Object Detection Network Based on Self-Attention Mechanism

The 3D backbone network used in 3DMMEF is modified based on PointPillars. Firstly, it
converts the point cloud into sparse pseudo-images in the form of vertical “pillars”, then it
uses 2D CNNs to detect the pseudo-image and predict the 3D detection boxes. In the early
fusion stage, the channel dimension of the raw point cloud is expanded, and the input
size of the 3D object detector needs to be modified accordingly. In addition, the number
of point cloud channels after encoding is doubled, also doubling the amount of feature
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information represented by a single position of the pseudo-image when extracting features
to form sparse pseudo-images from the “pillars” tensor formed by the point cloud. This
will blur the spatial shape feature of the object’s point cloud to a certain extent, resulting
in some high-confidence false alarms. In order to adapt to the point cloud after FPR, the
depth of the convolution layer for feature extraction must be increased so that the receptive
field is large enough to capture the encoded point cloud information.

However, the relative importance of the input point cloud features deepens as the
network progresses downward, and optimizing coordinate parameters across multiple
layers to capture patterns in the data is challenging. Taking this into consideration, we
introduce a context-aware self-attention mechanism module for PointPillars. The core idea
of the self-attention mechanism is that it firstly obtains the global point cloud information,
then it weights and sums the features of all point cloud positions to the object position
and dynamically calculates the corresponding weights based on the similarity function
between the features of each position in the embedding space. This feature extractor can
learn the correlations between the global cloud points to produce more powerful, unique,
and robust features. For example, there is an obvious correlation between the features of
cars and bicycles driving in the same lane and the height and color features of pedestrians.
The context-aware self-attention mechanism can extract the correlation of such features
of road objects and take advantage of the color point cloud information to produce more
accurate detection, especially for cars that are farther away, smaller pedestrians, etc.

As Figure 4 shows, the channel-expanded PointPillars are mainly divided into three
stages: (1) convert the point cloud encoded by FRP into a pseudo-image sparse tensor;
(2) use the spatial feature extractor based on the CNN backbone network and the contextual
feature extractor based on the self-attention mechanism module to extract pseudo-image
features; (3) use the detection head to predict and regress 3D detection boxes.

Point cloud after FRP

Pillars

v

Pseduo-image feature map

Self-Attention
Module

Convolutional Neural
Network

Spatial features Contextual features

Figure 4. The improved 3D object detection network structure introducing a context-aware self-

Concat

attention mechanism module.
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Pillars

1B — — | -

As Figure 5 shows, PointPillars will divide the input point cloud for representation,
then distribute H x W grids of size 0.16 m x 0.16 m uniformly and continuously in the grid
in the Oxy plane to form a set of “pillars”. At the same time, the 8-dimensional point cloud
(x,y,2,1,S,R,G, B) encoded by FRP in the early fusion will be enhanced and represented
as 13-dimensional (x,y,z,7, X, Yc, Zc, Xp,Yp, S, R,G,B ), where x, y, and z are the position
coordinates of the raw point cloud, r is the reflectivity, x., y., and z. are the arithmetic
mean centers of all the points in the “Pillars”, xj,, v, represent the offset of the arithmetic
center from the center of the “pillars”, S is the recommended channel, and R, G, and B
represent the color channels corresponding to the point cloud. By limiting the number
P of non-empty “pillars” of each sample and the number of points N in each “pillar”,
the sparsity is maintained from 0 to 97%. If the amount of data in the “pillars” is large,
random sampling will be performed. On the contrary, if the amount is too small, it will
be filled with “0”. Therefore, a tensor of size (D, P, N) is established, where D represents
the feature dimension of each point cloud, which is 13 after FRP encoding (the original
PointPillar is 9), P represents all non-empty pillars, and N represents the maximum number
of point clouds in each pillar. Then, a simplified end-to-end network PointNet is used to
further process and extract features from the tensorized point cloud data. It applies the data
of each pillar into a linear layer for dimension-up operation and generates a tensor with
the size of (C, P, N) through the BatchNorm layer and ReLU layer. Then, it obtains a tensor
with the size of (C, P) after performing max pooling on the channel. Finally, the encoded
features are piled up according to the position of the original pillar and scattered back to the
original “pillar” position, creating a pseudo-image feature map with the size of (C, H, W),
where C = 64 is the number of channels, and H and W represent the height and width of
the pseudo-image.

= 7

///// /// PSEUdO‘image

(D,PvN)—>(C,P)—»| Max pooling |—(C,P,N) feature map

(C,H,W)

Figure 5. Pseudo-image generation process.

After introducing the self-attention mechanism, we use both the spatial feature ex-
tractor based on the CNN backbone network and the contextual feature extractor based
on the self-attention mechanism to extract more comprehensive and effective global point
cloud features.

A CNN backbone network similar to FPN is used for spatial feature extraction, as
shown in Figure 6. The network is divided into a downsampling connection network
and an upsampling connection network. In total, three layers of convolution operations
are performed to complete the multi-scale feature extraction and channel splicing fusion.
The downsampling network extracts more abstract and high-level pseudo-image features
through convolution while reducing the spatial resolution. The upsampling network keeps
the feature image size aligned with the original pseudo image through deconvolution.

Before the global self-attention mechanism module extracts the context features, it is
essential to further express the pseudo-image features (X = x1, xy, ..., X ) extracted by the
“pillar” mathematically to form a connection graph G = (v, ¢). The node set in the graph
v = (x1,x2,..., %, € R°) is composed of pseudo-image features, connecting the nodes
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in pairs to form an edge set ¢ = rij € RN, i =1,..., n,j =1,...,n), where the edge rij
represents the relationship between the i-th node and the j-th node, and the N, space is the
total number of attention maps. After obtaining the feature node set v from the attention
module, the edge set ¢ will be calculated. This method of representing point cloud features
as nodes in the connection graph will transform the process of aggregating global context
information into a process similar to tracing the information transfer between nodes on the
connection graph, which is more conducive to extracting high-order interactions between

global cloud points.
64 64 128
Conv Deconv
H'/2 H'/2
Y W2 wW'/2
Convi 128 384
Concat
W' Deconv  E—
ol ==l M
w'/ w'/2
n W'/2
Co V 128 / SSD Head
Deconv
m —
H'/2
W2

Figure 6. Spatial feature extractor based on the CNN backbone network.

As Figure 7 shows, based on the global self-attention mechanism module, the pro-
cessed feature map is mapped to the query vector Q, key vector K, and value vector V
through the linear layer, where V represents the input feature, and K and Q are used to
compute the importance of the feature in the attention map. We calculate the similarity dot
product between query element q; and each key kj—1., to obtain the weight:

f(Q/Ki)/ i:1,2,...,1’l

F(QK) = LK @)
7 1N \/5
We use the softmax function to normalize these weights and convert them to attention
weights w;:

of (QK:) 15 o

W= A o vi= L4, m

COXLfQK))

The pairwise interaction terms r;; = w;;v; in the connection graph are calculated using
the attention weights. The cumulative global context information of each node vector
a; is the sum of these pairwise interaction terms. Multiple parallel attention heads can
independently extract channel dependencies. Concatenating this cumulative global context

vector across attention heads produces the final output u?:l:Nh of node i, passes it through
a linear layer, normalizes using layer normalization, then uses x; of the original input
feature map to perform residual calculation connection F(x;) + x; to calculate the result of
the global self-attention mechanism module.
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Multi-Head Attention Map

Connection cross head

Linear layer

% [%K f%v /
Linear layer Linear layer Linear layer Aggregate

T b contextual information

Figure 7. Context-aware self-attention mechanism module.

3.3. Late Fusion: CLOCs

The method used in the late fusion stage is Camera-LiDAR Object Candidates Fusion
Networks (CLOCs), which is the first decision-level fusion method based on deep learning
in a strict sense. According to the principle that the detection results of different sensors for
the same object will be consistent in geometry and semantics and the selection of candidate
detection results may be wrongly suppressed by a single-modal method, CLOCs use the
probability drive to choose the spatial position and category semantics of 2D detection boxes
and 3D detection boxes, obtaining more accurate detection results. Geometric consistency
holds that if an object is detected simultaneously in both 2D and 3D, there will be at least
one highly overlapping bounding box on the image plane. It is difficult for a single-modal
false alarm object to have a bounding box in multiple modes at the same time, so the
geometric consistency can be quantified based on the intersection-over-union (IOU) ratio
between the 2D and 3D candidates projected onto the 2D plane to judge whether a false
alarm occurs. Semantic consistency can be considered as the ability of a single modality to
detect multiple objects, but CLOCs perform association fusion on the same type of object.

The main network structure of CLOCs is shown in Figure 8. For data in KITTI, 2D
candidates and 3D candidates are defined as follows:

p2D — (2D 2D 2D} 4)
PP = {[xi,yin, xi2 Yia) 570} ©)
p3D — {0, 20, 3} (6)
P1-3D = {[hil wi, li/ Xi, YirZis Bi]’S?D} (7)

k 2D candidates and 7 3D candidates will be encoded into a k x n x 4 tensor, and each

element Tj; corresponds to four channels:
2D 3D

T; = {I0Uy;, $?°,s7P, d;} (8)

In the formula, IOUj; is expressed as the intersection-over-union, which is calculated

from the i-th 2D candidate result and the j-th 3D candidate result, which is the concentrated

expression of geometric consistency. s?” is the confidence of the corresponding box, s3°

is the confidence of the corresponding box, and d]- denotes the normalized distance from

the j-th 3D candidate bounding box to the ground Oxy. This representation can easily
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eliminate tensors with low IOU values to reduce false alarms. T is processed by four
convolution layers to produce a tensor of size 1 X p x 1. Then, a tensor Ty, of size k x n x 1
is constructed by filling p output elements with reference to the position index (i, j) of the
input tensor. Finally, by max-pooling the first dimension of the tensor T,,; to map it with
the expected target of the probability score of 1 x n, the final fusion result will be selected.

For %th 2D detection and Jex 3D detection that has non-

% zero IoU; ;, fill (4,5) with T, leave other places empty

k 2D detections: P20 \
For p non-empty elementsg
2"/ Zorp non-empry eemes”
G (Ix px4)
k 4

Conv2D

n
/ (kxnxd)
gmooomessssscseseoo Sparse input tensor T
\ pnon-empty !
1 elements” indices |

.................. (1x px18)

v

n 3D detections:  p3°

Tcul
Conv2D
Build tensor T, of (K x nx1)
@ @ shape by filling p outputs based on
their indices.
n predicted Squeeze MaxPool
Conv2D Conv2D
scores for n 3D 4—51— —
detections @ @ 5
n
(Axnx1) (kxnx1) (Ix px1) (1x px36) (1x px36)

Figure 8. The main network structure of CLOCs is as follows: (1) 2D and 3D detectors propose
non-NMS candidate boxes, respectively, (2) the candidates of these two modalities are encoded
into sparse tensors, (3) 2D convolution is used to complete the corresponding feature fusion, and
(4) the processed tensor is mapped to the desired learning target through max-pooling, which is
the probability score mapping. The process of encoding the candidates of the two modalities into a
sparse tensor requires generating joint detection candidates of the same object.

In this paper, the late fusion method uses the focal loss function for object classification.
This loss function adds a factor (1 — p;)7 to the standard cross-entropy, making the model
more focused on a small number of target categories and increasing the weight of misclassi-
fied samples in order to correct the category imbalance and ameliorate the generalization
performance of this network. The standard binary classification Cross Entropy (CE) loss
can be expressed as follows:

—logp, y=1
CE(p,y) = 9
(p-¥) {—log(l —p), others ©)

In the formula, y represents the true class: “1” for the positive class and “0” for the
negative class. p € [0,1] is the predicted probability of the model for the label y = 1 class.
For notation convenience, we defines p; as follows:

P y=1
10
Pt{l —p, others {10

Then, the CE can be expressed as follows:

CE(pt) = —(ar)logp: (11)

The focal loss is as follows:

FL(pt) = —(at)((1 — pe)")logpt (12)

We set («); = 0.25, v = 2 in the experiments to train.



Electronics 2024, 13, 3512

14 of 19

4. Experimental Results
4.1. Experimental Environment

To verify the advantages of the 3D object detection network based on the multi-layer
and multi-modal fusion method (3DMMF) compared with other methods, we will perform
an experimental evaluation of the KITTI dataset. The KITTI dataset is currently one of
the world’s largest computer visual public evaluation datasets for autonomous driving.
The full dataset consists of 389 pairs of stereoscopic images and optical flow maps, 39.2 km
visual ranging sequences, and more than 200,000 images with 3D labels, sampling, and
synchronization at 10 Hz. This is currently one of the most authoritative platforms for
verifying the performance of computer vision techniques. The KITTI dataset is slightly
different from other public datasets, because each sensor coordinate system is set based on
the driver.

The detection results are generated by the KITTI evaluation indicator plugin in Open-
PCDet. The backbone network used in 3DMMEF is PointPillars, the size of the pillar is
0.16 x 0.15 x 4, the maximum number of cloud points in the pillar is 32, and the maximum
number of pillars is 16,000 in the training set and 40,000 in the validation set. The Adam
optimizer with an initial learning rate of 3 x 1072 is used to update the variables to prevent
the late learning rate from becoming too large and the result not converging. Since the
global self-attention mechanism will consume significant GPU memory resources, the batch
size is set to 1, and the maximum training is 80 rounds.

4.2. Detection Results and Analysis

We evaluate the performance of our method, the LIDAR-only method, and the single-
stage fusion method on the KITTI dataset. Table 1 shows that 3DMMEF has a better per-
formance on the car class in all three difficulty indicators compared with the single-stage
fusion method MV3D, F-PointNet, AVOD, PI-RCNN, and F-ConvNet, performing best
in the easy and difficult levels. As shown in Figure 9, the detection frames generated
by PointPillars after encoding using the original PointPainting method and our method
are compared under the 3D point cloud scene and the corresponding image, respectively.
It can be seen intuitively that the prediction confidence in PointPainting is improved in
3DMMF. Compared with the LIDAR-only method, it also has certain advantages, especially
compared with the baseline method PointPillars. Our method greatly improved all the
indicators, and the average mAP increased by 6.3%.

Table 1. Comparison of performance on the car class of the KITTI dataset

Car
Model Map : o
Easy Medium Difficult

MV3D 62.85 71.09 62.35 55.12
MV3D (LIDAR) 56.94 66.77 52.73 51.31
F-PointNet 71.26 81.20 70.39 62.19
AVOD 65.92 73.59 65.78 58.38
PI-RCNN 76.41 84.37 74.82 70.03
SECOND 74.33 83.13 73.66 66.20
VoxelNet 66.77 77.47 65.11 57.73
PointRCNN 76.25 85.29 75.08 68.38
PointPillars 73.59 80.36 73.64 66.79

3DMMEF (ours) 79.89 87.45 7748 74.74
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PointPainting

3DMMF

Figure 9. Prediction confidence of PointPainting and 3DMME.

4.3. Real-Time Comparison

In terms of processing time, we divide the processing time of 3D object detection into
two parts. One is the pre-transmission waiting time, which is the point cloud processing
time before 3D detection. In PointPainting, it is the time for the algorithm to complete
2D image semantic segmentation and global encoding. In FRD, it is the time required for
YOLOVS to complete 2D image object detection and local encoding. The other is the 3D
detection time, which is the time at which the serial 3D detection network receives the
encoded point cloud to complete the 3D object detection task. A comparison of processing
times is shown in Table 2.

Table 2. Comparison of processing times.

Model Pre-Transmission Time 3D Detection Time Total Processing Time
PointPillars N/A 0.0202 0.0202
SECOND N/A 0.0626 0.0626
Frustum PointNet 0.0204 0.1304 0.1508
MV3D N/A 0.4473 0.4473
AVOD N/A 0.1347 0.1347
PointPainting 0.4385 0.0563 0.4948
3DMMEF (ours) 0.0204 0.0577 0.0781

The proposed method has the highest detection efficiency in the two-stage fusion
method, while it has a good balance between detection accuracy and detection efficiency.
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Compared with PointPainting, the improvement is very significant, which is brought about
by transferring the image segmentation task to image detection and reducing the load
of the pre-transmission task. The average pre-transmission waiting time is reduced by
95.35%. The total processing time is lower than the 3D detection time using the pipeline
PointPainting method, and the real-time performance of 3DMMF can meet the needs of
automatic driving.

A comparison of the effect obtained using our method and the original method is
shown in Figure 10. Figure 10a,b show that, in PointPainting, a object false alarm of the
car obviously appears on the left and near the LiDAR. This is because the semantic mask
features of the image are very prominent, and the noise after 2D segmentation is transmitted
to the point cloud. Figure 10c shows that there are false alarms, missing alarms, and objects
in the wrong direction. Our method can retain the RGB color information in the frustum,
and the boundary information of the target can be more accurately represented by the color
drop to eliminate the problems above.

PointPainting PointPainting PointPainting

3DMMF

@ (b)

Figure 10. The effects obtained by PointPainting and 3DMMEF in the figure: (a,b) In PointPainting, a
object false alarm of the car obviously appears on the left and near the LiDAR. (c) In PointPainting,
there are false alarms, missing alarms, and objects in the wrong direction.

4.4. Ablation Study

The proposed fusion method aims to fuse 2D and 3D information in multiple stages.
Compared with the LIDAR-only baseline method PointPillars or the single-stage fusion
method PointPainting, the multi-layer multi-modal fusion method can effectively improve
the problem of perspective misalignment and feature mismatch. In the ablation experi-
ments , the effectiveness of FRP local encoding in the early fusion stage, the self-attention
mechanism in 3D object detection to extract contextual information, and the probability-
driven decision fusion of CLOCs in the late fusion stage are demonstrated, respectively,
as shown in Table 3.

Table 3. Comparison of performance in ablation experiments.

Model FRP FSA CLOCs mAP Car
Easy Medium Difficult
PointPillars 73.59 80.36 73.64 66.79
PointPainting 73.46 79.42 73.67 67.28
v 74.83 80.78 74.12 69.59
v 77.49 85.09 75.18 72.21
Model v 75.62 82.26 76.12 68.49
v v 79.62 87.34 77.16 74.35
v v v 79.89 87.45 77.48 74.74
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5. Conclusions

The application and development of unmanned systems can be further promoted by
studying and solving the existing problems of perception systems. In this paper, we propose
a 3D object detection network based on the multi-layer and multi-modal fusion method to
ameliorate the problems of perspective dislocation and heterogeneous feature mismatch,
which are difficult to solve for the single-stage fusion method and LiDAR-only method.

In the early fusion stage, the partial sequential fusion encoding method, Frustum RGB
PointPainting (FRP), is used to locally paint and encode the point cloud in the frustum
formed by the 2D detection frames. Then, the 3D object detection backbone network
adopts PointPillars using the context-awareness module, which integrates the global self-
attention mechanism to overcome the high false alarm rate caused by the multiplication
of parameters after encoding point cloud and the difficulty of extracting global point
cloud features. In the late fusion stage, 2D and 3D candidate boxes are encoded as two
sets of sparse tensors before significant suppression occurs. The final 3D object detection
result is obtained using CLOCs to improve the overall accuracy of 3D object detection
by taking advantage of the geometric space and semantic consistency of the 2D and 3D
object detection results. Experiments were performed on the KITTI dataset, and the results
demonstrate the effectiveness of this approach. Compared with the baseline method,
PointPillars, the 3D object detection accuracy is significantly improved, and the average
mAP is increased by 6.3%. Compared with the original early fusion method PointPainting,
the detection efficiency of 3SDMMF is improved by 84.22%, allowing the detection accuracy
and efficiency to reach a more appropriate balance. Compared with other single-stage
fusion methods or LiDAR-only methods, our method has obvious advantages. This multi-
layer and multi-modal fusion method contributes to the development of sensor fusion to a
certain extent.
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