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Editorial
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Manufacturing and measurement sensors are an integral part of advanced manufac-
turing technology, which requires sensors that can precisely capture and analyze various
physical parameters during the manufacturing process [1]. These sensors have demon-
strated remarkable achievements in the field of advanced manufacturing, especially in
ensuring product quality and improving production efficiency [2,3]. However, the applica-
tion of these sensors in the manufacturing domain has been accompanied by challenges.
One of the main challenges is the complex and variable manufacturing environment, which
requires sensors to maintain high reliability, stability, and accuracy under various adverse
conditions [4]. Indeed, despite their widespread use, manufacturing and measurement sen-
sors often face difficulties in adapting to extreme temperatures, high pressures, and strong
electromagnetic interferences, which may affect the accuracy of the measurement data [3].
This situation raises concerns, especially in industries where high-precision manufacturing
is crucial, as accurate sensor data are essential for ensuring product quality and process
control [5].

In this regard, the development of advanced sensor technologies and intelligent
algorithms has become a key focus in this field. For example, the emergence of smart sensors
with self-calibration, self-diagnosis, and self-adaptation functions can effectively improve
the performance of sensors in complex environments [6–8]. In particular, these advanced
sensors and algorithms are designed to improve adaptability and accuracy in sensing
applications, aiming to better meet the needs of modern manufacturing processes [9].
The primary objective is to enhance the reliability and effectiveness of manufacturing
and measurement sensors in complex industrial scenarios [10]. This is of the utmost
importance in modern manufacturing, where such improvements can have a significant
impact, reducing production costs, improving product quality, and enhancing overall
competitiveness [11]. In this context, several advanced sensor-based applications have
been emerging in manufacturing, with applications in intelligent manufacturing systems,
quality monitoring and control, and machine vision-based inspection [12–14].

Furthermore, the continuous expansion of the Internet of Things (IoT) in the industrial
field has led to an increase in the availability of data from interconnected sensors. This
rich data source provides a solid foundation for training and optimizing sensor-related
models [15]. In addition, recent advances in sensor-manufacturing materials and processes
have also improved the performance of sensors, which enable them to better meet the
diverse requirements of modern manufacturing [16].

Sensors 2025, 25, 454 https://doi.org/10.3390/s25020454
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In this context, this topical collection includes eleven papers focused on the latest
advancements in the field of manufacturing and measurement sensors. Each of the papers
underwent a rigorous review process by multiple expert reviewers across several rounds
of revision. The studies published in the current topical collection cover a wide range of
topics, including advanced measurement sensors, measurement and sensing applications,
manufacturing systems, applications of sensors in intelligent logistics equipment, quality
monitoring and control, machine vision and applications, and methods of detection. The
following provides a brief summary of these studies:

In Contribution 1, Luo, L. et al. introduce a high-precision capacitive pressure sensor
for TPMS. By leveraging a CMUT structure and silicon–s ilicon bonding, the sensor achieves
high accuracy, ultra-low power consumption, and cost-effectiveness. Rigorous tests show
that it can precisely monitor tire pressure, ensuring automotive safety and reliability, which
is crucial for the automotive manufacturing industry.

In Contribution 2, Wu, B. et al. explore the roundness of small cylindrical workpieces.
Using the stitching linear scan method, they compare ruby ball and diamond styluses.
Their experiments reveal that the ruby ball stylus is more suitable for small needle rollers,
offering practical guidance for small-scale manufacturing quality control processes.

In Contribution 3, Zhu, Y. et al. develop a dual-band binocular stereo-imaging sys-
tem. Integrating infrared and visible light capabilities, it can accurately measure distances
and recognize objects. This system has proven effective in complex industrial environ-
ments, making it valuable for large-scale product inspection and robotic operations in
intelligent manufacturing.

In Contribution 4, Du, B. et al. propose a 2D FSM angle measurement system based
on diffuse reflection. The system can achieve large-angle, linear measurements with high
precision. In optical equipment manufacturing, this allows for the accurate adjustment of
optical components, which is essential for ensuring the quality of optical products.

In Contribution 5, Zhu, Y. et al. present a four-step infrared image algorithm. Through
image segmentation, stretching coefficient calculation, layer separation, and image fusion,
it significantly improves image quality and processing speed. This algorithm is effective in
detecting defects in manufacturing processes, enhancing quality monitoring.

In Contribution 6, Roos-Hoefgeest, S. et al. establish a laser profilometer simulation
model. By incorporating Perlin and Gaussian noise to mimic real-world speckle interfer-
ence, the model accurately represents surface geometries. It serves as a powerful tool for
sensor design and evaluation, which helps to improve measurement accuracy.

In Contribution 7, Yin, Y. et al. combine GNSS and IMU data using error state Kalman
filtering and smoothing. This approach effectively reduces errors and enhances localization
accuracy. In manufacturing logistics and automation, it ensures the precise positioning of
equipment and products, which improves operational efficiency.

In Contribution 8, Jin, S. et al. analyze RV reducer rotation errors through deep
Gaussian processes. Their analysis identifies key factors affecting reducer performance. In
high-precision manufacturing, this knowledge helps manufacturers improve the reliability
and accuracy of RV reducers.

In Contribution 9, Shao, Y. et al. put forward a point-cloud-driven pallet pose method.
This method increases pose estimation accuracy by 35% and reduces feature extraction time
by 30%. In manufacturing logistics, it strengthens the stability of the system, enhancing
overall logistics efficiency.

In Contribution 10, Lyashenko, I.A. et al. design a high-precision tribometer. By
overcoming motor backlash and signal drift, it can accurately measure adhesive contact
forces. This is crucial for optimizing bonding processes in manufacturing, especially in
electronics and composite material production.
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In Contribution 11, Chen, X. et al. introduce a 3D metrology method using anamorphic
lenses. Based on double optical centers, this method can efficiently reconstruct 3D data.
This method simplifies manufacturing inspection processes and also has applications in car
navigation systems, which expands its utility to different fields.

In summary, this topical collection addresses various crucial challenges and advance-
ments in the field of manufacturing and measurement sensors. It introduces innovative
sensor designs, advanced algorithms, and novel applications, which have great potential
for enhancing manufacturing efficiency and product quality. We are extremely grateful to
the Managing Team of Sensors journal for their unwavering support during the compilation
of this collection. We also sincerely thank all the contributing authors for their excellent
research, as well as the anonymous expert reviewers. Their dedicated efforts have been in-
strumental in ensuring the high quality of the selected submissions, making this collection
a valuable resource for the industry.
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Abstract: Tire pressure monitoring systems (TPMSs) are essential for maintaining driving safety
by continuously monitoring critical tire parameters, such as pressure and temperature, in real time
during vehicle operation. Among these parameters, tire pressure is the most significant, necessitating
the use of highly precise, cost-effective, and energy-efficient sensing technologies. With the rapid
advancements in micro-electro-mechanical system (MEMS) technology, modern automotive sensing
and monitoring systems increasingly rely on MEMS sensors due to their compact size, low cost, and
low power consumption. This study presents a novel high-precision capacitive pressure sensor based
on a capacitive micromachined ultrasonic transducer (CMUT) structure and a silicon–silicon direct
bonding process. The proposed design offers exceptional performance with high accuracy, ultra-low
power consumption, and reduced production costs, making it an optimal solution for enhancing
the precision and efficiency of TPMS. Leveraging its low power requirements, capacitive sensing
technology emerges as a superior choice for energy-efficient systems in the automotive industry.

Keywords: MEMS; tire pressure monitoring system; capacitive; silicon–silicon bonding; ultra-low
power consumption

1. Introduction

TPMSs are essential for real-time monitoring of tire temperature and pressure, offering
timely warnings about air leaks, low pressure, or high temperatures to pre-emptively signal
deteriorating tire conditions and ensure driving safety. Additionally, maintaining optimal
tire pressure is crucial for prolonging tire life, minimizing wear on the suspension system,
improving fuel economy and CO2 reduction [1–3]. This study introduces a micro tire pressure
monitoring system characterized by ultra-low power consumption and high precision. The
system aims to rectify the inadequate pressure measurement accuracy of existing sensor
chips [4,5], enhancing measurement accuracy up to ±0.01 Bar (1 kPa) with a working current
at the nanoampere level. This breakthrough is a direct result of advancements in integrated
circuit (IC) technology and micro-electro-mechanical system (MEMS) technology, which allow
for the production of highly precise micromechanical structures on a large scale [6,7]. The
CMUT technology, driven by MEMS advancements, leverages semiconductor manufacturing
processes to facilitate the mass production of transducers. This development guarantees the

Sensors 2024, 24, 8037. https://doi.org/10.3390/s24248037 https://www.mdpi.com/journal/sensors5
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high reliability, uniformity, and cost-efficiency of the products, offering a solution for creating
large-scale two-dimensional array devices for ultrasonic transducers [8,9].

This article introduces a cutting-edge, high-precision capacitive pressure sensing tech-
nology based on a CMUT structure. Utilizing the latest advancements in MEMS and wafer
bonding techniques, the proposed scheme employs a capacitance detection-based pressure
sensor [10]. The design incorporates an array cavity structure that provides precise and
reliable tire pressure monitoring. The sensor stands out for its high measurement accu-
racy, robust stability, quick response time, and low power consumption, all packaged in a
compact size with outstanding environmental adaptability. The theoretical accuracy of this
system is pinpointed at ±0.01 Bar (1 kPa), while achieving ultra-low power consumption.
Capacitive sensors, such as the one described here, are especially suited to low-power sys-
tems due to their power-efficient measurement principles, offering marked improvements
in precision, energy efficiency, and noise reduction over resistive pressure sensors, which
do not require a DC current bias. Notably, this capacitive tire pressure sensor is designed
for up to 10 years of continuous operation, maintaining ultra-low power use throughout its
extended service life [11,12].

2. Materials and Methods

The design of CMUT devices is heavily influenced by the choice of membrane shape,
with common geometries including square, circular, and regular hexagonal. The anisotropic
nature of silicon wafers in wet process technology usually results in square membrane
structures, as this method typically produces square cavities. Despite the higher plot
ratio appeal of regular hexagonal structures, both square and hexagonal films can lead
to reduced manufacturing yields. This reduction is due to uneven stress distributions
that occur during processing, which can affect device sensitivity. Square membranes, in
particular, are susceptible to stress concentration at their sharp corners, potentially causing
membrane rupture and thus yield loss. To mitigate these challenges, a circular thin-film
structure has been proposed as a viable alternative [13–16]. The optimal CMUT unit,
as structured in a top-down arrangement in Figure 1, includes an upper electrode, an
insulation layer to prevent Ohmic contact, the core vibrating film, a cavity, peripheral
support for structure and fixation, another insulation layer, a supportive substrate plane,
and a lower electrode. Ri is the radius of insulation layer, and re is the radius of top
electrode. This design approach aims to minimize stress concentration, thereby enhancing
device performance and production yield [7,16–18].
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2.1. Parallel Plate Capacitance Model

CMUT can be seen as a parallel plate capacitor with a moving upper plate and a fixed
lower plate. According to the unit structure and working principle of CMUT, the membrane
can be seen as the upper moving plate, and CMUT can be equivalent to a parallel plate
capacitance model composed of a mass block, spring, and parallel plate capacitance, as
shown in Figure 2. m is the mass of the mass block; k is the spring elasticity coefficient; V is
the DC bias voltage applied to the film and substrate; g0 is the original cavity height, and x
is the initial displacement of the film under DC bias voltage.
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The force analysis of the upper plate can be obtained from Newton’s second law:

Fmass + Fe + Fs = 0 (1)

Among them, Fmass represents the total external force applied to the thin film; Fe
represents the electrostatic force between two parallel plates caused by applied bias, and Fs
is the spring restoring force. The expression for electrostatic force Fe is [17,19,20]

Fe = − d
dx

(
CV2

2

)
= −1

2
V2
[

d
dx

(
ε0 A

g0 − x

)]
=

ε0 AV2

2(g0 − x)2 (2)

where A is the equivalent area of the capacitor; ε0 is the vacuum dielectric constant with a
value of 8.854187817 × 10−12 F/m. The spring restoring force Fs can be expressed as

Fs = −kx (3)

2.2. Working Principle

The schematic diagram of the CMUT unit structure used for pressure measurement
is as follows in Figure 3 [16,21]. The effective radius of the pressure silicon film is rm; the
thickness is h, and it is used as a pressure sensing element. The height of the vacuum
chamber is d0, and the silicon substrate is used as the bottom electrode of the CMUT. When
external pressure is applied to the CMUT capacitive structure, the d0 decreases, leading
to an increase in capacitance. As a result, any applied pressure causes a corresponding
change in capacitance.
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The resonant characteristics of the pressure film in a capacitive pressure sensor based
on the CMUT structure depend not only on its mechanical properties and geometric shape
but also on the DC bias and measured pressure. When a DC bias voltage Vbias is applied,
the membrane deflects towards the bottom plate, causing a shift in the resonant frequency
of the membrane. Research has shown that within a lower bias voltage range, the resonant
frequency varies linearly with pressure. If a bias voltage is applied to the electrode, the
relationship between the resonant frequency and the pressure acting on the membrane
under bias voltage is as follows:

fp = f0(a − bP) (4)

f0 =
0.83
rm

√
Eh3

m(1 − v2)
(5)

In Equation (4), fp is the resonant frequency under applied pressure P; f0 is the natural
frequency of the membrane, shown in Equation (5) [21,22], and a and b are two coefficients
determined by the mechanical properties and geometric shape of the membrane, as well
as the bias voltage Vbias. a reflects the influence of DC bias voltage on resonant frequency,
while b determines the resonant frequency shift caused by pressure P under bias voltage.
The corresponding pressure sensitivity is defined as follows:

SP =
1

a f0

∂ fP
∂P

= − b
a

(
ppmPa−1

)
(6)

Under the same external pressure, the membrane achieves a greater resonance fre-
quency shift under DC bias. Compared with membranes without DC bias voltage, known
as under bias voltage, pressure will cause greater changes in membrane offset and stress,
which can be analyzed by the following two formulas [21,22]:

∆w0(Vbias , P) =
∆P

64[D − Q1r4
m/(42d0)]

(
r2

m − r2
)2

(7)
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∆w0(P) =
∆P

64D

(
r2

m − r2
)2

(8)

Q1 =
ε0V2

bias
2d2

0
(9)

D =
Eh3

12(1 − v2)
(10)

∆w0 is the deflection change in the clamping film; ∆P is the pressure change, and Q1
represents the effect of the applied bias voltage Vbias in Equation (9) [21]. D represents the
flexural stiffness of the CMUT membrane, which is often modeled as a thin plate. The
stiffness D is given in Equation (10), where E is the Young’s modulus of the membrane
material; h is the thickness of the membrane, and v is the Poisson’s ratio [21].

Equation (7) describes the change in membrane deflection caused by pressure when a
bias voltage is applied, while Equation (8) represents the membrane deflection due only to
measured pressure. As a result, DC-biased CMUTs achieve an amplified frequency shift,
enhancing pressure sensitivity. Under identical pressure conditions, the biased membrane
exhibits greater deflection than the unbiased membrane, resulting in a more pronounced
frequency shift. Thus, DC-biased CMUTs can achieve amplified frequency shifts, improving
pressure sensitivity [21–28].

2.3. Manufacturing Process

The fabrication of CMUTs hinges on two pivotal processing techniques. The first
technique, known as the sacrificial layer release process, is the cornerstone of traditional
CMUT manufacturing process. The second key process in CMUT production is wafer
bonding technology, an approach refined alongside advancements in MEMS technology.

The two primary CMUT manufacturing processes each present distinct advantages.
The sacrificial layer release process is well suited for initial stages of CMUT fabrication,
while wafer bonding technology offers a more advanced, cleaner, and controlled approach
for creating superior CMUT devices [7,18].

Traditional CMUT manufacturing relies on the sacrificial layer release method. De-
spite its widespread adoption, it has several limitations including a complex process flow,
inconsistency in cavity size and distribution, and a high potential for contamination during
production. However, as manufacturing technologies have evolved, wafer bonding has
emerged as a preferred technique in recent years, addressing many of the issues associated
with the sacrificial layer release method. Wafer bonding not only streamlines the fabrica-
tion process but also produces more uniformly sized cavities with reduced contamination,
making it ideal for the production of large-area CMUT two-dimensional arrays. Conse-
quently, wafer bonding has become the method of choice for CMUT two-dimensional array
preparation [7,18].

Currently, wafer bonding techniques can be classified into direct bonding, anodic bond-
ing, and intermediate layer bonding as shown in Figure 4. Among these, low-temperature
direct bonding is deemed most appropriate for CMUT two-dimensional array fabrication,
as no intermediate layer is permissible when forming CMUT cavities. Options for bonding
without an intermediate layer often necessitate chemical or plasma activation, which can
complicate and hinder the bonding process. Thus, the simplicity and reliability of the
silicon–silicon direct bonding process have made it the preferred method for assembling
CMUT two-dimensional arrays [7,18,29–31].
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In our design, we have implemented a low-temperature direct bonding process aug-
mented by microcapacitor micro–nano technology. This approach has substantially in-
creased the yield and consistency of microcapacitor structures and concurrently reduced the
costs associated with manufacturing. For the CMUT pressure sensor assembly, silicon (Si)
has been selected as the material for the pressure sensing membrane, silicon dioxide (SiO2)
as the isolation and insulation layer, and aluminum (Al) as the electrode material [32–34].

The fabrication steps of the CMUT microcapacitor pressure sensing structure is de-
lineated in Figure 5. First, a suitable SOI (Silicon-On-Insulator) wafer is selected, and a
SiO2 (Silicon Dioxide) cavity is etched into the silicon, as shown in Figure 5a. Using a
low-temperature direct bonding process, an SOI-bonded silicon wafer is formed, as de-
picted in Figure 5b. Next, the silicon layer and oxide layer of the SOI substrate are removed,
resulting in a thin silicon film, as seen in Figure 5c. The insulation layer is oxidized; the
top metal electrode is prepared; isolation trenches are etched, and the oxide layer on the
back of the silicon is removed. Finally, the bottom electrode is fabricated to form an ohmic
contact, completing the device structure, as illustrated in Figure 5d. This process lever-
ages the uniformity of the SOI device layer, ensuring consistency in the sensor’s vibrating
membrane structure.

The following are key requirements for low-temperature direct bonding: Surface
Cleanliness: wafers must be free of contaminants for effective bonding; Surface Roughness:
roughness should be smaller than 0.25 µm for hydrophobic wafers and no more than 0.5 µm
for hydrophilic wafers; Total Thickness Variation (TTV): ideally around 2 µm; Surface
Activation: required to improve bonding success. The bonding process has two stages:
pre-bonding and high-temperature annealing. During pre-bonding, wafers are aligned
and weakly bonded. High-temperature annealing then forms covalent bonds, ensuring a
strong, permanent connection. Low-temperature direct bonding is used to bond the silicon
wafer to the SOI, following these steps: Cleaning: both silicon and SOI wafers are cleaned
with the RCA standard method to remove dust and residues that could hinder bonding;
Surface Activation: the cleaned surfaces are treated with O2 plasma to enhance bonding
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success; Pre-Bonding: at room temperature, the silicon and SOI wafers are aligned and
pre-bonded in a wafer bonder; High-Temperature Annealing: the pre-bonded wafers are
then annealed at 1050 ◦C in an inert gas for 20 h, creating strong covalent bonds between
the silicon and SOI. This process is essential for creating a stable, reliable bond between the
silicon wafer and SOI, crucial for the structural integrity of the final device [32–34].
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3. Results
3.1. COMSOL Multiphysics Simulation (COMSOL. Inc., Burlington, MA, USA)

The CMUT capacitive pressure sensor device design and parameters, which are
shown in Figure 6 and Table 1, respectively, akin to other MEMS devices, encompass the
integration of multiple physical field factors. To assess the sensor’s performance accurately,
it is imperative to employ robust tools capable of coupling analysis between these physical
fields. Such tools must meticulously delineate the interactions among the various physical
fields to ensure a comprehensive understanding of the sensor’s operational dynamics.
This detailed analysis is crucial for optimizing the sensor’s functionality and reliability
in applications.
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Table 1. Design parameters of CMUT pressure structure sample.

Structural Parameters Size

Membrane Radius (µm) 46
Membrane Thickness (µm) 2

Electrode Radius (µm) 23
Electrode Thickness (µm) 0.5

Cavity Height (µm) 0.2

Eigen frequency analysis is an essential step in understanding the displacement
vibration characteristics of CMUT thin films and identifying their resonant frequencies.
The resonant frequency serves as a critical parameter in evaluating the performance of a
CMUT device. Through the construction of a three-dimensional model of a CMUT and
examination of its characteristic frequencies, it is possible to discern the modal vibration
modes and the resonant frequency. This information is pivotal as it directly influences
the transducer’s efficiency and efficacy. A visualization of these modal patterns, typically
the first six modes of vibration, where the modes and frequencies shown in Table 2, can
be graphically represented and is often illustrated in technical figures to provide a clear
understanding of the CMUT’s operational dynamics, as shown in Figure 7 [35–39].

Table 2. The first six modes and frequencies of CMUT unit structure.

Mode Eigen
Frequency/MHz Mode Eigen

Frequency/MHz

First Mode 3.8412 Fourth Mode 13.648
Second Mode 8.2585 Fifth Mode 13.827
Third Mode 8.285 Sixth Mode 15.877
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Figure 7. Analysis of the first six modes of CMUT pressure sensing unit structure.

By maintaining a constant membrane thickness and adjusting the membrane radius,
we can analyze the resonance frequencies of a CMUT at various radii. This approach
enables us to observe how changes in membrane size affect resonance frequency, providing
valuable guidance for CMUT pressure sensor design optimization. By strategically adjust-
ing membrane radius, we can strike an optimal balance between sensitivity and operational
frequency, tailoring CMUT performance to meet specific needs.
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3.2. Testing

To evaluate the performance of the capacitive pressure sensor, the testing device
shown in Figure 8c was installed within a bicycle tire in Figure 8a, which generally operates
at pressures higher than those of automotive tires, thereby satisfying the pressure range
requirements for automotive applications. Standard mountain bike tires are rated for
pressures up to 2.8–4.5 Bar, while road bicycle tires can withstand pressures exceeding
6.8 Bar. The testing procedure began by creating a small opening in an intact, leak-free
inner tube of a bicycle tire. The pressure sensor was then inserted into a small hole, and
multiple layers of tire patch adhesive were then applied to ensure a secure and airtight
seal around the sensor. The sensor leads were carefully extended through the opening for
external connection. After allowing the patch adhesive to dry for 5–10 min, the inner tube
was inflated using a Michelin tire pump (Michelin, Shanghai, China) equipped with both
pressure control and display features in Figure 8a, facilitating accurate pressure monitoring
during testing. This testing setup provides a robust and controlled method for assessing
the pressure sensor’s accuracy and reliability under conditions analogous to those in
automotive tire environments.
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When measuring capacitance with a Keysight E4990A Impedance Analyzer (Keysight
Technologies, Santa Rosa, CA, USA) as shown in Figure 8b, an AC voltage ranging from
−20 V to +20 V is applied at a frequency of 1 kHz, which is far from the CMUT pressure
sensing design resonant frequency. The testing data are listed in Table 3.
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Table 3. Test data of CMUT pressure sensing structure for tire pressure measurement.

Pressure (Pa) Capacitance (F)

0 7.8578 × 10−10

55,000 7.9174 × 10−10

100,000 7.973 × 10−10

120,000 8.008 × 10−10

150,000 8.0452 × 10−10

180,000 8.0917 × 10−10

200,000 8.13093 × 10−10

230,000 8.1833 × 10−10

4. Discussion

In this CMUT pressure sensing array design, each unit features a pressure film with
a thickness of 2 µm and a cavity height of 0.2 µm within a 30 × 30 array structure. The
capacitive sensor’s nonlinear properties yield an average sensitivity of 154.6 aF/kPa,
indicating that sensitivity fluctuates with pressure changes. At 230 kPa and 35.56 fF,
maximum capacitance change is expected. At 1 kPa resolution, the calculation for the
minimum charge variation for a single CMUT unit capacitor at 1.5V is detailed in the study.

∆Q = ∆C · U (11)

The calculations reveal that the minimal change in capacitance due to pressure ap-
plication on a CMUT device corresponds to a displacement of 1449 electrons across the
capacitor plates, given the electron charge of 1.6 × 10−19 coulombs. To boost the system’s
sensitivity, a matrix of sensor units can be created by connecting multiple capacitor units in
parallel [40].

Moreover, CMUT technology offers benefits such as ease of mass production, circuit
integration, structural robustness, and reliable operation in adverse conditions, making it
exemplary for various applications.

Particularly for tire pressure monitoring sensors, the emphasis on power consumption
is greater than that on accuracy. CMUT pressure sensitivity and precision meet measure-
ment standards even without a bias voltage, significantly reducing power consumption.
This low-power mode of operation enables the sensor to last up to 10 years with a low
energy consumption, demonstrating CMUT potential for long-term, energy-efficient appli-
cations [40].

The pressure measurement sensitivity of the simulated data for the CMUT-based
pressure sensor designed in this study is 119 fF/kPa, with the result of the simulation
shown in Figure 9, while the actual measurement sensitivity for tire pressure data is
139 fF/kPa, testing results are shown in Figure 10. The close match between the simulation
and test data validates the design approach for the CMUT pressure sensor structure.

We utilized a CA-330PRO Dynamic Current Analyzer (Beijing Chipment Technology
Co., Ltd., Beijing, China) to measure the power consumption of the CMUT pressure sensing
device. The equipment specifications are as follows:

DC Voltage: from 0.0002 mV to 0.006 V;
DC Current: from 0.02 µA to 0.002 A;
Resistance: from 0.0002 Ω to 0.015 MΩ;
Figure 11 highlights the exceptionally low power consumption of the CMUT pressure

sensing device. The measured power is 1.47 µW, achieved with a supply voltage of 9 V
and a resulting current of 160 nA. This ultra-low power operation underscores the device’s
suitability for applications where energy efficiency is critical.
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The slope data presented in Table 4 show a clear dependence on the bias voltage. As
the bias voltage increases, the slope values also grow larger. This relationship demonstrates
that the slope is directly proportional to the pressure measurement sensitivity of the device.
Higher bias voltages result in improved sensitivity, making the device more effective in
detecting minute pressure changes.

Table 4. DC bias effect of the CMUT pressure sensing device.

DC Bias (V) Slope

0 1.16367 × 10−16

4 1.17213 × 10−16

8 1.194 × 10−16

12 1.30619 × 10−16

16 1.47752 × 10−16

20 1.6166 × 10−16

Figure 12 further supports this observation by illustrating the capacitance variation
in the CMUT pressure sensing device under different bias voltages. The results reveal
that as the pressure changes, the capacitance becomes increasingly sensitive, particularly
at higher bias voltages. This enhanced sensitivity is a direct consequence of the DC bias
applied to the CMUT, which optimizes its operational characteristics for precise pressure
measurement. The combination of the slope data and the capacitance behavior under
varying bias voltages underscores the effectiveness of DC-biased CMUTs in enhancing
pressure sensitivity. This makes them well suited for applications requiring high-precision
and low-power pressure sensing, such as medical diagnostics, industrial monitoring, and
other scenarios demanding real-time, ultra-sensitive pressure detection.
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5. Conclusions

Cost-Effective manufacturing through low-temperature direct bonding: The CMUT
pressure sensor is fabricated using silicon–silicon bonding technology, a method that com-
bines high sensitivity with low manufacturing costs. This technique not only ensures robust
structural integrity and excellent hermetic sealing but also simplifies the manufacturing
process, making it suitable for large-scale production. The cost advantages of silicon–silicon
bonding make CMUT sensors an economical choice for applications that require large sen-
sor arrays, such as industrial pressure monitoring and consumer electronics. Versatile
applications with ultra-low power consumption: The CMUT structure is highly versatile,
functioning both as an ultrasonic transducer and a pressure sensor. This multifunctionality
broadens its applicability across various fields, including medical ultrasound imaging and
pressure monitoring. Furthermore, its ultra-low power consumption makes it ideal for
devices with limited energy resources, such as tire pressure monitoring systems (TPMSs),
where battery life is critical. The CMUT’s low power requirements make it a valuable
component in the next generation of smart, autonomous systems that prioritize energy
efficiency. Integration potential in IoT and automotive systems: With its high sensitivity,
low power consumption, and cost-effective production, the CMUT pressure sensor is well
suited for integration into IoT-enabled and automotive systems. In automotive TPMS,
for example, CMUT sensors provide real-time pressure data with minimal power use,
enhancing safety without imposing additional strain on the vehicle’s electrical system. In
IoT applications, CMUT-based pressure sensors deliver precise, reliable data for smart
home systems, environmental monitoring, and industrial automation, contributing to more
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intelligent and responsive systems. With its advanced silicon fabrication, cost efficiency,
and versatile design, CMUT technology offers a powerful solution for high-performance,
affordable, and energy-efficient sensing applications.
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Abstract: To investigate the high-accuracy roundness metrology of a needle roller 1.5 mm in diameter
and 5.8 mm in length using the stitching linear scan method, a ruby ball stylus with a tip radius of
150 µm and a diamond stylus with a tip radius of 2 µm were employed to perform experiments under
the same conditions. The precision coordinate data, derived from the needle roller’s cross-sectional
circumference, were segmented into uniform eighths, each scanned with the stylus of a roughness
measuring machine. The roundness profile of the needle roller was obtained by stitching the arc
profiles, which were characterized according to the precision coordinate data of the arcs. The cross-
correlation function, Euclidean distance, residual sum of squares, position error, and curvature of the
measured arcs were used to evaluate the results, which can reflect the performance of the stylus. A
comparison of the results obtained using the ruby ball stylus versus the diamond stylus demonstrates
the ruby ball stylus’ greater suitability for use in the roundness metrology of the needle roller bearing
examined in this paper.

Keywords: roundness measurement; small cylindrical workpieces; ruby ball stylus; diamond stylus;
stitching linear scan method

1. Introduction

As fundamental components in manufacturing processes, cylindrical workpieces are
pivotal in various industrial fields, including agricultural machinery, intelligent automo-
biles, additive manufacturing, metallurgical industries, marine vessels, and microelectronic
processing [1–6]. Their multifunctionality makes them indispensable components within
mechanical systems, such as gears, rotating cylinders, crankshafts, and other precision
machines [7–9]. Among these, roundness serves as a critical quality control parameter
that significantly influences the functionality, performance, and lifetime of these compo-
nents [10–12]. An accurate roundness measurement not only validates compliance with
design specifications but also has a direct impact on product performance [13]. However,
current measurement techniques have limitations, particularly when it comes to accurately
evaluating small workpieces. Common roundness measurement methods include the
two-point method and the use of roundness gauges. These methods rely on the measure-
ment personnel’s skill and are susceptible to errors caused by workpiece eccentricity and
tilt, especially as the dimensions of the cylindrical workpiece being measured decrease,
complicating the accuracy of the roundness measurement. Workpieces less than 3 mm in
diameter present particular difficulties in this regard [14–16].

Over the years, many roundness measurement methods have been proposed. For
example, Ma Yu-zhen [17] introduced a spindle roundness measurement method based on
a capacitive scanning system that uses three capacitive displacement probes to eliminate
spindle errors through averaging effects, thereby achieving roundness error separation and
confirming the effectiveness of the measurement system. Bin Duan [18] proposed a novel

Sensors 2024, 24, 3819. https://doi.org/10.3390/s24123819 https://www.mdpi.com/journal/sensors22
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roundness measurement method based on single-probe scanning that simplifies mathe-
matical processing without requiring complex forward and backward Fourier transforms.
Through simulation analysis, the method’s feasibility and repeatability were verified, and
the roundness measurement’s accuracy was significantly improved. Jie Liang [19] intro-
duced a method for measuring roundness using a laser profile scanner and merging the line
point cloud data, using two-dimensional laser displacement sensors to collect line point
cloud data and merging them radially and circumferentially to achieve micrometer-level
high-precision measurement. Jiao Bai et al. [20] proposed a three-probe measurement
method based on error separation technology. They used the Monte Carlo method to
analyze the effects of sensor angle, off-axis distance, and harmonic suppression on error
separation. Using a spectral confocal displacement sensor for roundness measurement,
high-precision measurements in the sub-micron range were achieved. Erik Oertel [21]
proposed a roundness measurement method based on an atomic force microscope, which
enables the high-precision measurement of small, complex components through surface
scanning and stitching algorithms. Eiki Okuyama [22] proposed a combined method,
using the three-point method for roundness contour measurement and the integral method
for straightness contour measurement. Through the three-point method, the roundness
contour of the workpiece and the radial movement of the rotary table were separated,
and reverse filtering was used to restore the original roundness contour, thus ensuring
measurement stability. A Küng [23] proposed a roundness measurement method based
on a three-dimensional coordinate measuring machine, reducing the motion mass and
ensuring low isotropic stiffness through the innovative design of the flexible hinge–parallel
motion structure, further improving the roundness measurement accuracy. These methods
include the use of rotary scanning roundness testers, two-point or three-point methods, and
coordinate measuring machines. Although these methods have proven effective in many
cases, the influence of workpiece eccentricity on roundness measurement becomes more
pronounced when measuring small cylindrical workpieces, especially when the diameter is
less than 3 mm, making accurate measurement unattainable [24]. The non-contact measure-
ment methods proposed by relevant scientists, particularly that of roundness measurement
using spectral confocal technology, can eliminate the errors introduced by contact-based
measurements, improving measurement accuracy [25–28]. However, accurate measure-
ment remains a challenge, especially when dealing with small, weakly reflective objects.
Therefore, research into contact-based methods remains crucial. To overcome the diffi-
culties of measuring small-sized workpieces, relevant teams have proposed a stitching
linear scan method using hardware filters [29–34]. The efficient filtering of high-frequency
data and its impact mitigation have been achieved by replacing a diamond stylus with
a tip radius of 2 µm with a ruby stylus with a tip radius of 150 µm. This substitution
has allowed for the precise measurement of roundness in cylindrical rollers, which have
dimensions of 10 mm in length and 1.5 mm in diameter. A roundness profile was recon-
structed by splicing a series of circular arcs to derive roundness values, thereby facilitating
the high-precision measurement of small cylindrical workpieces. This method has been
shown to have exceptional measurement accuracy and repeatability for several critical
measurement outcomes during the assessment of small-sized workpieces, in contrast to
the conventional stitching linear scan method. Therefore, it is essential to investigate how
using different-sized styluses impacts the results of workpiece roundness measurement
through comparative analysis, especially for small-sized workpieces.

In this paper, experiments in roundness metrology were conducted on a small cylin-
drical workpiece, 1.5 mm in diameter and 5.8 mm in length, to investigate the efficacy
of the stitching linear scan method for measuring roundness, with both diamond and
ruby ball styluses employed, respectively. Quantitative analyses were conducted using the
cross-correlation function, Euclidean distance, residual sum of squares, position error, and
curvature. The measuring performance was evaluated by comparing the results obtained
with the ruby ball stylus to the results obtained with the diamond stylus.
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2. Principle and Experiments

The surface topography of the measured needle roller on a nano-scale can be con-
ceptualized as a form which can be reconstructed with coordinates. Thus, a profilometer
is employed to obtain these coordinates. As shown in Figure 1b, a Taylor Hobson Form
Talysurf PGI 420 (VirtualExpo, Marseille, France) roughness measuring machine, with
specifications shown in Table 1, is used to perform the experiments. As shown in Figure 1a,
the needle roller is attached with a rotating jig and positioned on a V-block mounted on a
multi-degree-of-freedom stage. Prior to conducting experiments, alignment through the
adjustment of the stage’s position around the X and Z axes must be achieved. As shown in
Figure 1c, the stylus of the roughness measuring machine scans across the needle roller sur-
face and returns to the initial position. Arc coordinate data can be obtained. Subsequently,
the rotating jig is manipulated to rotate 45◦, causing the needle roller to also rotate by 45◦,
after which the stylus performs a second scan to obtain the subsequent arc coordinate data.
This process is repeated until the entire cross-section circle has been scanned. As shown in
Figure 2, eight arc coordinate data are obtainable. Of note, there is an overlapping portion
for adjacent arc stitching.
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Table 1. The specification of Form Talysurf PGI 420.

Item Resolution (Z) Measuring
Range (Z)

Measuring
Range (X)

Sampling
Step (X)

Scanning
Speed

Value 3.2 4 120 0.125 0.1
Unit nm mm mm µm mm/s

As shown in Figure 3, two sets of experiments were conducted under identical con-
ditions. One employed a diamond stylus with a tip radius of 2 µm, while the other used
a ruby ball stylus with a tip radius of 150 µm. This enabled the characterization of arc
profiles through data processing. Figures 4 and 5 show the eight arc profiles characterized
according to the arc coordinate data obtained using a diamond stylus and a ruby ball
stylus, respectively.
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Figure 4. The eight arc profiles characterized according to the arc coordinate data obtained using the
diamond stylus.
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Figure 5. The eight arc profiles characterized according to the arc coordinate data obtained using the
ruby ball stylus.

The roundness profile of the needle roller is effectively reconstructed through the
assembly of the eight arc profiles. Figure 6 shows the arc profile transformation, from
the X-Z to the θ − ∆R coordinate system, which enhances the visualized matching of
adjacent arc profiles. Figure 6a,b show the matching of adjacent arc profiles from the
diamond and ruby styluses, respectively. The cross-correlation function serves to evaluate
the circumferential matching of the overlapping portions between adjacent arc profiles,
as defined in Equation (1). In this context, C represents the coefficient, g(θ) denotes the
plotted arc profile, and θ denotes the angular position of the arc profiles. The Euclidean
distance, as defined by Equation (2), evaluates the radial matching for the overlapping
portion between adjacent arc profiles, where ∆r is the difference between the radius and
the reference radius in accordance with each coordinate on each arc coordinate data.

Ci∼i+1 =
∫ ∞

−∞
gi(θ)gi+1(θ + ∆θi∼i+1)dθ (1)

Di∼i+1 =
1
nc

∑nc
i,j=1

√(
θi,j − θi+1,j

)2
+
(
∆ri,j − ∆ri+1,j

)2 (2)
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In general, a higher coefficient value is indicative of a superior circumferential align-
ment, while a smaller Euclidean distance is indicative of an improved radial alignment.

Only if both the circumferential matching and radial matching are good may the
matching be considered good. The roundness profile and its corresponding value are
affected by two types of roundness matching. A position error, θE, occurs during the
scanning with the diamond and ruby ball styluses, as shown in Figure 7(a1,b1). Therefore,
the trajectory of the stylus on the surface of the needle roller is not always a circle but
an ellipse. The position error can be calculated by Equation (3), where dmean is the small
cylinder’s diameter and aellipse is the ellipse’s long axis.

θE = dmean/aellipse (3)
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Figure 7. The evaluation of arc coordinate data quality: (a1,b1) the position error when scanning;
(a2,b2) the curvature of the arc obtained; (a3,b3) the high-frequency data of the arc obtained.

The quality of the eight arc coordinate data can be evaluated by calculating the mean
curvature K, as shown in Figure 7(a2,b2). The high-frequency data that can affect the
stitching of the adjacent arc profile, as well as the final roundness profile, can be calculated
by the residual sum of squares between the reference radius and radius in accordance with
each coordinate on each arc coordinate data, as shown in Figure 7(a3,b3).

3. Comparison Analysis

Two sets of roundness measurements were performed using a ruby ball and a di-
amond stylus, respectively, and the measurement performance of the two styluses was
quantitatively analyzed using the evaluation methods described above. Figure 8a shows
the coefficient for adjacent arc profiles, characterized by the arc coordinate data from the
ruby ball stylus, which has a mean matching value of 0.845. This value is lower than the
0.798 coefficient obtained from the diamond stylus, indicating a superior circumferential
alignment. Figure 8b shows that the mean Euclidean distance for the overlapping portions
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of adjacent arc profiles, characterized by the arc coordinate data scanned using the diamond
stylus, is 26.44 nm, which is greater than the 24.59 nm with respect to the ruby ball stylus.
This indicates that the stitched roundness profile obtained with the diamond stylus exhibits
a greater degree of deviation compared to that obtained when using the ruby ball stylus.
Figure 8c shows that the high-frequency data of the eight arc profiles with respect to the
ruby ball stylus are 14.55 nm, which is less than the result of 23.40 nm with respect to the
diamond stylus, indicating a smoother measured profile. As the fitting arc coordinates
obtain the arc profiles, the curvature and position errors can reflect the data from the eight
arc coordinates.
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Figure 8. The evaluation results of the diamond stylus and ruby ball stylus: (a) the histogram of
matching coefficient; (b) the Euclidean distance; (c) the high frequency data.

The accuracy of the stitching of a roundness profile can be affected by a number
of factors, including the matching coefficient of adjacent arcs, the Euclidean distance of
overlapping portions of arc profiles, and the high-frequency data of the profiles, with these
quantitative results presented in Table 2 for comparison. Figure 9 shows the final roundness
profiles for the needle roller, with dimensions 1.5 mm in diameter and 5.8 mm in length.
Figure 9(a1,b1) show the stitched roundness profile, as measured by the diamond stylus.
Figure 9(a2,b2) show the roundness profile following the integration of the overlapping
portion of adjacent arc profiles. Figure 9(a3,b3) show the roundness profile at the 50UPR
filter. Similarly, Figure 9(c1–c3,d1–d3) show the roundness profiles with respect to the ruby
ball stylus. Table 3 presents the quantitative data, which show that the ruby ball stylus’s
measurement data outperforms that of the diamond ball stylus.
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Table 2. The evaluation results.

Matching
Coefficient

Euclidean
Distance

High-Frequency
Data

Position
Error

Mean
Curvature

Diamond stylus 0.78 26.44 nm 23.40 nm 3.5◦ 1.335
Ruby ball stylus 0.85 24.48 nm 14.55 nm 2.3◦ 1.334

Table 3. The final diameter and roundness results.

Tip Radius Diameter of Needle
Roller

Roundness of Needle
Roller

Diamond stylus 2 µm 1.497 mm 0.16 µm
Ruby ball stylus 150 µm 1.499 mm 0.14 µm

4. Conclusions

A roughness measuring machine was employed in experiments on the roundness
metrology of a needle roller measuring 1.5 mm in diameter and 5.8 mm in length, using
the stitching linear scan method. The needle roller’s roundness profile was reconstructed
by stitching a series of arc profiles, according to the arc coordinate data obtained using
a diamond stylus with a 2 µm tip radius and a ruby ball stylus with a 150 µm tip radius.
The position error of the measurement and the curvature of the obtained arc were used
to evaluate the arc coordinate data quality. The mean matching coefficient of adjacent
arc profiles, the mean Euclidean distance of overlapping portions of adjacent arc profiles,
and the high-frequency data were calculated to evaluate the roundness profile stitching
quality. The results of the evaluation show that the arc coordinate data and roundness
profile, with respect to the ruby ball stylus, demonstrate greater accuracy compared to
the corresponding data from the diamond stylus. This indicates that the ruby ball stylus
is more effective for measuring the roundness of small-sized needle rollers. The final
roundness measurements of the needle roller, as determined by the diamond stylus and
the ruby ball stylus, were found to be 0.16 µm and 0.14 µm, respectively. However, as
the sole focus of this experiment was on the roundness measurements of a small needle
roller with a diameter less than 3 mm and a length less than 50 mm, using styluses with
different tip radii, other parameters, such as the stylus material, scanning speed, workpiece
radius, and scanning rate, were not examined. Consequently, the inferences derived from
this study are subject to certain constraints. In the future, experiments will be conducted
to explore the performance of different styluses in measuring the roundness of rollers of
various sizes. Additionally, experiments will be conducted to integrate other parameters,
including conducting experiments on small-sized workpieces using large-sized styluses at
low sampling rates.
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Abstract: With the continuous evolution of autonomous driving and unmanned driving systems,
traditional limitations such as a limited field-of-view, poor ranging accuracy, and real-time display are
becoming inadequate to satisfy the requirements of binocular stereo-perception systems. Firstly, we
designed a binocular stereo-imaging-perception system with a wide-field-of-view and infrared- and
visible light-dual-band fusion. Secondly we proposed a binocular stereo-perception optical imaging
system with a wide field-of-view of 120.3◦, which solves the small field-of-view of current binocular
stereo-perception systems. Thirdly, For image aberration caused by the wide-field-of-view system
design, we propose an ellipsoidal-image-aberration algorithm with a low consumption of memory
resources and no loss of field-of-view. This algorithm simultaneously solves visible light and infrared
images with an aberration rate of 45% and 47%, respectively. Fourthly, a multi-scale infrared- and
visible light-image-fusion algorithm is used, which improves the situational-awareness capabilities of
a binocular stereo-sensing system in a scene and enhances image details to improve ranging accuracy.
Furthermore, this paper is based on the Taylor model-calibration binocular stereo-sensing system of
internal and external parameters for limit correction; the implemented algorithms are integrated into
an NVIDIA Jetson TX2 + FPGA hardware framework, enabling near-distance ranging experiments.
The fusion-ranging accuracy within 20 m achieved an error of 0.02 m, outperforming both visible
light- and infrared-ranging methods. It generates the fusion-ranging-image output with a minimal
delay of only 22.31 ms at a frame rate of 50 Hz.

Keywords: binocular stereoscopic-perception system; wide field-of-view; infrared and visible light
fusion; image distortion

1. Introduction

In the field of autonomous driving, the primary methods for perception systems
currently include millimeter-wave radar perception, LiDAR perception, millimeter-wave
radar, and LiDAR fusion with visual perception, monocular vision, and binocular stereo
vision. Radar- and vision sensor-fusion methods involve the calibration of multiple sensors
in both time and space, transforming their acquired data into a common coordinate system,
followed by information processing. The authors in [1] used the radar sensor and visual
sensor approaches to investigate the vehicle environment. This approach is more accurate
in terms of the information obtained but it suffers from the complexity of calibrating
multiple sensors with inconsistent sensing ranges and becomes increasingly expensive as
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accuracy increases. Monocular stereo vision utilizes a single camera to project the three-
dimensional world onto a two-dimensional plane, resulting in a loss of depth information.
Monocular stereo vision systems assume static ground and solve for a dynamic camera
pose to achieve distance-measurement functionality [2–4]. R. Mur-Artal et al. [5] introduced
the ORB-SLAM monocular simultaneous localization and mapping (SLAM) system, which
exhibits robustness against significant motion noise and allows for wide baseline-loop
closure and relocalization but requires further improvements in depth accuracy. Raul Mur-
Artal et al. [6] presented ORB-SLAM2, a monocular SLAM system that employs bundle
adjustment to enhance depth accuracy and features a lightweight localization mode for the
efficient reutilization of disabled maps. Carlos Campos et al. [7] introduced ORB-SLAM3,
which employs comprehensive short-term, medium-term, and long-term data associations
to achieve zero drift in mapped areas. Compared to other methods, monocular stereo vision
systems offer the advantage of being small and lightweight. However, such systems can
only capture two-dimensional images and cannot determine distances to objects, leading
to issues with low ranging accuracy and poor environmental adaptability. Binocular stereo
vision, on the other hand, emulates the human visual system and leverages the principle of
disparity to acquire target features from different positions using detectors. This approach
establishes the relationship between corresponding pixel points in the image based on the
three-dimensional geometric positions of certain features on the spatial-target surface. This
process involves constructing a binocular stereo vision-imaging model to obtain model
parameters [8,9]. Binocular stereo vision is also referred to as passive binocular depth
sensing and offers improved robustness in depth computation compared to monocular
stereo vision. This technology also enables three-dimensional object recognition. Various
methods exist for obtaining real-world depth information in binocular stereo perception
systems, such as passive stereo [10], active stereo [11], time-of-flight imaging [12], and
defocus depth [13]. In this paper, the passive stereo method of binocular stereo systems
is employed.

With the advancement of industrial automation and machine vision, binocular stereo
perception systems have been widely researched and applied in various fields, including
vehicle driving [14], intelligent transportation [15], 3D reconstruction [16], virtual real-
ity [17], surveying, and rapid positioning [18]. In the realm of autonomous and assisted
driving [19], the first assisted-driving vehicle based on a binocular stereo vision system was
developed in Japan. This system processes images captured by two onboard cameras. Sub-
sequently, in Europe and the United States, autonomous driving vehicles were developed
based on binocular stereo vision. Notable examples include the NavLab series developed
at Carnegie Mellon University in the United States [20] (NavLab-1, NavLab-5, and NavLab-
11). These vehicles utilize binocular stereo vision for road environment detection and focus
on addressing challenging visual perception issues in complex environments. Silicon Valley
chip company Ambarella has developed binocular ADAS (Advanced Driver Assistance
Systems) and autonomous driving chips [21], as well as binocular stereo-specific chips
and solutions tailored to binocular vision systems, which act as valuable complements to
integrated chips. These specialized chips can handle a portion of the perception tasks at
the edge, creating a smaller and more efficient perception-decision loop.

With the evolution of deep learning, many researchers have proposed more efficient
and accurate binocular stereo algorithms. Sun et al. [22] introduced a multi-path Viterbi
(MPV) multi-scale fast stereo matching algorithm for generating dense disparity informa-
tion. Jure Bontar and others [23] trained a convolutional neural network (CNN) to predict
the matching degree between two image patches and used this CNN for binocular stereo
matching. The authors incorporated left–right consistency checks to eliminate errors in
occluded areas. However, their method was found to be ineffective in textureless regions.
Li et al. [24] introduced Stereo R-CNN, which takes binocular images as network inputs.
The authors extended Faster R-CNN to simultaneously detect and associate objects in left
and right images. Through the binocular FPN network, the authors predicted object key
points and sizes to generate coarse 3D object detection boxes. Finally, the authors used
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the region-based photometric correspondence method to refine fine-grained 3D detection
boxes. Tang et al. [25] used the YOLOv4-tiny model to generate boundary frameworks
and employed an adaptive stereo matching approach based on these boundaries. This
approach meets real-time detection requirements and exhibits high localization stability
and robustness under varying lighting conditions.

Autonomous driving vehicle is a kind of autonomous and automatic unmanned
vehicle, the vehicle not only needs to grasp the dynamic situation of nearby vehicles and
obstacles in real-time, but also needs to deal with the complex environment of night, haze,
and obstacles. The traditional driving system based on visible light is easy to fail in the
area of poor lighting conditions, unable to meet the all-weather needs of automatic driving
vehicles, infrared images are not subject to the interference of illumination, sun glare,
can penetrate smoke, haze, and other characteristics. The perception ability of automatic
driving vehicles can be further improved by fusion of visible light and infrared. Current
autopilots commonly use small field-of-view cameras, usually with a field-of-view of 40–60,
which limits the system’s perception of the external environment, and the field-of-view
and perception can be further improved to a wide-field-of-view technology with infrared-
and visible light fusion [26].

The field of autonomous driving places significant emphasis on important metrics such
as the field-of-view, ranging accuracy, and real-time display in binocular stereo perception
systems. This paper integrates the characteristics of visible light and infrared sensors to
design a wide-field-of-view binocular stereo imaging perception system using infrared-
and visible light-fusion . This system combines a wide-field-of-view binocular stereo
optical imaging system with a low-storage image distortion correction algorithm to achieve
imaging with a wide field-of-view and minimal distortion. Focusing on the features of
visible light and infrared images, this study employs a multi-scale fusion approach for
infrared- and visible light images. This work explores a straightforward yet precise method
for object ranging based on the Taylor model for calibrating the internal and external
parameters of the binocular stereo perception system for extreme correction, thereby
enhancing the measurement accuracy of the binocular stereo perception system. The
algorithms are implemented using the NVIDIA Jetson TX2 + FPGA hardware framework,
enabling real-time ranging and display.

2. System Framework

In this paper, a wide-field-of-view binocular stereo sensing system based on infrared
and visible light is established; the system block diagram is shown in Figure 1. This
system consists of two sets of uncooled long-wave infrared-imaging modules with a
field-of-view greater than 120◦, visible-high-definition-imaging modules, and digital-video-
processing modules. The system’s operating temperature ranges from −40 ◦C to 70 ◦C. The
digital-video-processing module utilizes hardware circuits featuring the NVIDIA Jetson
TX2 + FPGA combination and receives digital video signals from the visible light-imaging
component and the infrared-imaging component, enabling the module to perform image
processing. A hardware diagram of the digital-video-processing module is shown in
Figure 2.
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2.1. Design and Simulation of the Wide-Field Binocular Stereo Perception-Dual-Band-Imaging
System
2.1.1. The Principle of Binocular Stereo Imaging

In response to the specific requirements of night-time vehicle driving and rapidly
changing work environments, we designed a wide-field-binocular stereo perception system
with dual-band-electro-optical imaging. The visiblelight-imaging component incorporates
a large-array CMOS device from Rockchip Electronics Co., Ltd. (Jiangsu, China) that has
high sensitivity and definition. This system boasts a pixel resolution of 1920 (H) × 1080 (V),
with each pixel measuring 13 µm (H) × 13 µm (V), and it operates at a frame rate of
50 Hz. This component can function effectively under low-light conditions down to 10−3 lx.
Furthermore, the infrared-imaging component employs a non-cooled infrared focal plane
detector from Yantai IRay Technology Co., Ltd. (Yantai, China) that offers a pixel resolution
of 1024 (H) × 768 (V), with each pixel measuring 14 µm. The frame rate of the infrared
component is also 50 Hz.

Binocular stereo sensing systems are mainly divided into two types according to their
placement [27]: a parallel model and a convergent model. The parallel model has two
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camera optical axes parallel to each other. Moreover, the structure is simple and easy to
calculate. The advantage of this structure is the presence of only a negative horizontal
parallax, with no vertical parallax. Disadvantages include a small common area and a lack
of stereoscopic information in the left and right sides of the single viewing area, which will
cause a waste of information. The convergence model can adjust the angle between the
two optical axes to obtain a larger effective field-of-view, with positive-, negative-, or zero-
horizontal parallax; however, the camera body will produce vertical parallax, which causes
a certain gradient distortion. In this study, considering the advantages and disadvantages
of the parallel model and the convergence model, the visible and infrared components
were fused. For this purpose, we selected an optical design based on the parallel model, as
shown in Figure 3. To realize binocular stereo vision, the binocular stereo sensing system
consisted of two visible light-objective lens groups and two infrared-objective lens groups.
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perception system.

Binocular-imaging-distance-measurement technology relies on the binocular disparity
to establish an ideal model for binocular ranging. In this model, both cameras have identical
specifications and parameters, including matching camera models, consistent focal lengths,
and the parallel alignment of optical axes. The model is shown in Figure 4.
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Here, d represents the camera’s inter-image plane spacing (baseline width), d1 and
d2 are the distance from the image point to the image plane center, f is the camera’s focal
length, and L is distance to the object. Using the principles of similar triangles, the following
relationships can be derived:

L =
f d

d1 − d2
=

f d
c

(1)

where c represents the difference in the imaging positions of the object point in the two
fields of view, which is commonly referred to as the parallax value.

Under the conditions of parameter determination in a binocular-stereo-perception
system (such as focal length and baseline), ranging accuracy is determined by the parameter
c. Presently, binocular stereo-matching algorithms can achieve sub-pixel-level matching
accuracy, resulting in superior disparity precision. Results can be obtained by differentiating
Equation (1):

dL =
f d
c2 dc =

L2

f d
dc. (2)

Hence, as long as the parameters of the binocular-stereo-perception system are de-
termined, the distance to the target can be calculated by measuring the disparity. System
parameters typically consist of intrinsic and extrinsic parameters. Intrinsic parameters in-
clude the focal length, principal point coordinates, and distortion coefficients of the left and
right cameras, among others. Extrinsic parameters encompass the relative transformation
between the left and right cameras, involving rotation and translation matrices. Due to
potential errors during camera installation, such as non-parallel alignment of the lens and
imaging plane, it is necessary to recalibrate the camera to obtain updated focal lengths,
intrinsic parameters, and extrinsic parameters.

2.1.2. The Simulation and Design of Visible- and Infrared Objective Lenses

A. Simulation design for the visible light objective lens

In the wide-field binocular stereo perception-optical-imaging system, the visible light
component employs a high-resolution and low-light CMOS-imaging module from Rockchip
Electronics Co., Ltd., which enables imaging in both day and night scenes. This component
features large pixels and sensor-imaging areas, imposing stringent requirements on the opti-
cal system. We utilized the CODE V(10.2) software for optical system design, implementing
a “telephoto-type” optical path structure with 12 lenses. By introducing appropriate non-
spherical elements while keeping the total number of lenses, glass thickness, and imaging
quality constant, we enhanced the light-gathering capabilities of the visible light objective
lens without compromising its transmittance. The system design is depicted in Figure 5.
Table 1 presents the optical-design specifications for the visible light objective lens.
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Table 1. Optical-design specifications for the visible light lens.

Parameters Value Parameters Value

Objective focal length (f) 10.96 mm Diagonal field 133◦

F-number 2.1 Distortion (maximum on the diagonal) −45%

Horizontal field 124◦ Maximum working distance 97.16 m

Vertical field 74.4◦

The maximum effective range L of the visible light-optical-imaging system is as follows:

L =
f
√

wh
8dpix

= 97.16 m (3)

where w represents human height, h represents shoulder width, and dpix represents
pixel size.

At a distance of L = 15 m, there is a depth-calculation deviation of dL ≤ 20 cm. Under
the condition of a matching algorithm precision at the 0.1 pixel level, the baseline d can be
determined as follows:

d ≥ L2dC
f dL

= 13.52 cm (4)

where L represents the distance from the target to the system, which is referred to as the
test distance. dC is set at a 0.1 pixel level, and dL stands for the resolvable distance.

At a distance of L = 30 m, the depth-calculation deviation of dL ≤ 1 m. When these
values are incorporated into Equation (4), the following result is obtained:

d ≥ L2dC
f dL

= 10.82 cm. (5)

It can be seen clearly that d ≥ 13.52 cm. The formula for visible light stereo acuity
dγ is

dγ =
αd
L2 dL (6)

where α is a constant of 206,265 when converting from radians to arcseconds:

dγ =
α

f
dc = 24.47′′ . (7)

Stereopsis is the ability to resolve the smallest horizontal disparity between retinal
images from both eyes. The normal value for stereopsis should be less than 60′′. A smaller
value of stereopsis indicates better stereo vision.

Utilizing CONE V software, we simulated environmental temperature variations
and obtained the transfer functions for the visible light-optical system at 20 ◦C, 50 ◦C,
and −40 ◦C, as well as the diffuse spots, as shown in Figure 6, Figure 7, and Figure 8,
respectively.
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B. The Simulation Design of an Infrared objective lens

This paper addresses the design of a wide-field, relative aperture long-wave infrared
optical system for the 1024 (H) × 768 (V) long-wave infrared detector from Yantai IRay
Technology Co., Ltd. The infrared objective lens system, as depicted in Figure 9, operates
without active cooling over a wide temperature range. The front surface of the first lens is
non-spherical, enabling passive temperature compensation at different temperatures by
adjusting the system’s back focal length. Table 2 provides the optical-design specifications
for the infrared objective lens.

Sensors 2024, 24, x FOR PEER REVIEW 9 of 23 
 

 

This paper addresses the design of a wide-field, relative aperture long-wave infrared 

optical system for the 1024 (H) × 768 (V) long-wave infrared detector from Yantai IRay 

Technology Co., Ltd. The infrared objective lens system, as depicted in Figure 9, operates 

without active cooling over a wide temperature range. The front surface of the first lens is 

non-spherical, enabling passive temperature compensation at different temperatures by 

adjusting the system’s back focal length. Table 2 provides the optical-design specifications 

for the infrared objective lens. 

  

Figure 9. The optical system of the infrared objective lens and a distortion map of the infrared ob-

jective lens at 20 °C. 

Table 2. The optical-design specifications for the infrared objective lens. 

Parameters Value 

objective focal length (f) 6 mm 

F-number 2.1 

horizontal field 121.6° 

vertical field 107° 

distortion (maximum on the diagonal) −47% 

The maximum effective range L of the infrared objective lens-optical system is 

40.67m
8 pix

f wh
L

d
  .  (8) 

At a distance of 15mL   , with a depth-calculation deviation d 30cmL   , the 

baseline d  can be calculated as follows: 

2

21.26cm
L dC

d
fdL

≥ .  (9) 

At a distance of 30mL  , with a depth-calculation deviation d 2mL  , the base-

line d  can be calculated as follows: 

2

12.75cm
L dC

d
fdL

≥ .  (10) 

According to Formulas (9) and (10), 

21.26cmd≥ .  (11) 

The formula for the stereo acuity d  is as follows: 
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Table 2. The optical-design specifications for the infrared objective lens.

Parameters Value

objective focal length (f) 6 mm

F-number 2.1

horizontal field 121.6◦

vertical field 107◦

distortion (maximum on the diagonal) −47%

The maximum effective range L of the infrared objective lens-optical system is

L =
f
√

wh
8dpix

= 40.67 m. (8)

At a distance of L = 15 m, with a depth-calculation deviation dL ≤ 30 cm, the baseline
d can be calculated as follows:

d ≥ L2dC
f dL

= 21.26 cm. (9)

At a distance of L = 30 m, with a depth-calculation deviation dL ≤ 2 m, the baseline
d can be calculated as follows:

d ≥ L2dC
f dL

= 12.75 cm. (10)

According to Formulas (9) and (10),

d ≥ 21.26 cm. (11)

The formula for the stereo acuity dγ is as follows:

dγ =
αd
L2 dL (12)
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where d is the baseline length, dL is the resolvable distance, L is the distance from the target
to the system, and dL is the binocular ranging accuracy. The formula is as follows:

dγ =
a
f

dc = 58.44′′ (13)

With a decrease in temperature, the infrared optical system experiences changes
in inter-lens spacing, lens thickness, refractive index, and curvature radius. Therefore,
temperature variations inevitably lead to defocusing of the system’s focal plane, resulting
in a degradation of image quality. The transfer functions and diffuse spots of the infrared
optical system based on system simulation analysis are shown in Figure 10, Figure 11, and
Figure 12, respectively, at temperatures of 20 ◦C, 50 ◦C, and −40 ◦C.
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In summary, without moving any optical elements, we achieved alignment of the
image plane with the detector target surface during changes in environmental temperature.
With temperature variations, the lens assembly, employing optical passive thermal compen-
sation, can maintain consistent magnification and requires no active optical components.
The relative positions of the optical axes remain relatively unchanged, resulting in high
image registration accuracy. Large-field optical systems often exhibit significant distortion
to improve the field-of-view. Image distortion is corrected to obtain high-quality fused
images. Based on the imaging quality of the fused lens system and image registration
effectiveness, further improvements in the system’s ranging accuracy were achieved.

Baseline distance d ≥ 21.26cm; if baseline distance d = 35cm, then the ranging
accuracy is as follows:

dL ≥ L2dC
f d

. (14)

Table 3 presents the calculated accuracy of visible and infrared ranging at test distances
of 15 m and 30 m.

Table 3. Infrared- and visible light-ranging accuracy.

Serial Number Measuring Distance (L) Visible Light-Ranging Accuracy (L) Infrared-Ranging Accuracy (L)

1 15 m dL ≥ 7.63cm dL ≥ 15.00cm
2 30 m dL ≥ 30.50cm dL ≥ 60.00cm

2.2. Real-Time Image Distortion Correction and Simulation

The optical system design model produces aberrations that are unavoidable due to
the system’s non-coaxial nature, field-of-view, focal length, and other auxiliary factors. In
this study, a binocular stereo sensing optical imaging system with a large field-of-view is
designed, in which the aberration rate produced by the visible objective lens is −45%, and
the aberration rate of the infrared objective lens is −47%, as shown in Section 2.1. Here, we
propose a shareable elliptical aberration for real-time correction.

Image distortion is mainly the result of geometric distortion of the pixel positions
of the image after imaging. Geometric distortion is further categorized into linear and
nonlinear distortion, which refer to a mixture of several distortions that work together [28].
The causes of nonlinear aberrations are mainly categorized as radial aberrations, centrifugal
aberrations, and thin prismatic aberrations [29,30]:

xd = x(1 + k1r2 + k2r4 + k3r6) + 2p1xy + p2(r2 + 2x2) (15)
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yd = y(1 + k1r2 + k2r4 + k3r6) + 2p1xy + p2(r2 + 2y2) (16)

x2 + y2 = r2 (17)

where x and xd represent, respectively, the reference image and distortion image in the
Xdirection; y and yd are, respectively, the reference image and distortion image in the
Y-direction; k1, k2, k3, p1, and p2 are distortion correction parameters. When the aberration
coefficient is greater, the aberration correction is less effective. Aberration correction usually
considers radial aberrations and ignores the effect of tangential aberrations, which can
describe the nonlinear aberrations of the lens.

Because the resolution ratio of the image H: V ̸= 1:1, there is a poor edge effect for the
image edge distortion correction edge when using the standard concentric circle distortion
model. Therefore, an elliptical distortion correction model is proposed using the improved
standard concentric circle distortion model:

x = xd
1

(1 + k1r2)
, y = yd

1
1 + k1r2 (18)

x2

a2 +
y2

b2 = r2 (19)

where H is the height of the image, V represents the image’s width, a = H/2 and b = V/2
are shown in Figure 13.
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Figure 13. Standard-concentric-aberration model and elliptical-aberration-correction model.

The elliptical distortion correction model cannot cover the image completely (H × V).
We further improve the elliptical distortion correction model using an approximate elliptical
distortion correction model:

x = k2
xd

1 + k1(r − R)2 , y = k2
yd

1 + k1(r − R)2 (20)

x2

a2 +
y2

b2 = r2 (21)

where k1 and k2 represent the distortion coefficients; x and xd represent the corrected image
and distorted image in the X-direction; and y and yd represent the corrected image and the
distorted image in the Y-direction, respectively.

In this paper, real-time corrections are performed based on FPGA. A common approach
in FPGA hardware circuits is the correction-mapping table, which first calculates the
corresponding correction result of the image and stores it in the hardware circuit and
determines the corresponding corrected video output from the correction-mapping table
based on the input real-time video. The correction-mapping table is a straightforward
computation but suffers from the disadvantage of depositing an approximate elliptic-
distortion-correction-mapping table, which requires a large amount of hardware-circuit

43



Sensors 2024, 24, 676

resources. Thus, we proposed elliptical distortion correction model only needs to store one
quarter of the data in the hardware circuitry, as shown in Figure 14.
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Figure 14. Correction-mapping table for approximate elliptic-distortion correction.

The generated checkerboard grid H × V images are shown in Figures 15a and 16a and
are standard checkerboard grids of 1920 × 1080 and 1024 × 768, respectively. Figures 15b
and 16b present, respectively, the aberration simulation images derived using the standard
checkerboard grid as the input image through the visible optical system model and those
generated using the infrared optical system. Through the myopic elliptic-aberration model
proposed in this paper for aberration correction, the aberration-correction map of the visible
image and the aberration-correction map of the infrared image are obtained, as shown
in Figures 15c and 16c, respectively. The edges of the image are still aberrated, but the
field-of-view is increased.
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Figure 15. The 1920 × 1080 Visible light distortion effect: (a) standard checkerboard grid; (b)
optical-system-aberration map (aberration rate −45%); and (c) aberration-correction-result map.
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Figure 16. The 1024 × 768 infrared-distortion effect: (a) standard checkerboard grid; (b) optical-
system-aberration map (aberration rate −45%); and (c) aberration-correction-result map.

2.3. Infrared- and Visible Light-Fusion Algorithm

The infrared- and visible light images are horizontally aligned after image alignment
and limit correction to realize the left and right images, and the common adaptive image-
enhancement method [31] is used to enhance the infrared- and visible light images to
improve the bright and dark regions in the image to improve the contrast of the image.
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Infrared- and visible light-image matching is a type of heterogenous spit matching, and it is
difficult to find the same type of corresponding feature points for the two types of images.
In this paper, we use the SURF + RANSAC algorithms to realize stereo matching [32,33].
The SURF algorithm has the characteristics of rotation, scale transformation, and brightness
invariance; compared to the SIFT algorithm, SURF reduces the complexity of the algorithm,
reduces the dimensionality of the feature descriptor from 128 to 65 dimensions, and reduces
the computational amount by double [34]. The anomalous data in the matching process is
filtered out by using the RANSAC algorithm.

Image fusion involves the use of image information from multiple imaging sensors in
a unified scene to increase the perception of the scene and the ability to recognize targets
and other objectives. Unlike traditional multi-scale fusion methods, this study adopts a
multi-scale infrared- and visible light-fusion method based on the work in [35], which has
the unique characteristics of retaining scale-specific information and reducing the edge
halo, taking into account the different characteristics of the infrared image and the visible
image. This study also adopts the traditional “maximum–absolute” fusion rule. With this
optimization, the useful visual details can be better transferred to the fused image while
suppressing the noise in the infrared image:

V(p) =
∣∣Ip − I1

∣∣+
∣∣Ip − I2

∣∣+ · · ·+
∣∣Ip − IN

∣∣ (22)

where Ip is the intensity value at pixel p in image I, V(p) is the significant value of pixel p,
and N is the total number of pixels in image I.

If the two-pixel intensity values are equal, then

V(p) =
L−1

∑
j=0

Mj
∣∣IP − Ij

∣∣ (23)

where j is the pixel point, Mj is the number of pixels with pixel intensity the same as that of
point j, and L is the number of gray levels in the image. The infrared image Iir and visible
image Ivi are the input images. Then, the base layer BF of the fused image is obtained as

BF = WbB1 + (1 − Wb)B2 (24)

Wb = 0.5 +
Iir − Ivi

2
(25)

Infrared images usually contain coarse-scale structural information and noise and lack
visual details compared with visible light images. The fused detail layer obtained by the
“max–absolute” rule is improved to make the image look more natural and more suitable
for human visual perception. The weighting factor W j of “max–absolute” is

W j =

{
1,
∣∣∣dj

1

∣∣∣ >
∣∣∣dj

2

∣∣∣(j = 1, 2, · · ·N)

0, otherwise
. (26)

Next, we apply a Gaussian filtering for denoising:

W j
d = Gaussian(W j, δs) (27)

where setting δs = 2, Mj for the fusion details in the jth layer is accomplished according to
the “max–absolute” rule, as follows:

Mj = W j
ddj

1 + (1 − W j
d)d

j
2. (28)
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The fusion detail layer Dj of the jth layer can be obtained according to the weighted
least squares method:

Dj = ∑
P

((
Dj

p − Mj
P

)2
+ λaj

p

(
Dj

p −
(

dj
2

)
p

)2
)

(29)

where aj
p =

(∣∣∣∑ q∈wp(d
j
1)q

∣∣∣+ ε
)−1

represents the spatial variation weight; p represents the
spatial position of the pixel; ε is a constant equal to 0.0001; and wp represents a rectangular
window centered on pixel point p.

The fused image IF after combining the base layer BF and the detail layer D1, D2, . . . , DN is

IF = BF + D1 + D2 + · · ·+ DN . (30)

2.4. Binocular Stereo Ranging Algorithm

Unlike the traditional binocular stereo-ranging method [36], we seek to acquire binoc-
ular stereo-ranging information from the image obtained via aberration correction and
image fusion. As shown in Figure 17, parallax information is used to restore the depth.
Here, QL and QR are the coordinate origins of the two camera coordinate systems, and A is
the baseline length. To find the corresponding point of the world coordinate system in the
stereoimage pair for point Q, the corresponding direction vectors in the virtual coordinate

system are
−−→
QLQ,

−−→
QRQ. Q′ is the projection of Q in the XOLZ plane. The angles of the

vector
−−→
OLQ,

−−→
ORQ with the plane YOLZ, YORZ are β1, β2. If the angles with the OLZ-axis

and O2Z-axis are both α; then, we apply the following:

θ1 =
π

2
− β1 , θ2 =

π

2
− β2. (31)

B
sin(π − θ2)

=
A

sin θ
=

A
sin(θ2 − θ1)

⇒ B =
A sin θ2

sin(θ2 − θ1)
. (32)

Figure 17. Schematic diagram of binocular stereo-ranging information.

Then, the depth information of Q is

Qdepth = Q′P = B sin θ1 cos a. (33)

3. Experiments and Results
3.1. Test Platform

The experiment adopted a wide-field-of-view binocular stereo perception system
and a calibration checkerboard grid (ambient and heated state), as shown in Figure 18.
The calibration checkerboard grid was based on the Boltier principle design for an active
infrared-radiation-calibration checkerboard grid. We used a JY-260 microcomputer temper-
ature controller device from Jiangyin Jinyu Electric Heating Appliance Co., Ltd. (Jiangsu,
China) to control the temperature of the calibration checkerboard grid in a range from

46



Sensors 2024, 24, 676

−50 ◦C to −260 ◦C, the calibration checkerboard grid was 10 × 7, the length of the squares
was 100 mm, and the overall size was 1040 mm × 740 mm. Infrared-component calibration
was carried out using the power supply. After the infrared component was calibrated, the
power supply was used to heat the calibration checkerboard grid, and the temperature was
controlled with the JY-260 microcomputer temperature controller at 50 ◦C, which heated
and cooled the white box to produce corners with a large grayscale gradient on the infrared
image, which was convenient for corner identification.
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Figure 18. Wide-field-of-view binocular stereo sensing system and calibrated checkerboard grid.

3.2. Calibration Test Results

The binocular stereo sensing system was calibrated using sensors for tessellated grids
in a three-dimensional scene. Under the optical imaging model, the relationship between
the spatial coordinate system of the object points in the scene and the corresponding image
points in the image plane was established, which, in turn, determined the internal and
external parameters of the camera. In the experiment, calibration of the internal and
external parameters of infrared and visible cameras for binocular stereo sensing systems
was based on Taylor model-calibration. The images used in this experiment were acquired
by visible light and infrared left and right cameras in different orientations for calibrating
the checkerboard grid, and then the coordinates of the corner points were extracted.

We selected 18 images from the collected data for calibration, as shown in the binocular
stereo left lens’s visible light-camera-calibration diagram in Figure 19, and in the right lens’s
visible light camera-calibration diagram in Figure 20, and in the right lens’s infrared camera-
calibration diagram in Figure 21, and in the right lens’s infrared camera-calibration diagram
in Figure 22. The binocular stereo sensing system’s visible camera and its infrared camera
inside and outside the parameters of the calibration results are shown in Tables 4 and 5.
We perform parameter calibration based on a cal ibrated chessboard, which absorbs heat
uniformly after heating, overcoming the problem of difficult to recognize corner points in
infrared cameras, and at the same time solving the calibration problems arising from the
different imaging characteristics of infrared and visible light.
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Figure 19. Calibration chart for the visible light camera (left lens).
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Figure 20. Calibration chart for the visible light camera (right lens).
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Table 4. Internal and external parameters of the visible light camera of the binocular stereo sens-
ing system.

Parameter Calibration Results (Left) Calibration Results (Right)

(c, d, e) (1.0001,−1.2 × 10−5, 1.7 ×
10−5)

(1.0001,−2.2 × 10−5,−2.12 ×
10−4)

(u0, v0) (487.0978, 964.3319) (464.1441, 949.0153)

(a0, a1, a2, a3, a4)
(
−835.384, 0, 3.296 × 10−4,

3.290 × 10−7,−3.189 × 10−10)
(
−819.290, 0, 3.642 × 10−4,

2.727 × 10−7,−2.909 × 10−10)

R



0.9976 −0.0009 0.0684
0.0007 0.9999 0.0019
−0.0684 −0.0018 0.9976




T
[−335.5285 9.9994 −16.8602

]
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Table 5. Internal and external parameters for the infrared camera of the binocular stereo sensing sys-
tem.

Parameter Calibration Results (Left) Calibration Results (Right)

(c, d, e) (0.992,−1.47 × 10−3, 6.2 ×
10−5)

(0.9998,−9.5 × 10−5 , 1.9 ×
10−5)

(u0, v0) (479.4945, 959.2869) (449.2642, 932.4781)

(a0, a1, a2, a3, a4)
(
−780.385, 0, 2.472 × 10−3,

1.522 × 10−8,−7.214 × 10−12)
(
−796.383, 0, 8.938 × 10−5,

3.160 × 10−8, 1.7333 × 10−10)

R



0.9989 0.0371 0.0291
−0.0375 0.9992 0.0133
−0.0286 −0.0144 0.9995




T
[−355.90 11.0089 35.05714

]

3.3. Aberration-Correction Results

The aberration maps for this experiment were acquired indoors on a calibrated checker-
board grid using a binocular stereo sensing system. The aberration-correction algorithm in
this paper was used to obtain the aberration-correction map (shown in Figures 23 and 24).
The aberration rate of the visible image was 45%, indicating that the image aberration
caused by the large field-of-view was greatly improved at the edges and that the field-of-
view was not lost.
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3.4. Ranging Test Results

As shown in Figures 25 and 26, a person was selected as the recognition target and
could be recognized by both visible light and infrared cameras. Several ranging measure-
ments were taken at 5 m, 10 m, 15 m, 20 m, 25 m, 30 m, 40 m, and 60 m. By recognizing the
target, the target point was framed out and the depth value of the feature point inside the
frame was calculated. Sometimes the feature point contained both the foreground and the
background feature points. In this study, the analysis was carried out using Equation (34),
eliminating the unwanted data. The results of the ranging tests are shown in Table 6.

dV ±
∑
∣∣∣di − dV

∣∣∣
n

(34)

where di is the distance value of the feature point, and dV is the average value of the
distance value of the feature point.
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tance 30 m), and 0.35 m (distance 60 m). In addition, its feature points were more accurate, 
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In order to improve the performance of this system, this paper improves the running 
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hardware acceleration, as shown in Figure 27. The major algorithms include: an FPGA-

based elliptic-aberration correction, which saves FPGA storage space by storing 1/4 of the 
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Figure 25. Binocular distance-measurement: (a) visible image; (b) infrared image; (c) and fused image.
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Figure 26. Binocular ranging-scene diagram in the park: (a) visible light camera image; (b) infrared
image; (c) and fused image.

Table 6. Binocular distance-measurement results.

Serial Number Measuring
Distance (m)

Visible Light-Ranging Infrared Ranging Fusion-Ranging
Distance(m) Difference (m) Distance (m) Difference (m) Distance (m) Difference (m)

1 5 4.82 0.18 5.05 0.05 5.01 0.01
2 10 10.15 0.15 10.02 0.02 10 0
3 15 14.64 0.36 15.04 0.04 15.02 0.02
4 20 19.01 0.99 19.84 0.16 19.98 0.02
5 25 24.14 0.86 24.53 0.47 24.86 0.14
6 30 31.62 1.62 29.53 0.47 30.37 0.37
7 40 37.99 2.01 39.46 0.54 39.78 0.22
8 60 56.76 3.24 62.55 2.55 60.35 0.35

Table 6 shows the visible ranging error at 0.99 m (distance 20 m), 1.62 m (distance
30 m), and 3.24 m (distance 60 m) and 0.02 m (distance 20 m), 0.47 m (distance 30 m),
and 2.55 m (distance 60 m), as well as the fusion-ranging error at 0.16 m (distance 20 m),
0.37 m (distance 30 m), and 0.35 m (distance 60 m). At a close distance, the error of ranging
was small, and the error gradually increased with an increase in distance. Comparing the
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ranging results for visible and infrared cameras, the ranging accuracy of infrared camera
was better than that of visible light camera. The reason for this result is that the reprojection
error for the calibration of the infrared camera was less than that of the calibration results
for the visible light camera. Our proposed fusion-ranging method has greater accuracy
than those using only infrared- or visible light. The reason for this result is that the fusion
algorithm combines the advantages of visible- light and infrared, and the extracted feature
points are more accurate, so its ranging errors were 0.16 m (distance 20 m), 0.37 m (distance
30 m), and 0.35 m (distance 60 m). In addition, its feature points were more accurate, so its
ranging results were higher.

In order to improve the performance of this system, this paper improves the running
speed of the algorithms by optimizing the related algorithms, parallel processing, and
hardware acceleration, as shown in Figure 27. The major algorithms include: an FPGA-
based elliptic-aberration correction, which saves FPGA storage space by storing 1/4 of the
data, and the processing time of the algorithm is 6 ms; an FPGA-based adaptive image-
enhancement algorithm with a processing time of 0.2 ms, lower computational complexity,
and faster processing time; FPGA-based multi-scale infrared and visible fusion with a
processing time of 0.01 ms; a TX2-based SURF + RANSAC binocular stereo-matching algo-
rithm which uses feature point extraction, feature point descriptor calculation, matching
point search and consistency checking, such that the computational complexity is high and
the processing time is 16 ms; and, finally, a binocular stereo ranging method that removes
the misjudged points to get the final ranging data with a processing time of about 0.1 ms.
To summarize, the algorithms in the binocular stereo sensing system have a total processing
time of about 22.31 ms.
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4. Conclusions

This study proposed a dual-band fusion binocular stereo perception system with a
large 120◦ field-of-view combining infrared- and visible light imaging through two sets
of binocular stereo vision. This system enables information acquisition and stereo visual
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perception within a wide field-of-view, providing enhanced scene understanding and
addressing the limitations of traditional binocular stereo vision systems, such as a narrow
field-of-view and inaccuracies in short-distance ranging. Aiming to solve the aberration
problems of infrared and visible images with a large field-of-view, this paper adopted
the elliptic-aberration-correction model, which was corrected in real-time in the hardware
circuit in FPGA, thereby saving the storage resources of FPGA and solving the problem
of field-of-view loss. By adopting the multi-scale fusion method, the visible and infrared
images compensated for each other’s differences, fully utilized the texture information
of the visible image and the thermal radiation contour information of the infrared image,
and significantly improved the ranging accuracy. The simulation and experimental re-
sults demonstrated that the fusion-ranging accuracy outperforms the individual ranging
accuracies for infrared- and visible light cameras.

The proposed system can maintain high performance under different light and weather
conditions and scenarios. Adding image recognition algorithms for target localization of
special targets or obstacles, which has application value in many areas such as driverless
vehicles, virtual reality, and robot navigation. With the advancement of hardware and
algorithm technology, future research will focus on enhancing the real-time performance
of binocular stereo perception algorithms and achieving low-power edge computing,
engineering the binocular stereo perception system, and further building the binocular
stereo perception system with different resolutions to correct aberrations and accurately
recognize objects at different distances. By introducing artificial intelligence algorithms, the
system can realize adaptive processing and intelligent decision-making for complex scenes.
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Abstract: In order to solve the problem of the insufficient range of the traditional fast mirror (FSM)
angle measurement system in practical applications, a 2D large-angle FSM photoelectric angle
measurement system based on the principle of diffuse reflection is proposed. A mathematical model
of the angle measurement system is established by combining the physical properties of the diffuse
reflecting plate, such as the rotation angle, rotation center, rotation radius, reflection coefficient and
the radius of the diffuse reflecting surface. This paper proposes a method that optimizes the degree of
nonlinearity based on this mathematical model. The system is designed and tested. The experimental
results show that changing the diffuse reflection surface area can improve the nonlinearity of the
angle measurement system effectively. When the radius of the diffuse reflection surface is 3.3 mm,
the range is ±20◦, the non-linearity is 0.74%, and the resolution can reach up to 2.3′′. The system’s
body is simple and compact. It is also capable of measuring a wider range of angles while linearity
is guaranteed.

Keywords: photoelectric sensors; fast steering mirror; large angle measurement system; diffuse
reflection

1. Introduction

Fast steering mirrors (FSMs) are often used to improve the performance of pho-
toelectric imaging systems, such as airborne imaging systems and space-based optical
surveillance systems [1–3]. It is necessary to measure the large deflection angle of the FSM
to achieve a wider range of image acquisition capabilities. However, due to its compact spa-
tial structure and fast response characteristics, the common large-angle angle measurement
method and contact angle measurement method are not suitable for the structure of the
FSM. Currently, common FSM angle measurement systems include capacitive sensor angle
measurement systems, eddy current sensor angle measurement systems, digital encoder
angle measurement systems, and photoelectric angle measurement systems. It is difficult
for the above systems to achieve two-dimensional large-angle measurements of more than
±10◦. Therefore, how to achieve a large-scale and high-precision angle measurement has
become a research question for many scholars [4–14].

Yue Fan [15] demonstrated an angle measurement method based on an eddy cur-
rent sensor which achieved an angle measurement accuracy of 1.1 arcsec in the range of
±1.5◦. Lin D. [16] introduced a two-axis measurement system based on the principle of
a capacitance sensor, with a measurement range of ±5◦. OIM101 Inch [17] achieved a
nonlinearity of 1% and a resolution of 1′′ in the range of ±1.5◦. Xin Wu [18] achieved a
nonlinearity of 1% in the range of ±1.25◦. YingXue Ni [19] achieved a measurement range
of ±2◦ and a nonlinearity of 0.72% through specular reflection and QD sensors. ShaoKang
Hung [20] established a spot center positional algorithm and realized a measurement of
±10◦ and a resolution of 0.0265◦ by collecting the spot position through QPD. Mingguang
Shan [21] proposed a differential angle measurement system based on optical fiber devices
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which can achieve a complete linear measurement in the range of ±6.1◦. Based on the
above research, the current two-dimensional FSM angle measurement system can only
achieve high resolution and high linearity in a small range, and it is difficult to achieve
large angle measurements. Therefore, achieving large angle measurements while ensuring
the measurements’ accuracy has become a problem.

In this paper, based on the principle of diffuse reflection, a two-dimensional large-
angle FSM angle measurement system based on differential optical power was proposed.
By analyzing the distribution of diffuse reflection light on the surfaces of different photodi-
ode diffuse reflectors, a mathematical model was established to study the change in the
differential optical power with the radius of the diffuse reflection surface. Then, an experi-
mental model was built to test the static performance of the angle measurement system.
Later, the correctness of the mathematical model was verified, a large angle measurement
in the range of ±20◦ was realized, and the nonlinearity of the angle measurement system
was optimized.

2. Deflection Angle Detection Principle

Figure 1 shows the optical structure of the two-dimensional large-angle angle mea-
surement system, which is divided into upper and lower parts. The upper part comprises
the mirror, mirror support, and the diffuse reflection surface of the FSM. The lower part
comprises the optical signal transmitting and receiving circuit, whose structure is shown
in Figure 2. The acquisition circuit is fixed on a small PCB board. The LED light source
in the middle directly faces the center of the diffuse reflector in a spatial position. Four
photodiodes are evenly distributed around the light source and are divided into two groups,
A and D and B and C. The two groups are placed orthogonally.
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When the LED light source irradiates the diffuse reflector, the light is reflected through
the diffuse reflection surface. Then, the light is reflected to the optical signal acquisition
plate in an irradiation mode similar to the Lambert light source. After the photodiode on
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the surface of the optical signal acquisition plate is illuminated, different photocurrents
are generated according to the change in the surface optical power. When the angle of the
mirror of the FSM changes, the angle of the diffuse reflection surface will also change, which
will affect the distribution of the reflected light intensity on the photoelectric acquisition
plate so that the surface light power of the four photodiodes is different, and the change
in the angle of the FSM will be converted into the output change in the photocurrent
generated by the photodiode. For example, when the FSM mirror swings in the direction
of photodiode A, the diffuse reflection surface will swing in the direction of photodiode
D. The optical power of the reflected light of the diffuse reflection surface falling on
photodiode D will become larger, the optical power falling on photodiodes A, B, and C will
become smaller, and the optical power on the B and C surfaces will change similarly. The
relationship between the angle value and the differential optical power can be obtained
from the difference in the optical power on the surfaces of the two pairs of photodiodes.

3. Establishment of a Theoretical Model for the Angle Measurement System
3.1. Diffuse Reflection Theory

The angle measurement system realizes the test function by using the diffuse reflection
theory. In the theoretical model, it is assumed that the diffuse reflector used in the experi-
ment is an ideal diffuse reflector, namely, Lambert’s reflector, and its surface reflects light
with equal intensity in all directions. According to the properties of Lambert’s reflector,
when an arbitrary ray of light irradiates Lambert’s reflector, the intensity of the diffuse light
is proportional to the cosine of the angle between the direction of the incident light and the
normal direction of the incident point surface:

Ildiff = kd Il cos θ (1)

where kd (0 < kd < 1) represents the reflection coefficient of the material to the ambient
light; Il represents the intensity of the point light source; θ represents the angle between the
direction of the incident light and the normal of the vertex, which is called the incident angle
(0◦ ≤ θ ≤ 90◦); and Ildiff represents the light intensity reflected by the interaction between
the diffuse reflector and any light. Figure 3 is a plane map of the angle measurement
system. In practice, in order to make the reflected light closer to the reflected light of an
ideal Lambertian body, a material with a reflection coefficient close to 1 should be used,
and the material used in this paper is polytetrafluoroethylene, with a reflection coefficient
of 0.983.
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Where θ represents the tilt angle of the diffuse reflection plane; γ represents the angle

between the direction vector of the light source
→
l1 and the normal vector of the diffuse

reflection surface
→
n; and N point represents any irradiated point on the diffuse reflection

surface. In this way, the light intensity reflected by any point on the diffuse reflection
surface can be expressed as follows:

Ildiff = kd Il cosγ =kd Il

∣∣∣∣
→
n ·
→
l1

∣∣∣∣
∣∣∣→n
∣∣∣ ·
∣∣∣∣
→
l1

∣∣∣∣
(2)

Due to the diffuse reflection of the light, the reflection point N on the diffuse reflection
surface can be considered a new point light source, which is a spherical wave with a light
intensity of Ildiff, as shown in Figure 4.
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The diffuse reflection surface reflects light to the surface of the photodiode, and the
optical power per unit surface of the photodiode can be expressed as follows:

dE = I dΩ (3)

where dE represents the unit surface light power; I represents the light intensity; and dΩ
represents the solid angle corresponding to the unit surface area, which can be expressed as

dΩ =
dS · cosω

l2
(4)

where dS represents the unit surface area of the observation surface; ω represents the
included angle between the normal of the observation surface and the incident light; and l
represents the distance from the point light source to the center of the unit surface.

That is, after determining the solid angle Ω of the photodiode’s surface to the point
light source N, the optical power of the light emitted by any point in the point light source
on the photodiode’s surface can be acquired.

As shown in Figure 4, when integrating dΩ,ω changes. Since the surface area of the
photodiode is very small, for any point N on the diffuse reflection surface, when integrating
the diffuse reflection surface, the actual change range ofω is less than 7◦. Therefore,ω can
be simplified, that is, cosω in all unit area sources is considered approximately equal, and
S can be defined as the surface area of the photodiode as follows:

Ω =
S · cosω

l2
(5)
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Inserting Equations (2) and (4) into Equation (3), the surface optical power E of the
photodiode reflected by any point on the diffuse reflection surface can be obtained.

E =kd Il

∣∣∣∣
→
n1 ·

→
l1

∣∣∣∣
∣∣∣→n1

∣∣∣ ·
∣∣∣∣
→
l1

∣∣∣∣

S · cosω
l2

(6)

3.2. Diffuse Reflection Model of Angle Measurement System

Based on the above theory, a spatial coordinate system is established with the light
source as the origin. The light intensity IL of the light source is determined by the light
distribution curve of the light source, and the light distribution curve is expressed as the
function F (x, y, z). When the FSM mirror rotates, the diffuse reflection surface also rotates
around the rotation center of the FSM mirror. The coordinates of the rotation center are M
(0, 0, M), the radius of the diffuse reflection surface is L, and the diffuse reflection surface is
a circular surface with a radius of r. The coordinates of the four photodiode centers are A
(0, −h, 0), B (h, 0, 0), C (−h, 0, 0), and D (0, h, 0), and the photodiode is a square with a side
length of d. The distances from any point N’ (x, y, z) on the diffuse reflection surface to the
surfaces of the four photodiodes are lA, lB, lC, and lD, respectively, as shown in Figure 5.
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Here, α represents the included angle between the turning radius and the xoz plane;
β represents the included angle between the turning radius and the yoz plane; and θ
represents the spatial angle of the turning radius, as follows:

tan θ =
√

tan2 α+ tan2 β (7)

The normal vector of the photodiode is the same as that of the xoy plane
→
n0 = (0, 0, 1).

The light vector of the light source to the diffuse reflection surface is defined as
→
n1 = (x, y, z),

the normal vector of the diffuse reflection surface is defined as
→
n2 = (tanα, tanβ, − 1),

and the light vector of any point N′ on the diffuse reflection surface to the center point of
photodiode A is defined as

→
n3 = (x, y − h, z).
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The vector in Equation (2) is extended from a plane vector to a space vector to obtain
the diffuse reflection intensity of any point N′ (x, y, z) on the diffuse reflection surface,
as follows:

I′ldiff = kdIl

∣∣∣−→n1 ·
→
n2

∣∣∣
∣∣∣→n1

∣∣∣ ·
∣∣∣→n2

∣∣∣
= kd F(x, y, z)

xtanα+ ytanβ − z
sec θ ·

√
x2 + y2 + z2

(8)

The distance between any point on the diffuse reflection surface and the center point
of photodiode A is

lA =

√
x2 + (y − h)2 + z2 (9)

where cosω can be expressed as

cosω =

∣∣∣−→n3 ·
→
n0

∣∣∣
∣∣∣→n3

∣∣∣ ·
∣∣∣→n0

∣∣∣
=

z√
x2 + (y − h)2 + z2

(10)

Inserting Equations (8)–(10) into Equation (6), the optical power from any point on the
diffuse flat plate reflector to the surface of photodiode A can be obtained as follows:

∆EA =
kd F(x, y, z)

sec θ
xtanα+ytanβ− z√

x2 + y2 + z2

d2 · z
√

x2 + (y − h)2 + z2
3 (11)

By integrating (11) on the diffuse reflection surface, the optical power of all diffuse
reflection rays on the surface of the photodiode can be obtained. The method of obtaining
the integral interval is as follows.

When the diffuse reflector rotates around the center of rotation, the space equation of
the diffuse reflector plane is

− xtanα − ytanβ+ z + Lsecθ − M = 0 (12)

The circular diffuse reflection surface can be expressed as a plane formed by the
intersection lines between the diffuse reflection surface plane and the spatial cylindrical
surface. The equation of the spatial cylindrical surface is

(−xtanβ+ ytanα)2 + [x + tanα(z − M)]2 + [y + tanβ(z− M)]2 = r2sec2 θ (13)

Equation (14) of the projection surface P of the space plane on the xoy plane is obtained
by combining function (12) with function (13), and the projection surface P is the integral
interval.

P:
{

x2 + y2 + [−xtanα − ytanβ+ Lsecθ]2<r2 + L2

z = 0
(14)

By integrating optical power on the interval P, the optical power value of all diffuse
reflection rays reflected on the surface of photodiode A can be obtained.

EA = kd d2 (M − Lsecθ)
x

P

F(x, y, z)√
x2 + y2 + z2

z
√

x2 + (y − h)2 + z2
3 dxdy (15)

Supposing that the light distribution curve L obeys second-order normal distribution;
then, the light source opening angle is 17◦, r = 5.0, L = 7.0, M = 10.0, d = 1.4, D = 3.5,
kd = 0.983, β = 0, and θ = α. When α changes from −20◦ to 20◦, the changes in the surface
light intensity of a single photodiode in the α and β directions are shown in Figure 6.
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Figure 6. Surface optical power of a single photodiode.

Figure 6 shows changes in the light intensity on the surface of a single photodiode. In
principle, the angle can be measured by using a photodiode in both directions. However,
as shown in Figure 6, within a large angle range, the nonlinearity of the angle measured by
a single sensor in the α direction is 38.32%, and it is non-monotonic. For a non-monotonic
system with poor linearity, the linearity can be optimized by difference. Therefore, the
difference model is obtained by subtracting the optical power of the surfaces of the photo-
diodes A and D:

EA−D = kd(M − Lsecθ)d2
x

π

F(x, y, z)√
x2 + y2 + z2

(
z

√
x2 + (y + h)2 + z2

3 −
z

√
x2 + (y − h)2 + z2

3 )dxdy (16)

For the same reason, the difference model is obtained by subtracting the optical power
of the surfaces of the photodiodes B and C:

EB−C = kd(M − Lsecθ)d2
x

P

F(x, y, z)√
x2 + y2 + z2

(
z

√
(x − h)2 + y2 + z2

3 −
z

√
(x + h)2 + y2 + z2

3 )dxdy (17)

Putting r = 5.0, L = 7.0, M = 10.0, d = 1.4, D = 3.5, kd = 0.983, β = 0, and θ = α[−20◦, 20◦]
into (16) and (17), the differential optical power of the two groups of photodiode surfaces
can be obtained, as shown in Figure 7.

In Figure 7, the nonlinearity of the differential optical power is 11.20%. It can be seen
that when the optical power is used as the reference standard for the angle change, the
differential form can effectively reduce the nonlinearity of the measurement results and
improve the measurement accuracy.

In this way, the parameters in Equation (16) can be adjusted to reduce the nonlin-
earity. Among the five parameters r, L, M, d, and D, the radius of the diffuse reflection
surface r most significantly influences the differential optical power ∆E. Keeping the other
parameters unchanged, different r values are substituted into the equation to obtain the
relationship between the light intensity difference and the radius of the diffuse reflection
plate, as shown in Figure 8.
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Figure 7. Relationship between the surface differential optical power and the angle of two pairs of
photodiodes.
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Figure 8. Relationship between the surface differential optical power and the angle at different radii.

When the differential optical power changes with the angle, the greater the nonlinearity
of the differential optical power, the greater the difference in the resolution of the angle
measurement at different angles. As shown in Figure 8, when the radius of the diffuse
reflection surface is 6 mm, the differential optical power does not obviously change within
the angle range of −10◦to 10◦. As a result, the angle measurement system has poor angular
resolution within the range of −10◦to 10◦. When the nonlinearity of the system is small,
the system can clearly distinguish the changes in the differential splitting power with angle
values between −20◦and 20◦.

Starting from the diffuse reflection surface radius of 6 mm, as the diffuse reflection
surface radius decreases, the differential optical power changes approximately linearly.
According to the above simulation data, compared with the other radii shown in Figure 8,
when the diffuse reflection surface radius is 3.5, the minimum nonlinearity of the differential
optical power is 1.8%. When the radius of the diffuse reflector is less than or equal to 3.0 mm,
there is obvious non-monotonicity within the range of −20◦ to 20◦, which makes a diffuse
reflector with a radius of less than 3 mm unsuitable for angle measurement.
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4. Experiments and Results
4.1. Experimental Structure of the Angle Measurement System

To verify the validity of the model, a test mechanism was designed based on the
principle of the simulation results, as shown in Figure 9.

Sensors 2023, 23, x FOR PEER REVIEW 9 of 13 
 

 

within the angle range of −10°to 10°. As a result, the angle measurement system has poor 
angular resolution within the range of −10°to 10°. When the nonlinearity of the system is 
small, the system can clearly distinguish the changes in the differential splitting power 
with angle values between −20°and 20°. 

Starting from the diffuse reflection surface radius of 6 mm, as the diffuse reflection 
surface radius decreases, the differential optical power changes approximately linearly. 
According to the above simulation data, compared with the other radii shown in Figure 
8, when the diffuse reflection surface radius is 3.5, the minimum nonlinearity of the dif-
ferential optical power is 1.8%. When the radius of the diffuse reflector is less than or equal 
to 3.0 mm, there is obvious non-monotonicity within the range of −20° to 20°, which makes 
a diffuse reflector with a radius of less than 3 mm unsuitable for angle measurement. 

4. Experiments and Results 
4.1. Experimental Structure of the Angle Measurement System 

To verify the validity of the model, a test mechanism was designed based on the prin-
ciple of the simulation results, as shown in Figure 9. 

Rotary 
Center

L
M

r

D

Diffuse 
Reflecting 

Surface

Photodiode

LED

d

Telescopic 
Screw A

Telescopic 
Screw B

PCB

 
Figure 9. Schematic diagram of the testing apparatus structure. 

The rotation radius L can be adjusted by adjusting the length of telescopic screw A, 
and the distance M between the LED light source and the rotation center can be adjusted 
by adjusting telescopic screw B. The LED and the photodiode are installed on the PCB 
plate according to the structure shown in Figure 2 to form an optical signal processing 
plate. The PCB is fixed on telescopic screw B, and the adjustment of the photodiode spac-
ing D can be realized by replacing the PCB plate. 

The test device was built according to the test structure. The light source of the test 
system adopted an SFH4441 LED with a wavelength of 940 nm, and the opening angle of 
the light source was 17°. For the material of the diffuse reflecting surface, the reflection 
coefficient of a 940 nm wavelength is 0.983. The model of the four photodiodes was PD15-
22B/TR8, and the surface of each photodiode was a rectangular surface of 1.4 mm × 1.4 
mm. Retractable screw A was fixed on the rotating platform through an adaptor, and the 
rotating platform was controlled by a stepper motor. The motor model was K431-60, with 
an accuracy of 0.004°. Figure 10 shows the test system. 

Figure 9. Schematic diagram of the testing apparatus structure.

The rotation radius L can be adjusted by adjusting the length of telescopic screw A,
and the distance M between the LED light source and the rotation center can be adjusted by
adjusting telescopic screw B. The LED and the photodiode are installed on the PCB plate
according to the structure shown in Figure 2 to form an optical signal processing plate. The
PCB is fixed on telescopic screw B, and the adjustment of the photodiode spacing D can be
realized by replacing the PCB plate.

The test device was built according to the test structure. The light source of the
test system adopted an SFH4441 LED with a wavelength of 940 nm, and the opening
angle of the light source was 17◦. For the material of the diffuse reflecting surface, the
reflection coefficient of a 940 nm wavelength is 0.983. The model of the four photodiodes
was PD15-22B/TR8, and the surface of each photodiode was a rectangular surface of
1.4 mm × 1.4 mm. Retractable screw A was fixed on the rotating platform through an
adaptor, and the rotating platform was controlled by a stepper motor. The motor model
was K431-60, with an accuracy of 0.004◦. Figure 10 shows the test system.

When the rotating platform rotates, telescopic screw rod A rotates around the center of
the rotating platform by following the adapter, driving the diffuse reflector to rotate around
the rotating center. When the light source irradiates the diffuse reflector, the light intensity
on the surfaces of the four photodiodes changes with the angle of the diffuse reflector, and
the light intensity difference of the pair of photodiodes changes relatively. The differential
voltage of the angle measuring circuit changes, and the analog circuit is converted into a
digital signal via ADC, that is, the AD value corresponds to the light intensity difference.
In this experiment, the deflection angle of the angle motion table is used as the theoretical
value, and the AD value is the actual value. The AD value corresponds to the angle
value, and the floating AD value corresponds to the measurement accuracy value. The
relationship can be verified according to the corresponding relationship between the AD
value and the angle.
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When the rotating platform rotates, telescopic screw rod A rotates around the center 
of the rotating platform by following the adapter, driving the diffuse reflector to rotate 
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converted into a digital signal via ADC, that is, the AD value corresponds to the light 
intensity difference. In this experiment, the deflection angle of the angle motion table is 
used as the theoretical value, and the AD value is the actual value. The AD value corre-
sponds to the angle value, and the floating AD value corresponds to the measurement 
accuracy value. The relationship can be verified according to the corresponding relation-
ship between the AD value and the angle. 
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Figure 10. Static photoelectricity angle measurement system.

4.2. Results and Analysis of the Deflection Angle Measurement System

The test system was set according to the following parameters. The distance from
the center of the four photodiodes to the light source was 3.5 mm, the distance from the
center of the diffuse reflection surface to the light source was 3.0 mm, and the distance
from the diffuse reflection surface to the rotation center was 7.0 mm. The rotation angle of
the diffuse reflection surface changed in the range of −20◦ to + 20◦, and the radii of the
diffuse reflection plate were 3.0 mm, 3.5 mm, 4.0 mm, 4.5 mm, 5.0 mm, 5.5 mm, and 6.0 mm,
respectively. The rotation angle of the rotation center was adjusted by the electronically
controlled rotating platform to obtain the experimental results, as shown in Figure 11.
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Figure 11. (a) The relationship between the angle value and the differential optical power for
different diffuse surface radii; (b) the relationship between the diffuse reflection surface radius and
the nonlinearity of the differential optical power.

As Figure 11a shows evidently, the measurement value changes as the angle value
changes. When the radius of the diffuse reflection surface is less than 3.0 mm, the angle
measurement system is non-monotonic within ±20◦. When the radius of the diffuse
reflection surface is more than 4.0 mm, the angle measurement system shows an evident
nonlinearity trend. As the radius of the diffuse reflection surface increases, the variation in
the differential optical power with the angle value increases. When the radius of the diffuse
reflection surface is between 3.0 mm and 4.0 mm, there is a point of minimum nonlinearity.
Figure 11b illustrates nonlinearity changes for different radii of the diffuse reflection surface.
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The simulated calculation results show that the system’s minimum nonlinearity is 0.81%
when the radius of the diffuse reflection surface is 3.38 mm. The experimental tests were
conducted around 3.38 mm. When the radius is 3.3 mm, nonlinearity is 0.74%; when
the radius is 3.4 mm, the nonlinearity is 0.92%. Both Figures 8 and 11a show that the
experimental results are consistent with the simulation results.

In summary, the mathematical models (16) and (17) prove the correctness and feasibil-
ity of this angle measurement method based on the photodiodes’ differential optical power
through simulated and experimental results. The experimental results are highly consistent
with the simulation results. Therefore, this scheme is effective for the design of the angle
measurement system of an FSM.

The diffuse reflection surface with a radius of 3.3 mm was analyzed. The AD value
was tested in the range of −20◦ to 20◦, and linear fitting was performed to obtain the
measurement line and the fitting line, as shown in Figure 12.
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Figure 12. Measured values and fitting curves.

The fitting function of the angle value and the differential AD value in the angle range
of ±20◦ is

F(θ) = 1641·θ + 482.7

The resolution of the angle measurement system is 2.3′′. Combined with Figure 12, it
can be seen that the fitting function is approximately coincident with the measured value,
and the R2 value is 0.9999.

5. Conclusions

This paper investigates the working principle of diffuse reflection and analyzes the
advantages and disadvantages of an angle measurement system for an FSM. It also proposes
a solution for achieving large-angle measurement using diffuse reflection. A differential
optical power angle measurement model which is applicable to various FSMs is established.
The structural variables that actually affect the measurement results are clarified in the
model. It also proposes an optimized method for nonlinearity in angle measurement.
Through experiments and simulations, the validity of the model is proved. The model
plays an auxiliary role in the structural design of an angle measurement system of a
large-angle FSM. We also designed a testing apparatus to test the range, nonlinearity,
and accuracy of the angle measurement system. The testing results demonstrate that this
proposed system can achieve measurements within a±20◦ angle range, a resolution of 2.3′′,
and an optimized nonlinearity of 0.74%. Compared to other 2D FSM angle measurement

65



Sensors 2023, 23, 9192

systems, it reaches larger measurement ranges, smaller nonlinearity, and is suitable for
various FSM applications.
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Abstract: Real-time compression of images with a high dynamic range into those with a low dynamic
range while preserving the maximum amount of detail is still a critical technology in infrared image
processing. We propose a dynamic range compression and enhancement algorithm for infrared
images with local optimal contrast (DRCE-LOC). The algorithm has four steps. The first involves
blocking the original image to determine the optimal stretching coefficient by using the information
of the local block. In the second, the algorithm combines the original image with a low-pass filter
to create the background and detailed layers, compressing the background layer with a dynamic
range of adaptive gain, and enhancing the detailed layer for the visual characteristics of the human
eye. Third, the original image was used as input, the compressed background layer was used
as a brightness-guided image, and the local optimal stretching coefficient was used for dynamic
range compression. Fourth, an 8-bit image was created (from typical 14-bit input) by merging the
enhanced details and the compressed background. Implemented on FPGA, it used 2.2554 Mb of Block
RAM, five dividers, and a root calculator with a total image delay of 0.018 s. The study analyzed
mainstream algorithms in various scenarios (rich scenes, small targets, and indoor scenes), confirming
the proposed algorithm’s superiority in real-time processing, resource utilization, preservation of the
image’s details, and visual effects.

Keywords: infrared image; dynamic range compression; local optimal contrast; real-time imaging

1. Introduction

Because of its advantages for passive imaging and night imaging, infrared imaging
systems have been widely used in military, aerospace, security, and other fields. It has
always been a goal to obtain high-quality imaging results. Infrared imaging systems
typically use 14-bit or higher ADC (analog to digital converter) acquisition circuits to
gather information from an infrared scene with a high dynamic range, while the majority
of image display devices are 8-bit displays with a low dynamic range. This may result in
some details being lost during the display process. To combine the application scenarios
of infrared imaging devices in order to better adapt them to the visual characteristics of
the human eye, we need to perform high-dynamic-range compression of the image. Of
course, the loss of information from the image in this process is inevitable, but different
processing methods will exhibit different details, and the effect of the processing method
depends mostly on human vision. In addition, in recent years, uncooled infrared sensor
technology has been significantly improved, and the applications have become increasingly
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widespread, especially in civilian products. Therefore, how to compress images with a high
dynamic range into those with a low dynamic range while preserving the majority of the
detailed information is one of the critical technologies for infrared systems; at the same time,
low-delay image processing is also essential for back-end target detection and tracking.

Contrast refers to the measurement of different brightness levels between the brightest
white and the darkest black in the light and dark areas of an image. The greater the
difference, the greater the contrast, and the smaller the difference, the lower the contrast. It
can be global or local (i.e., concentrated in a small area).

Appropriate local contrast can make the image present a concave and convex three-
dimensional sense, which can improve the visual effect of the human eye. In addition, the
enhancement of local contrast can minimize the halo effect, making the picture clearer.

To address the problem of dynamic range compression, many researchers have de-
veloped algorithms for displaying high dynamic ranges and enhancing details [1]. Over-
all, high-dynamic-range image compression algorithms can be classified into traditional
mapping-based algorithms, gradient domain-based compression algorithms, and image
layering-based compression algorithms. Besides these, there are also a few methods [2,3]
that cannot be classified into any of these three classes. Different algorithms are applicable
for various application contexts and vary in their complexity and performance.

Related Work

Mapping-based high-dynamic-range IR (infrared radiation) image enhancement algo-
rithms are the simplest and most widely used, and the visual effect of the human eye is
obviously improved. These algorithms include self-gain-based linear mapping, Gamma
curve correction, histogram projection, etc. In order to make the distribution of the his-
togram as uniform as possible, the earliest method of histogram equalization redistributed
the image’s grayscale using a cumulative distribution function. A uniform probability
density distribution can be obtained using this method, but there are drawbacks as well,
including overenhancement, higher noise levels, the loss of some details, and fading. To
solve these issues, a threshold-based plateau histogram equalization (PHE) algorithm was
proposed in the literature [4]. The plateau histogram modifies the ordinary histogram algo-
rithms by adding a threshold. When the density of each gray value exceeds the threshold,
it will be processed, thereby improving the global contrast and avoiding a small number of
outliers affecting the global distribution of the gradient. The literature [5] has proposed an
adaptive histogram equalization algorithm (AHE), which computes a histogram function
based on a local window and can enhance the local contrast of an image while further
highlighting its finer details. However, the AHE algorithm is prone to creating a great
deal of noise. In light of this, a contrast-limited adaptive histogram equalization algorithm
(CLAHE) was proposed in the literature [6], which reduces the amplitude of the noise
with a clipping threshold. Some researchers [7,8] have also made some improvements to
the CLAHE algorithm. Generally, the self-gain-based equalization algorithms perform
noticeably worse than the histogram-based equalization algorithms. Nevertheless, the
histogram-based algorithms lack flexibility in some particular applications and are also
susceptible to overenhancement, block effects, etc., because they are entirely dependent on
the histogram’s statistics.

A gradient dynamic range compression algorithm compresses the large-scale gradient
and keeps the low-amplitude information. Fattal [9] proposed an algorithm as the frame-
work of the gradient-domain-based high-dynamic-range image compression algorithm
(GDHDRC). Based on this, a detail-preserving algorithm (GDHDRC-DPS) was proposed,
and further research [10–13] refined the GDHDRC-DPS algorithms even more. On most
occasions, these algorithms produce rather acceptable outcomes; however, there are signifi-
cant limitations in certain occasions. On the one hand, the factors used to smooth the data
items and gradient items need to be properly designed in order to prevent oversaturation;
on the other hand, the details of the output images are still not sharp enough to meet some
of the requirements of displaying infrared images with a HDR (high dynamic range).

69



Sensors 2023, 23, 8860

The algorithms based on image layering [14–27] decompose the original image into
various components, such as the background layer of the image and the detailed layer
of the image, and then process each component separately; afterwards, the compressed
background layer image and the stretched detailed layer image are reintegrated into an
image in which the dynamic range is compressed and the detailed layer image is enhanced.
The basic framework is shown in Figure 1, where the original image is decomposed into a
background layer image and a detailed layer image after being processed by a low-pass
filter; the background layer image undergoes dynamic range compression, and the detailed
layer image is enhanced. A final image with a low dynamic range is obtained after re-
fusing. Although the choice of algorithms can differ for low-pass filtering, the background
layer, the detailed layer, and image fusion, they are basically improved and promoted in
this framework.
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Specifically, an infrared image enhancement algorithm based on bilateral filtering
(bilateral filter and dynamic range partitioning; BF-DRP) was proposed in the literature [14].
The algorithm divides the original image into a background layer image and a detailed
layer image using bilateral filtering, then performs Gamma curve processing (compression
or expansion, respectively) on the background layer image and the detailed layer image,
and finally reintegrates the background layer and the detailed layer image to obtain the
detail-enhanced image. The bilateral filter is a nonlinear filter that takes both the spatial
proximity and the pixels’ grayscale difference into account, smoothing out uniform areas
of the input image such as the sky and sea while preserving strong edges such as floors.
However, the drawbacks of the BF-DRP algorithm are also obvious: (1) several parameters
of the algorithm require fine-tuning to achieve better enhancement; (2) the original image
minus the image after bilateral filtering is used to obtain a detailed layer image, the edges of
which will be sharper than the edges of the original image or even have gradient inversion,
while the highlighted noise appears in flat areas [15,16].

Based on this, an improved version of the BF-DRP algorithm, namely the bilateral filter
and digital detail enhancement (BF-DDE) algorithm, was proposed in the literature [17,18],
with the goal of obtaining a corrected background layer image that was closer to the original
image. In addition, research on the human visual system [17] showed that human eyes
are more sensitive to noise in uniform regions than in complex regions. The literature [19]
first described the noise mask function, and the literature [20] used a noise mask function
based on local variance, both of which clearly improved the image’s overall contrast and
improved the information on the target and the detail. The algorithms based on a bilateral
filter have two problems: (1) the detailed layer image obtained with the bilateral filter is
prone to gradient flipping because the mean filter method based on Gaussian weights is
unstable when one pixel has a large difference from its adjacent pixels; (2) the computational
complexity of bilateral filter is O(Nr2), and as the filter window increases, the computational
time will increase quadratically. To solve these problems, a linear filter, i.e., a guided filter
(GF), for the detail-enhancement algorithm was proposed in the literature [21], while the
studies of both [22,23] introduced an algorithm for enhancing images with a high dynamic
range (GF-DDE) based on a guided filter. The guided filter was used instead of the bilateral
filter in the GF-DDE method, which significantly decreased the algorithm’s computing
complexity but worsened its edge retention. An algorithm for enhancing images with a
high dynamic range (LEPF-DDE) based on a local edge-preserving filter was proposed
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by [24]. The local edge-preserving filter (LEPF) was used to separate the original image into
a background layer image and one or more detailed layer images. Next, the multi-scale
background layer image undergoes maximum entropy-based Gamma curve correction,
and the detailed layer undergoes of elimination of the artifacts and amplification of the
detail. Finally, the detailed layer image and the background layer image are re-bounded.
An edge-preserving filter algorithm called LEPF has been proposed in the literature [24,25],
which aimed to filter low-amplitude noise while maintaining strong edges.

On the whole, the traditional image mapping method has a general effect on the
retention of detail and image contrast, in which the gradient compression algorithm retains
the details better and the contrast is enhanced, but the parameters need to be carefully
adjusted for different scenes. The algorithm based on image layering results in greater
improvement in the retention of detail and noise suppression, but traditional methods are
still used in the background layer, and the contrast enhancement effect is general and can
easily cause halos and other problems.

The DRCE-LOC algorithm proposed in this study focused on improving image delay,
storage resources, FPGA-based implementation, and the trade-off between global contrast
and local contrast while applying the framework of dynamic range compression based on
image layering (Figure 1).

At the same time, the algorithm was optimized and implemented on an FPGA (field-
programmable gate array). For the low-delay image processing requirements of offline
applications [26], it is often necessary to design a hardware processing method based on
an FPGA. This is different from many CPU (central processing unit)-based algorithms.
Multiplication can be implemented on a parallel pipelined FPGA with only one clock cycle,
but exponential calculation that is simple on a CPU is difficult to implement on an FPGA.
Therefore, it is necessary to effectively utilize the characteristics of the FPGA to study
the design and improvement of algorithms. We conducted experiments on an infrared
imager equipped with the FPGA and uncooled infrared sensors and evaluated the effect of
the algorithm.

2. Methods
2.1. DRCE-LOC

An uncooled infrared sensor does not need a refrigeration device and can work at
room temperature. It has many advantages, such as fast start-up, low power consumption,
small size, light weight, long life, and low cost. In recent years, such sensors have been
widely used in military and civil night vision products. The proposed algorithm was
applied to an infrared imager equipped with 1024 × 768 uncooled infrared sensors, and all
experiments were carried out on this system.

The framework of the DRCE-LOC algorithm is shown in Figure 2. Its basic principle
is as follows. Firstly, the brightness value and contrast value are re-corrected in each local
block to achieve the best possible local contrast. Secondly, the Gaussian model [28] is used to
smooth the contrast value of the local block to eliminate the block effect. Then, a brightness
adjustment algorithm guided by the global brightness is applied. The algorithm uses the
background layer obtained by the guided filter to obtain the brightness-guided image after
passing through the global image. This step maintains the brightness relationship of the
original image as much as possible. Finally, the detailed layer obtained via the guided filter
and the image obtained after brightness and contrast correction are re-fused to obtain the
final image. The process of implementing the algorithm includes the following eight steps.
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Figure 2. Framework of the DRCE-LOC algorithm.

• Step 1: Image segmentation.

To reduce the amount of storage, the original image Iin (with a size of M × N) is
divided into X × Y local blocks. The size of each local block is M

X × N
Y . The mean value

(Blockmean) and its standard deviation are calculated. Blockmean reflects the level of bright-
ness of local blocks in the original image, and Blockstd reflects the level of richness of the
details of local blocks in the original image. The sizes of Blockmean and Blockstd are both
X×Y.

• Step 2: Calculation of the local block’s stretching coefficient.

The stretching coefficient of each local block is determined by the standard deviation
of each local block, as shown in Equation (1)

Stretchpara =
255

Blockstd + Bias
(1)

where Blockstr is the stretching coefficient of the local block and Bias is a constant set to
limit the coefficient of gain from being too large. After processing, the size of Blockstr is
X×Y.

• Step 3: Upsampling of the parameters of the local block.

Stretchpara and Blockstr are upsampled into M× N dimensions, the basic principle of
which is shown in Figure 3. The stretching parameter and the mean value of each local
block are projected to the center of the local block of the original image, and the stretching
parameter and mean parameter are calculated at the position of each pixel in the original
image. They are calculated from the parameters of each local block and the Gaussian
weights of the distance to the center of each local block.

NStretchpara(i, j) =
∑X

x=1 ∑Y
y=1 Stretchpara(x, y) ∗ exp(− d(i,j)(x,y)

2

δ2 )

∑X
x=1 ∑Y

y=1 exp(− d(i,j)(x,y)
2

δ2 )
(2)

NMeanpara(i, j) =
∑X

x=1 ∑Y
y=1 Blockmean(x, y) ∗ exp(− d(i,j)(x,y)

2

δ2 )

∑X
x=1 ∑Y

y=1 exp(− d(i,j)(x,y)
2

δ2 )
(3)

where NStretchpara and NMeanpara are the stretching parameter and the mean parameter
after upsampling, respectively, and their sizes are both M× N; δ2 is a constant used to
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control the Gaussian weights; and d(i,j)(x,y) represents the distance from the coordinates of
the original image (i, j) to the coordinates of the local block’s center (x, y).
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• Step 4: Layering of the guided filter.

Guided filters [19] are edge-preserving linear filters that have been widely used in
image enhancement. Here, they are used to divide the original image into a background
layer image and a detailed layer image. We assumed that the input image is p, the output
image is q, and the guide image is I. The fundamental idea is to combine an original
image with a guide image to produce a filtered image that resembles the guide image. The
equation is displayed in Equation (4)





q = ak I + bk, ∀i ∈ wk

ak =
pk Ik−pk Ik

Ik
2−Ik

2
+ε

=
1
|w|∑i∈wk

Ii pi−uk pk

σk
2+ε

bk = pk − akuk

(4)

where wk is a square window with a diameter of w with k as the center; |w| represents
the number of the pixels in the window; ak and bk are linear coefficients and are constants
in the local window wk; and i denotes the number of pixels in wk. It should be ensured
that the linear coefficient satisfies the formula above so that the difference between q and p
is minimized.

• Step 5: Calculation of the brightness guide map.

In order to increase the computational speed of the FPGA and maintain the light–dark
relationship of the original image, a linear mapping method is used. Gamma curves,
histogram equalization, and other methods can be used in some specialized applications.
The mapping method is shown in Equation (5)

Igc(i, j) =
255 ∗ (Iin(i, j)− Iin)

Std(Iin) + λ
+ Bright (5)

where Std(I in) is the standard deviation of the original image, Bright is the desired bright-
ness of the image, λ is a constant to avoid excessive gain, and Igc (i, j) is the mapped 8-bit
global brightness guide.
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• Step 6: Dynamic range compression and contrast enhancement.

Four factors are needed for dynamic range compression and contrast enhancement:
Iin, Igc , NMeanpara, and NStretchpara. The corresponding equation is

Baseout(i, j) = k1× NStretchpara ×
[
Iin(i, j)− NMeanpara(i, j)

]
+ k2× Igc (6)

where Baseout(i, j) is the output image after contrast enhancement, k1 is the parameter that
controls the local contrast, k2 is the parameter that controls the global contrast, Igc is the
brightness-guided image calculated in Step 5, and NMeanpara and NStretchpara are the
local mean parameters and stretching parameters calculated in Step 3, respectively.

• Step 7: Filtering of the detailed layer.

The detailed layer obtained through the previous steps contains noise. A noise mask
function based on human vision [17] is utilized to reduce noise. The basic principle of the
function is that the human eye is sensitive to noise in a uniform scene but is insensitive to
noise in areas with large amounts of detail.

Detailout = Detailimage × |ak| ∗ [gL + (gH − gL)] (7)

where Detailimage is the detailed layer image obtained after layering of the guided filter
and ak is the parameter that was calculated during the process of layering the guided filter,
which reflects the quantity of local information.

• Step 8: Image enhancement.

The final image is obtained by re-integrating the contrast-enhanced image and the
detailed layer image.

Iout = Baseout + DDE× Detailout (8)

where Iout is the final output image and DDE is the detail enhancement factor.

2.2. Noise Suppression

The algorithm includes two sources of noise: noise in the detailed layer and noise
in the background layer. The detailed layer’s noise adopts the principle of [17]. The
over-enhancement of the local contrast, which is primarily the source of the noise in the
background layer, is suppressed by Bias in Equation (1). In order to analyze the influence
of stretching the background layer on local noise, we set Igc = 128. At this point, the
stretching of the image in terms of global contrast is 0, and all the noise in the image comes
from the stretching of local contrast. The algorithm next divides the 1024 × 768 infrared
images into 4 × 3 squares and set δ2 to 3600 (the selection of this parameter is introduced
in the next section). Then, the effect of Base_out imaging under different values of bias is
shown in Figure 4.

AGC (adaptive gain control) is a method of compressing high dynamic ranges that
maps the dynamic range of an input image to a specified dynamic range. Since a 14-bit
image cannot be visualized on most display devices, we considered the image processed
by AGC as the input image and compared it with images processed by other algorithms.

Figure 4 illustrates how the final image’s noise level in terms of contrast varied signifi-
cantly with various biases. The image in the uniform area of the scene was overamplified
when Bias = 0, producing a significant amount of noise. The noise in the uniform region
steadily reduced with an increase in the bias, while the local contrast of the image dimin-
ished with the noise. The image’s noise was smaller and the local contrast performed better
when the bias was around 256.
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2.3. Halo Suppression and Contrast Control

A halo is a virtual shadow that extends from the edge of the image, which is a problem
that can easily happen during image blocking. Suppressing halos can keep the image in
its original state. In this study, we combined local and global information, but the halo
problem could also exist in the case of improper parameter selection. In Equation (6), k2
was used to control the halo problem and the global contrast. When k2 = 0, the algorithm
became a stretching algorithm with pure local contrast; as k2 increased, the weight of
global contrast in the final image gradually increased. In particular, in Equation (6), the
mean component of the local stretched image was eliminated rather than the algorithm
just adding the local stretched image and the global image. Therefore, the global image
plays a role in guiding the global contrast in Equation (6). The final image’s global contrast
will be closer to the global compressed image as k2 increases, and the halo will be weaker;
however, better local contrast can be achieved by controlling k1. Figure 5 shows the effect
of the algorithm under different values of k2 (k1 = 1; the basis for selecting this parameter
is presented in the next section). The red rectangles in the images facilitated a comparison
of the halo suppression effect under different values of k. It can be seen from Figure 5
that when k2 is large, the contrast of the final image was excessively high and some local
information was even obscured, as shown in Figure 5a. As k2 increased, the overall contrast
of the image steadily declined, and when k2 = 0.1, the brightness of the local blocks of
the image was nearly the same, losing the overall brightness and the blackness of the
original image. When k2 = 0.1, if a continuous video sequence enters the algorithm module
proposed in this study, a transformed halo will develop as a result of the alteration of the
local information. It can be seen from Figure 5d that when k2 = 0.5 or so, the final image is
nearly identical to the global contrast image, and the halo phenomenon almost disappears,
whereas improved global contrast and local contrast were achieved.
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2.4. Parameter Settings

The choice of parameters determines how well the algorithm performs. The selection
of the parameters in the algorithm was as follows:

M
X × N

Y is the local block size of the image. In general, the smaller the local block size
is, the better the local contrast will be. The computational effort will rise as the local block
size falls, since more local blocks are required. Tiny squares also have a tendency to bring
about localized halo alterations because of the movement of items in real-world settings.
For continuous video, a value of M

X × N
Y = 64× 64 achieves better results.

Bias is used to suppress the local overenhancement phenomenon, which is described
in Section 2.2, and generally achieves better results when it is between 128 and 384.

The parameter δ2 is used to control the Gaussian kernels’ curvature during downsam-
pling and upsampling of the image. The selection of δ2 is strongly influenced by the size
of the image block. Better results are achieved when δ2 ≥ M

X × N
Y , which eliminates the

obvious block effect that may be present in the image.
The parameter λ is set to prevent the global contrast from being overenhanced. It

performs the same function as bias, with the exception that bias controls the local contrast
while the global contrast is controlled when the parameter is modified. Similarly, better
results are achieved when λ is between 128 and 384.

The parameter k1 is used to control the local contrast. Since Equation (2) already places
a limit on the range of the image, higher results can be achieved when k1 = 1.

The parameter k2 is used to suppress halos and control the global contrast. A detailed
description is given in Section 2.3. Better results can be achieved when k2 is in the range of
0.2 and 0.7.

2.5. Complexity of the Algorithm

The algorithm proposed in this study is built on a framework based on guided filter
layering, which does not make the original guided filter any more computationally complex.
Similarly, the computational complexity of the algorithm proposed in this study is O(n)
and depends solely on the number of pixels. However, the following improvements can
be applied during the construction of the algorithm, particularly for real-time videos, to
further reduce the method’s resource consumption:
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• Calculating the local information of the image local blocks, which can be achieved by
using the local information of the data of the previous image of consecutive frames,
thus achieving an algorithm with a delay of less than one frame while storing the
complete image frame differently.

• In the calculations of upsampling and downsampling of the image, the Gaussian
kernel can be saved in advance as a parameter to avoid exponential calculations
during the execution of the algorithm.

3. Results and Discussion
3.1. Quantitative Assessment

To analyze and evaluate the effect of the algorithm, four image indicators, namely the
root mean square difference [29] (root mean square, RMS), image entropy [30], structural
similarity [31] (SSIM), and the Tenengrad clarity index [32], and the algorithm’s running
time were used. For calculating the running time, the experiment was carried out in the
same environment as follows: operating system, Windows 11; CPU, 12th Gen Intel (R) Core
(TM) i9-12900HX 2.30 GHz; RAM, 32.0 GB.

RMS is defined as

RMS =

√
1

MN ∑M
i=1 ∑N

j=1 (I(i, j)− I)2 (9)

where I denotes the image to be evaluated, I represents the mean value of the image, M is
the width of the image, and N is the height of the image. The larger the RMS, the better
the overall contrast of the image.

Image entropy is defined as

Entropy = −∑255
i=0 pi logpi (10)

where pi represents the probability of each grayscale value. Greater entropy indicates that
the grayscale has been stretched further.

SSIM is defined as

SSIM(I, re f ) =
(2uIure f + C1)(2σre f + C2)

(uI2 + ure f
2 + C1)(σI2 + σre f

2 + C2)
(11)

where ref represents the reference image, I is the image obtained by stretching the original
image with adaptive gain, u represents the mean value, σ represents the standard deviation,
and C1 and C2 are very small numbers to prevent the denominator from becoming 0. A
larger SSIM indicates that the two images are more similar in structure.

Tenengrad is a gradient-based function that extracts the gradient values in horizontal
and vertical directions through the Sobel operator [33]. It is defined as

S(i, j) =
√

Gx ∗ I(i, j) + Gy ∗ I(i, j) (12)

Tenengrad =
1

MN ∑M
i=1 ∑N

j=1 S(i, j)2 (13)

Gx =
1
4



−1 0 1
−2 0 2
−1 0 1


, Gy =

1
4




1 2 1
0 0 0
−1 −2 −1


 (14)

where S(i, j) represents the gradient of Image I at the point (i, j); Gx and Gy represent the
Sobel convolution kernels in the horizontal direction and vertical direction, respectively. A
larger Tenengrad means a clearer image.

To evaluate the processing effect of the DRCE-LOC algorithm in this study, we used
the typical AGC, HE, CLAHE, GF-DDE, and BF-DRP algorithms as a comparison in three
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typical scenarios: a rich scene, a scene with a small target, and an indoor scene. The
following can be seen from Figures 6–8.
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(1) The CLAHE algorithm and the proposed algorithm had the best results in terms
of image local contrast. CLAHE had two problems. First, it easily produced an overen-
hancement phenomenon, leading to the noise being amplified, as seen in Figure 6c, where
the red rectangle has a significant amount of noise. Second, the scene’s energy was weak
when the overall contrast was low, as shown in Figure 7c, where the thermal radiation of
the indoor scene was weak and the overall contrast of the whole image was low.

(2) The proposed algorithm had the best results in terms of retaining small targets and
details, as shown in Figure 6, where the two small dots at the top right are aircraft targets.
The proposed algorithm could highlight the aircraft targets and other detailed information
without overexposure.

(3) The proposed algorithm had the best global contrast, as shown in Figures 6 and 8.
As shown in Figure 6, each algorithm maintained the details well, but the proposed al-
gorithm was more transparent and more informative. In Figure 8, HE, BF-HDR, and the
proposed algorithm all had good global contrast, but HE and BF-HDR both showed ov-
erenhancement. The proposed algorithm achieved better global contrast while suppressing
overenhancement.

Table 1 shows the results of the evaluation of the three scenarios shown in Figures 6–8.
It can be seen from the table that for the RMS index, no algorithm showed particularly
good superiority; that is, several algorithms had no significant difference in the global
contrast. For entropy, the HE algorithm performed best in all three scenarios; that is,
the distribution of gray in the image after HE processing was the most uniform, which
was determined by the principle of the HE algorithm. However, the HE-based algorithm
is prone to excessive stretching, which can also be seen in Figures 6–8. For the SSIM
index, the closer it is to 1, the greater the similarity to the original image. It can be seen
from the index that the performance of several algorithms was not very good. This is
because the original image was a 14-bit image, and the image’s structure underwent
changes after compression. Tenengrad represents the clarity of the image. The proposed
algorithm showed very obvious superiority in all three scenarios, indicating that the
proposed algorithm retained the most detailed information and had the best image clarity
after dynamic range compression.
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Table 1. Evaluation results of the image quality of different algorithms.

Index AGC HE CLAHE GF-DDE BF-DRP Proposed
Method

Scene 1

RMS 31 49 42 51 50 48
Entropy 6.989 7.991 7.799 7.711 7.929 7.744

SSIM 1 0.8061 0.561 0.6092 0.6980 0.6168
Tenengrad 3.257 7.581 19.642 14.813 11.8181 28.561

Time (s) 0.0020 0.6856 4.6780 0.9384 24.8654 0.3168

Scene 2

RMS 1 31 16 22 32 33
Entropy 2.972 7.990 7.322 7.609 7.888 7.393

SSIM 1 0.4653 0.344 0.408 0.386 0.454
Tenengrad 0.283 15.371 29.906 23.515 18.754 43.940

Time (s) 0.0024 0.6670 4.6160 0.9418 25.3805 0.3651

Scene 3

RMS 3 31 8 28 32 17
Entropy 4.587 7.953 6.278 7.142 7.924 7.378

SSIM 1 0.556 0.774 0.483 0.656 0.547
Tenengrad 1.411 7.625 6.042 7.878 5.489 9.661

Time (s) 0.0018 0.6843 4.6874 0.9400 23.3256 0.3358

The results of running the software on a computer and its implementation on the FPGA were consistent.

In terms of the operation time, the algorithm based on AGC had the least delay,
followed by the algorithm proposed in this study. The AGC algorithm had the worst
enhancement effects for all image indicators. Therefore, the algorithm proposed in this
study has obvious advantages in terms of the operation time.

3.2. Implementation of the Algorithm on an FPGA

The proposed algorithm’s FPGA implementation is depicted in Figure 9. This is made
up of five parts, each of which is indicated by a green circle. The algorithm is applied to
a 1024 × 768 infrared imager with an image frame rate of 25 Hz, a pixel clock of 30 MHz,
and 200 pixel clocks of line fading. The algorithm was implemented on the Xilinx (San Jose,
CA, USA) A7 FPGA chip and was written in VHDL. Each component’s implementation
and resource utilization were examined in turn.
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Part 1: The first part was to finish the process of image buffering in 256 lines so that
the calculation of local image stretching and the bias factor needed to wait for 256 lines (in
a local block of 64, where δ2 = 25). This module’s operation was straightforward and only
required 1 Mb of Block RAM, but it consumed the most resources and had the longest image
delay, with a total of 2.1875 Mb of Block RAM and an image delay of 313,344 pixel clocks.

Part 2: The second part was to calculate the pull-up and bias coefficients of the image’s
local blocks. Each local block had 4096 pixels and was 64 × 64 pixels in size. There
were 192 local blocks in a single image frame. To store the values of data accumulation,
square accumulation, and the gain coefficient within the local block, three arrays of 192 bits
each were built by the computation module. The data were 26 bits wide. The image
was shifted 12 bits to the right after all the data in the local block had been calculated to
produce the image’s mean value for the local block (BXm) and the mean image variance
(BXX). The module accumulated the image data according to the row and column numbers
corresponding to the relevant positions in the arrays; furthermore, the local block variance
Bstd was computed by calculating the difference between the square of BXm and BXX,
and the local standard deviation was generated by taking the square root of Bstd. Finally,
the gain coefficient of the local block G could be calculated by Equation (1). A divider
was needed for this stage. Overall, this part used resources of 0.0142 Mb of Block RAM, a
divider, and some other auxiliary computing resources. The local block calculation required
a delay of 64 rows of data, and the calculation of the mean, variance, standard deviation,
gain coefficient, and algorithm required 1, 1, 34, and 26 pixel clocks, respectively, with a
total delay of 78,398 pixel clocks or about 0.0026 s. Moreover, since Part 1 and Part 2 can
run simultaneously, the system was not subjected to any additional delay.

Part 3: The third part was image layering based on a guided filter, which used a
5 × 5 window, and the data stream was be divided into two main steps:

(1) Calculate the coefficients a,b. To create a real-time image window of 5 × 5, the
original image was successively entered into shift registers of 5 lines after a 256-line delay,
and the data from each line were successively entered into 5-pixel buffer registers. The
mean and variance of the image were calculated independently for the numbers in the
window, and the method of calculation was the same as in Part 2. Specifically, to reduce
the computational volume and image delay, the standard deviation and mean values of the
16 domain pixels highlighted in red were used to decrease the computational volume and
image delay. The mean value of the 16 data points was computed by simply shifting the
sum value 4 bits to the right instead of using a divider, and the local values of a and b were
calculated by Equation (4). This step used pixel shift registers of 5 lines + 25 pix and one
divider; the image’s delay was 3 lines + 36 pix.

(2) Image layering. To create a 5× 5 real-time image window, a and b were entered into
5-line shift registers, and the data from each line were entered into 5-pixel buffer registers.
To calculate a and b and arrive at the mean values of Ma and Mb, the same 16 neighborhood
values were chosen. Finally, the background layer image Base was calculated by applying
Equation (4); the detailed layer image was Detail = q − Base. To match the alignment of a
and b, this step specifically called for a delay of 3 lines + 8 pix of the original image. The
image delay in this stage was 3 lines + 8 pixel clocks or 3680 clocks, and it used pixel shift
registers of 13 line + 58 pix, as well as various other auxiliary computing resources.

All of Part 3 required pixel shift registers of 15 lines + 75 pix, or 0.0147 Mb of
Block RAM, a divider, and several auxiliary calculation resources; the image’s delay was
6 lines + 44 pixel clocks or 7388 clocks.

Part 4: The fourth part involved the calculation of the global brightness guide map.
It involved the standard computation of the global image as described in Part 2. To
reduce the amount of calculation, downsampling and summing were performed in the
process of image summation, following the method of discarding one out of every three
pixels. Meanwhile, the standard deviation of the previous frame was used as a parameter to
calculate the guide image of the current frame in the process of continuous video processing.
Finally, Equation (5) was used to calculate the global brightness guide image of the frame
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in real time. A divider, a root calculator, and some more processing resources were needed
for this section, and the image’s delay, which was caused by the divider, was only 26 clocks.

Part 5: The fifth part was to calculate the final output image, which included three
main steps:

(1) Determining the brightness value of the original image under different local block
stretching factors, while 192 local blocks were calculated simultaneously to yield B1, B2,
. . ., Bn. The calculation used Equation (6), and the delay was only one clock.

(2) Determining the weight value using the formula in Equation (2). The different local
block weights were based on the distance of the actual pixel from each local block, and
the distance could be obtained by extrapolating the row counter. In this step, exponential
calculation was involved, so optimization was carried out as follows

exp(−
d(i,j)(x,y)

2

δ2 ) = exp(−
d(i)(x)

2 + d(j)(y)
2

δ2 ) = exp(−
d(i)(x)

2

δ2 )× exp(−
d(j)(y)

2

δ2 ) = ex× ey (15)

where d(i,j)(x,y) denotes the Euclidean distance from a pixel with the coordinates (i, j) to the
center of the local block with the coordinates (x, y), d(i)(x) denotes the horizontal distance
from a pixel with the coordinates (i, :) to the center of the local block with the coordinates
(x, :), and d(j)(y) denotes the vertical distance from a pixel with the coordinates (:, j) to the
center of the local block with the coordinates (:, y). According to δ2, when d(i)(x) = 256 or

d(j)(y) = 256, ex (ex = exp(− d(i)(x)
2

δ2 )) and ey (ey = exp(− d(j)(y)
2

δ2 )) almost decay to zero,
so they can be ignored. Therefore, ey and ey have at most 256 cases, or 256 values at
x, y = 0, 1, . . . 255. Therefore, to avoid exponential calculations in the FPGA, the process
calculated the value at x, y = 0, 1, . . . 255 and saved it in the Block RAM. During the
real-time computation, only the lookup table was needed to obtain ex and ey, and only a
simple multiplication operation needed performing to obtain the weights. The process of
reading the lookup table only delays this step by one clock but requires a Block RAM with
a depth of 256 and a width of 16 bits.

(3) The weighted average calculated the final B. The final B was obtained by weighting
B1, B2, . . ., Bn. This step involved a divider, delayed by 26 pixel clocks.

(4) The last step was to calculate the final image. The detailed layer image was
adaptively enhanced and delayed before being added to the background layer image to
obtain the final image. The total delay was 55 clocks, with the detailed layer requiring a
delay of 53 clocks.

Therefore, Part 5 requires two dividers, 0.0039 Mb of Block RAM, and 55 clocks of
image delay.

Overall, the entire process used 2.2554 Mb of Block RAM, five dividers, a root calcula-
tor, and some other auxiliary computational resources, with a total image delay of 0.018 s.
The specific resource utilization of the FPGA is shown in Table 2.

Table 2. Utilization report.

Slice LUTs (total: 134,600) 39,045 (29%)
Slice registers (total: 269,200) 38,919 (14.46%)

Block RAM (total: 365) 105 (28.77%)
DSPs (total: 740) 319 (43.1%)

The proposed algorithm can be widely used in infrared imaging modules, which can
be applied to various military and civilian thermal imagers and scientific research equip-
ment. The infrared imager used in this study was small in size, as shown in Figure 10a,
and the effect is shown in Figure 10b. It achieved good imaging results for different scenes.
Figure 10c is a schematic diagram of the imaging module mounted on the optomechani-
cal system.
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4. Conclusions

In this study, an algorithm for enhancing the contrast and compressing the dynamic
range of infrared images with local optimal contrast was proposed. The focus was to
strengthen and improve the following aspects:

(1) Low-delay image processing technology. Most of the algorithms used for conven-
tional background layer image processing are Gamma correction algorithms or histogram-
based equalization algorithms. Among them, Gamma-based correction algorithms are
generally effective for comparing images, while histogram-based or improved algorithms
must count one frame before outputting the final image, which means that at least one
whole image will be delayed and there may be phenomena such as image overenhance-
ment. In particular, in continuous video sequences, we found in experiments that when
the histogram statistics of the previous frame are used as the current mapping curve, the
brightness of the continuous image will flicker due to the mismatch between the real image
and the mapping curve. Therefore, an image processing algorithm with a low delay (less
than one frame) focuses on the compression of the background layer, so this study proposed
a local contrast enhancement framework based on guided global compression of the image.

(2) Minimal storage resources. One of the most crucial components of FPGA-based
image processing algorithms is the Block RAM. It is necessary to keep more than one frame
of image data when an image processing algorithm has a delay of more than one frame.
The block-based local optimal contrast stretching algorithm proposed in this study uses
fewer storage resources and only needs two parameters for each local block.

(3) The design of the algorithm structure of the pipeline and the efficient implementa-
tion of the algorithm based on FPGA. The pipeline of the algorithm’s structure is conducive
to the implementation of FPGA; however, exponentiation, division, and other calculations
require a significant amount of the FPGA’s resources; therefore, this study designed the
entire algorithm in accordance with the pipeline and optimized the calculations in the
algorithm to facilitate the efficient operation of the FPGA.

(4) Consideration of both global and local contrast. Previous algorithms based on
local histograms are prone to block effects, and global class-based algorithms have poor
local contrast. Based on this, this study improved the local contrast while ensuring that the
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global contrast closely resembled the original image. Specifically, the global background
layer’s compressed image is used as the guide image to achieve the optimal enhancement
of local contrast.

In general, in order to effectively suppress local noise and the halo effect while main-
taining both global and local contrast, the proposed algorithm combines local information
with global information and uses the global contrast compression map as the guide image.
Meanwhile, this study used infrared image with a resolution of 1024 × 768 as an example
for optimization and implementation of the FPGA-based algorithm, and the entire algo-
rithm used 2.2554 Mb of Block RAM, five dividers, one root calculator, and some other
auxiliary computing resources, with a total image delay of 0.018 s. Finally, the image
processing results of different scenes showed that the algorithm proposed in this study had
good results in rich scenes, scenes with small targets, and indoor scenes. At the same time,
the algorithm has low complexity and low delay, which is beneficial for its application to
scenes with high requirements in real time.
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Abbreviations

Abbreviations Full Name
ADC Analog to digital converter
IR Infrared radiation
HDR High dynamic range
PHE Plateau histogram equalization
CLAHE Contrast-limited adaptive histogram equalization
GDHDRC Gradient domain-based high dynamic range image compression
FPGA Field-programmable gate array
CPU Central processing unit
DRCE Dynamic range compression and enhancement algorithm
LOC Local optimal contrast
BF-DRP Bilateral filter and dynamic range partitioning
LPF Low-pass filter
GF Guided filter
LEPF Local edge-preserving filter
DDE Digital detail enhancement
pix Pixel
AGC Adaptive gain control
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Abstract: In the manufacturing industry, inspection systems play a crucial role in ensuring product
quality. High-resolution profilometric sensors have become increasingly popular for inspection due
to their ability to provide detailed surface information. However, the development and testing of
inspection systems can be costly and time-consuming. This paper presents the development of a
simulation of an inspection system using a high-resolution profilometric sensor. A geometrical and
noise model is proposed to simulate the readings of any actual profilometric sensor. The model
replicates the sensor’s movement on the CAD model of the inspected part. The model incorporates
the physical properties of the sensor and combines noise sources from sensor uncertainty and speckle
noise induced by the roughness of the material. Our contribution lies in noise modeling. This work
proposes a combination of Perlin noise to simulate the speckle noise and Gaussian noise for the
uncertainty-related noise. Perlin noise is generated based on the surface roughness parameters of
the inspected part. The accuracy of the simulation system is evaluated by comparing the simulated
scans with real scans. The results highlight the ability to simulate real scans of different parts, using
commercial sensor specifications and the CAD model of the inspected part.

Keywords: laser triangulation profilometry; Perlin noise; speckle; surface roughness; simulation;
computer vision

1. Introduction

As increasingly higher requirements are demanded from manufactured products,
industries rely on inspection systems to guarantee that their products achieve the expected
quality level. This is especially relevant in some industrial sectors, such as the aerospace
and automotive sectors or precision parts manufacturing. These sectors demand a full
inspection of their production that implies the acquisition of metrological information as
well as the detection of other possible defects, such as cracks or irregularities on the product
surface. This kind of superficial inspection may be carried out at an intermediate stage of
the process to discard defective parts as soon as possible.

However, developing inspection systems can be costly and time-consuming, especially
when dealing with high-precision sensors and complex geometries. Therefore, there is
a need for CAD tools that can facilitate the development of industrial inspection appli-
cations [1,2]. These tools can optimize the design and reduce costs by providing initial
data for algorithm development and evaluation. These tools allow for a simulation of
the inspection process before actually implementing it on the production line. From the
simulation data, it is possible to identify potential issues and refine the inspection process,
ultimately improving product quality. To be useful, the simulator must accurately repli-
cate the behavior of the inspection system using models that can be easily related to real
hardware. Designers will use that tool to test its performance under different conditions
to obtain an accurate and cost-effective solution while reducing the development time
and costs.
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One of the most common methods for product inspection in industrial applications
is laser triangulation. Sensors using this technology employ a laser beam and a camera
to measure distances and surface profiles. It works by projecting the laser onto a target
surface and analyzing the position of the reflected light in the camera image to calculate
the distance. The resolution of triangulation laser sensors refers to their ability to detect
and measure small changes or variations in distance. It determines the smallest measurable
distance increment that the sensor can reliably capture. The resolution is limited by the
uncertainties in the measuring process arising from the different sources of noise in the
measuring chain. Among these sources, one of the most important is speckle [3].

Speckle is an interference effect caused by the micro topology of the inspected surface,
due to the spatial coherence of the illuminating source [3]. In [4], the influence of speckle
in the measurements is analyzed. When lasers are used as light sources on surfaces that
are optically rough, speckle can occur due to diffraction. Optically rough surfaces have
spatial variations that cause reflected light rays to travel different distances, resulting in
phase shifts. These phase-shifted rays can either reinforce or cancel each other out, leading
to a pattern of bright and dark areas in the reflected laser light.

Although previous studies have investigated the simulation of laser triangulation
sensors for scanning parts, focusing on the geometrical model of the sensor, the impact of
the roughness of the scanned material is not usually considered. For example, the work
in [5] presents the simulation of scanning laser triangulation sensors for design and evalua-
tion purposes. Based on the CAD files of the parts, the simulation allows for the virtual
recreation of the camera acquisition, enabling collision and occlusion detection for com-
plete and effective digitization. In [6], Abu-Nabah et al. proposed a method to validate
new laser triangulation designs or commercial ones before their use in the oil and gas
industry. They used the commercial animation software Autodesk® 3ds Max® 2017 to
create a virtual model of the sensor and generate a synthetic image that is analyzed later on
to obtain the depth profile. Using this environment, they were able to check whether the
sensor would achieve the required precision and measurement ranges that are needed to
retrieve the geometry of weld seams and from that model predict the expected life of the
welded product.

Simulation using CAD models can generate measurements that may differ from actual
sensor readings because they often overlook the effect of speckle. Just considering the
geometrical configuration of the system may produce an accurate ideal measurement, but
it will discard the main source of uncertainty, thus limiting the advantages of simulations.
It is especially important to consider this discrepancy in applications like surface inspection
and defect detection. In this kind of application, the main objective is to assess if differences
in surface measurements are relevant and represent a defect or not, for example, an im-
pact mark or a superficial crack. To effectively train algorithms for defect detection and
classification, in particular, those used in machine learning or artificial intelligence, it is
imperative to include the effects of the main noise sources affecting sensor readings in the
simulation models. Ignoring the effect of speckle in simulations can introduce biases and
inaccuracies that will compromise the reliability of algorithms in real-world situations.

Speckle simulation has been addressed in some previous works. In [7], Moham-
madikaji et al. analyzed the different sources of uncertainty associated with the process of
3D measuring using laser triangulation profilometry. One of the sources of uncertainty that
they considered was associated with the localization of the laser line in the image. The ac-
curacy of these values is affected by the presence of speckle combined with quantization
effects, sensor noise, sampling, and interpolation methods. They proposed modeling all
these effects as two independent zero-mean Gaussian random variables that sum up to the
x and y coordinates of the laser line position.

The same research group proposed in [1] a method to obtain realistic simulated images
produced by a laser triangulation profilometer. Their objective was to develop a tool for
the evaluation and planning of such measurement systems during the development phase.
Their model included the simulation of the optical components as well as wave optics
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effects. They modeled speckle as a diffraction effect caused by a rough surface capable of
creating all phase differences. They computed the intensity due to coherent light sources
in the Fourier domain, as the product of the estimated amplitude transfer function and
the phase of the wave field. As an input to their simulations, they used the CAD model of
the object to be measured as well as its bidirectional reflectance distribution function with
the corresponding roughness profile. A main drawback was the computational burden
of the process. In their work, they stated that rendering an image took about 10 h, using
eight cores running at 3.7 GHz.

Csencsics et al. [8] proposed a different approach to simulate speckle. In their simu-
lation, they define all the different elements that form the measuring system, including
the geometry, the laser source characteristics, the measured surface, and the imaging sys-
tem. Then, they approximate the laser spot by a certain number of point sources within
the spot diameter, randomly distributed in the z-direction according to the expected sur-
face roughness. For each point source, a given number of rays evenly distributed over
a preset solid angle were ray-traced. The solid angle is selected to match the size of the
imaging lens. To compute the intensity at each detector point, they combined the dif-
ferent rays arriving at a point according to their phase at that point. They were able to
obtain realistic speckle patterns, and they used these results to propose methods to reduce
speckle-induced uncertainty.

Other authors have used complex ray tracing methods to model laser triangulation
profilometers. In [9], Beermann et al. proposed a simulation model for laser triangulation
measurement in an inhomogeneous refractive index field. The simulation setup is per-
formed with a virtual camera and a multistep ray tracing optimization to model a complete
triangulation process. The authors explore the benefits of the optical inspection of hot
workpieces in multistage forming and the challenges posed by inhomogeneous refractive
index fields. The study presents a simulation approach that predicts measurement devi-
ations in such conditions and suggests the design of compensation routines to improve
measurement accuracy.

Physically based simulation methods can be very useful when the objective is to
design and validate new sensors. As more steps are physically modeled, it is possible
to gain more insight into how the sensor performs and the bottlenecks to achieve the
desired performance. It may be possible to measure the impact of each component in the
final result. Nevertheless, such insight information is useless when the designers want
to use an off-the-shelf sensor. In this case, the sensor is a black box that provides depth
information. The designer will receive from the camera an array of depth values, where
each row corresponds to a single line scan. This information must be processed to extract
higher-level information, such as a geometric model or a decision about the presence of
defects in the inspected part.

In this work, a proposal to directly simulate the depth measures produced by an
off-the-self laser triangulation profilometric sensor is presented. A simple geometrical
model provides a base depth value and allows for the simulation of a complete scanning
of a part described by its CAD model and its relative position with respect to the sensor
during the process. A Gaussian noise model is added to the geometrical depth value to
take into account the sensor’s depth resolution and precision. The main contribution of
this work is to propose the use of Perlin noise [10,11] to model the effect of all the different
physical noise sources present in the scanning process, especially the uncertainty due to
speckle. This enables the development of a realistic simulation of the sensor that captures
its characteristics and the effect of noise sources. This enhances the effectiveness of the
simulation for developing, assessing, and optimizing the algorithms that must analyze
this information.

Perlin noise is a type of procedural lattice gradient noise originally used in computer
graphics to create procedural textures. It has been used both in films to add realism to
computer-generated images and in video games to create terrains procedurally. In the
computer graphics community, the term noise is used to refer to a random number genera-
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tor, while the term procedural refers to the fact that the random value at a given point is
computed using an algorithm. The speckle effect is to add a random value to the ground
truth one. Instead of simulating the physical process that produces speckle and that will
affect the image captured by the sensor camera, we use this well-known procedural noise
to compute a random value to be added to any point in the depth image returned by an
ideal sensor. A method to tune the parameters governing the Perlin noise algorithm is also
described. A good survey of procedural noise functions used in computer graphics can be
found in [12,13]

There are some works describing the use of Perlin noise to simulate surfaces. Li et al. [14]
proposed a method to simulate the reflection and refraction of water surfaces using Perlin
noise and ray tracing. It uses multioctave Perlin noise to construct a random height field
of the water surface. Acosta et al. [2] applied Perlin noise to simulate oxide textures for
developing an image-processing model for rust detection. They simulate 2D color images
with a wide range of possible rusted textures, using the Perlin Noise to simulate only the
visual aspect of the surface. Other related works are the one in [15], where the authors use
Perlin noise to model the material micro-structure, or the one in [16], which proposes a method
to enhance the photogrammetric 3D reconstruction performance of featureless surfaces using
noise-function-based patterns. In this work, Perlin noise is one of the noise functions used.

As the final objective is to simulate an off-the-shelf sensor, the information provided
by the manufacturer is used to build a the geometrical model. The surface geometry of the
part to be inspected is modeled using an STL (Standard Tessellation Language) CAD model.
STL is a file format commonly used in the manufacturing industry to provide a digital
representation of a 3D object surface. To complete the simulation, the trajectory followed
by the sensor with respect to the part surface is used to complete the scanning process.
Once the simulation is finished, a set of simulated profiles, arranged as a bidimensional
array, is obtained. This is the most typical format in which commercial sensors deliver their
measurements to the final user.

2. Materials and Methods

Our goal is to achieve a realistic simulation of the readings provided by an off-the-
shelf laser profilometric sensor. This should include the effect of speckle, as it is the most
relevant source of noise affecting the measurement process. It is a distinct form of noise
that occurs as a result of light scattering interference on rough surfaces. In particular, laser
triangulation profilometric sensors experience speckle noise due to the irregularities in the
surface roughness of the object being scanned. These irregularities introduce fluctuations
in the phase and amplitude of the reflected light. The result is the recognizable speckle
pattern in the raw image of the laser line. It presents a granular pattern that causes an error
in the estimation of the position of its center point. This error is therefore propagated to the
estimation of the distance to the object.

This work presents a simulation model that comprises three components: a geometric
scene model and two noise models. One accounts for the influence of speckle and the other
consider the sensor’s accuracy:

r̂(x, y) = d(x, y) + PN(x, y) + PG(0, σ) (1)

where r̂(x, y) represents the global simulated reading, d(x, y) is the distance provided by a
geometric model of the scanning, PN(x, y) represents the effect of speckle in the reading,
PG(0, σ) represents the error due to the sensor’s accuracy limits, x represents the position
along the laser line, and y represents the scan line.

2.1. Geometrical Model

Laser triangulation is a widely used technique in machine vision and metrology for
the 3D scanning of surfaces. This non-contact method involves the use of a laser beam
and a camera that is directed toward the inspection target. By adopting a known angular
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offset between the laser source and the camera sensor, it is possible to measure the distance
between the surface of the object and the camera using trigonometric principles.

The goal is to simulate the readings provided by a commercial laser triangulation
profilometric sensor, which provides high-accuracy depth measurements over a line. In this
work, a simple geometric model of the sensor is proposed. The model is defined by a set
of parameters extracted from the sensor datasheet that are shown in Figure 1. The first
parameter is the working distance (Wd), which accounts for the distance from the camera
to the center of the depth measurement range. The working distance is the ideal operating
point, where the laser is at its sharpest focal point and the reflected spot is in the center of
the detector. Then, we consider the Z-Range (ZR) value. It defines the difference between
the maximum and minimum measurement distances of the sensor. Therefore, the scanned

surface must be within the range Wd ±
ZR
2

to obtain a valid measurement.

Figure 1. Laser triangulation sensor: key parameters scheme.

The third parameter used is the field of view (FOV) of the camera. The FOV is the
laser beam opening angle and it represents the maximum aperture of the sensor and thus
the angular limits of the projected beam. It is computed from the X-FOV and the Wd.
The X-FOV is the total length of the measurement line at the working distance. Therefore,
a simple trigonometric computation leads to the following:

FOV = 2 arctan
(

X-FOV
2Wd

)
(2)

The parameter points per profile determine the number of points to be measured in
each profile, thus defining the number of rays to be projected in each acquisition. Those
rays are evenly distributed within the FOV.

A single profile is not enough to analyze the quality of a surface. It is necessary
to scan several profiles and join them to obtain a 3D image of the same. To complete
the simulation, the relative trajectory followed by the sensor with respect to the object is
replicated. The trajectory is defined by a sequence of sensor pose values and the sensor
speed between two consecutive poses. The intermediate position for each individual profile
simulation is determined using the maximum profile speed in Hz. This parameter is also
available in the sensor datasheet and represents the number of full 3D profiles per second
provided by the sensor. Its inverse is the time between two consecutive acquisitions. By
employing this temporal interval and the sensor’s travel speed, each intermediary pose is
computed through linear interpolation.

The 3D model of the inspected piece is loaded as a triangular mesh, which describes a
surface by the unit normal and vertices of the triangles. The profile acquired in each mea-
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surement corresponds to the intersections between the projected rays and the triangulated
3D model. It is calculated as a line–triangle intersection case, using the Möller–Trumbore
ray–triangle intersection algorithm [17].

The output of the simulation system provides the results of the scan in both a 3D
point cloud form and a 2D image, where each row of the image corresponds to a profile of
the sensor acquisition, so the size of the image is determined by the number of points per
profile and the total number of profiles scanned during the acquisition. Each pixel of the
image corresponds to the distance measured by the profilometric sensor.

2.2. Speckle Noise Model: Perlin Noise

The inspected surface will always present a certain degree of optical roughness that
will cause speckle when is illuminated with a coherent light source. This effect is the main
source of error in the measurement. We model this effect by adding a Perlin noise term to
the value produced by the geometric model.

2.2.1. Perlin Noise

Perlin noise [10] is a type of gradient noise originally used in computer graphics to
create procedural textures with a pseudo-random appearance, an example of Perlin noise
can be seen in Figure 2. It is defined by the composition of multiple scaled versions of
the same noise function, with different frequencies ( fm) and amplitudes (Am), known as
octaves. It is described according to Equation (3), where m is the m-th noise function being
added and noctaves is the number of octaves.

PN(x, y) =
noctaves

∑
m=1

AmNm( fmx, fmy) (3)

Figure 2. Perlin noise image.

The level of detail and complexity in the generated texture or pattern is determined by
the frequency and amplitude of each octave. The frequency refers to the number of cycles
of the noise function within a given unit of space, and higher frequency values result in
more rapid variations, producing a more intricate pattern. The frequency of each octave
is typically set by multiplying the base frequency ( f0) by a factor of 2 for each successive
octave, expressed as fm = f0 · 2m−1.

The amplitude determines the range of values that the noise function can output.
Higher amplitude values produce more pronounced peaks and valleys, resulting in a more
dynamic pattern. The amplitude of each octave is usually determined by a persistence
factor p, expressed as Am = A0 · pm−1.

To implement a 2D Perlin noise function, the initial step involves defining a 2D grid
of control points. For each control point, a fixed pseudo-random gradient vector of unit
length is generated. To compute the value at a point P(x, y), it is necessary to determine the
control points lying on the corners of the cell where the point falls C(xi, yj), where indices
(i, j) denote the 4 corners of the cell, and i and j are either the floor or the ceil of x and
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y, respectively, as shown in Figure 3. Then, the position vector of the point P(x, y) with
respect to each corner, (~d(xi, yj)), is computed. Equation (4) shows this calculation.

~d(xi, yj) = C(xi, yj)− P(x, y)

i ∈ {bxc, dxe}
j ∈ {byc, dye}

(4)

Figure 3. Two-dimensional Perlin noise generation process. Left image shows the 2D grid with the
pseudo-random gradient vectors for each control point. Right image represents the process in one
input coordinate P(x, y). C(xi, yj) are the corners of the grid, blue arrows represent the displacement
vectors ~d(xi, yj) and orange arrows represent the gradient vectors.

For each corner, the dot product between its gradient and displacement vectors is
calculated to obtain the influence values n(xi, yj) for point P(x, y).

nij = ~g(xi, yj) · ~d(xi, yi) (5)

The calculation of the 2D Perlin noise function at point P(x, y) is performed according
to Equation (7). An interpolation between the 4 dot products is performed to estimate
the blending of the noise contribution from the four corners, where n0 and n1 are the
interpolations between n00, n10 and n01, n11, respectively (see Equation (6)).

Interpolation is performed using the improved version of the general form of the
smoothstep function [11], as shown in Equation (8). This function has zero first and second
derivatives in the edges, and this ensures a smooth transition between neighboring cells,
giving the Perlin noise its characteristic look.

n0 = n00 + smoothstep(Px − Cx0) · (n10 − n00)

n1 = n01 + smoothstep(Px − Cx0) · (n11 − n01)
(6)

N(x, y) = n0 + smoothstep(Py − Cy0) · (n1 − n0) (7)

smoothstep(x) =





0 x ≤ 0

6x5 − 15x4 + 10x3 0 ≤ x ≤ 1

1 x ≥ 1

(8)

2.2.2. Perlin Noise Modeling with Roughness Parameters

Based on the properties of Perlin noise, it can be modeled in a way that, by adjusting
its parameters appropriately, allows for the simulation of the speckle noise found in
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real measurements These parameters are the size and the number of control points of
the 2D grid; the signal amplitude; the number of octaves; and the persistence factor.
In this subsection, we will describe how to select an appropriate set of values to achieve a
realistic simulation. Through this approach, a 2D Perlin noise function is estimated and
subsequently incorporated into the full scan originating from the geometric model.

Given the variability in the noise in each real measurement, the aim is not to reproduce
point-by-point the exact noise patterns but to capture the fundamental characteristics of the
noise to allow its simulation. In the presence of speckle, the real readings provided by the
laser profilometric sensor look like a rough surface. Although they do not necessarily reflect
the true surface roughness of the object, these readings can be adequately characterized
using the same parameters that are commonly used to assess the roughness of materials.
Roughness parameter values can be obtained through analysis of actual measurements
or through pre-existing knowledge of the type of material being scanned. Using these
parameters enables the generation of Perlin noise that replicates the noise introduced
by speckle.

Surface roughness is a feature of the surface texture. It measures the variation between
the actual surface and its ideal form in the direction of the normal vector. Roughness values
can either be calculated on a profile (line) or on a surface (area). We consider the parameters
profile by profile and generalize them to the surface by taking the average of the values
of all the profiles. There are many different parameters to characterize roughness [18].
The most important parameters are the amplitude ones, which characterize the surface
based on the vertical deviations of the roughness profile from the mean line.

The most common parameter to define roughness is the arithmetic average height
(Ra). It is defined as the arithmetic average of the profile height deviation from the mean
line. Other common parameters are the Rq (root mean square roughness), which represents
the standard deviation of the distribution of surface heights; the Rp (maximum height of
peaks); and the Rv (maximum depth of valleys), as well as the parameters Rpm and Rvm,
which measure the mean of the height of the 10 highest peaks and the depth of the 10
lowest valleys, respectively. Figure 4 shows the most important parameters.

Another common parameter is the number of peaks in the profile Pc. This parameter
calculates the number of peaks of the profile per unit length, given in peaks per millimeter.
Peaks are only counted when the distance between the current peak and the previous one
is greater than 10% of the maximum height of the profile.

Figure 4. Common roughness parameters in a profile. Pi are all the peaks in the profile.

After analyzing the most common roughness parameters, those that align most ef-
fectively with the Perlin noise model can be determined. Equation (3), which illustrates
the Perlin noise generation algorithm involving multiple scaled versions of a single noise
function, reveals the critical parameters that require adjustment to correspond with the
roughness parameters from the actual measurements. Subsequently, the chosen rough-
ness parameters for modeling Perlin noise are outlined, along with the reason behind
these decisions.

First, to generate the 2D Perlin noise function (Nm), as explained in the previous section,
we need to adjust the size of the grid and the number of control points. The grid size is set to
match the size of the resulting scan in pixels. This corresponds to the number of points per
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profile (pp f ) and the number of scanned profiles (npro f iles). The number of control points
per dimension is then determined based on Pc, which allows us to characterize different
surface types. We consider that Pc provides a reliable approximation of the number of
intersections with 0 that the first octave of Perlin noise will have, which corresponds to
the number of control points. This parameter is selected because it is more robust than
calculating the number of intersections with the mean line of the signal. The number of
peaks per mm is estimated by knowing the pixel/mm ratio of a real scan in each direction.

In Perlin noise generation, the frequency represents the number of cycles between
two adjacent control points. By aligning the number of control points in the grid with the
number of peaks in the desired surface roughness, we can set the frequency to 1. This
configuration ensures that there is precisely one complete cycle of the noise pattern between
adjacent control points, simulating the spacing between two peaks of the roughness in the
resulting noise.

The amplitude is set as the maximum value between Rpm and Rvm. So, the maximum
Perlin amplitude corresponds to the highest value of the 10 sharpest peaks or valleys. In this
way, the influence of possible outliers is minimized. The other parameters mentioned above
will be used to give an estimate of the similarity between the real and simulated samples.

Experimentally, we have found that a number of octaves equal to 4 and a persistence
of 0.5 provide satisfactory results, allowing us to add levels of detail to the noise. Increasing
the number of octaves does not produce significant changes in the result. For octave
five and above, their amplitude is no longer in the measurement range of the sensor and
therefore it is no longer detectable.

Substituting the parameters of Equation (3) as explained in this section, Equation (9)
is obtained. This equation presents our proposed model to simulate the speckle of the
real measurements from Perlin noise. Remember that the amplitude of each octave is
determined by the persistence factor as Am = A · pm and the frequency is typically set by
multiplying the base frequency by a factor of 2 for each successive octave. Nm is the 2D
Perlin noise function for each octave, with a grid size to match the size of the resulting scan
in pixels and with a number of control points per dimension determined based on Pc and
the dimensions of the scan.

PN(x, y) =
4

∑
m=1

(0.5m−1 ·max(Rpm, Rvm) · Nm(2m−1x, 2m−1y)),

∀x ∈ [0, pp f ], ∀y ∈ [0, npro f iles]

(9)

2.3. Sensor Uncertainty Model: Gaussian Noise

To complete our simulation model, consideration is given to an additional set of
sensor parameters: resolution Z (∆Z) and repeatability (σrep). The first one is related to
the minimum change in depth that can be reliably detected by the sensor. The second
one is the standard deviation of the readings provided by the sensor when repeating the
measurement under exactly the same circumstances. The sensor resolution is modeled

as a uniform distribution in the range
[
−∆Z

2
,

∆Z
2

]
. The model for the repeatability error

is a zero-mean Gaussian distribution with a standard deviation equal to the repeatability
parameter. In addition, we consider that both variables are independent, so we model their
combined effect as a zero-mean Gaussian with a standard deviation:

σ =

√√√√
(

∆2
Z

12
+ σ2

rep

)
(10)

To include the effect of this sensor uncertainty, we add to each measurement a value
drawn from a zero-mean Gaussian with standard deviation σ. The final value is trimmed
according to the ∆Z parameter.
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3. Results

This section presents the results of the laser triangulation profilometry simulator,
which incorporates the geometrical and noise model. The algorithms have been imple-
mented using the C++ running on the Ubuntu 20.04 LTS operating system. The open-source
Visualization Toolkit software (VTK), version 9.0.0, [19] is used to manipulate the 3D model
and simulate the inspection system, and MATLAB 2022b is used to process and analyze
the results.

Different experiments are performed to test the reliability of the developed algorithms.
Specifically, we replicated real measurements of three different steel products: bearing
caps, car doors, and heavy steel plates. These products have different geometries, and,
although they are made of the same material, they are manufactured using different
processes, resulting in varying surface characteristics.

The results obtained are analyzed by comparing simulated scans with real ones. It
is worth noting that quantifying the accuracy of the noise simulation presents significant
challenges. The variability introduced by noise complicates the task of quantifying the
reliability of the simulation. However, a quantitative analysis of the similarity between
simulation and reality can be performed by comparing the distributions of the scans and
their surface roughness parameters. Also, a visual comparison of scan appearances will be
conducted, considering both individual profiles and the broader scan area.

3.1. Geometrical Model

Any commercial profilometric sensor can be simulated by modifying its parameters
as needed. In these experiments, the parameters have been tuned to match those of the
real inspection system. The actual profilometric sensor used in these experiments is the
AT-C5-4090CS30-495 model from Automation Technology. The main parameters extracted
from its datasheet [20] are listed in Table 1. Also, the travel speed of the sensor is set as
0.1 m/s.

Table 1. Parameters of the profilometric sensor from its datasheet and travel speed used in
these experiments.

Working distance 400 mm

Z-Range 250 mm

FOV 63.5◦

Points per profile 4096 pixels

Z resolution 3.8 µm

Profile speed 500 FPS

Travel speed 0.1 m/s

A 3D model of any part can be loaded as an STL file. The interface of our simulator,
with the modeled profilometric sensor, can be seen in Figure 5, where a 3D model of a car
door is loaded. Also, the inspection trajectories can be configured to simulate different
scans. In this case, it is a straight line between the 2 points P0 and P1. The travel speed of
the scan is set to match the real system. The result of this scan can be seen in Figure 6, as a
point cloud and as a 2D image. The size of the image is the total number of profiles by
the number of points per profile. The total number of profiles is determined by the travel
speed sensor and the scan distance.
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Figure 5. Interface of the developed simulator. The CAD model of a loaded car door and a scan path
between the marked points P0 and P1 is shown.

(a) (b)

Figure 6. Result obtained during the simulation of a scan of the section of the CAD model shown
in Figure 5: (a) result in point cloud form; (b) result as 2D image. Each row corresponds to a scan
profile, so the size of the image is determined by the total number of profiles scanned during the
acquisition and the number of points per profile. (Size: 2000 × 4096.)

3.2. Noise Model

In this work, two different noises are presented: the uncertainty of the sensor and
the speckle noise. The noise introduced by the uncertainty of the sensor is modeled as
a Gaussian noise with an amplitude determined by the resolution of the measurement.
The sensor resolution on the z-axis, according to the datasheet, is 3.8 µm. However, it is
important to note that, based on prior experience and evidence, a more realistic value for
the resolution is approximately 15 µm.

Noise introduced in the form of speckle is modeled as Perlin noise. The characteristics
of this noise will depend on the material and the manufacturing process of the product.
This model can be generalized from the Rpm, Rvm, and Pc values of each surface.

In Figure 7, a profile extracted from the scan shown in Figure 6 can be observed,
specifically from the door handle area. The figures on the left provide a more compre-
hensive view of the profile, while those on the right are zoomed in on a specific part of it.
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Figure 7a,b demonstrate that the scan without the addition of noise yields an ideal pro-
file without any alterations. However, this is not desirable for replicating real scans. In
Figure 7c,d, Gaussian noise is introduced to simulate the measurement noise of the sensor.
The magnitude of this noise depends on the characteristics of the sensor being replicated,
which in this case is 15 µm, as previously stated. Also, Perlin noise with an amplitude of
80 µm is included. It should be noted that this is a larger value than the actual roughness
of the door material. However, it was calculated this way to see the differences between
Gaussian noise and Perlin noise more clearly, only for this particular experiment. Figure 7e,f
display the final simulated profile after incorporating Gaussian noise and Perlin noise. It is
evident that the Perlin noise has a higher amplitude than the Gaussian noise, as mentioned
above. This depends on the specific experiment, taking into account the sensor’s resolution
and the surface characteristics of the inspected part.

(a) (b)

(c) (d)

(e) (f)

Figure 7. Noise simulation results. Images on the left show the complete profile and those on the
right show a zoom of the section outlined in orange: (a,b) simulation profile before adding any noise;
(c,d) simulation profile after Gaussian noise to simulate sensor uncertainty; (e,f) simulation profile
after Perlin and Gaussian noise.

In the following, we will present the results obtained for the simulation of scans of
three steel products: bearing caps, car doors and heavy steel plates. Each has a different
manufacturing method: bearing caps are manufactured by casting, doors by stamping, and
plates by rolling. Figure 8 shows an example of these types of products.
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(a) (b) (c)

Figure 8. (a) Bearing cap (image obtained from [21]). (b) Car door. (c) Heavy steel plate.

Direct comparison between real and simulated scans is impossible, as noise patterns
have a random component and vary with each measurement. Also, our objective is to
model realistic measurements rather than replicate specific ones, simulating realistic scans
of different products using any laser triangulation sensor. However, a comparison between
the roughness parameters of real and simulated scans will be conducted in order to quantify
the degree of similarity between scans. Also, their visual appearance will be evaluated,
both at the profile and surface levels. In these experiments, scans of more or less flat areas
are compared to facilitate the analysis of the results without affecting the shape of the
part itself.

To emphasize the importance of simulating the noise introduced by the uncertainty
and the noise introduced by the speckle, the same scan will be analyzed, on the one hand,
with only the Perlin noise, and, on the other hand, with the full noise model. The roughness
parameters of the simulations are estimated in order to compare them with the real sample,
in particular, the parameters Ra, Rq, Rp, Rv, Rpm, and Rvm. These parameters are computed
as the average of the values calculated for each profile.

Also, we compare the similarity between the real scan distribution and the simulated
one using the two-sample Kolmogorov–Smirnov test [22]. It is a non-parametric hypothesis
test that evaluates the difference between the CDFs (cumulative distribution functions) of
the distributions of the two sample data vectors over the range of x in each dataset. The null
hypothesis is that both samples come from the same distribution. A critical value for a
5% significance level is used, so the null hypothesis is rejected if the maximum absolute
difference between the CDFs of the two samples is greater than 0.05.

3.2.1. Bearing Cap

This section presents the results obtained during the simulation of scans over a bearing
cap. Figure 9 shows the comparison between the results of a simulation scan and a real one.
It presents a profile and a 2D image of the obtained scan. It is possible to visually verify the
similarity between simulated and real ones. The displayed areas correspond to a portion of
the entire scan performed with a sensor of a 4096 pixels per profile. More precisely, it is
an area of 100 profiles by 501 pixels, that represents an area of 22.5 × 22.5 mm. A section
of the area is presented to offer a clearer view of the noise details and facilitate a more
comprehensive analysis, also to preserve the confidentiality of the data.

Table 2 shows the estimated parameters obtained from the analysis of real scans,
and compares them with the parameters obtained from the simulation results. Analyzing
the table, we observe that the roughness parameters of real and simulated samples are very
similar, moving in the same measurement range, with errors around 5%.

First row of Figure 10 shows the normalized histogram of real and simulated scan
distributions for this experiments. It can be seen that they have similar distributions.
After applying the Two-sample Kolmogorov-Smirnov Test, the result is that the null hy-
pothesis is true and, therefore, real and simulated samples come from the same distribution.
In Figure 10c the comparison between the cumulative distribution functions is shown.
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Real Simulated

(a) (b)

(c) (d)

Figure 9. Bearing cap experiment: Comparison between real and simulated scan. (a) Real 2D scan
image. (b) Simulated 2D scan image. (c) Real scan profile. (d) Simulated scan profile.

Real scan Simulated scan CDF

Bearing cap

Car door

Plate

(a) (b) (c)

Figure 10. Comparison of distributions: (a,b) normalized histogram of each of the captures (real and
simulated) in the three experiments; (c) comparison of the CFDs of the captures.

100



Sensors 2023, 23, 7624

Table 2. Bearing Cap: Comparison of roughness parameters between real and simulated scans.
Estimated as the average of the parameters calculated for each profile.

Bearing Cap

Real Simulation εr(%)

Ra (mm) 0.0211 0.0208 1.29

Rq (mm) 0.0263 0.0263 0.11

Rp (mm) 0.0731 0.0764 4.47

Rv (mm) 0.0742 0.0790 6.55

Rpm (mm) 0.0676 0.0702 3.76

Rvm (mm) 0.0700 0.0741 5.85

Pc (peaks/mm) 4.36 4.62 5.74

3.2.2. Car Door

This section presents the results of the simulation measurements on a car door. Anal-
ogous to the previous section, Table 3 presents a comparative between the roughness
parameters of the simulated and real scan. Figure 11 shows the 2D image of the obtained
scans. As the previous experiment, it is an area of 100 profiles by 501 pixels, also corre-
sponding to 22.5 × 22.5 mm.

The differences in roughness parameters between the real and simulated scans of
the car door surface are relatively small, with percentage errors ranging from 2.03% to
6.28%. This indicates a good agreement between the simulated results and the actual
measurements. The simulation accurately captures the essential roughness characteristics
of the car door surface, further validating the reliability of the simulation model.

In this case, it can be seen that the roughness values are lower than in the previous
experiment. This is due to the characteristics of this particular surface. Both are steel
materials, but the ingot is manufactured by casting and the car door by stamping. In general,
stamping tends to result in lower surface roughness compared to steel casting. This
is because stamping involves shaping the metal through controlled pressure and force,
resulting in a smoother and more uniform surface. On the other hand, casting involves
pouring molten metal into a mold, which can lead to surface irregularities and textures due
to the solidification process.

Table 3. Car door: Comparison of roughness parameters between real and simulated scans. Estimated
as the average of the parameters calculated for each profile.

Car Door

Real Simulation εr(%)

Ra (mm) 0.0134 0.0137 2.03

Rq (mm) 0.0169 0.0173 2.47

Rp (mm) 0.0523 0.0542 3.65

Rv (mm) 0.0522 0.0555 6.28

Rpm (mm) 0.0466 0.0482 3.50

Rvm (mm) 0.0477 0.0504 5.73

Pc (peaks/mm) 5.9446 6.2403 4.97
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Real Simulated

(a) (b)

(c) (d)

Figure 11. Car door experiment: Comparison between real and simulated scan. (a) Real 2D scan
image. (b) Simulated 2D scan image. (c) Real scan profile. (d) Simulated scan profile.

The Two-sample Kolmogorov-Smirnov Test also confirms that the null hypothesis
holds, indicating that both real and simulated samples originate from the same distribution.
Figure 10 presents the histograms and the cumulative distribution functions.

3.2.3. Heavy Steel Plate

This section focuses on the simulation scans on a heavy steel plate. The roughness
parameters of the simulated and real scans are compared in Table 4. Additionally, Figure 12
showcases a 2D image of the acquired scans, covering an area of 100 profiles with 501 pixels.
In this case, the scanning parameters were different and cover an area of 20 × 40 mm.

As in previous experiments, the comparison between real and simulated scans shows
that the roughness parameters generally align closely, with small percentage differences,
around 4%. Overall, the similarity between the real and simulated roughness parameters
indicates that the simulation accurately captures the characteristics of the heavy steel
plate’s surface.

Table 4. Heavy steel plate: Comparison of roughness parameters between real and simulated scans.
Estimated as the average of the parameters calculated for each profile.

Heavy Steel Plate

Real Simulation εr(%)

Ra (mm) 0.2484 0.2403 3.27

Rq (mm) 0.3118 0.3058 1.94

Rp (mm) 0.9397 0.9633 2.52

Rv (mm) 0.9834 0.9642 1.95

Rpm (mm) 0.8329 0.8550 2.65

Rvm (mm) 0.8925 0.8817 1.22

Pc (peaks/mm) 6.8758 6.2277 9.43
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Real Simulated

(a) (b)

(c) (d)

Figure 12. Plate experiment: comparison between real and simulated scans. (a) Real 2D scan image.
(b) Simulated 2D scan image. (c) Real scan profile. (d) Simulated scan profile.

As in the previous experiments, we can confirm that both real and simulated samples
have similar distributions using the two-sample Kolmogorov–Smirnov test. Figure 10
presents the histograms and the cumulative distribution functions.

Compared to the bearing cap and car door, heavy steel plates typically have higher
surface roughness parameters. This is mainly due to the presence of scale or surface oxides,
which can contribute to a rougher surface texture and irregularities.

4. Discussion

This work proposes a geometrical and noise model for simulating the readings of a
commercial laser triangulation profilometric sensor, incorporating the sensor’s physical
properties and noise sources. The model accurately reproduces the geometrical character-
istics of the scanned surface, as well as the noise patterns caused by speckle and sensor
uncertainty. Validation experiments demonstrated a high degree of similarity between the
generated scans and real sensor scans. Our research provides satisfactory results, enabling
a realistic simulation of laser triangulation scans.

CAD models in STL format are used because is one of the most widely used files to
represent the geometry of industrial parts. It stores data as a triangular mesh, which de-
scribes a surface by the unit normal and vertices of the triangles. One of the disadvantages
is that the resolution of the sensor is higher than the triangular mesh. So, when we simulate
the measurement of a profilometric sensor from a CAD model, a profile composed of small
straight segments is obtained, corresponding to each of the faces of the triangles that make
up the mesh of the model. This would not be a problem in the case of looking for coarse
3D reconstructions, but it is intended to simulate sensors working with resolutions of a
few micrometers.

To avoid this problem and allow the simulation of realistic scans, we introduce the
simulation of sensor measurement noise and speckle using a combination of Gaussian noise
and Perlin noise. It is difficult to quantify the reliability of the noise simulation. In each
real scan, the noise is different, both the noise introduced by the sensor and the speckle.
However, we can verify the similarity between simulation and reality in our proposal.

This proposal allows the simulation of any commercial laser triangulation sensor from
its datasheet, emulating its measurements, including both the measurement noise due to
the limitations of the sensor itself and the noise generated by the surface of the scanned
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product. We allow a simulation of the noise in a relatively simple way, considering surface
roughness parameters, without entering into complicated physical procedures.

We successfully simulated the speckle generated by the roughness of different types
of materials, focusing specifically on three steel products manufactured using different
fabrication methods. The results of our study highlight the accuracy of our modeling and
simulation process for a wide range of surfaces. Comparison between the actual scans
and our simulated results for the bearing cap, cab door, and plate surfaces consistently
showed similar roughness characteristics. However, by generalizing the noise model using
roughness parameters, we can simulate different surfaces, based on a priori knowledge
of the type of material and surface finish or by a simple analysis of roughness parameters
from a real scan.

The comparative analysis highlights small differences between the simulated and
real scans for the roughness parameters in the three experiments. The small errors for
the roughness parameters indicate that the simulation approach effectively captures the
general roughness characteristics of the surfaces. Therefore, the results suggest that the
current simulation method adequately reproduces the essential roughness features.

Overall, the results presented in this work validate the effectiveness of the simulation
approach for reproducing the real scans. The similarity between the real and simulated
scans, as observed in both the visual comparison and the quantitative analysis, indicates
that the simulation accurately captures the essential roughness characteristics of each
surface. The ability to accurately simulate surface roughness opens up possibilities for
using simulated scans in different algorithms and applications, offering a cost-effective and
efficient alternative to extensive experimental measurements.

The purpose of the proposed model is not to precisely replicate real measurements
but rather to enable the simulation of real measurements obtained from commercial sensors.
Speckle is an interference effect caused by the microtopology of the inspected surface, due
to the spatial coherence of the illuminating source. This noise is simulated using a Perlin
noise model, avoiding the complex real-world physical processes that produce it. This
allows us to simulate measurements equivalent to actual measurements in a simpler and
faster way. However, this limitation prevents us from using the simulator for the creation
of new sensors or for other purposes, such as calculating the level of influence of error
induced by speckle or other sources. However, this allows us to simulate realistic scans
using 3D models that do not provide any roughness information.

Also, this work allows for a test bench to try different data acquisition methods. The
most optimal trajectories of the sensors can be searched to scan different types of parts and
see how this affects the 3D reconstruction and the identification and measurement of the
defects. This is useful to allow the design of the acquisition system prior to its installation
on product lines. To ensure measurement accuracy, companies need to build complex
systems with expensive high-accuracy sensors on production lines. Also, the design of the
acquisition system is performed before knowing the optimal configuration. This leads to
increased costs and development time. Therefore, it is important to obtain a system that
provides a realistic simulation of the acquisition system and the defects to be inspected.

As part of our future research directions, the focus will be directed towards surface
defect detection in manufacturing using profilometric sensors. Many industries still rely
on manual inspection due to the limited defect data for developing defect detection algo-
rithms. Collecting authentic defect data is an arduous and costly task, especially during
development. In addition, the sporadic nature of defects in industrial processes adds
another layer of complexity. To address these problems, future work aims to enable the
creation of a synthetic defect database including dimensional data. To this end, work is
being conducted to simulate real defects in 3D models. From this, the scanning process
of profilometric sensors will be reproduced using the simulator proposed in this paper.
It is important to highlight that noise has an impact on measurements, so it is the key to
accurately replicating it in the simulated measurements, as explained in this work. Having
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a bank of defects is crucial, especially when it comes to developing artifical intelligence
algorithms effectively.

5. Conclusions

This work proposes a simulation model to replicate the readings of a real laser triangu-
lation profilometric sensor, which provides high-accuracy depth measurements over a line.
The model is composed of three different components: a geometrical model accounting
for the sensor’s physical attributes, a Gaussian noise model simulating sensor uncertainty,
and a Perlin noise model mimicking speckle-induced noise.

The presented approach was validated through experiments that compare the 3D
scans generated by the proposed model to those provided by a real laser triangulation pro-
filometric sensor. Results found that the simulator is capable of accurately reproducing the
geometrical characteristics of the scanned surface, as well as the noise patterns introduced
by the material roughness and the sensor itself. The generated scans had a high degree of
similarity to the real scans.

The results of the research have provided quite satisfactory results. Overall, the pro-
posed geometrical and noise models allow for the creation of a simulation of an off-the-self
sensor that accurately represents the behavior of the real sensor, including the effects of
the different noise sources, especially speckle. This simulation model stands as a valuable
asset for the design and evaluation of real-world applications, facilitating the assessment of
data processing and analysis algorithms before physical system deployment. In this way,
better solutions may be achieved while reducing the development time and costs.
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Abbreviations
The following abbreviations are used in this manuscript:

Am Amplitude of Perlin noise function m-th octave
A0 Perlin noise algorithm base amplitude
CAD Computer-aided design
CDF Cumulative distribution function
C(xi, yi) Cell corners surrounding point (x, y)
d(x, y) Depth from sensor to object at point (x, y)
∆z Sensor depth resolution
fm Frequency of Perlin noise function m-th octave
f0 Perlin noise algorithm base frequency
FOV Field of view
n(i, j) Influence value of corner C(xi, yi) for point (x, y)
Nm( fmx, fmy) m-th noise function component
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noctaves Number of terms (octaves) used to build the Perlin noise
npro f iles Number of scanned profiles
p Perlin noise algorithm persistence factor
Pc Number of peaks in the profile
PG(0, σ) Error due to sensor accuracy limits
PN(x, y) Perlin noise value at point (x, y)
r̂(x, y) Simulated sensor reading at point (x, y)
pp f Points per profile
Ra Arithmetic average height
Rq Root mean square roughness
Rp Maximum height of peaks
Rv Maximum depth of valleys
Rpm Mean of the height of the 10 highest peaks
Rvm Mean of the depth of the 10 lowest valleys
σrep Sensor repeatability
STL Standard Tessellation Language
Wd Sensor working distance
X− FOV Field of view along the horizontal direction
ZR Sensor Z-Range value
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Abstract: High−precision and robust localization is critical for intelligent vehicle and transportation
systems, while the sensor signal loss or variance could dramatically affect the localization perfor-
mance. The vehicle localization problem in an environment with Global Navigation Satellite System
(GNSS) signal errors is investigated in this study. The error state Kalman filtering (ESKF) and Rauch–
Tung–Striebel (RTS) smoother are integrated using the data from Inertial Measurement Unit (IMU)
and GNSS sensors. A segmented RTS smoothing algorithm is proposed in order to estimate the error
state, which is typically close to zero and mostly linear, which allows more accurate linearization and
improved state estimation accuracy. The proposed algorithm is evaluated using simulated GNSS
signals with and without signal errors. The simulation results demonstrate its superior accuracy and
stability for state estimation. The designed ESKF algorithm yielded an approximate 3% improvement
in long straight line and turning scenarios compared to classical EKF algorithm. Additionally, the
ESKF−RTS algorithm exhibited a 10% increase in the localization accuracy compared to the ESKF
algorithm. In the double turning scenarios, the ESKF algorithm resulted in an improvement of about
50% in comparison to the EKF algorithm, while the ESKF−RTS algorithm improved by about 50%
compared to the ESKF algorithm. These results indicated that the proposed ESKF−RTS algorithm is
more robust and provides more accurate localization.

Keywords: error state Kalman; RTS smoothing; robust and accurate localization

1. Introduction

The Global Navigation Satellite System (GNSS) has found widespread usage in ve-
hicle measurement, intelligent driving, and robot navigation due to its stable long−term
localization performance [1–3]. However, the susceptibility of satellite signals to external
interference would lead to the GNSS having unreliable localization accuracy. Therefore,
the combination of GNSS and Inertial Navigation System (INS) has been widely employed,
in which both systems could compensate for each other’s drawbacks and leverage their
respective strengths to achieve continuous localization [4–6]. The reported studies have
investigated the combined filtering algorithm of GNSS and INS, GNSS/IMU can provide
position, velocity, and attitude information for vehicle control. Liu [7,8] presents a novel
pitch and roll feedback mechanism that utilizes intrinsic information of the vehicle such
as steering angle and wheel speed. To compensate for the cumulative velocity errors that
occur during low sampling intervals of GNSS, the integration of reverse smoothing and
grey prediction is employed. Shin and Naser [9] reported that the algorithm yielded better
navigation and localization results, even in cases of short−term GNSS loss. Han [10] com-
pared the combined satellite/inertial guidance parameter estimation results with those of a
single satellite system, with the former yielding superior results. Li and Zhang [11] studied
the combined GNSS/INS navigation algorithm and highlighted that the filtering algorithm
still struggled to provide accurate parameter estimation in situations where few satellite
data were available. Erfianti [12] researched a combined GNSS/INS navigation algorithm
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and discovered that the INS could only provide high−accuracy parameter estimation
results for a short duration. During the satellite signal occlusion, the forward filtering
algorithm alone thus cannot guarantee a robust localization.

Applying the extended Kalman filter (EKF) to estimate the motion of vehicle systems
is well desirable due to the system nonlinearity [13–16]. The EKF linearizes the nonlinear
model by approximating it with a first−order Taylor series around the state estimate
and then estimates the state using the Kalman filter. M. M. Atia [17] proposed utilizing
the extended Kalman filter to merge data from inertial sensors with GNSS data in a
loosely coupled mode to improve the accuracy of road network maps in determining
lanes. The resulting lane determination success rate was an impressive 97.14%. However,
the local linearization operation of this approach can introduce significant estimation
errors. Julier [18] introduced an Unscented Kalman filter algorithm that improves the
estimation results, while its high complexity makes it unsuitable for most inertial guidance
devices. Arasaratnam [19] et al. pointed out through theoretical analysis and simulation
verification that the UKF has poor filtering performance or even divergence in solving
the high−dimensional (≥20) nonlinear state estimation problem. For this reason, they
used the spherical radial rule to approximate the state posterior distribution in the optimal
framework, and then proposed the Cubature Kalman Filter (CKF), but the CKF has higher
computational complexity and requires more sampling and operations, resulting in poor
real−time performance, which is not suitable for some applications with high real−time
performance requirements. The extended Kalman filter thus remains the mainstream state
estimation algorithm, and developing a low−complexity filter with high accuracy is still
challenging [20,21].

To address this challenge, S. S Kourabbaslou [22] presents a flexible design framework
utilizing symbolic engines to represent and linearize system and measurement models. A
robust fixed−lag smoothing approach is proposed in case there is a mismatch between the
nominal model and the actual model [23,24]. To improve the accuracy of vehicle stand−alone
localization in highly dynamic driving conditions during GNSS outages, Gao [25] proposed
a vehicle localization system based on vehicle chassis sensors considering vehicle lateral
velocity. The Kalman filter combines vehicle states obtained from vehicle kinematics and dy-
namics to improve the reliability and accuracy of autonomous driving. A consensus−based
and vehicle kinematics/dynamics integrated autonomous vehicle sideslip angle estimation
algorithm based on GNSS/INS was proposed [26,27]. Madyastha [28] proposed a Kalman fil-
tering method based on attitude error states. The error state Kalman filter (ESKF) is designed
for covariance estimation, which serves as a weight for the inertial odometry optimization
process [29–31]. These results validate the ESKF’s effectiveness for error−state estimation,
although a full−state estimation based on ESKF is not available yet. Further exploration of
state estimation based on ESKF is thus favorable.

The major challenge in designing a sensor fusion algorithm for state estimation is to
address GNSS signal errors and low−cost hardware limitations with a smoother approach.
The errors of inertial navigation systems accumulate over time, while GNSS signals are
heavily influenced by satellite signal quality and urban obstructions [32–34]. These would
lead to significant localization errors. Using INS alone cannot provide accurate position esti-
mation for a long term in signal−obscured environments [35–37]. In such cases, real−time
high−accuracy localization is necessary, and data fusion from multiple sensors is often re-
quired [38,39]. In order to provide reliable localization information, simultaneous localization
and map construction (SLAM) systems can be used, as well as multi−sensor integrated
systems that combine LiDAR [40] and navigation systems to solve problems caused by
GNSS antenna failures. To reduce GNSS and Inertial Measurement Unit (IMU) fusion costs
and achieve desired accuracy, different navigation satellite [41–43] constellations need to be
combined, especially in urban working environments.

In this paper, the low−cost sensor combination of only GNSS and IMU is considered,
and effects of GNSS signal error and different fusion algorithm design are investigated.
The extended Kalman filter and error state Kalman filter are designed in Section 2. The
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application of the error−extended Kalman filter and the RTS optimal smoothing algorithm
is investigated in Section 3 for combined inertial guidance and GNSS localization in urban
working environments. The insights and conclusions on the performance of the designed
sensor fusion algorithms are further analyzed.

2. GNSS and IMU Integrated Filter Design

The overall sensor fusion framework integrating the GNSS and IMU sensor data with
significant GNSS signal errors is illustrated in Figure 1. It mainly consists of four proce-
dures, including data analysis, prediction process, update process and reverse smoothing,
contributing to the developed ESKF−RTS smoothing localization algorithm. In particular,
the algorithm defines a nominal state without considering the measurement noise of IMU
and system disturbance, and an error state containing the noise and disturbance informa-
tion is used for state estimation. The nominal state condition and error state prediction
are updated simultaneously, and the error state is corrected using GNSS signal measure-
ment and injected into the nominal state. The error state and its covariance matrix are
subsequently reset. The acquisition frequency for GNSS data is 1 Hz, while the IMU data
are acquired at a frequency of 100 Hz. The reverse time update and reverse segmentation
smoothing are parallelly performed, which will be detailed below.
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2.1. Extended Kalman Filter

The extended Kalman filter (EKF) is also designed for comparison, using the sensor
measurements directly. The EKF procedure is described briefly.
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The developed discrete nonlinear vehicle system equations are:
{

Xk = f (Xk−1) + Wk−1
ZK = h(Xk) + Vk

, (1)

where f (·) and h(·) represent the state function and measurement function of nonlinear vehi-
cle systems, W and V are Gaussian white noise of state X and measurement Z, respectively,
and k represents the discrete time step.

The state function of the nonlinear vehicle system in Equation (1) is approximated
through local linearization. The nonlinear equation is expanded using a Taylor series, and
only the first−order term is retained while ignoring the second and higher−order terms.
This yields the following expression:

Xk = f (
^
Xk−1) + Fk−1(Xk−1 −

^
Xk−1) + Wk−1, (2)

where Fk−1 is the Jacobian matrix of the function of the function f (Xk−1).
The statistical characteristics of the predicted state can be obtained based on the results

of the linearization in the form of

_
Xk,k−1 = E[ f (

^
Xk−1) + Fk−1(Xk−1 −

^
Xk−1) + Wk−1] = f (

^
Xk−1). (3)

It is possible to further predict the variance matrix as

Pk,k−1 = E[(Xk −
^
Xk,k−1)(Xk −

^
Xk,k−1)

T
]

= E
{
[Fk−1(Xk−1 −

^
Xk−1) + Wk−1][Fk−1(Xk−1 −

^
Xk−1) + Wk−1]

T}
.

= Fk−1Pk−1FT
k−1

+ Qk−1

(4)

The same method is used for the measurement function h(xk) at the point x̂k , which
can be obtained as

ZK = h(
^
Xk) + Hk(Xk −

^
Xk) + Vk, (5)

where Hk is the Jacobian matrix of the function of the function h(Xk−1). The prediction of
measurement is calculated as

_
Zk,k−1 = E[h(

^
Xk−1) + Hk−1(Xk−1 −

^
Xk−1) + Vk−1] = h(

^
Xk−1). (6)

Then, the collaborative variance can be further predicted as

Pk,k−1 = E[(Zk −
^
Zk,k−1)(Zk −

^
Zk,k−1)

T
]

= E
{
[Hk−1(Xk−1 −

^
Xk−1) + Vk−1][Hk−1(Xk−1 −

^
Xk−1) + Vk−1]

T}
.

= Hk−1Pk−1HT
k−1 + Rk−1

(7)

Using the information above, the iterative process of the EKF algorithm for the sensor
fused localization can be summarized as

^
Xk = f (

^
Xk−1)

^
Pk = Fk−1Pk−1FT

k−1
+ Qk−1

Kk+1 =
^
P
−
k+1HT

k+1(Hk+1
^
P
−
k+1HT

k+1 + Vk+1)
−1

.

Xk+1 = Kk+1(Zk+1 − h(
^
Xk+1))

Pk+1 = (I − Kk+1Hk+1)
^
P
−
k+1

(8)
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2.2. Error State Kalman filter

For the formulation of the error state filter, the system states are defined as the true,
nominal, and error state values. The true state is expressed as a combination of the nominal
and error states. The approach is to treat the nominal state as a dominant signal, which
is highly nonlinear, and the error state as a small signal, which is linearly effective and
suitable for linear Gaussian filtering. The nominal state vector of [p, v, q, ab,ωb]

T is used in
this study, where the additional dimension appears due to the quaternion representation
used for rotation, the quaternion method is widely used in attitude update because it
only requires the calculation of matrix differential equations, which is relatively small
in computation and can avoid the singular value problem of Euler angles. In this paper,
the quaternion method is used to solve the attitude of the carrier. The operators q and R
represent, respectively, the quaternion corresponding to the axial angular vector θ and its
rotation matrix. In addition, the error state vector is [δp, δv, δq, δab,δωb]

T . The relevant
symbol definitions of true, nominal, and error state are listed and compared in Table 1.

Table 1. The definition of variable symbols.

Name True State Nominal State Error States

All states xt x δx
Location pt p δp

Speed vt v δv
Quaternion qt q δq

Rotation matrix Rt R δR
Angular vectors θt θ δθ
Acceleration bias abt ab δab

Angular velocity bias ωbt ωb δωb

2.2.1. Continuous Time Kinetic Model

The nominal state kinematics refers to the system modelled with system noise or
external perturbations in the form of

.
pt = vt.
vt = Rt(am − abt − an) + gt.
qt =

1
2 qt ⊗ (ωm − ωbt − ωn)..

abt = aω.
ωbt = ωω

(9)

The acceleration and angular velocity measurements are represented by am and ωm,
respectively, while an and ωn represent the corresponding noise vectors, and aω and ωω

represent the bias vectors for acceleration and angular velocity, respectively. The equations
driving the system dynamics in the nominal state are as follows, where the nominal state
refers to the modeled system without any noise or perturbations:

.
p = v
.
v = R(am − ab) + g
.
q = 1

2 q ⊗ (ωm − ωb)..
ab = 0
.

ωb = 0

(10)
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Solving for the error state and simplifying all second−order infinitesimals. The kinetic
equation for the error state can be obtained from Equations (9) and (10).

ffi
.
p = ffiv

ffi
.
v = R(am − ab)ffiθ− Rffiab − Ran

ffi
.
θ = −(ωm − ωb)ffi` − ffiωb − ωn.

ffi
.
ab = aω

ffi
.

ωb = ωω

(11)

2.2.2. Discrete Time Kinetic Model

In order to apply the derived state and measurement equations to the sensor fusion
filter, they must be discretized based on the sampling time. The original continuous time
equations are transformed into their discrete time form.

The recursive expression for the motion model of the nominal state is

p(k+1) = pk + vk∆t + 1
2 [Rk(amk − abk) + g]∆t2

v(k+1) = vk + [Rk(amk − abk) + gk]∆t
q(k+1) = qk ⊗ qk((ωmk − ωbk)∆t)
ab(k + 1) = abk
ωb(k + 1) = ωbk

(12)

The kinematic model of the error state is expressed recursively as a function of the
non−negative integer k representing the kth time step:

ffipk+1 = ffipk + ffivk∆t
ffivk+1 = [−Rk(amk − abk)ffiθk − Rkffiabk]∆t + ffivk − wvk
ffiθk+1 = RT

k ((ωmk − ωbk)∆t)ffiθk − ffiωbk∆t + w`k
ffiab(k+1) = ffiabk + wak
ffiωb(k+1) = ffiωbk + wwk

(13)

The Gauss random noise for velocity, attitude, acceleration bias, and angular velocity
bias are denoted as wvk, w`k, wak, , w!k, their mean is zero, and their covariance matrices are
obtained by integrating the covariances of σan , σωn , σaω and σωω over the step time ∆t.

Wv = σ2
an ∆t2I

W` = σ2
ωn ∆t2I

WA = σ2
a!

∆tI
WΩ = σ2

ω!∆tI

(14)

The standard deviation of Gaussian white noise for acceleration and angular velocity are
denoted by σan and σωn , respectively. Similarly, σaω and σωω are used to represent the standard
deviation of Gaussian white noise for acceleration and angular velocity bias, respectively.

2.2.3. Development of the Error State Model

The discrete vector forms for all states, error states, IMU measurements, and noise are
defined as follows:

xk = [xk, vk, qk, abk, ωbk]
T , ffixk = [ffipk, ffivk, ffiqk, ffiabk, ffiωbk]

T ,
umk = [amk, ωmk]

T , wk = [wvk, w`k, wak, w!k]
T (15)

The recursive equation for all the error state is derived by combining Equations (5)
and (7) in the form of

ffixk+1 = fffi(xk, ffixk, umk, wk) = Fxk(xk, umk) + Fwkwk, (16)
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where fδ(·) represents the recursive function of the error state, the Fxk and Fwk are the
Jacobian matrices corresponding to the error and noise states, respectively, which can be
derived as

Fxk =




I I∆t 0 0 0
0 I −RT

k (ωmk − ωbk)∆t −Rk∆t 0
0 0 RT

k (ωmk − ωbk)∆t 0 −I∆t
0 0 0 I 0
0 0 0 0 I




, Fwk =




0 0 0 0
I 0 0 0
0 I 0 0
0 0 I 0
0 0 0 I




. (17)

2.2.4. The ESKF Prediction Process

The error states and the covariance prediction process can be obtained as

ffi
^
x
−
k+1 = Fxk(

_
x k, umk)ffixk

^
P
−
(k+1) = Fxk

^
PkFT

xk + FwkQwFT
wk

(18)

where Qw represents the noise covariance matrix of the form:

Qw =




Wv 0 0 0
0 Wθ 0 0
0 0 WA 0
0 0 0 WΩ


. (19)

2.2.5. The ESKF Observation Process

Once the GNSS information becomes available, the observation is incorporated to
continuously update the filter. This process also involves calibrating for the accelerometer
and gyroscope biases.

The observation equation is typically expressed in a more uniform form within the
filter in the form of

zk = h(xtk) + wmk, (20)

where zk is the measurement signal vector, wmk represents the Gaussian white noise of
the measurement signal, and its covariance is V. The error calibration update equation is
derived as

Kk+1 =
^
P
−
k+1HT

k+1(Hk+1
^
P
−
k+1HT

k+1 + Vk+1)
−1

ffi
_
Xk+1 = Kk+1(Zk+1 − H(

^
Xk+1))

_
Pk+1 = (I − Kk+1Hk+1)

^
P
−
k+1

(21)

The Jacobian matrix H is required to be defined with respect to the error state ffix, and
evaluated at the best true state estimate x̂t = x ⊕ ffix̂. As the error state mean is zero at
this stage (we have not observed it yet), we have xt = x, and we can use the nominal error
x as the evaluation point, leading to

H =
∂h
∂xt

∣∣∣∣
x

∂xt

∂ffix

∣∣∣∣
x
= HxXffix, (22)

in which

Xffix , ∂xt

∂ffix

∣∣∣∣
x
=




I6 0 0
0 Qffiθ 0
0 0 I6


, (23)

Qffiθ =
1
2




−qx −qy −qz
qw −qz qy
qz qw −qx
−qy qx qw


. (24)
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2.2.6. Combination of ESKF Error State and Nominal State Process

Based on the recurrence of the a priori system state and the calibration of the error
state, the updated form is obtained as follows:

_
x k =

_
x
−
k
⊕ ffi

_
x k. (25)

Each of these system states corresponds to the following:

_
p k =

_
p
−
k + ffi

_
p k

_
v k =

_
v
−
k + ffi

_
v k

_
q k =

_
q
−
k ⊗_

q ffi
_
θ k.

_
a bk =

_
a
−
bk + ffi

_
a bk

_
ωbk =

_
ω

−
bk + ffi

_
ωbk

(26)

2.2.7. ESKF Error State Reset

After injecting the error state into the nominal state, the a priori error state and the
corresponding covariance need to be reset, as

ffi
_
x = 0

P = GkPkGT
k

(27)

where G is the reset function g(ffix) = ffix 	 ffix̂ of the Jacobi matrix, which is defined in
the form of

G , ∂g
∂ffix

∣∣∣∣
ffi
_
x
=




I6 0 0

0 I − ( 1
2 ffi

_
θ) 0

0 0 I9


. (28)

3. Robust Localization via RTS Smoothing
3.1. Reliability of Measurement Information

In the case of a GNSS signal loss, when there are no available GNSS measurements
to update, the covariance matrix in Equation (21) tends to be infinite. The Kalman gain K
tends to zero, so that when the measurement information is zero or differs too much from
the predicted information, the update equation changes to the following form:

ffi
_
x k+1 = ffi

_
x k

_
Pk+1 =

^
P
−
k

(29)

3.2. RTS Fundamental Design

The RTS smoothing can be regarded as a technique for obtaining an optimal state
estimate when observations are available from moment 1 to moment N; it involves us-
ing previous estimates obtained through Kalman filtering in order to perform backward
smoothing from moment k + 1 to moment k resulting in a more precise estimate. This
method falls under the category of fixed interval smoothing and is considered as a fixed
interval smoother, which is convenient for implementation.

The RTS smoother involves a two−step process: a forward filter followed by a back-
ward smoothing. The forward filter is a standard Kalman filter described by Equation (18),
which maintains all the predicted and updated estimates as well as their corresponding
covariances for each epoch during the entire mission. The backward smoothing procedure
begins at the end of the forward filter at time tN , with an initial condition ffixN,N and
tN,N . Therefore, the backward smoothing can be seen as an update to the forward filter for
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obtaining an enhanced estimate. The equation for the RTS algorithm can be represented in
the form of

ffi
_
x k,N = ffi

_
x k,k + Uk(

_
x k+1,N −_

x k+1,k)
_
Pk,N =

_
Pk,k + Uk(

_
Pk+1,N −

_
Pk+1,k)UT

k

(30)

where delta ffixk,N is the smoothed estimate of the state vector, and Uk is the smoothing
gain matrix, which is calculated by the following equation:

Uk =
_
Pk,kFT

k+1,k
_
P
−1

k+1,k, (31)

where k = N − 1, N − 2, . . . . . . , 0. The RTS smoothing algorithm uses the results of the
forward filter and backward smoothing to obtain an improved estimate. The inverse
smoothing starts from the last filter result and proceeds forward one by one, so it must
obtain N filter results to smooth the observations within the period [0, N]. However, if N
is too large, the inverse smoothing process can be obviously lagged, which would limit
the algorithm’s application in real time. Therefore, a segmented RTS smoothing method is
designed in this study.

3.3. Segmented RTS Smoothing Algorithm

Assuming the duration of a dynamic system is k = 1, 2 . . . . . . , N, the segmented RTS
smoothing algorithm involves forward filtering and inverse smoothing of N observations
in segments. The segment length is L, where 1 < L < N. In other words, the RTS inverse
smoothing process is performed immediately after obtaining the filtering results for the seg-
mented period, without waiting for subsequent filtering results. This approach significantly
reduces the lag time of the inverse smoothing process. Additionally, the segmentation
length can be varied, avoiding the issue of poor real−time performance associated with
RTS smoothing. In this study, the segmented RTS smoothing algorithm is applied to the
potential probability assumption density filtering algorithm, effectively addressing the
problem of poor real−time performance resulting from the use of RTS smoothing.

Step 1 Output variables are cleared: ffix̂k = [ ], p̂k = [ ].
Step 2 Local filtering result variable clearing ffix̆k = [ ],p̆k = [ ]. The filtered result

variable after local association is cleared xk = [ ], Qk = [ ], the segmented smoothing
counter count is cleared to zero.

Step 3 If the tracking of the target is not finished, action continues down the track,
otherwise the smoothing result ffix̂k, p̂k is output; then, the entire segmented RTS smoothing
algorithm ends.

Step 4 Upon receiving the current filtering result, it is stored in the variables ffix̆k and
p̆k. the Hungarian algorithm is used to correlate the trajectories and estimates, obtaining
the filter value for each target. The correlated filter result is saved in variables xk and Qk,
and they are counted using a counter called count.

Step 5 If count == L, after performing local correlation using xk and Qk for each
target’s filtering results, the inverse smoothing process uses the RTS smoothing algorithm.
The results of the smoothing process are stored in variables delta ffix̆k and p̆k before being
transferred to Step 2. In order to significantly reduce the lag time of the inverse smoothing
process, it is carried out immediately following the acquisition of the filtered data without
waiting for subsequent data. Real−time performance of the fusion algorithm can be
improved by decreasing the segment length L.

To correct the position, velocity, and attitude values that have been calculated in
the forward filtering, it is recommended to use the state error smoothing values. These
smoothing values can be utilized to derive the final optimal smoothed values for these
states using the following equations.
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4. Results and Discussions

The proposed sensor fusion algorithm is demonstrated in a relatively open environ-
ment, which allows for uninterrupted satellite signal and individualized GNSS localization.
The acquisition frequency for GNSS data is 1 Hz, while the IMU data are acquired at a
frequency of 100 Hz; the smooth dimension L is selected as 10. These parameters provide ac-
ceptable conditions for analyzing the accuracy of combined GNSS/IMU localization, even
in the event of GNSS signal loss, as demonstrated by the trajectory shown in Figure 2. In
order to evaluate the localization accuracy of the GNSS/IMU combined localization process,
the simulation involves artificially inducing the loss of lock by introducing exaggerated
errors to the GNSS satellite observation information based on raw GNSS data.
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Figure 2. Oval shape motion trajectory.

4.1. Oval Track Simulation Analysis

Figure 2 illustrates the simulated oval shape trajectory, which comprises a long straight
line with small angle turns in two dimensions.

The localization results for the various filtering algorithms are shown in Figures 3–5
and Table 2. It can be seen that the ESKF algorithm exhibits better target tracking accuracy
compared to the EKF algorithm, as evidenced by its RMS values of 1.633 m, 1.782 m, and
1.476 m for Lateral, Longitudinal, and Vertical directions, respectively. By reducing the
error state parameter, the accuracy of the three poses is improved by 2.8%, 2.1%, and 52.0%,
respectively. After performing the backward smoothing filtering process, the RMS values
of the three attitudes are further optimized to 1.463 m, 1.588 m, and 1.393 m, respectively.
Moreover, the target tracking accuracy of ESKF–RTS is superior to ESKF, with the attitude
accuracy in the three directions improving by 10.4%, 10.9%, and 5.6%, respectively. The
trajectory also reveals that the curve of ESKF–RTS is smoother, further highlighting the
advantages of ESKF–RTS over the other two algorithms in addressing the problem of
smooth estimation of nonlinear states.
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Figure 3. Lateral, Longitudinal and Vertical positions of EKF (Oval).
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Figure 4. Lateral, Longitudinal and Vertical positions of ESKF (Oval).
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Figure 5. Lateral, Longitudinal and Vertical positions of ESKF–RTS (Oval).

Table 2. RMS values of localization errors for different algorithms (Oval).

Position Error RMS (m) Lateral Longitudinal Vertical

GNSS 2.049 2.598 2.619
EKF 1.680 1.820 3.075

ESKF 1.633 1.782 1.476
ESKF–RTS 1.463 1.588 1.393

4.2. Serpentine Track Simulation Analysis

Further verification of the designed algorithms is performed in a serpentine trajectory,
as shown in Figure 6, and the localization results are compared as shown in Figures 7–9
and Table 3.
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Figure 6. Serpentine shape motion trajectory.
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Figure 7. Lateral, Longitudinal and Vertical positions of EKF (Serpentine 1).
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Figure 8. Lateral, Longitudinal and Vertical positions of ESKF (Serpentine 1).
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Figure 9. Lateral, Longitudinal and Vertical positions of ESKF−RTS (Serpentine 1).
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Table 3. RMS values of localization errors for different algorithms (Serpentine 1).

Position Error RMS (m) Lateral Longitudinal Vertical

GNSS 1.912 1.793 5.680
EKF 0.955 1.585 5.823

ESKF 0.464 0.641 1.700
ESKF−RTS 0.206 0.243 0.912

Table 3 illustrates the improved performance of the ESKF and ESKF−RTS algorithms
compared to the EKF algorithm in the serpentine condition. The RMS of Lateral, Longitudi-
nal, and Vertical in EKF are 0.955 m, 1.585 m, and 5.823 m, respectively. After reducing the
state value, the RMS of the three positions for the ESKF algorithm are 0.464 m, 0.641 m, and
1.700 m, which are 51.4%, 59.6%, and 70.8% better than the EKF algorithm. The ESKF−RTS
algorithm further improves the position accuracy, with RMS values of 0.206 m, 0.243 m,
and 0.912 m for the three directions, respectively, which are 55.6%, 62.1%, and 46.4% higher
than those of the ESKF algorithm. Figures 7–9 show the comparison of the root mean
square errors, which further demonstrates the superior performance and stability of the
ESKF−RTS algorithm. However, since the simulation was conducted with a relatively good
GNSS signal, the robustness of the algorithm could not be well evaluated. Subsequently,
the GNSS data for the serpentine condition are partitioned into eight segments, and the
error magnitude is amplified by a factor of two at intervals of 600 s in order to evaluate the
algorithm’s robustness.

The serpentine working condition with further exaggerated GNSS signal error is
analyzed, as shown in Figures 10–12 and Table 4. The RMS values for the Lateral, Longitu-
dinal, and Vertical directions are 1.231 m, 1.735 m, and 1.453 m, respectively, for the EKF
algorithm. Meanwhile, the ESKF algorithm improves these values by 48.4%, 48.7%, and
34.1%, respectively, resulting in the RMS values of 0.635 m, 0.890 m, and 0.957 m. Moreover,
the ESKF−RTS algorithm improves the position accuracy in three directions by 42.1%,
52.6%, and 52.1%, respectively, compared to the ESKF algorithm, with RMS values of 0.368
m, 0.422 m, and 1.456 m. Even though the accuracy of ESKF−RTS decreases on the Vertical
axis, the higher degree of smoothing in Figure 12 suggests that the ESKF−RTS smoothing
algorithm can significantly enhance robustness and achieve precise localization, even with
lower accuracy of GNSS sensors.
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Figure 10. Lateral, Longitudinal and Vertical positions of EKF (Serpentine 2).
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Figure 11. Lateral, Longitudinal and Vertical positions of ESKF (Serpentine 2).
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Figure 12. Lateral, Longitudinal and Vertical positions of ESKF−RTS (Serpentine 2).

Table 4. RMS values of localization errors for different algorithms (Serpentine 2).

Position Error RMS (m) Lateral Longitudinal Vertical

GNSS 3.370 3.308 8.988
EKF 1.231 1.735 1.453

ESKF 0.635 0.890 0.957
ESKF−RTS 0.368 0.422 1.456

Next, we continued the simulation of circular operating conditions and divided the
entire simulation process into four sections to validate the feasibility of the algorithm by
doubling the GNSS signal error, as shown in Figures 13–16. The experimental results shown
in Table 5 once again demonstrated the feasibility and robustness of the error state Kalman
filtering algorithm, indicating that the algorithm can achieve stable and accurate integrated
navigation under various operating conditions.
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Figure 14. Lateral, Longitudinal and Vertical positions of EKF (Polygonal).
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Figure 15. Lateral, Longitudinal and Vertical positions of ESKF (Polygonal).
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Figure 16. Lateral, Longitudinal and Vertical positions of ESKF−RTS (Polygonal).

Table 5. RMS values of localization errors for different algorithms (Polygonal).

Position Error RMS (m) Lateral Longitudinal Vertical

GNSS 2.601 2.677 8.516
EKF 1.243 1.289 4.328

ESKF 1.253 1.320 1.237
ESKF−RTS 0.900 0.896 1.999

The above data show the results of testing the navigation system using EKF, ESKF, and
ESKF−RTS algorithms. By analyzing these results, we can draw the following conclusions.
The above data demonstrate the performance of three different filtering algorithms in GNSS
navigation. First, we can see that the performance of the EKF and ESKF algorithms is
relatively similar, with position errors around 1.3 m. This is because both algorithms use
Kalman filtering, but the ESKF algorithm introduces error states while considering errors,
which can more accurately estimate errors and improve accuracy. At the same time, the
ESKF algorithm can also reduce the impact of errors in future time by predicting error
states, thus improving the stability of the algorithm.
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On the other hand, the ESKF−RTS algorithm performs even better, with position
errors even lower than 1 m. This is because the ESKF−RTS algorithm uses segmental
smoothing to optimize the filtering results, which can more accurately estimate and correct
errors. In the ESKF−RTS algorithm, RTS stands for “Recursive Least Squares Smoothing”
which can combine the prediction results of the ESKF algorithm with the observation
results to obtain more accurate state estimation results.

Overall, the above data indicate that the ESKF−RTS algorithm performs well in GNSS
navigation. The advantage of this algorithm is that it not only considers error states, but also
further optimizes the filtering results through smoothing algorithms. Therefore, in practical
applications, selecting the ESKF−RTS algorithm for navigation filtering can achieve more
accurate and stable results, improving the reliability and accuracy of the navigation system.

5. Conclusions and Future Work

This paper introduces an error state extended Kalman filter algorithm and segmented
Rauch–Tung–Striebel (RTS) smoothing algorithm to enhance the localization accuracy and
robustness of GNSS and IMU sensors. The cumulative error of INS over time are overcome
when GNSS signal is disturbed. The simulation results show that the proposed method
is more linear and has higher localization accuracy than the traditional EKF algorithm. It
also demonstrates good robustness in achieving better accuracy with low−quality GNSS
signals. The algorithm can serve as a foundation for low−cost sensor fusion processing
and is a valuable reference for further research.

Over the next few years, combined navigation systems will see increased usage and
development across a range of applications. As sensor and communication technologies
progress, and the demands for navigation safety and reliability continue to rise, there will
be a greater need for more accurate and dependable navigation systems.

Furthermore, the RTS smoothing algorithm−assisted combined navigation algorithm
presented in this paper was simulated for offline computation. For practical applications
in the future, real−world testing will be necessary to verify the hardware feasibility of
the algorithm, and to consider real−time data transmission and computation to achieve
unmanned driving. Overall, positioning is a crucial component of intelligent driving, and
its potential impact on society and the economy is vast. Combined navigation will be more
and more widely used in production and practical life.
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Abbreviations

GNSS Global Navigation Satellite System
IMU Inertial Measurement Unit
INS Inertial Navigation System
RTS Rauch–Tung–Striebel
EKF Extended Kalman filter
CKF Cubature Kalman Filter
ESKF Error state Kalman filter
RMS Root mean square
Symbols
X System state
^
X Prediction of the system state
_
X Update of the system state
δ
_
x k,N The smoothed estimate of the state vector

Uk The smoothing gain matrix
_
Pk,N The covariance of smoothing estimates
W Gaussian white noise
Z System measurement
Vk Measurement of Gaussian white noise
f (·) State functions of nonlinear systems
h(·) Measurement functions for nonlinear systems
Fk The Jacobi matrix of f (·) at xk
Hk The Jacobi matrix of h(·) at xk
pk Covariance matrix of states
qk Covariance matrix of noise
δ Error character
xt True state
x Nominal state
pt Position at time t
vt Velocity at time t
qt Quaternion at time t
Rt Rotation matrix at time t
θt The angular vector at time t
abt Acceleration bias at time t
ωbt Angular velocity bias at time t
am Acceleration measurement
ωm Angular velocity measurement
an Acceleration noise vector
ωn Angular velocity noise vector
aω Acceleration bias vector
ωω Angular velocity bias vector
∆t Time interval from k to k+1
wvk Velocity Gaussian random noise
wθk Angular Gaussian random noise
wak Acceleration bias Gaussian random noise
wωk Velocity biased Gaussian random noise
Wv Corresponding covariance matrix of wvk
v Corresponding covariance matrix of wmk
σan Acceleration Gaussian white noise
Fxk Error state Jacobi matrix
Fwk Noise state Jacobi matrix
qw Noise covariance matrix
Uk Smoothing gain matrix
count Smooth counter
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Abstract: The rotation error is the most important quality characteristic index of a rotate vector (RV)
reducer, and it is difficult to accurately optimize the design of a RV reducer, such as the Taguchi
type, due to the many factors affecting the rotation error and the serious coupling effect among the
factors. This paper analyzes the RV reducer rotation error and each factor based on the deep Gaussian
processes (DeepGP) model and Sobol sensitivity analysis(SA) method. Firstly, using the optimal
Latin hypercube sampling (OLHS) approach and the DeepGP model, a high-precision regression
prediction model of the rotation error and each affecting factor was created. On the basis of the
prediction model, the Sobol method was used to conduct a global SA of the factors influencing the
rotation error and to compare the coupling relationship between the factors. The results show that
the OLHS method and the DeepGP model are suitable for predicting the rotation error in this paper,
and the accuracy of the prediction model constructed based on both of them is as high as 95%. The
rotation error mainly depends on the influencing factors in the second stage cycloidal pinwheel drive
part. The primary involute planetary part and planetary output carrier’s rotation error factors have
little effect. The coupling effects between the matching clearance between the pin gear and needle
gear hole (δJ) and the circular position error of the needle gear hole (δt) is noticeably stronger.

Keywords: RV reducer; rotation error; deep Gaussian processes; sensitivity analysis

1. Introduction

The term “rotate vector (RV) reducer” typically refers to a two-stage reduction mecha-
nism consisting of the first-stage involute planetary gear transmission and the second-stage
cycloidal pin-wheel transmission. This mechanism has the advantages of a compact struc-
ture, a high transmission accuracy and a large reduction ratio, and it is frequently used
in high precision equipment in Computerized Numerical Control (CNC) machine tools,
aerospace and industrial robotics industries [1,2]. The most crucial performance metric
for an RV reducer is the positioning transmission precision, which is often quantified by
the output rotation error. The rotation error is determined by the precision of the parts
processing and the assembly of the transmission chain from the input to the output of
the RV reducer, as well as the state of motion and force; even under the same operating
conditions, the quality characteristics of each link in the transmission chain do not have
the same degree of influence on the RV reducer’s output rotation error. It is challenging to
accurately optimize the design of RV reducers, such as the Taguchi type, that will handle
the problem satisfactorily because of the transmission chain’s influence from a variety of
parameters and the presence of random coupling effects. A sensitivity analysis (SA) of a
precise RV reducer’s rotation error is urgently required.

Scholars both at home and abroad are currently conducting extensive research on
rotation error analysis. YANG et al. provided an analytical error modeling approach for the
RV reducer’s over-constrained structure and demonstrated the link between the original
error and the transmission precision [3]. Hidaka et al. used the equivalent spring approach
to model the exact system, and they qualitatively examined the transmission accuracy
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of the entire RV reducer [4–6]. Using the dynamic sub-structure method, HE and SHAN
developed the transmission error dynamics model and mathematical equations for the
RV-40E reducer for robots [7]. CAO et al. created an equivalent model of the transmission
error of the RV reducer and solved the model’s parameters using the empirical stiffness
formula to determine the theoretical transmission error of the reducer [8]. By analyzing the
structural characteristics of the RV reducer, the parts processing and assembly process, and
the influence of the manufacturing errors on the clearance, CHU et al. proposed a selective
assembly method to make the clearance of the RV reducer meet the requirements [9].
LIU analyzed the transmission accuracy of the reducer from multiple angles, such as
manufacturing and assembly errors and external working conditions, using theoretical
analysis, numerical simulation, dynamics, and transmission accuracy tests [10]. Meng et al.
provided transmission error models for positive and negative transmission by analyzing
the static analysis of the actual meshing process between the gear pairs while taking
friction into account [11]. The accuracy of the RV reducer’s equivalency error model
significantly increased when Liu et al. introduced an RV reducer transmission error
modeling and optimization approach and used the particle swarm algorithm to refine the
empirical parameters of the identification model [12]. Based on the Adams software and
virtual prototype technology, Tong created many virtual prototypes of the RV reducer and
investigated the effects of the load, part elastic deformation, and component manufacturing
error on the transmission error [13]. JIN et al. proposed a new method for predicting
the rotation error based on improved grey wolf optimal support vector regression. This
method overcomes the shortcomings of the previous rotation error research methods, such
as their time-consuming nature and low computational precision [14]. On the basis of
error sensitivity analysis, Hu et al. suggested an elastic transmission error compensation
approach for a rotating vector to boost its transmission accuracy [15]. Wu et al. used
the dynamics analysis program ADAMS to create a virtual prototype of the RV reducer
employed in the robot and tested the transmission accuracy of the Japan RV-40E reduction
using the Grating method [16].

The studies mentioned above provide many valuable insights for the analysis and
evaluation of the RV reducer rotation error, but the majority of them are based on qualitative
analysis results, which have some limitations and do not provide an accurate analysis of
the RV reducer rotation error. For example: the calculation process of the pure geometric
method is relatively complicated and does not take into account the actual manufacturing
error of the parts. Due to a large amount of simplification in the modelling process, the
equivalent spring method has a large gap between the final modelling result and the
actual situation, and the model construction of the virtual prototype analysis method is
complicated and time-consuming. In order to address the limitations of the traditional
modelling and analysis methods of the rotation error, this paper proposes a novel modelling
method for predicting the rotation error of a RV reducer based on deep Gaussian processes
(DeepGP) and conducts sensitivity analysis on each factor influencing the rotation error.

To begin with, the optimal Latin hypercube sampling (OLHS) method is combined
with a DeepGP model to develop a high-precision rotation error prediction model. The
model’s accuracy and efficiency are validated by comparing it to the spring equivalence
method and the virtual prototype. Then, using the variance-based Sobol method, a global
sensitivity analysis of the factors influencing the rotation error was performed based on
the prediction model to identify a number of factors that had a substantial impact on the
rotation error. Lastly, quantitative analysis of the influence of the coupling effect between
the factors on the rotation error will provide reference significance for RV reducer quality
improvement, cost reduction, and other optimization designs.

2. Analysis of the Factors Influencing the Rotation Error of RV-40E Reducer
2.1. RV Reducer Transmission Principle and Structural Composition Analysis

An RV reducer is a two-stage transmission mechanism compounded by the first-stage
involute planetary gear transmission and the second-stage cycloidal pin-wheel transmis-
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sion, which has many different composition structures and transmission forms and can be
applied to different occasions. A typical RV-40E reducer structure is shown in Figure 1a
below, including the input shaft with a sun gear, planetary gear, crankshaft, cycloidal
pinwheel, needle tooth shell, planet carrier, needle gear, and other parts. The RV reducer
transmission principle as shown in Figure 1b. Through the involute transmission, the
input shaft with a sun gear transfers the power to the planetary wheel to complete the first
stage of deceleration; the crankshaft and the planetary wheel are fixedly connected at the
same speed, the crankshaft drives the cycloid wheel to turn around the needle tooth shell
through a slewing bearing, and the rotation of the cycloid gear transmits the planet carrier
and flange plate. The planet carrier and flange plate are bolted together at the same speed
and act as the output mechanism to complete the second stage deceleration.
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Figure 1. Schematic diagram of RV-40E reducer structure principle. (a) The structure of RV reducer;
(b) Description of what is contained in the second panel. 1. Input shaft with sun gear; 2 (2′). Planetary
gear; 3 (3′). Crankshaft; 4 (4′). Cycloid gear; 5. Needle tooth shell; 6. Planet carrier; 7. Flange plate;
8. Needle gear.

The rotation error is the difference between the theoretical output rotation angle and
the actual rotation angle; these are calculated by the following formula:

ϕer = ϕin ÷ i− ϕout (1)

where ϕer is the rotation error; ϕin is the input angle of input shaft; ϕout is the actual angle
of the output shaft; i is the transmission ratio. The main structural composition parameters
of the RV-40E reducer are shown in Table 1.
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Table 1. The main parameter of RV-40E reducer.

Parameters Value

Number of teeth of sun gear and planetary gear 18/54
Number of teeth of cycloid gear (zc) and needle gear 39/40

Eccentricity of crankshaft (a) (mm) 1.5
Circle center radius of needle tooth shell (δrp) (mm) 82

Radius of needle gear (δrrp) (mm) 4
Total transmission ratio (i) 121
Short amplitude factor (k1) 0.73

Input power 1.05 (kW)
Nominal torque 377 (N·m)

2.2. Analysis of Factors Influencing the Rotation Error of RV Reducer

The rotation error is a major quality performance metric used to evaluate the per-
formance of the speed reducers. The influencing factors might be classified as static or
dynamic. Assembly errors, fit clearance between pieces, and machining faults are examples
of static variables. Despite the fact that there are many static elements that affect the rotation
error, just one region of the needle tooth shell has more than ten different types of mistakes.
If every static piece is evaluated, the work would be vast and unrealistic. Based on a study
of the reducer’s transmission chain and actual production research, 15 frequently static
influencing elements were selected from the transmission chain of the RV reduction at all
levels, and refer to [17] to create the parameter ranges for each factor, as shown in Table 2.
Factors 1–3 are generated by the primary involute planetary gear drive, factors 4–12 are
generated by the second-stage cycloidal pin-wheel drive, and factors 13–15 are generated
by the planetary output carrier. The dynamic factor is primarily the influence of the elastic
deformation of each part on the rotation error of the reducer when the reducer is loaded,
and when the reducer is running, the dynamic factor consists primarily of the load and
the speed. As the purpose of this research paper is to determine the factors influencing the
high sensitivity of the RV reducer to the rotation error in order to facilitate the Taguchi-type
optimized design of the RV reducer, the factors influencing this sensitivity will be identified.
The dynamic influence factor is an external influence factor of the speed reducer rotation
error that is not currently considered in this paper.

Table 2. RV reducer rotation error static influence factors and parameters to take the value range.

Sources of
Influencing Factors No. Influencing Factor of Rotation Error Code Name The Range/mm

The primary involute
planetary part

1 Center distance error of input shaft and planetary gear ∆ fa 0.15~0.50
2 Radial error between gear and ring ∆Fr 0.20~0.30
3 Fit clearance of gear and shaft ∆Ck 0.001~0.003

The second stage cycloidal
pinwheel part

4 Amount of equidistant modification of cycloid gear ∆rrp 0.016~0.048

5 The amount of radial-moving modification of
cycloid gear ∆rp 0.026~0.078

6 Clearance of inside hole of cycloid gear and
slewing bearing σ 0~0.01

7 Radius error of needle tooth center circle δrp 0.005~0.015
8 Needle gear radius error δrrp 0.01~0.03

9 Matching clearance between the pin gear and needle
gear hole δJ 0.001~0.003

10 Circular position error of the needle gear hole δt 0~0.01
11 Eccentricity error of crankshaft δa 0.01~0.03
12 Clearance of crankshaft and slewing bearing ∆r 0~0.002

Planetary output carrier
13 Eccentricity error of planet carrier Eh 0.005~0.015
14 Carrier wheel crankshaft center distance error ∆Fa 0~0.01
15 Bearing hole phase error of planet carrier ∆2 0.03~0.05
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The aforementioned static influencing factors combine to generate the RV reducer ro-
tation error, which can be represented as follows using the fuzzy comprehensive evaluation
mathematical method:

ϕer = ω∆ fa δ∆ fa + ω∆Fr δ∆Fr + ω∆Ck δ∆Ck + ω∆rrp δ∆rrp + ωδ∆rp δδ∆rp + ωσδσ

+ωδrp δδrp + ωδrrp δδrrp + ωδJδδJ + ωtδt + ωδaδδa + ω∆rδ∆r
+ωEhδEh + ω∆Faδ∆Fa + ω∆2 δ∆2

(2)

where ϕer is the rotation error of the RV reducer, δi is the rotation error of each influencing
factor, and ωi is the weight of each factor. The weights represent the overall degree of
influence of each influencing factor on the rotation error of the reducer [18].

2.3. RV Reducer Rotation Error Sample Data Acquisition

In this study, the factor-error data were obtained directly from the RV reducer pro-
duction and processing facility to ensure the practicality of the rotation error prediction
model and sensitivity analysis results. Each reducer’s rotation error is measured using a
dedicated RV reducer rotation error test bench, and the deviation of each influencing factor
is measured using the double cylindric rod measuring method, the common normal line
method, and other technologies. Figure 2 depicts the schematic diagram of the rotation
error test bench. The servo motor can be set to rotate at different speeds, the magnetic pow-
der brake can be used to apply different loads. Two circular encoders record the angular
signals at the input and output of the reducer; using the phase difference information of
the angular signals, calculate the rotation error of the reducer.
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Figure 2. Schematic diagram of RV reducer rotation error test bench. Figure 2. Schematic diagram of RV reducer rotation error test bench.

When testing each reducer, the test bench is configured with the same speed and
load, the rotation error data of each RV reducer in the stable operation is recorded, and
the average value is considered the rotation error value. Adjust the servo motor speed
to 1200 rpm, set the load bit to 200 N·m, record the rotation error after the reducer has
stabilized, and select at random the test curve chart for three reducers, as depicted in
Figure 3. The sample point of the factor-rotation error is the sum of the value of the rotation
error received from the test and the deviation of each influencing factor.
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3. Construction of Prediction Model of RV Reducer Rotation Error Based on the
DeepGP Model

Due to the multiplicity of the components and their interactions, the regression of
the reducer’s rotation error exhibits high-dimensional nonlinearity. Surrogate models,
which have the advantages of simple model development, quick processing, and high
prediction accuracy, are now frequently used to solve nonlinear problems. Traditional
surrogate models, such as Kriging [19] and the Gaussian process (GP) [20], are frequently
constrained by the network structure and kernel functions, resulting in poor fitting ac-
curacy. The DeepGP model stacks multiple Gaussian process regression models, and by
combining probabilistic models and deep learning, it retains the excellent performance of
Gaussian process regression while having more powerful mapping capabilities in fitting
high-dimensional problems [21], and we decided to build a rotation error prediction model
based on the DeepGP model in this paper.

There are three essential steps in building the RV reduction rotation error predic-
tion model:

1. Determine the range of values for each rotation error-influencing factor based on the
actual production research, and then use the OLHS technique to collect the sample
points for the prediction model’s training set.

2. Construct a rotation error prediction model using the DeepGP model and determining
the structure and parameters of the model.

3. Use a validation set to evaluate the prediction model’s accuracy in order to make it
easier to conduct a sensitivity analysis of each individual influencing element in the
following section.

3.1. Sample Point Extraction Based on the OLHS Method

During the construction phase of the prediction model, the distribution of the sample
points in the modeling space and the total number of sample points have a significant
impact on the model’s performance. An adequate number of uniformly distributed sample
points can significantly reduce the computation costs while accurately reflecting the change
trend and information of the real model in space. In all other respects, the proxy model
created using these sample points can accurately and credibly reflect the sample space [22].

The Latin hypercube sampling (LHS) method, which is based on the concept of
probabilistic stratification, divides the probability distribution space of the test factors into
N nonoverlapping subregions based on the range of values for each influencing factor, and
then conducts independent equal-probability sampling in each subregion. This method is
more capable of filling empty spaces than the orthogonal test method. Due to the numerous
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factors affecting the rotation error in this paper, if 100 sample points are to be collected,
the sample space must be divided into 10015 sub-regions, which significantly increases the
computer’s workload by excessively subdividing the spatial sample area. Moreover, there
may be a part of the design space missing due to too many areas, so the LHS method is
obviously not suitable for the task of sample point sampling in this paper. Based on the LHS
approach, the OLHS method can ensure that all design points are uniformly distributed
across the design space by evenly and orthogonally distributing them in the design space
region of the test factors [23].

The parameter range of each rotation error influence factor was determined in Table 2,
and 200 sample points of the influencing factor data were extracted from each parameter
range using the OLHS method. The following are the specific sampling steps:

1. Each dimensional axis is subdivided into 10 equal intervals, thereby dividing the
sample space range into 1015 sub-regions with dimensions based on the 15 variables
that affect the rotation error of the reducer, such as the ∆rrp.

2. Obtaining 200 sub-regions of an optimal Latin hypercube sampling matrix with
uniform distribution based on the space-filling optimality criterion, space-filling
optimality criterion is shown in the following equation:

n

∑
i=1

n

∑
j=1

d2
ij = min

n

∑
i=1

n

∑
j=1

n

∑
l=1

(
x(l)i − x(l)j

)2
(3)

In this equation, xi and xj indicate any two points, dii indicates the distance between
any two points, and l indicates the dimension of the sample points, and this equation is
used for the OLHS matrix calculation.

3. Following that, a sample point is selected within each of the extracted sub-regions
and each parameter sampling, point is then used as the coordinate component of each
dimension of the sampling point.

Using the sample point’s coordinate set, each sample point is located in the sample
database of the rotation error. Due to the discrete nature of the database, some sample points
cannot be located. Instead, sample points near the spatial locations of these coordinate
points are chosen. The final extracted partial data of the factor-rotation error sample
points are shown in Table 3, which uses millimeters(mm) as the unit of measurement for
each influencing factor. These data comprise the training set for the prediction model.
Concurrently, 200 sample points were selected at random from the database to serve
as a validation set for testing the accuracy of the prediction model developed in the
subsequent paper.

Table 3. The set for training rotation error prediction model.

Sample
Point (∆fa, ∆Fr, ∆Ck, ∆rrp, ∆rp, σ, rp, rrp, δJ, δt, a, ∆r, Eh, ∆Fa, ∆2)

Rotation
Error/’

1 (0.037, 0.200, 0.001, 0.047, 0.044, 0.009, 82.015, 4.027, 0.001, 0.001, 1.519, 0.001, 0.011, 0.006, 0.037) 0.059
2 (0.164, 0.297, 0.002, 0.038, 0.072, 0.003, 82.011, 4.016, 0.002, 0.005, 1.525, 0.001, 0.011, 0.001, 0.041) 1.238
3 (0.325, 0.277, 0.001, 0.022, 0.047, 0.001, 82.013, 4.030, 0.001, 0.004, 1.528, 0.002, 0.010, 0.008, 0.034) 1.538
· · · · · · · · ·
100 (0.164, 0.224, 0.003, 0.030, 0.076, 0.002, 82.009, 4.026, 0.002, 0.003, 1.516, 0.002, 0.008, 0.005, 0.041) 1.483
101 (0.420, 0.258, 0.002, 0.028, 0.063, 0.005, 82.012, 4.024, 0.002, 0.002, 1.529, 0.001, 0.008, 0.002, 0.044) 2.161
· · · · · · · · ·
199 (0.436, 0.242, 0.003, 0.036, 0.042, 0.004, 82.015, 4.018, 0.003, 0.001, 1.515, 0.001, 0.011, 0.03, 0.047) 1.217
200 (0.286, 0.233, 0.002, 0.044, 0.068, 0.002, 82.008, 4.026, 0.001, 0.003, 1.510, 0, 0.007, 0.008, 0.050) 1.040
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3.2. Process of Building Rotation Error Prediction Model
3.2.1. Deep Gaussian Processes Model

The DeepGP employs the Gaussian process and deep learning as a hierarchical net-
work to address the nonlinear relationships between the nodes in the hierarchy [24]. Lay-
ering numerous single-layer Gaussian processes on top of one another results in a deep
network structure. These layers are then linked together. The DeepGP model’s organiza-
tional structure is depicted in Figure 4.
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The DeepGP model can be expressed as the following function:

y = f Zn
(

f Z(n−1)(. . . . . . f x(x))
)
+ ε (4)

where x is the input layer, y is the output layer, Zi is the hidden layer, and ε is the noise. A
Gaussian process with only input and output layers and no hidden layers is standard.

The information transfer rules for the deep Gaussian process model are as follows:

Z1 = f x(x) + ε (5)

Z2 = f Z1(Z1) + εZ1
1 (6)

· · ·
Zn = f Z(n−1)

(
Z(n−1)

)
+ ε

Z(n−1)
(n−1) (7)

y = f Zn(Zn) + εZn
n (8)

The layer’s nodes represent the input values of the network’s lower layer and the
output values of the network’s higher layer. A Gaussian process is utilized to map the
two layers of neurons. The layers are connected by a kernel function that automatically
modifies the connections between a large number of nodes and determines the ideal model
parameters while assuming different weights for each conceivable dimension. According
to Table 4, the most popular varieties of kernels are as follows.

Table 4. The commonly used kernel functions.

Kernel Function Expression

The Linear kernel k(x, x′; θ) = xx′

The absolute-exponential kernel (RBF) k(x, x′; θ) = σ2
(
− 1

2

[
(x−x′)

l

]2
)

The absolute-exponential kernel k(x, x′; θ) = σ2exp
( |x−x′ |

l

)

The Periodic covariance kernel function (PER) k(r) = σ2exp
[
− 2sin2(π|x−x′ |/p)

l2

]

Where, l denotes the characteristic length scale. p denotes the period.

DeepGP is no longer a straightforward Gaussian process due to its multi-layered
network structure and complex mapping relationships. Bayesian inference methods are no
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longer applicable to DeepGP model parameter estimation. Due to the complexity and high
dimensionality of the parameter space and the space where the hidden variables are located,
variational inference is frequently employed in deterministic approximation inference to
compute the model’s hidden variables [25]. Figure 5 depicts the training optimization
flowchart of the DeepGP model. The training of the model consists primarily of variational
inference within the DeepGP layers, variational inference between the DeepGP layers, and
DeepGP parameter optimization, and the specific steps are as follows:
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Step1: The sample data are separated into training and test sets, and the number of
input variables is determined.

Step2: Initialize the model parameters and variational parameters of the DeepGP model.
Step3: Input sample training data to train the model.
Step4: Variational inference within the DeepGP model layer: using a sparse variational

inference method to derive an initial variational lower bound on the original probabil-
ity space.

Step5: Variational inference between DeepGP model layers: maximizing the log-edge
likelihood of the target data and obtaining the best approximation of log(p(y/X)).

Step6: DeepGP model parameter optimization: after determining the induced vari-
ables, the model structure and model parameters are determined using the conjugate
gradient algorithm with the lower bound of the variance as the objective function.

Step7: Lastly, using the validation data to assess the constructed model’s accuracy.

137



Sensors 2023, 23, 3579

The mean absolute percentage error (MAPE), the coefficient of determination (R2),
the mean absolute error (MAE), and the root mean squared error (RMSE) are also used to
evaluate the local and global accuracy of the developed model. The formulas for calculating
the four performance indicators are provided below:





MAPE = ∑n
i=1|ŷi−yi |

yi

R2 = 1− ∑n
i=1(ŷi−yi)

2

∑n
i=1(ŷi−yi)

2

MAE = ∑n
i=1|ŷi−yi |

n

RMSE =

√
∑n

i=1(yi−ŷi)
2

n

(9)

where n denotes the number of sample points, yi denotes the measured value of sample
points, ŷi denotes the predicted value of sample points, and yi denotes the average value
of sample points.

3.2.2. Construction of RV Reducer Rotation Error Prediction Model

The hyperparameters of the DeepGP model consist of the number of hidden layers,
the number of nodes within each layer, and the type of kernel between each layer. These
hyperparameters are critical for the model’s accuracy and effectiveness. Theoretically, the
more hidden layers there are in a deep network, the smaller the model’s regression error
will be. However, if there are too many layers, the model’s training time will be excessively
long, it will be overly intricate, and it will have overfitting issues. The literature [26]
suggests that DeepGP models with two or three hidden layers perform well in terms of
prediction. In this work, the hidden layers of the model are chosen as two layers to maintain
the prediction speed while reducing the model complexity.

Erickson et al. [27] concluded that GPy: a Gaussian Process framework written in
Python outperforms other packages. As a result, this study uses GPy packages to build
a DeepGP model. The number of nodes in the input layer corresponds to the number of
variables that influence the rotation error of the reducer. The output layer variable is the
rotation error, and the output layer contains a total of one layer. Therefore, the model-based
DeepGP model and the input X and output layers Y can be expressed as follows:

X = [x1, x2, . . . , x15] = [∆ fa, ∆Fr, . . . , ∆Fa, ∆2] (10)

Y = ϕer (11)

y = f Z2
(

f Z1( f x(x)
)
+ ε (12)

As the rotation error increases gradually as the error value of each influencing factor
increases, the rotation error is linear with each influencing factor as a whole. As a result,
the linear kernel was selected as the kernel function between the input layer and the initial
hidden layer; The RBF kernel is selected as the kernel function between the first and second
hidden layers and between the second hidden layer and the output layer due to the severe
coupling effect between the influencing factors.

In this paper, the ideal number of nodes in the two hidden layers is determined by
the grey wolf optimization (GWO) algorithm [28]. The training set is utilized to construct
the prediction model, and the fitness function is the R2 of the model’s ability to predict the
validation set collected above. The wolf count (P) of the population is set to 30, and the
number of iterations (N) is set to 100. It is determined through an iterative search that the
prediction model with the highest R2 value is constructed when the number of nodes in
the first hidden layer is six and the number of nodes in the second hidden layer is three for
the validation set, as well as the prediction accuracy of this model. As a result, Figure 6
depicts the structure of the RV reducer rotation error prediction model developed using
the DeepGP model.
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Figure 6. Structure diagram of the rotation error prediction model.

3.2.3. Accuracy Check of Rotation Error Prediction Model

Using the 200 validation sample points collected above, the accuracy of the prediction
model developed for this study is evaluated. MAPE, R2, MAE, and RMSE are chosen as
the performance metrics to evaluate the model’s regional and overall accuracy. In order to
reduce the chance factor in the test data, the validation set was evenly divided into two
for the model regression testing. Table 5 shows the test results for the two validation sets.
In this study, the prediction model has a prediction accuracy of more than 95% for both
validation sets. The prediction model in this paper has a low prediction error and good
fitting accuracy.

Table 5. Results of model regression accuracy test.

Performance Metrics Validation Set 1 Validation Set 2

MAPE 0.05533 0.07584
R2 0.97871 0.95913

MAE 0.06059 0.07085
RMSE 0.07053 0.08143

The rotation error dynamics model proposed in the literature [7] based on the equiva-
lent spring error model and the virtual prototype constructed in the literature [13] were
selected for comparison in order to validate the applicability and superiority of the rotation
error prediction model constructed based on the DeepGP model proposed in this paper.
The equivalent spring schematic model of the RV reducer constructed using the dynamic
substructure method is depicted in Figure 7a, below, where Ki represents the stiffness of
each part. The virtual prototype of the RV reducer constructed in the Adams dynamics
software is depicted in Figure 7b below.
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As the virtual prototype simulation is time-consuming and inefficient, this paper
arbitrarily selects 40 points from the validation set to compare the three models’ accuracy
verification. The test results of the three models are depicted in Table 6 and Figure 8 below.

Table 6. Comparison of regression accuracy of three models.

Performance Metrics The Proposed
Method

Equivalent Spring
Method Virtual Prototype

MAPE 0.06533 0.17326 0.20461
R2 0.96846 0.78542 0.76941

MAE 0.08059 0.13212 0.12941
RMSE 0.07053 0.16819 0.20851
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It can be seen from the Table 6 that the R2 value of the prediction model presented
in this article reaches 96%. The model presented in this paper has stable mapping and
high prediction accuracy, whereas the R2 value of the other two models is just over 75%.
Figure 8 shows that the values predicted in this article are more in line with the true value,
while the rotation error predicted by the other two models deviates from the measured
values and are, in most cases, smaller than the measured values. Due to the fact that this
paper is based on the actual production and processing plant data, the other two models
may not account for the influence of the friction force and disregard the influence of certain
components, such as the bearings, in the modeling process.

According to the model evaluation results, the samples collected using the OLHS
approach were uniform and representative, which matched the criteria for the sampling
points required by the prediction model and could guarantee the model’s construction
accuracy. This paper extracts the data directly from the actual production and processing
plant to assure the applicability and precision of its analysis results. The RV reducer rotation
error modelling method presented in this paper, which is based on the DeepGP model, is
faster and more precise than the traditional modelling techniques. The mapping stability of
the prediction model constructed in this paper paves the way for a later sensitivity analysis
of the factors affecting rotation error.
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4. Sensitivity Analysis of Factors Influencing the Rotation Error of RV Reducers Based
on Sobol Method

The examination of the rotation error prediction model reveals that it is stable in
mapping and has a high level of prediction accuracy, meeting the requirements of sensitivity
analysis (SA). As a result, the SA can use the newly developed rotation error prediction
model to reduce the computation costs and improve the analysis efficiency.

4.1. Sobol Sensitivity Analysis Method

SA focuses on the relative magnitude of the effect of the model input on the output
uncertainty, which identifies the important design variables and is crucial for the optimal
design of engineering products. SA is divided into local SA and global SA. In the current
process, global sensitivity is frequently used to analyze the issue. The common sensitivity
analysis techniques used today include the Fourier amplitude sensitivity test (FAST) [29],
Morris [30], one-factor-at-a-time methods with Latin-hypercube sampling (LH-OAT) [31],
Generalized Likelihood Uncertainty Estimation (GLUE) [32], and the Sobol method [33].
According to the analysis principles, the sensitivity analysis methods can be divided
into qualitative and quantitative methods. Table 7 lists the characteristics of the different
sensitivity analysis methods.

Table 7. Characteristics of sensitivity methods.

Sensitivity Analysis Methods Characteristics of Sensitivity Methods

Local sensitivity analysis FAST Simple operation, ignores parameter interactions,
low model applicability.

Global sensitivity
analysis

Morris Compared the output results of adjacent
parameters in the parameter space, inefficient.

LH-OAT

Although the benefits of both the random
one-factor-at-a-time and LHS sampling

techniques are taken into account, the computer
program is complex.

GLUE
Combining the benefits of

Rivest-Shamir-Adleman techniques and fuzzy
mathematics to rank sensitivities as scatter plots.

Sobol

The sensitivity indices are solved using the
Monte Carlo sampling technique, which can

distinguish independently between
parameter-independent and

parameter-interacting sensitivities.

Comparing the characteristics of the aforementioned sensitivity analysis methods, the
variance-based Sobol method considers the influence of the parameter interactions on the
results and can not only solve the local and global sensitivity indexes of each uncertainty
variable, but can also quantify the influence of the parameter interactions on the results. In
this paper, the Sobol method is employed to quantify the sensitivity indexes of each factor
influencing the rotation error and to examine the influence of the interaction and coupling
between the factors on the rotation error.

For the multivariate function y = g(x), it can be decomposed into the following
summation form:

g(x) = g0 +
k

∑
i=1

gi(xi) + ∑
1≤i≤i≤k

gij
(
xi, xj

)
+ . . . + g1,2,...,k(x1, x2, . . . , xk) (13)

The right term of the above equation is expressed in the form of a multiple integral
as follows:

g0 =
∫

. . .
∫

g(x)dx =
∫

. . .
∫

g(x1, . . . , xk)dx1 . . . dxk (14)
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gi(xi) =
∫

. . .
∫

g(x)dx−i − g0 (15)

gij
(

xi, xj
)
=
∫

. . .
∫

g(x)dx−(ij) − g0 − gi(xi)− gj
(
xj
)

(16)

where dx−i denotes the integral of variables other than xi, dx−(ij) denotes the integral of
variables other than xi and xj, the remaining terms of Equation (13) can be derived to find.

The variance V and bias a of y can be expressed as:

V =
∫

. . .
∫

g2(x1, . . . , xk)dx1 . . . dxk − g2
0 (17)

Vi1 ...is = V
[
gi1 ...is

]
=
∫

. . .
∫

g2
i1 ...is

(
xi1 , . . . , xis

)
dxi1

. . . dxis
(18)

where 1 ≤ i1 < . . . < is ≤ k, Vi1 ...is /V denotes the sensitivity of {i1, . . . , is}. Sensitiv-
ity indicators for different order variables can be obtained by adjusting the number of
{i1, . . . , is}. Among them, the first-order Sobol sensitivity indicator Si and the global
sensitivity indicator STi are commonly used.

The first-order indices are also known as the main effects, and the corresponding
expression is shown in the equation below:

Si = Vi/V (19)

Other higher-order Sobol sensitivity indices can also be obtained based on the bias
variance, and higher-order Sobol indices indicate the cross-correlation between two or
more factors. First-order and higher-order indices have the following properties:

∑k
i=1 Si + ∑i<j Sij + . . . + Sij...k = 1 (20)

The total-order indices are also known as the total effects, and can be expressed as:

STi = 1− S−i (21)

where S−i denotes the sum of all Sij...k excluding variable xi.
Si denotes the first-order effect of the output parameter xi alone on the output result,

and the Si does not account for covariate cross-talk. STi denotes the sum of the first-order
and higher-order effects of the input parameter xi on the output results, and it evaluates
the parameter xi’s overall effect on the model output. When STi = 0, the variable xi has no
effect on the model output. In this paper, we will calculate each sensitivity index using a
Monte Carlo sampling method based on variance [34].

4.2. Sensitivity Analysis Process for Rotation Error Influencing Factors Based Sobol Method

The Python package SALib is used as the primary research tool in this study, and the
Sobol method is employed to conduct a sensitivity analysis of the variables influencing
the RV reducer’s rotation error. As a result of the small sample size used in this study,
the results of the SA using these sample points alone may not be accurate enough. The
inhomogeneity of the sample location space will lead to numerous inaccuracies if a large
number of samples are collected at random. As a result, the previously mentioned rotation
error prediction model is extracted first, followed by the use of SALib’s proprietary Saltelli
sampler to create uniform samples, and finally the Sobol method to calculate the SA for
each influencing component. Each test was repeated three times under the same conditions
to ensure that the sampling had no effect on the SA results, and the average of all the values
was used to determine each SA’s final result.
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4.2.1. Results of Total Effects of Factors Influencing the Rotation Error of RV Reducer

The SA method was built in Python software. Firstly, the prediction model of the
reducer rotation error constructed above was imported; then, each influencing variable
and its value range were determined, and the SA problem model of this paper was defined;
finally, 2400 uniform samples were generated by the Saltelli sampler for the quantitative
analysis of 15 influencing factors of the reducer rotation error.

To begin, the total effects of each rotation error influence factor are analyzed, and the
total effects indicators of the reducer rotation error influencing factors are displayed in
Table 8, where a and the other identifiers represent each component influencing the rotation
error. As shown in the table, the total effect of δt(j) is 0.568193, making it the factor with
the highest index. δt is the most sensitive to the rotation error’s effects. The effects of ∆rrp,
∆rp, σ, δrp, δrrp, δJ, δt, ∆r are more than ten times as much as the remaining influencing
factors’ effects. Analyzing the structure and transmission principle of the reducer reveals
that its first-stage planetary gear reduction mechanism is located far from the output end,
and its influence on the rotation error has been greatly reduced due to the error it produces
after the second stage reduction transmission. The combined force of two 180◦ out of phase
cycloid wheels is applied to the planetary frame. The impact of the planetary output carrier
on the RV reducer’s rotation error is significantly mitigated [35]. The rotation error of the
RV reducer can be attributed to the error affecting the factor of the secondary cycloidal
pin-wheel transmission mechanism.

Table 8. The total effects indicators of the reducer rotation error influencing factors.

Label Influencing Factor of Rotation Error Total Effects

a ∆ fa 0.012414
b ∆Fr 0.025427
c ∆Ck 0.007129

d ∆rrp 0.269588
e ∆rp 0.144105
f σ 0.387645
g δrp 0.112615
h δrrp 0.531029
i δJ 0.111341
j δt 0.568193
k δa 0.021295
l ∆r 0.228339

m Eh 0.014437
n ∆Fa 0.012762
o ∆2 0.009721

4.2.2. Analysis of the Coupling Effect of Factors Influencing the Rotation Error of
RV Reducer

The involute planetary transmission component and the planetary output carrier have
a very small and negligible impact on the rotation error, as demonstrated by the above
study; thus, we will ignore these aspects for the time being. Figure 9 depicts the primary
influences and overall effects of each contributing element on the rotation error of the RV
reducer. Where each influence component, denoted by a data label, is the same as in Table 8.
As depicted in the figure, δrrp(h) and δt(j) have higher sensitivity indices and their impact
on the rotation error is marginally greater. Their overall and primary effects are comparable.
The remaining factors, such as ∆rrp (d) and ∆r (l), vary substantially in terms of their main
effects and total effects, despite having relatively smaller sensitivity indicators. As these
factors interact significantly with other factors, it is vital to study each factor’s coupling
relationship. The second-order sensitivity index of the factor influencing the rotation error
is then analyzed.
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Figure 9. The main effects and total effects of each influencing factor of RV reducer rotation error.

Figure 10 shows a heat map of the second-order sensitivity index between the variables
affecting the rotation error of the RV reducer, with the labels of the rows and columns
representing the same error factors as in Table 8. An increase in the thermogram readings
or a darkening of the color of the two elements indicates that the coupling between the
two components has a greater influence on the reducer’s rotation error. As shown in
the picture, the second-order sensitivity index between δJ(i) and δt(j) is 0.029, and the
second-order sensitivity index between δJ(i) and δrrp(h) is 0.025. These two coupling effects
are noticeably stronger. The second-order sensitivity index between ∆rrp(d) and ∆rp(e) is
0.0077, and the coupling effects between ∆rrp(d) and ∆rp(e) have less of an impact on the
rotation error. As the second-order sensitivity index between the other two components
was either zero or negative, none of the coupling effects were significant. By comparing
the first-order, second-order, and total effects of the factors influencing the rotation error,
we can conclude that the total effects of each factor is produced by the combination of the
main effects and the coupling between itself and the other influences.
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Figure 10. Heat map of second-order sensitivity of RV reducer rotation error.
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4.2.3. Comparison of Sensitivity Analysis Results

We compare the Sobol method with the established Taylor midvalue theorem sensi-
tivity analysis method [13] to more thoroughly assess the Sobol method’s accuracy. In the
literature [13], the equivalence error method based on the principle of the equivalent spring
method was first used to derive the value of the rotation error caused by each factor of the
rotation error, followed by the Taylor midvalue theorem to obtain the sensitivity coefficient
for each factor, and finally the sensitivity index for each factor. The results of the sensitivity
comparison of some of the factors influencing the rotation errors calculated by the Taylor
and Sobol methodologies are shown in Table 9.

Table 9. Comparison of the sensitivity indexes of the factors influencing the rotation error obtained
by the two methods.

Infuencing Factor of
Ratation Error

Taylor Sensitivity Method Sobol

Rotation Error Caused
by Each Factor Sensitivity Coefficient Sensitivity Index Total Effects

∆ fa
∆ fa×180×60

π×i×r1
- 0.025 0.0124

∆Fr
∆Fr×180×60

π×i×r1
- 0.025 0.0254

∆rrp
2×∆rrp
a×Zc

1 1 0.269588

∆rp 2×∆rp×
√

1−k2
1

a×zc

√
1− k2

1
0.68 0.144105

δrp 2×δrp×
√

1−k2
1

a×zc

√
1− k2

1
0.68 0.112615

δrrp
−2×δrrp

a×zc
1 1 0.5312

δJ δJ
a×zc

0.5 0.5 0.1111

δt k1×δJ
a×zc

k1 0.73 0.56819

∆r 180×60×∆r
π×a

ezc
2a 0.679487 0.228339

Where r1 denotes the radius of the input shaft with sun gear.

According to Table 9, when comparing the normalized sensitivity index of each factor
deviation derived by the equivalent error method with the Taylor midvalue theorem and
the sensitivity index calculated in this paper, the calculation results of the two methods have
little difference, the sensitivity index of each factor deviation is in the same order, and the
sensitivity qualitative analysis of each factor deviation is the same. The approach proposed
in the literature [13] does not consider the effect of the coupling effects between factors and
is more of a qualitative analysis. In contrast, this paper analyzes the combined effect of
each factor on the rotation error, solves the sensitivity index of each factor quantitatively,
and examines how the coupling between the factors affects the rotation error.

As a result, the rotation error prediction model and the sensitivity analysis method
presented in this paper are correct.

5. Conclusions

Using the DeepGP model and the Sobol sensitivity approach, this paper investigates
the sensitivity of each contributing component of the RV reducer rotation error. The
preceding analysis leads to the following conclusions:

• Using the OLHS method, actual production facilities were sampled to ensure the accu-
racy of the created prediction models, as well as the dependability and applicability
of the SA results. Using the Deep GP model, a high-precision prediction model for
the rotation error of each RV reducer was developed, and the accuracy was compared
with the equivalent method and virtual prototypes to demonstrate the validity and
accuracy of the prediction model, thereby establishing the conditions for the sensitivity
analysis of the RV reducer’s rotation error.
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• On the basis of the prediction model, a global sensitivity analysis of the variables
affecting the rotation error of the RV reducer was conducted using the Sobol method.
The primary cause of the reducer’s rotation error is the second-stage cycloidal pin-
wheel transmission mechanism, with the influence of the planetary gear transmission
and the planetary output carrier being small and negligible.

• The second-order sensitivity index is used to evaluate how multiple influencing
elements interact to affect the rotation error of the reducer. There is significantly
more coupling between δJ and δt, as well as between δrrp and δJ. The coupling
effect between other variables has little effect on the rotation error. The total order
sensitivity index of each factor is calculated by adding its main effects and the coupling
of those effects to other influences. The results of this paper’s sensitivity analysis were
contrasted with the results of Taylor’s midvalue theorem to confirm the originality
and precision of the analysis results.
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Abstract: Pallet pose estimation is one of the key technologies for automated fork pickup of driverless
industrial trucks. Due to the complex working environment and the enormous amount of data, the
existing pose estimation approaches cannot meet the working requirements of intelligent logistics
equipment in terms of high accuracy and real time. A point cloud data-driven pallet pose esti-
mation method using an active binocular vision sensor is proposed, which consists of point cloud
preprocessing, Adaptive Gaussian Weight-based Fast Point Feature Histogram extraction and point
cloud registration. The proposed method overcomes the shortcomings of traditional pose estimation
methods, such as poor robustness, time consumption and low accuracy, and realizes the efficient and
accurate estimation of pallet pose for driverless industrial trucks. Compared with traditional Fast
Point Feature Histogram and Signature of Histogram of Orientation, the experimental results show
that the proposed approach is superior to the above two methods, improving the accuracy by over
35% and reducing the feature extraction time by over 30%, thereby verifying the effectiveness and
superiority of the proposed method.

Keywords: driverless industrial trucks; pose estimation; adaptive Gaussian weight-based fast point
feature histogram; point cloud registration

1. Introduction

The application of intelligent logistics equipment has played a key role in the transfor-
mation and upgrading of the manufacturing industry in recent years. Driverless industrial
trucks are common intelligent logistics equipment [1] and widely used in warehousing,
production, medical treatment, the service industry and other fields. It can realize auto-
matic material handling and improve production efficiency and lower production costs
for intelligent logistics systems [2]. However, as shown in Figure 1, due to the influence
of obstacles, uneven lighting, human intervention and other factors, a certain deviation is
caused between the actual pose and the correct pose of the pallet. As a result, collision and
incomplete forks will occur when driverless industrial trucks forklift pallets, which will
lead to dumping, damage and safety problems. Therefore, it is necessary to upgrade the
technology of traditional driverless industrial trucks and introduce some external industrial
vision sensors [3] to achieve the purpose of adaptive and automatic production.

In order to solve the problem shown in Figure 1, based on the data collected by the
vision sensor, it is necessary to estimate the pose of the pallet when the driverless industrial
truck is driven to a certain distance in front of the pallet, so as to correct the pose deviation
of the pallet and ensure the efficiency and safety of the logistics process. There are two main
kinds of target pose estimation methods: LIDAR based and vision based. The LIDAR-based
methods are mature and have high estimation accuracy. Baglivo et al. [4] proposed an
efficient scheme, which combined a laser range-based object localization approach with
PC-Sliding. Mohamed et al. [5] presented a novel architecture allowing a robot to detect,
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localize and track pallets using machine learning techniques based on an onboard 2D laser
rangefinder. Zhang et al. [6] improved the matching degree of multi-modal features of the
target and achieved accurate target pose estimation by fusing the range of view, aerial view
and RGB view of the LIDAR.
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However, due to the problems of high cost, limited range and difficulty in eliminating
cumulative errors of LIDAR-based methods, vision-based methods are often adopted for
pose estimation in indoor environments with sufficient illumination. The vision-based
pose estimation methods mainly include 2D vision and 3D vision. In certain work envi-
ronments, the 2D vision-based methods have been widely used in the pose estimation
of the target object [7–10]. Varga et al. [11] obtained the position and pose information
of pallets by intensity image and a stereo camera, and the LBP featured descriptor was
introduced to realize automatic fork picking of pallets. Monocular images and matching
of 2D deformation patterns were used to estimate the pose of known objects in dynamic
environments by Casado et al. [12]. With the rapid development of low-cost depth sensors,
object pose estimation has been transformed from traditional single-point and segmented
measurements to dense point clouds and full-profile measurements [13–16]. Compared
with 2D vision, 3D vision can obtain one more dimension of target information, which
solves the problem of information loss in the process of mapping from 3D space to 2D
space and has gradually become a hot topic in current research [17,18]. The current popular
3D vision solution is to estimate the pose of the target by point cloud registration. Common
point cloud registration algorithms include the Normal Distributions Transform (NDT) [19]
algorithm, Principal Component Analysis (PCA) algorithm [20], Iterative Closest Point
(ICP) algorithm [21], and many other improved algorithms. The principle of the traditional
ICP algorithm is popular and easy to understand, and the registration effect is remarkable;
thus, it is widely used in point cloud registration. However, the ICP algorithm also has
drawbacks, such as long calculation time and inability to solve local optimal problems [22].
Wu et al. [23] proposed a novel nearest neighbor search algorithm to improve the iteration
speed of point cloud registration. Fotsing et al. proposed a novel region growing-based
approach [24] for plane detection in unorganized point clouds extract reliable seeds by the
Iterative Closest Point algorithm to enhance the performance and the quality of the results.

In addition, the initial pose of the point cloud to be registered has an important
influence on the accuracy of point cloud registration. The coarse registration based on
feature matching is used to obtain a better initial pose, which is beneficial to improve
the pose estimation accuracy [25]. Rusu [26] proposed the Fast Point Feature Histogram
(FPFH) descriptor, which can be used to describe the neighborhood geometry information
of the query point and is often used to estimate the target pose. SaltiS et al. [27] proposed a
Signature of Histograms of Orientation (SHOT), which can represent topological features,
has rotation invariance and is robust to noise. Li et al. [28] proposed real-time path planning
based on a VFH feature descriptor, which was robust against a large degree of surface
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noise and missing depth information; however, pose estimation could fail when the object
was placed symmetrically with the viewpoint. Compared with other feature descriptors,
the FPFH has the characteristics of fast computation and high accuracy, and it is used to
describe the geometric features of the pallet point cloud in this study. However, the current
FPFH descriptor also has some drawbacks. Firstly, when selecting the weight coefficient
of the FPFH, only the Euclidean distance between the query point and the neighborhood
point is considered, which makes the weight order difference too large and reduces the
robustness of the FPFH feature descriptor. In addition, the current calculation approach of
the FPFH feature descriptor does not consider the selection criteria of neighborhood radius
and is usually debugged based on experience to determine neighborhood radius, which
reduces the efficiency and accuracy of pose estimation.

In view of the above problems, a pallet pose estimation approach based on an Adaptive
Gaussian Weight-based Fast Point Feature Histogram is proposed. On one hand, when
determining the neighborhood radius of the descriptor, the optimal neighborhood radius
of each point is obtained based on the minimum rule of neighborhood feature entropy
function, which overcomes the randomness of neighborhood radius parameters debugging
manually. On the other hand, when determining the weight of neighborhood points, the
weight calculation formula is redefined according to the average distance and standard
deviation between key points and their neighborhood points, which makes the weight of
each neighborhood point controlled within a certain range.

The remainder of the paper is organized as follows: In Section 2, an overview of the
proposed approach and the specific steps of the method are described. In Section 3, two
cases are presented to verify the effectiveness of the proposed approach in engineering
application, and the experimental results are analyzed and discussed. Finally, a conclusion
is drawn in Section 4.

2. The Proposed Pallet Pose Estimation Method
2.1. Overview of the Proposed Approach

In order to realize the accurate position of pallets for driverless industrial trucks in
the storage environment, a pallet pose estimation method based on an Adaptive Gaus-
sian Weight-based Fast Point Feature Histogram is proposed; the procedure involves the
following steps, and the flowchart is shown in Figure 2.

Step 1: Point cloud preprocessing. The source point cloud of the pallet and the scene
point cloud containing the pallet are collected using an active binocular vision sensor.
The redundant scene information in the scene cloud is removed through the pass-through
filtering and voxel mesh downsampling method [29], and the plane segmentation algorithm
is used to obtain the target pallet point cloud. The key points in the target point cloud are
extracted by the Intrinsic Shape Signatures (ISS) algorithm [30].

Step 2: Adaptive Gaussian Weight-based Fast Point Feature Histogram definition.
Adaptive optimal neighborhood radius is used to determine the neighborhood range of
each point in the target point cloud. By calculating the mean value and variance of the
distance between each key point and its neighborhood, the Adaptive Gaussian weight-
based Fast Point Feature Histogram (AGWF) of each key point is obtained.

Step 3: Point cloud registration. According to the AGWF feature descriptor, the SAC-IA
(sample consensus initial alignment) algorithm is used to coarsely register the source point
cloud with the target point cloud. Then, the ICP algorithm is used to transform the point
cloud iteratively and obtain the optimal rigid transformation matrix. The matrix parameters
are converted into horizontal deviation and angle to realize pallet pose estimation.

150



Sensors 2023, 23, 1217Sensors 2023, 23, 1217 4 of 22 
 

 

 
Figure 2. Flowchart of the pallet pose estimation method. 

2.2. Point Cloud Preprocessing 
2.2.1. Point Cloud Filtering 

The original source point cloud P containing the pallet and the original scene point 
cloud Qso (about millions of points) are collected by an active binocular vision sensor. The 
efficiency and accuracy of point cloud processing will be reduced due to the large number 
of acquired scene point clouds and a large amount of redundant scene information. The 
filtering interval is determined according to the spatial position relationship between the 
pallet and the driverless industrial trucks in the standard state, and the invalid point 
clouds and background information in the original scene point cloud Qso are removed by 
the classical pass-through filter. A large number of redundant points are removed by 
voxel grid downsampling, and the complete geometric features of the point cloud are re-
tained to obtain the filtered scene point cloud Qs. 

The specific steps of the specific steps of voxel grid downsampling are as follows: (1) 
In point cloud Qso, the maximum and minimum values in X, Y and Z directions are xmax, 
xmin, ymax, ymin, zmax, zmin, respectively. Set the dimensions of the voxel grid d0, where 

max min 0m (x x ) / d=  −   , max min 0n (y y ) / d=  −   , max min 0l (z z ) / d=  −   , and     repre-
sents round up. (2) Encode each point Qv(xv, yv, zv) in Qso as (mv, lv, nv) to determine which 

grid each point belongs to, where v v min 0m (x x ) / d=  −   , v v min 0n (y y ) / d=  −   ,

v v min 0l (z z ) / d=  −   ,and 
    represents round down. If there are some points in a 

voxel grid, calculate its center of gravity C0 = (x0, y0, z0), and replace the points in each grid 
by the point nearest to the center of gravity to obtain the filtered scene point cloud Qs, 

where =

= ∑
k

0 i
i 1

1x x
k , =

= ∑
k

0 i
i 1

1y y
k , =

= ∑
k

0 i
i 1

1z y
k , and k represents the number of points in the 

grid.  

Figure 2. Flowchart of the pallet pose estimation method.

2.2. Point Cloud Preprocessing
2.2.1. Point Cloud Filtering

The original source point cloud P containing the pallet and the original scene point
cloud Qso (about millions of points) are collected by an active binocular vision sensor. The
efficiency and accuracy of point cloud processing will be reduced due to the large number
of acquired scene point clouds and a large amount of redundant scene information. The
filtering interval is determined according to the spatial position relationship between the
pallet and the driverless industrial trucks in the standard state, and the invalid point clouds
and background information in the original scene point cloud Qso are removed by the
classical pass-through filter. A large number of redundant points are removed by voxel
grid downsampling, and the complete geometric features of the point cloud are retained to
obtain the filtered scene point cloud Qs.

The specific steps of the specific steps of voxel grid downsampling are as follows: (1)
In point cloud Qso, the maximum and minimum values in X, Y and Z directions are xmax,
xmin, ymax, ymin, zmax, zmin, respectively. Set the dimensions of the voxel grid d0, where
m = d(xmax − xmin)/d0e,n = d(ymax − ymin)/d0e, l = d(zmax − zmin)/d0e, and de repre-
sents round up. (2) Encode each point Qv(xv, yv, zv) in Qso as (mv, lv, nv) to determine
which grid each point belongs to, where mv = b(xv − xmin)/d0c,nv = b(yv − ymin)/d0c,
lv = b(zv − zmin)/d0c,and bc represents round down. If there are some points in a voxel
grid, calculate its center of gravity C0 = (x0, y0, z0), and replace the points in each grid by
the point nearest to the center of gravity to obtain the filtered scene point cloud Qs, where

x0 = 1
k

k
∑

i=1
xi,y0 = 1

k

k
∑

i=1
yi,z0 = 1

k

k
∑

i=1
yi, and k represents the number of points in the grid.

2.2.2. Plain Segmentation

Because the filtered scene point cloud Qs still contains pallet, wall, ground and other
information, and the pallet needs to be separated from the wall and ground, the plane
segmentation method based on Random Sampling Consensus (RANSAC) is used to find
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the points belonging to the plane iteratively according to the set plane model. Mean-
while, the ground with different degrees of fluctuation can be detected by setting the
model distance threshold. The specific steps are as follows: (1) The initial plane model
Ax + By + Cz + D = 0 is constructed by selecting any three points from the filtered scene
point cloud. (2) The distance di from point qi (points in the point cloud Qs) to the initial
plane and the angle αi between the coordinates of point qi and the normal vector of the
initial plane are calculated. A distance threshold de and an angle threshold αe are set. If
di < de and αi < αe, then point qi is considered an in-plane point. (3) Iterations are carried
out continuously until the number of in-plain points reaches the threshold t, and the final
fitting plane model representing the wall and ground is removed, obtaining the target
pallet point cloud Q.

2.2.3. Key Points Extraction

After filtering and plane segmentation, there are still tens of thousands of point clouds
in the target pallet point cloud Q, which will reduce the pose estimation efficiency and
fail to meet the requirements of the operation of driverless industrial trucks. Therefore,
the points with obvious geometric features are selected from the target point cloud Q to
form the key point set Qt, and only the features of the key points are extracted, which
can significantly improve the efficiency of feature extraction of the point cloud. Due to
the advantages of high speed, accuracy and robustness, an intrinsic Shape Signature (ISS)
algorithm is developed to extract key points, and it is suitable for various applications [31].
The main steps are as follows: (1) Establish a local coordinate at each point qv in point cloud
Q and set a neighborhood search radius rf. (2) Search for the neighborhoods of the query

point qv with rf and obtain their neighborhood points qj; the weight wvj =
(
‖qj − qv‖

)−1
is

calculated according to the Euclidean distance between qv and qj. (3) Calculate the weighted
neighborhood covariance matrix Ci = ∑

|qi−qj|<rframe

wij(qi − qj)(qi − qj)
T/ ∑
|qi−qj|<rframe

wij of

qv. (4) The eigenvalues λ1
v, λ2

v and λ3
v are obtained by eigenvalue decomposition of the

covariance matrix, and they are arranged in descending order. (5) Set the thresholds ε1

and ε2(ε1, ε2 ≤ 1). If λ2
1

λ1
v
≤ ε1, λ3

1
λ2

v
≤ ε2, and the points are supposed to be the key points,

otherwise, iterate over the next point. Repeat the process until all the points have been
traversed, and finally obtain the key point set Qk of the target point.

2.3. Adaptive Gaussian Weight-based Fast Point Feature Histogram Definition
2.3.1. Adaptive Neighborhood Radius

The premise of accurate pose estimation is to construct a feature descriptor of the pallet
point cloud with high efficiency, strong robustness and high accuracy; the neighborhood
radius is an important factor affecting the performance of feature descriptors. The neigh-
borhood radius of traditional FPFH is usually set to a fixed value according to experience,
which reduces the speed of feature extraction. A neighborhood radius selection criterion
based on adaptive neighborhood feature entropy is proposed to obtain the neighborhood
radius of each key point qk (points in the key point set Qk) adaptively. The detailed steps
are as follows:

1. Set the range of point cloud neighborhood search radius rj from lower limit rmin to
upper limit rmax with radius interval rd. The upper and lower limits of the radius
range are determined by the average point cloud distance dp, which is defined as
follows [32]:

dp =
1
N∑ dm (1)

where N represents the total number of points in the pallet point cloud, and dm
represents the distance of each key point qk from its nearest point. Set rmin = dp,
rmax = 2dp, rj+1 = rj + ∆r, where j = 1, 2, . . ..
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2. Calculate the covariance matrix and eigenvalues corresponding to different neighbor-
hood radius rj. The neighborhood covariance matrix M is defined as follows:

M =
[
e1 e2 e3

]


λ1 0 0
0 λ2 0
0 0 λ3






eT
1

eT
2

eT
3


 (2)

where λ1, λ2, λ3 are the eigenvalues of the neighborhood covariance matrix, and
e1, e2, e3 are the corresponding eigenvectors.

3. According to the eigenvalues, the neighborhood feature entropy function Eξ is constructed:

Eξ = −ξ1 ln(ξ1)− ξ2 ln(ξ2)− ξ3 ln(ξ3) (3)

where ξi =
λi

∑λi
,i = 1, 2, 3.

4. The adaptive optimal neighborhood radius ropt of point cloud is determined based on
the minimum criterion of neighborhood feature entropy function, that is, when Eξ

reaches the minimum value, the corresponding neighborhood radius rj is the optimal
neighborhood radius ropt:

ropt = argmin(Eξ) (4)

2.3.2. Gaussian Weight-Based Fast Point Feature Histogram

The features of traditional FPFH are determined by the neighborhood in the radius r of
the query point itself and the neighborhood of its neighborhood points, whose maximum
range is 2r. The FPFH neighborhood of a query point is shown in Figure 3, where pa1–pa5
are the neighborhood points of the query point Pa within the neighborhood radius r, and
pb–pi are the neighborhood points of the points pa1–pa5.
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Figure 3. Schematic diagram of FPFH neighborhood.

The weight coefficient of the traditional FPFH algorithm is determined only by the
Euclidean distance between the query point and the neighborhoods; often, there are
huge differences among various weight coefficients. As is shown in Figure 4, the feature
descriptor of the red query point qr is mostly influenced by the closest black points qa
and qb, and other points only have little effect, which may cause the feature descriptor to
be inaccurate.
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Therefore, an improved FPFH is proposed; each key point qk in the key point set Qt
is taken as the query point, and based on the adaptive optimal neighborhood radius ropt,
all the neighborhood points qki within its neighborhood radius are found. The weight
coefficient is redefined with the Gaussian distribution, as follows:

wGi =
1√
2πσ

exp(− (wi − µ)2

2σ2 ) (5)

where µ is the average distance of qk and qki, and σ represents the standard deviation of
the distance between qk and qki.

The weight coefficient variation trend of the original approach and the proposed
approach is shown in Figure 5. It can be seen that the weight coefficient of the original
approach varies greatly, and the weight tends to infinity with the decrease of the distance.
The proposed AGWF can avoid the problem that the weight coefficient difference between
points is apparently large, and the weight coefficient reaches the maximum when the
distance is close to the average value, which reasonably solves the unstable problem of the
FPFH descriptor calculation.
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Combined with the adaptive optimal neighborhood radius selection criterion, an
Adaptive Gaussian Weight-based Fast Point Feature Histogram (AGWF) is proposed. It
can not only improve the efficiency of feature extraction but also improve the accuracy and
robustness; the specific calculation steps are as follows:

1. For each key point qk in the key point set Qt, search all the neighborhood points qki
within its optimal neighborhood radius ropt.

2. Compute the normal vectors ns and nt corresponding to qk and qki, calculate the
relative position deviation (α,φ, θ) between ns and nt, and generate the Simple Point
Feature Histograms (SPFH) of qk(SPFH(qk)). Local coordinate system (u,v,w) is
defined to calculate this deviation, which is shown in Figure 6:

154



Sensors 2023, 23, 1217

Sensors 2023, 23, 1217 8 of 22 
 

 

 
Figure 5. Weight variation trend of neighborhood points of a key point. 

Combined with the adaptive optimal neighborhood radius selection criterion, an 
Adaptive Gaussian Weight-based Fast Point Feature Histogram (AGWF) is proposed. It 
can not only improve the efficiency of feature extraction but also improve the accuracy 
and robustness; the specific calculation steps are as follows: 
1. For each key point qk in the key point set Qt, search all the neighborhood points qki 

within its optimal neighborhood radius ropt. 
2. Compute the normal vectors ns and nt corresponding to qk and qki, calculate the rela-

tive position deviation ( , , )α φ θ  between ns and nt, and generate the Simple Point 
Feature Histograms (SPFH) of qk(SPFH(qk)). local coordinate system (u,v,w) is de-
fined to calculate this deviation, which is shown in Figure 6: 

 
Figure 6. Diagram of local coordinate system (u,v,w). 

The calculation formula of relative deviation is as follows: 

t=v nα ⋅  

k ki

k ki 2

(q q )
u

q q
−

ϕ = ⋅
−

 

t tarctan(w n ,u n )θ = ⋅ ⋅  

(6) 

3. Then, search the neighborhood points of qki based on the adaptive optimal neighbor-
hood radius ropt, and generate the SPFH of qki(SPFH(qki)). Based on the Gaussian 
weight wGi, the SPFH(qki) is weighted to obtain the Adaptive Gaussian Weight-based 
Fast Point Feature Histogram of key points qk(AGWF(qk)): 

k
k k Gi kii 1

1AGWFPFH(q ) SPFH(q ) w SPFH(q )
k =

= + ∑  (7) 

  

Figure 6. Diagram of local coordinate system (u,v,w).

The calculation formula of relative deviation is as follows:

α = v · nt

ϕ = u · (qk−qki)
‖qk−qki‖2

θ = arctan(w · nt, u · nt)

(6)

3. Then, search the neighborhood points of qki based on the adaptive optimal neighbor-
hood radius ropt, and generate the SPFH of qki(SPFH(qki)). Based on the Gaussian
weight wGi, the SPFH(qki) is weighted to obtain the Adaptive Gaussian Weight-based
Fast Point Feature Histogram of key points qk(AGWF(qk)):

AGWFPFH(qk) = SPFH(qk) +
1
k∑k

i=1 wGiSPFH(qki) (7)

2.4. Point Cloud Registration
2.4.1. Coarse Registration

The purpose of coarse registration is to obtain the initial pose relationship between the
source point cloud Pt and the target point cloud, so as to overcome the shortcomings of the
ICP algorithm, which requires high initial pose and is easy to fall into local optimum. The
SAC-IA algorithm can effectively adjust the initial pose relationship between the source
point cloud P and the target point cloud Q and improve the accuracy of pose estimation.
The specific steps are as follows:

1. Compute AGWF feature descriptors for all key points in the source point cloud P and
the target point cloud Q.

2. N sample points Pu (u = 1, 2, . . . , N) are randomly selected from the source point
cloud P, and the distance between two sample points is greater than the preset distance
threshold dmin.

3. According to the AGWF, search the closest points Qu (u = 1, 2, . . . , N) in the target
point cloud Q to the sample points Pu, and obtain the initial match point pairs.

4. Obtain the rigid transformation matrix M1 between initial match point pairs by
Singular Value Decomposition (SVD). Set a registration threshold el, and calculate
the distance function H(li) to evaluate the point cloud registration performance. The
expression of the distance function H(li) is as follows:

H(li) =
{ 1

2 l2i ‖l‖i < el
1
2 el(2‖l‖i − el) ‖l‖i ≥ el

(8)

where l is the average Euclidean distance between the source point cloud, and I is the
number of iterations.

5. Repeat the above four steps; when H(li) reaches the minimum, the corresponding
transformation matrix is the coarse registration rigid transformation matrix Mc. The
rigid transformation of the source point cloud P is carried out based on Mc to obtain
the point cloud Pr, and coarse registration is completed.
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2.4.2. Accurate Registration

After coarse registration, the source point cloud Pr and the target point cloud Q
can only roughly coincide, so it is necessary to improve the pose estimation accuracy by
further accurate registration. The ICP algorithm is used for accurate registration. The
algorithm obtains the nearest Euclidean point through exhaustive search and obtains
accurate registration parameters based on the results of the optimal objective function.
According to the registration parameters, 6 Degrees of Freedom (6 DOF) pose estimation
result can be obtained [33].

1. Set a distance threshold ef and the maximum number of iterations I0. For each point
pri in the source point set Pr, search for its corresponding closest point qi in the target
point set Q, and form the corresponding points pairs, set Cl.

2. Solve the rigid transformation matrix by SVD and obtain the rotation matrix Rn and
the translation matrix Tn, where n is the number of iterations. Convert the source
point Pr by the translation matrix (Rn, Tn) into Prn, and form the corresponding point
pairs Cn. Calculate the average Euclidean distance en between every corresponding
point pair.

en =
1
k

k

∑
i=1
‖qi − (pri ×Rn + Tn)‖

2

(9)

where k is the number of the corresponding point pairs.
3. Repeat the above steps until en is smaller than ef or the maximum number of iterations

I0 is reached, and finally obtain the optimal transformation matrix R and T.
4. Let Rx, Ry and Rz be the rotation angles of the three coordinate axes, and tx, ty and tz

be the translation vectors of the coordinate axes; the 6 DOF pose estimation can be
represented as (Rx, Ry, Rz, tx, ty, tz). The optimal transformation matrix Ma can be
expressed as

Ma = T(tx, ty, tz)×R(Rx, Ry, Rz) (10)

where T(tx, ty, tz) and R(Rx, Ry, Rz) can be expressed as

T(tx, ty, tz) =




1 0 0 tx
0 1 0 ty
0 0 1 tz
0 0 0 1


 (11)

R(Rx, Ry, Rz) =




r11 r12 r13 0
r21 r22 r23 0
r31 r32 r33 0
0 0 0 1


 (12)

It can be concluded that the 6DOF pose estimation parameters of the target can be
expressed as

(Rx, Ry, Rz, tx, ty, tz) = (arctan(r32/r33), arcsin(−r13), arctan(r21/r11), tx, ty, tz) (13)

According to the actual situation of pallet fork taking in the storage environment, only
the horizontal deviation tx and tz and the rotation angle Ry perpendicular to the ground
need to be obtained. The driverless industrial trucks adjust the pallet fork taking path
according to the deviation parameters (tx, ty, Ry).

3. Pallet Pose Estimation Experiment
3.1. Data Collection

An industrial vision sensor called the Percipio FM851-E2 3D vision sensor is adopted
to acquire point source point cloud and scene point cloud, whose ranging principal is active
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binocular, and the operative range is 0.7–6.0 m. The structure of the Percipio FM851-E2
vision sensor is shown in Figure 7.
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To obtain the source point cloud of the pallet, a normal blue pallet is placed in a fixed 
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cipio FM851-E2 vision sensor is fixed on the top of the fork frame to take pictures as shown 
in Figure 8. To meet the operational requirements of the production floor, the front of the 

Figure 7. Structure of the Percipio FM851-E2 vision sensor.

To obtain the source point cloud of the pallet, a normal blue pallet is placed in a fixed
position in a laboratory with normal brightness and no other obstructions, and the Percipio
FM851-E2 vision sensor is fixed on the top of the fork frame to take pictures as shown in
Figure 8. To meet the operational requirements of the production floor, the front of the
fork is placed 500 mm away from the pallet, ensuring that the fork is perpendicular to
the front of the pallet and the center of the sensor is aligned with the center of the pallet.
The collected point cloud is processed by the point cloud filter and plain segmentation
algorithm, and the remaining points are the source point cloud, which contains the position
information of the pallet point cloud in the sensor coordinate system under the standard
state after visualization, as shown in Figure 9. The key points of the source point cloud
are extracted, and the adaptive optimal neighborhood radius is obtained; then, the AGWF
features are calculated (the results are shown in Figure 10), and the results are saved in
the database.
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3.2. Multiple Scenario Experiments

In order to verify the effectiveness of the pose estimation algorithm, the pallet pose
estimation algorithm is experimentally verified in several scenarios, mainly the common
ground scenarios and shelf scenarios.

3.2.1. The Ground Scene

Considering the practical requirements of the pallet attitude estimation scenario, the
relative attitude relationship between the storage pallet and the sensor is considered only
for the horizontal lateral translation ∆x, the longitudinal translation ∆y, and the deflection
angle ϕ. The deflection angles of 5◦, 10◦, 15◦ and 20◦ and the deviations of 0.05 m, 0.10 m,
0.15 m and 0.2 m in the horizontal direction, respectively, are selected for the experiments.
The correction of the deflection angle needs to be completed through the rotation of the
driverless industrial truck, so the rotation center of the deflection angle is actually the
origin of the camera coordinates in this experiment. The scene point clouds are taken
and preprocessed, the target pallet point clouds in the scene point clouds are extracted,
and the adaptive optimal neighborhoods of key points and AGWF feature descriptors are
calculated to match with the pallet point clouds. Taking the experiment at a deflection angle
of 5◦ as an example, the visualization results of the scene point cloud, the relative position
relationship between the target point cloud and the source point cloud, the key points of
the target point cloud, and the rough and accurate registration are listed in Figure 11.

The number of point clouds and the time consumed for each step of the experiments
are shown in Table 1, and the scene point clouds captured and the registration results
are shown in Figure 12. The experiments’ pose estimation results and errors are shown
in Table 2. The experiments (d) and (h) are the experimental control groups with the
out-of-limit deviations (bolded in Table 2), which are not taken into account for calculating
the total average deviation and accuracy.

Table 1. Point cloud processing process.

Serial No. Number of Scene
Point Clouds

Number of Target
Point Clouds

Number of Key
Points

Time
Consumed/s

a 55,827 6181 1154 1.6080
b 58,788 6500 1327 1.8263
c 64,656 7115 1442 1.9777
d 53,433 7155 1548 1.3595
e 50,085 5533 1014 0.7670
f 47,142 5217 1272 1.2597
g 44,118 4895 916 1.2393
h 36,054 4001 1173 1.0132
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Table 2. Experimental results of the ground scene.

Serial No.
Actual Deviation Estimated Deviation Relative Deviation Accuracy/%

∆x ∆y ϕ ∆x ∆y ϕ ∆x ∆y ϕ

a 0 0 5 0.0102 0.0267 4.8876 0.0102 0.0267 0.1124 97.76
b 0 0 10 0.0109 0.0340 9.8656 0.0109 0.0340 0.1344 98.66
c 0 0 15 0.0212 0.0534 15.09 0.0212 0.0534 0.1900 98.73
d 0 0 20 0.0536 0.0687 26.53 0.0536 0.0687 6.5300 67.30
e 0.050 0.050 0 0.0535 0.0505 0.4060 0.0035 0.0005 0.4060 96.00
f 0.100 0.100 0 0.1096 0.0988 1.0620 0.0096 0.0012 1.0620 94.60
g 0.150 0.150 0 0.1536 0.1477 1.2014 0.0036 0.0023 1.2014 98.03
h 0.200 0.200 0 0.1928 0.1579 3.2503 0.0072 0.0421 3.2503 87.68

Total Average 0.0098 0.0194 0.5010 97.30

As can be seen from the experimental results derived from the above table, the average
estimation error of the horizontal direction is about 0.0098 m, the average estimation error
is about 0.0194 m, and the average estimation error of the deflection angle is about 0.5◦,
with a total average accuracy of 97.3%. It can be seen that the algorithm has high accuracy
and strong robustness when the horizontal deviation is within 0.15 m and the deflection
angle is within 15◦. However, as is shown the experiments (d) and (h) in Figure 12, when
the horizontal deviation or deflection angle is too large, due to the field of view limitation
of the depth camera and excessive initial pose deviation, the target point cloud and the
source point cloud may fail to be aligned, which will affect the accuracy of the pallet
pose estimation.
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Figure 12. Scene point cloud and registration result. (a) 5° deflection angle. (b) 10° deflection angle. 
(c) 15° deflection angle. (d) 20° deflection angle. (e) Deviations of 0.05 m. (f) Deviations of 0.10 m. 
(g) Deviations of 0.15 m. (h) Deviations of 0.2 m. 

3.2.2. The Shelf Scene 
In a production workshop that has several shelves with three layers, a blue pallet is 

placed in the second layer, which has a certain position deviation with the standard state. 

Figure 12. Scene point cloud and registration result. (a) 5◦ deflection angle. (b) 10◦ deflection angle.
(c) 15◦ deflection angle. (d) 20◦ deflection angle. (e) Deviations of 0.05 m. (f) Deviations of 0.10 m.
(g) Deviations of 0.15 m. (h) Deviations of 0.2 m.

3.2.2. The Shelf Scene

In a production workshop that has several shelves with three layers, a blue pallet
is placed in the second layer, which has a certain position deviation with the standard
state. The driverless industrial truck follows a preset path to a designated location, and the
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horizontal deflection and the size of the deflection angle must be calculated by the pose
estimation algorithm to realize the accurate forklift of pallets for driverless industrial trucks.

The color image of the scene captured by the Percipio active binocular vision sensor
is shown in Figure 13, and the scene point cloud is shown in Figure 14, among which
the number of the scene points is 2,073,600. Redundant points were eliminated by pass-
through filtering. According to the position relationship between the vision sensor and
the pallet, the pass-through filtering parameters x, y and z are set as x ∈ (−1.0, 1.0) m,
y ∈ (−0.5, 0.5) m, z ∈ (1.5, 3.0) m to control the filtering interval of point cloud, and the
number of remaining point clouds is 259,443; the results are shown in Figure 15. After plane
segmentation and voxel grid downsampling, the target pallet point cloud in this shelf scene
is obtained, and the remaining point cloud number is 7438, which is shown in Figure 16a.
The search radius of key point extraction is set as 0.05 m, and the two thresholds are set as
r1 = 0.4 and r2 = 0.2. A total of 1476 key points are extracted from the target point cloud, as
shown in Figure 16b, the red points are the key points.
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Before computing the AGWF feature descriptors for the target point cloud, the adap-
tive neighborhood radius of each point needs to be determined and set to rmin = 0.006 m,
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rmax = 0.012 m, and rd = 0.001 m, and the average distance dp = 0.006 m of the target point
cloud is calculated. The adaptive optimal neighborhood radius of each point is obtained
according to the minimum criterion of the neighborhood characteristic entropy function,
and the adaptive optimal neighborhood radius distribution is shown in Figure 17. The
horizontal coordinate indicates the different neighborhood radii, and the vertical coordinate
indicates the number of points corresponding to each neighborhood radius. It can be seen
that the optimal neighborhood radius of key points is concentrated on the given mini-
mum neighborhood radius, which can significantly improve the efficiency of the feature
descriptor.
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Figure 18. The AGWF feature descriptor for a point.

The SAC-IA algorithm is used for the coarse registration, and the ICP is used to
complete the accurate registration; the accurate optimal rigid rotation matrix R and the
translation matrix T are obtained as follows:

R =




0.99221826 −0.0056165964 −0.12438513
0.0041089170 0.99991482 −0.012374031
0.12444409 0.011766853 0.99215692




T =




0.35200304
−0.083008856
0.018321276




The result of the accurate registration is shown in Figure 19. The left figure shows the
registration diagram of the source point cloud and the target pallet point cloud, where the
red point cloud is the source point cloud and the blue point cloud is the pallet source point
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cloud. The figure on the right shows the pose of the source point cloud after transformation
according to the accurate optimal rigid transformation matrix, where the red point cloud is
the source point cloud, and the rest of the point clouds are the scene point clouds captured
by the Percipio vision sensor while the driverless industrial truck is working. As can be
seen in Figure 19, after the rigid transformation, the source point cloud and the target pallet
point cloud in the field point cloud can achieve basic overlap, so it can be considered that
the rotation matrix R and translation matrix T obtained from the accurate registration is
reliable, and the source point cloud and the target point cloud have satisfactory registration
results, which further verifies the accuracy of the proposed pose estimation algorithm.
According to the rotation matrix R and the translation matrix T, it can be calculated that the
horizontal deviations ∆x and ∆y are 0.35 m and 0.018, respectively, the deflection angel is
12.43◦, and the pose estimation is completed.

Sensors 2023, 23, 1217 18 of 22 
 

 

registration is reliable, and the source point cloud and the target point cloud have satis-
factory registration results, which further verifies the accuracy of the proposed pose esti-
mation algorithm. According to the rotation matrix R and the translation matrix T, it can 
be calculated that the horizontal deviations x∆  and y∆  are 0.35 m and 0.018, respec-
tively, the deflection angel is 12.43°, and the pose estimation is completed. 

 
(a) 

 
(b) 

Figure 19. Visualization of pallet pose estimation results. (a) Registration result (b) Pallet pose esti-
mation. 

3.3. Results and Discussion 
To verify the rationality of Adaptive Gaussian Weight-based Fast Point Feature His-

togram, a comparison is made with the traditional FPFH feature descriptor. A diagram of 
the comparison between AGWF and FPFH for a point is shown in Figure 20, with the 
horizontal coordinates indicating the feature dimensions and the vertical coordinates in-
dicating the feature values on each dimension. 

  

(a) (b) 

Figure 20. Comparison of FPFH and AGWF at a point. (a) The FPFH feature descriptor for a point. 
(b) The AGWF feature descriptor for a point. 

As can be seen in Figure 20, the proposed AGWF descriptor has more balanced val-
ues among dimensions and can describe more feature information as compared with the 
FPFH feature descriptor. The problem that the feature descriptor is overly influenced by 
a certain neighborhood point is avoided, and the robustness of the feature descriptor is 
improved. The comparison of coarse registration results between FPFH and AGWF is 
shown in Figure 21. 

Figure 19. Visualization of pallet pose estimation results. (a) Registration result (b) Pallet pose
estimation.

3.3. Results and Discussion

To verify the rationality of Adaptive Gaussian Weight-based Fast Point Feature His-
togram, a comparison is made with the traditional FPFH feature descriptor. A diagram
of the comparison between AGWF and FPFH for a point is shown in Figure 20, with
the horizontal coordinates indicating the feature dimensions and the vertical coordinates
indicating the feature values on each dimension.
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As can be seen in Figure 20, the proposed AGWF descriptor has more balanced values
among dimensions and can describe more feature information as compared with the FPFH
feature descriptor. The problem that the feature descriptor is overly influenced by a certain
neighborhood point is avoided, and the robustness of the feature descriptor is improved.
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The comparison of coarse registration results between FPFH and AGWF is shown in
Figure 21.
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The proposed approach is compared with the traditional PFH and FPFH feature de-
scriptors as well as the advanced SHOT feature descriptors in terms of the feature extraction
time consumption and the RMSE. The experimental results of different descriptors are
shown in Table 3, where R is the neighborhood radius used for feature extraction, T is the
time consumed for feature extraction, Dt is the percentage of time consumption reduction
of the proposed method compared with the traditional methods, DRMSE is the percentage
of error reduction of the proposed method compared with the traditional methods, and
GWF is Gaussian Weight-based Fast Point Feature Histogram, which only improves the
traditional FPFH by Gaussian weight without adaptive neighborhood. In Table 4, the
neighborhood radius of the traditional descriptors is set as 0.014 m, and the neighborhood
radius of the AGWF is set adaptively. The GWF and AGWF are the proposed feature
descriptors in this paper, and they are bolded in the Table 3 and 4.

Table 3. Comparison of experimental results of different descriptors (R = 0.012 m).

Names R/m T/s RMSE Dt/% DRMSE/%

SHOT 0.012 1.564 0.018234 −7.9 10.99
PFH 0.012 3.872 0.035647 56.6 54.47

FPFH 0.012 1.430 0.017559 −17.34 7.57
GWF 0.012 1.678 0.016239 / /

The Dt and DRMSE are calculated as Dt = (FT − GWF)/FT, DRMSE = (FR − GWF)/FR, where FT is the feature
extraction time of the traditional descriptors, and FR is the RMSE of traditional descriptors.

Table 4. Comparison of experimental results of different descriptors (R = 0.014 m).

Names R/m T/s RMSE Dt/% DRMSE/%

SHOT 0.014 1.564 0.018234 46.61 36.35
PFH 0.014 3.872 0.035647 79.16 68.75

FPFH 0.014 1.430 0.017559 48.15 36.23
AGWF Adaptive radius 0.952 0.011715 / /

The Dt and DRMSE are calculated as Dt = (FT− AGWF)/FT, DRMSE = (FR− AGWF)/FR, where FT is the feature
extraction time of the traditional descriptors, and FR is the RMSE of traditional descriptors.

As is shown in Table 3, the time consumption of the GWF is 7.9% and 17.34% longer
than the SHOT and FPFH, respectively, and it is 56.6% faster than the PFH. Compared with
the PFH, FPFH and SHOT, the RMSE of the GWF is reduced by 10.99%, 54.47% and 7.57%,
respectively. The GWF does not have an absolute advantage in terms of time, because it
needs to consider more information during feature extraction, but it has higher registration
accuracy. It can be seen in Table 4, when the neighborhood radius is set to 0.014 m, the time
consumption of the proposed method is reduced by 46.61%, 79.16% and 48.15%, and the

165



Sensors 2023, 23, 1217

RMSE is reduced by 36.35%, 68.75% and 36.23%, respectively. Comparing Tables 3 and 4,
the choice of the neighborhood radius can influence the time consumption of the feature
extraction and the accuracy of the point cloud registration, and the proposed adaptive
radius can significantly reduce the time consumption of feature extraction and the accuracy
of the point cloud registration. Compared with the fixed radius (GWF), the proposed
AGWF feature descriptor reduces the time consumption by 43.27%, and the RMSE by
27.86%. Above all, the proposed method can reduce the time consumption by more than
30% and the error by more than 35%.

Compared with the traditional FPFH feature descriptor, the proposed AGWF feature
descriptor improves the weight coefficients in its calculation process, which can describe the
local features of the point cloud better and fully consider the influence of each neighboring
point on the key point features, thereby improving the accuracy and efficiency of the
bit pose estimation. In addition, the methods based on traditional descriptors usually
set the search radius of feature descriptors through experience when setting the radius
of the key point neighborhood, which has the problem of inefficiency. The proposed
approach adaptively sets the neighborhood radius according to the minimum criterion of
the neighborhood information entropy function, which greatly reduces the computation
time of feature descriptors and achieves efficient and high-precision pose estimation of
the pallet.

4. Conclusions

A point cloud data-driven pallet pose estimation method using an active binocular
vision sensor is proposed, which consists of point cloud preprocessing, adaptive Gaussian
weight-based fast point feature histogram definition and point cloud registration, and
improves the pose estimation accuracy by over 35% and reduces the feature extraction
time by over 30%. The main contributions of the proposed method can be summarized
as follows:

1. A point cloud-driven method for the driverless industrial trucks to estimate the pose
of the pallet in the production shop is proposed, which solves the problem that the
pallet cannot be accurately forked due to the position deviation, and improves the
security and stability of the logistics system.

2. An adaptive optimal neighborhood radius selection criterion based on the minimum
rule of the local neighborhood characteristic entropy function is proposed to determine
the neighborhood radius of each key point adaptively, instead of selecting parameters
based on experience manually, which significantly shortened the time of feature
extraction and improved the accuracy.

3. Traditional descriptors only consider the Euclidean distance between the query key
point and the neighborhood point as the traditional methods, and the weight of the
proposed descriptor is optimized by the Gaussian distribution function. The change
of the weights of each neighborhood point is smoother and can describe the key point
features more accurately and completely, thereby effectively improving the robustness
of the feature descriptors.

Nevertheless, since the proposed approach still requires a large amount of computation
on the point cloud data, the real-time performance of the approach needs to be further
improved. At the same time, due to the complex storage environment, the proposed
approach also needs further discussion on problems such as vision occlusion and multi-
target overlap caused by dynamic and static obstacles. The subsequent work will focus on
improving the real-time performance of the algorithm, as well as research on scenes with
different lighting and different degrees of occlusion.
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Abstract: Herein, we describe the design of a laboratory setup operating as a high-precision tribome-
ter. The whole design procedure is presented, starting with a concept, followed by the creation of an
exact 3D model and final assembly of all functional parts. The functional idea of the setup is based on
a previously designed device that was used to perform more simple tasks. A series of experiments
revealed certain disadvantages of the initial setup, for which pertinent solutions were found and
implemented. Processing and correction of the data obtained from the device are demonstrated with
an example involving backlash and signal drift errors. Correction of both linear and non-linear signal
drift errors is considered. We also show that, depending on the research interests, the developed
equipment can be further modified by alternating its peripheral parts without changing the main
frame of the device.
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1. Introduction

High-quality scientific experiments require precise laboratory equipment. Experimen-
tal devices designed for studies of mechanical interactions typically contain force sensors
and positioning motors. An example of a high-precision experimental setup that operates
with mechanical contact is an atomic force microscope (AFM), which has lateral resolution
up to a few nanometers and a normal resolution up to 0.1 nm. AFM technology also uses
force sensors, which allow for measurement of van der Waals forces in the range of 10−10

to 10−12 N [1–3]. Experimental facilities that deal with nanotechnology often use a variety
of high-sensitivity electrical, mechanical, optical and other sensors to measure physical
quantities of low magnitude [4,5].

High-accuracy force measurements are very important in macroscopic experiments
with mechanical contacts, especially in cases in which the smallest changes in macro
parameters need to be detected. For investigation of mechanical contacts of adhesive
surfaces, high-precision force and positioning sensors are used as main components [6–8].
A number of tribometers and force sensors with a variety of measuring features have been
designed recently for this purpose [9–17]. A central part of these experimental setups are
force sensors manufactured by various electronics companies (see, for example, [18]). Many
of them are compatible with personal computers (PCs) and other laboratory equipment
through standard interfaces and can be easily adopted to measure desirable quantities.
However, to create a fully operational device that performs complete cycles of specific
experiments, sensors, motors and other parts must be assembled into one apparatus. There
are various potential sources of errors in complete systems that have to be compensated
for, e.g., signal drift, temperature fluctuations and hysteresis in the force sensor [14].
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In this paper, we provide an overview of laboratory setups equipped with KD24S
and K3D40 force sensors manufactured by ME systems, which were designed to perform
experiments on the indentation of a rigid indenter into a soft substrate [19–21]. The
designed facility operates as a high-precision tribometer. It performs indentation and
retraction in the normal direction, as well as displacement in the tangential direction, with
precise positioning of the sample in all three dimensions, in addition to measuring loading
forces, enabling observation of dynamical processes occurring in the contact area in real
time with photo and video recording.

During a series of experiments, the designed device was upgraded several times
according to progress in research plans. Thus, the earliest version of the apparatus was able
to perform experiments only with normal contact, whereas the current version operates
with three-dimensional positioning. Based on our experience with the design and use of
the developed equipment, herein, we outline its pros and cons and discuss the well-known
peculiarities of tribometers, such as backlash in motor and signal drift in the force sensor.
We also suggest some practical solutions that helped us to overcome certain issues in the
performed experiments.

Our work will be interesting to scientists and engineers who work in the field of
contact mechanics and deal with similar instruments.

2. Materials and Methods

In our experiments, we studied physical phenomena within mechanical contacts
that involve highly adhesive surfaces. Adhesion often plays a crucial role in the natural
environment and numerous technologies. As an illustration of adhesive processes in a
biological system, we can refer to the ability of gecko lizards to climb vertical surfaces and
move on ceilings [22–24]. Adhesion is also important for microorganisms, viruses and living
cells [25–27]. The study of specific adhesion processes is an important part of research on
novel SARS-CoV-2 (COVID-19) coronavirus infection [28]. Technologies based on adhesive
phenomena have found numerous applications in industry, where various surfaces come
into contact, such as coatings, welding, granulation and other applications [29,30].

In order to study contact between a rigid body and an elastomer under laboratory
conditions and obtain insights into the physical processes in the contact area, an appropriate
laboratory setup was designed and fabricated. The concept of the designed laboratory
device was inspired by an instrument developed in [19]. Figure 1 shows the progress
in designing and assembling the facility, from the idea of a device pictured as a sketch
(Figure 1a) to an exactly matching 3D model of all its parts (Figure 1b) and, eventually, a
fully operable piece of equipment (Figure 1c). All functional parts of the device that are
denoted in the figure are the same for all three panels, namely (1) and (2) high-precision
M-403.2DG motorized linear stages (manufactured by PI), which are handled by PI C-863
one-axis servo controllers; (3) an ME K3D40 three-axis force sensor; (4) an indenter that is
mounted on the force sensor; (5) the sample being indented; (6) a tilt mechanism; and (7) a
digital camera. A GSV-1A4 SubD37/2 four-channel analog amplifier was used to amplify
the electrical signal from the force sensor. The amplifier is coupled with a computer via
an NI USB-6211 16-bit analog-to-digital converter (ADC). A photo of the contact region
with a clear view of the indenter (4), force sensor (3) and sample (5) is shown in Figure 2
(note the different configuration of the experiment and indenter compared to Figure 1c).
In our experiments on adhesive contacts we often use optically transparent rubber sheets
produced by Japanese company TARNAC (see [31]) as a substrate, because this rubber
is optically transparent and has high adhesive properties. As shown in the Figure 1c,
the device has a cylindrical steel indenter (wheel). This particular device was used to
perform experiments investigating adhesion in rolling and sliding friction in [32]. Moreover,
equipment with different indenters has been used to perform a series of experiments [20,
21,32–39].
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Figure 1. The process of development of the laboratory equipment: design starts with the concept,
shown as a sketch panel (a), which later is transformed into a detailed blueprint panel (b) and
then assembled as a laboratory tribometer panel (c). The labeling of the equipment is the same
in all panels: (1) and (2) M-403.2DG high-precision motorized linear stages (manufactured by PI),
(3) three-axis force sensor ME K3D40 with (4) a mounted indenter, (5) the sample being indented,
(6) a tilt mechanism and (7) a digital camera. (b,c) Device with different indenters.

The developed device is shown in Figure 1c. The main disadvantage of this device
is the backlash in the M-403.2DG motorized linear stages. These drives are capable of
high-precision positioning (up to 1 µm) of the indenter in unidirectional repeatability mode;
however, after changing the direction of motion, their backlash can reach 10 µm. In our
experiments, we observed backlash of about 6 µm for both drivers (1) and (2) (see Figure 1).
Technically, this means that after changing the direction of motion, the device shows that the
indenter is still moving (the screw attached to the motion platform is rotating), even though
for the first six micrometers, the indenter remains physically motionless. This effect must be
considered during data analysis; otherwise, it will lead to inadequate experimental results
for both indentation and pull-off. To illustrate the impact of a backlash on experimental
data, let us consider the following example.

Figure 3 shows the results of an experiment in which a steel sphere with a radius of
R = 33 mm was indented into a layer of TARNAC CRG N3005 rubber with a thickness
of h = 5 mm. After the indentation depth reached its maximum value of dmax = 0.2 mm,
the indenter was moved in the opposite direction until it lost contact with the substrate.
The curve plotted in red represents the indentation phase. It starts from zero and is
located above the pull-off curve, which is indicated in blue. Owing to the strong adhesive
interaction between the steel indenter and rubber substrate, negative forces of FN < 0 N are
present in the system during detachment. This means that additional force must be applied
to the indenter to detach it from the sample compared to contact force at the same position
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of an indenter during the indentation phase. The presence of backlash in the M-403.2DG
drive leads to a situation in which the indenter physically remains in a stationary position,
whereas the equipment shows its motion for six micrometers after the change in direction.
Moreover, the magnitude of normal force (FN) remains constant, as there is no actual
movement in the contact. Therefore, the pull-off curve becomes shifted to the left along the
abscissa axis and crosses the loading curve related to indentation at point A (Figure 3a).
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Figure 2. Detailed photo of the contact region: indenter (4), sensor (3) and elastomer (5). The all-sides
lighting system consisting of 80 LEDs is also clearly visible.
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Figure 3. Dependencies of the normal force (FN) on indentation depth (d) measured during the in-
dentation of the spherical indenter with a radius of R = 33 mm into a rubber (TARNAC CRG N3005) 

Figure 3. Dependencies of the normal force (FN) on indentation depth (d) measured during the
indentation of the spherical indenter with a radius of R = 33 mm into a rubber (TARNAC CRG N3005)
substrate with a thickness of h = 5 mm [33]. Experiments were performed with the equipment shown
in Figure 1. (a) Raw measured data; (b) dependencies with compensation for a backlash of the drive.
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To obtain an accurate diagram of a contact load, backlash correction must be intro-
duced in data analysis. In our case, such a correction is a simple addition of the compen-
sational term of 6 µm (backlash magnitude) to the pull-off curve, which shifts it along
the x axis in the positive direction, as shown in Figure 3b. In general, the need for data
correction can be determined according to the goal of the experiments. If the goal of an
experiment is to determine the adhesive strength of a contact (minimal external force
needed to completely destroy the contact), as in [20], then adjustment is unnecessary, as the
shift along the abscissa axis does not change the magnitudes of the acting force. On the
other hand, if the dissipation of the mechanical energy in the full cycle of loading during
indentation and pull-off (see also [20]) has to be determined, then correction plays a crucial
role, as the dissipation is defined by the area of a region bounded by both indentation
and pull-off curves (FN(d)). However, such data corrections are not always possible. For
instance, the presence of backlash makes the interpretation of the results of experiments
even more difficult when the indenter performs a cycling motion (see [34]).

Figure 3 illustrates a simple adjustment of the data by shifting to the right the pull-off
curve, and it is completely sufficient to obtaining an adequate result from the experiment.
However, assuming that our experiment requires changing the direction of motion more
than one time during the pull-off phase prior to complete disruption of the contact, we
would observe a backlash that starts at the turning point and lasts for 6 µm as the inden-
tation depth (d) increases according to the equipment measurements. Thus, the obtained
curve must be shifted left instead of right. As a result, during cycling motion, dependence
related to a change in direction from indentation to pull-off must be shifted to the right,
whereas dependence that corresponds to the change from pull-off to indentation must
be shifted to the left. As a result of such data manipulations, the total load curve (FN(d))
becomes non-closed. Technically, this occurs because, owing to the backlash, the indenter
is not physically present in certain segments of its expected trajectory. Therefore, analysis
of the FN(d) curves related to the cycling load requires extrapolation of the obtained depen-
dencies, which may significantly affect results. Studying oscillations with small amplitudes
becomes virtually impossible, as within the backlash magnitudes, the indenter does not
move at all.

It is worth mentioning that backlash magnitude depends on the temperature and
load applied to the driver, so the automatic correction of this particular feature is a very
complicated challenge, and every new load scenario requires additional analysis and
corrections. One possible solution to the described problem is a direct measurement of the
indenter coordinate by a laser vibrometer; however, this dramatically increases the cost
of the equipment, as well as its size. Another solution is to use different types of drives
that have improved positioning mechanisms without backlash. Although such drives are
more expensive than the M-403.2DG described above, they are cheaper than using a laser
vibrometer or similar high-quality equipment. In the upgraded version of the developed
equipment, we adopted the second solution (see description below).

Experience reveals another peculiarity of the equipment shown in Figure 1 related
to the Conrad USB digital camera. This camera has a resolution of 1600 × 1200 pixels,
which is enough for precise monitoring of the contact area. However, a disadvantage
of this camera as a part of the designed tribometer is the brightness correction, which is
performed automatically if the intensity of external illumination changes. In our exper-
iments, the indenter moved in the normal and tangential directions, as well as in both
directions simultaneously; as a result, the distribution of luminous flux was affected. Under
stationary conditions, illumination of the sample is homogeneous, as it is provided by a
static comprehensive lighting system (see Figures 1c and 2). Light redistribution causes the
camera to switch into a new mode of photographing, and as a result, pictures taken of the
contact area have different contrast. This situation does not change the general view of the
contact zone; however, it makes automatic processing of the photos and determination of
the size of the contact area much more complicated [20,33,34]. The software developed to
analyze the digital photos of the indentation zone and to calculate the contact area uses an
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algorithm that calculates the size of a contact by analyzing the difference in the intensity of
pixel color, which determines whether a given pixel is included in the contact area or not
(for a detailed description of the software performance, see [20]). If the intensity of pixels
constantly changes due to the different settings of the camera mode, such analysis becomes
extremely difficult.

Assembling the equipment shown in Figure 1 was a significant advancement from the
initial facility [19], as the options for tangential motion of the indenter and more precise
positioning of the indented sample, as well as the possibility of considerably increasing
lateral sizes of the substrate, were added to the device. However, as mentioned above,
the device shown in Figure 1 has its downsides as well. With the goal of rectifying these
disadvantages and increasing the quality of the obtained results, the equipment was
upgraded. An exact 3D model of the upgraded equipment and a photo of the assembled
device are shown in Figure 4a,b, respectively. As shown in the figure, the device has several
differences from the previous version.
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Figure 4. Upgraded version of the device shown in Figure 1. (a) Exact 3D model of the facility with
an individual blueprint for every part. (b) Photo of the assembled and fully operational equipment.
(c) A 3D model (top) and photo (bottom) of the tilt mechanism fabricated from aluminum plates,
which is one of the most significant improvements added to the device. Position (8) denotes the
8MR190-90-4247-MEn1 motorized rotation stage in (a,b); all other labels are the same as in Figure 1.

The main novelties of the proposed equipment are:

(a) More precise L-511.24AD00 drives with bidirectional repeatability up to ±0.2 µm.
The main attribute of these drives is the absence of backlash after changing the
direction of motion. This feature is achieved using a ball-screw transmission and
an incremental linear encoder inserted for feedback. The encoder performs direct
measurements of the moving platform coordinate during motion and corrects it. Thus,
these drives do not create artefacts after changing the direction of motion and have
high-precision positioning that is more than enough for our experiments. However,
the presence of feedback makes the positioning system vulnerable to equipment
vibrations. These vibrations could prevent the correct positioning of the motion
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platform, as the drive repeatably searches for correct coordinates and, as a result,
works as a generator of mechanical oscillations, making measurements impossible.
Therefore, an oscillation damper for the whole device must be introduced to the
facility. To dampen oscillations of the equipment, we used rubber (TARNAC CRG
N0505 [31]) sheets placed between the stands of the device and the laboratory table
with pneumatic support (see Figure 4b), serving as a foundation on which the device
was assembled. That particular rubber is optically transparent and has highly adhesive
properties, so it was typically used as a substrate for indentation in our experiments, as
it allows for direct observation of the processes that occur in the contact area through
the layer of rubber via a camera. However, this material was initially designed as an
oscillation damper [31], so in this case, it was used as an intended. It is also worth
mentioning that maximal velocity of the table movement in L-511.24AD00 drives is
90 mm/s, which is significantly higher than the 2.5 mm/s in M-403.2DG.

(b) A high-quality XimeaMQ022CG-CM color camera with a FUJINON HF16SA-1, 2/3”
lens. This camera is USB 3.1-compatible and has a resolution of 2048 × 1088 pixels
at 170 frames per second, making observation of fast processes in the contact area
possible. In our future experiments, we plan to use it to study the propagation of
elastic waves in the contact area during its reconfiguration. The presence of these
waves was detected in experiments with the bare eye; therefore, more detailed study
with special equipment is needed. Another advantage of this camera as a part of the
designed tribometer relative to previously used cameras is its manual brightness setup
instead of an automatic mode. The brightness is regulated by a built-in mechanical
diaphragm; as a result, all taken photos have the same brightness level, which makes
it easier to automatically calculate the contact area using image analysis software.

(c) A large STANDA 8MR190-90-4247-MEn1 motorized rotation stage (position (8) in
Figure 4a,b) operated by a single-channel 8SMC5-USB-B8-1 controller was added to
the facility, which allowed the horizontal orientation of the substrate to be changed.
The maximal angular speed of the stage is 36◦/s (6 full circles in a minute). This stage
has a clear aperture of 89 mm, which is almost twice as large as the 45 mm of the
previous version of the equipment, and allows for observation of contact processes in
a wider range of tangential displacement of the indenter. According to its specification,
the stage is characterized by a backlash of 40 arcsec and bidirectional repeatability
of 72 arcsec, which are related to the displacement at the edge of an aperture 8.67
µm and 15.54 µm, respectively. These features must be taken into account during
experiments in which the direction of circular motion changes. However, this was
not an issue in our experiments. The rotation stage was added to the facility with
the intention of studying a stationary sliding mode without changing the rotation
direction.

(d) A completely new tilt mechanism (position (6) in Figure 4a,b). The biggest difference
between the upgraded version and the previous mechanism shown in Figure 1 is a
much wider aperture (equal to the 8MR190-90-4247-MEn1 stage aperture), which was
enlarged to observe larger portion of the contact area. We could not find the required
in the available markets, so it was completely designed and manufactured in-house
at the TU Berlin workshop from aluminum plates. The 3D blueprint and a photo of
the fabricated mechanism are shown in Figure 4c.

The device shown in Figure 4 was designed in a such way that drives (1) and (2),
together with the rotation stage (8), are capable of positioning the indenter over the substrate
in three dimensions (as shown in Video S1 in Supplementary Material). Although described
equipment was designed for experiments on adhesive contact with complex indentation
trajectories, it can also be used for other purposes depending on what is installed as an
“indenter”. For instance, if a laser emitter is mounted instead of an indenter, the device
will work as a basic laser engraver. Similarly, a solid ink printhead transforms the device
into a simple 3D printer, and with any writing tool, the equipment operates as a plotter.
All mentioned (and similar) modifications can be introduced to the facility without any
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significant changes to the main part of the equipment. To demonstrate the possibility of
modification, we created a simple analog of a plotter using an ordinary pen as a writing
tool. An example of its performance is presented in Video S1 in Supplementary Material.

It is worth noting that a further important aspect relates to measurements. Experiments
described in the original work [19] were performed with an ME KD24S force sensor
operating within the range of ±2 N. The signal from this sensor was amplified by a
single-channel strain gauge amplifier/DM1 DMS amplifier (manufacturer LEG–Industrie-
Elektronik GmbH). Furthermore, the upgraded version of the facility (Figures 1 and 4)
was equipped with an ME K3D40 three-axillar force sensor (version with a force range
of ±10 N) and a GSV-1A4 SubD37/2 4-channel amplifier. In all versions of the device,
the output signal from the amplifier was transmitted to a personal computer through the
NI USB-6211 16-bit ADC. Many force sensors (including that used in our equipment and
described above) have signal drift, due to which even unloaded sensors display increasing
(or decreasing) force over time. Figure 5 shows the time dependencies of force measured
by unloaded (i.e., the magnitude of actual force acting on the sensor during the whole
measurement equals zero) sensors.
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Figure 5. Time dependencies of “force” measured by an unloaded sensor (signal drift). (a) Ten
dependencies corresponding to different measurements obtained by the ME KD24S sensor. (b) Time
dependencies of three components of a force measured by the ME K3D40 three-axis sensor in
one experiment.

Dependencies in panel (a) were measured by the ME KD24S sensor. As shown in
the figure, apart from three bottom lines, the signal drift is almost linear, with different
slopes. Linear drift can be easily subtracted from obtained data; however, the presence
of non-linear progressive changes in the signal make data analysis more complicated.
Figure 5b shows similar data but measured by another ME K3D40 sensor. Here, all three
components of a force were measured in one experiment. As the figure shows, the signal
drift is also present in the measurements; however it is significantly lower than in most
data measured by the ME KD24S sensor (see Figure 5a).

Thus, sensors with small or no drift are always preferable as a part of laboratory
equipment (for instance, ME K3D40 instead ME KD24S). Furthermore, the impact of signal
drift on a measured force magnitude can be reduced by various methods. For instance, it
can be subtracted from the measured data if the shape of the signal drift is known. Another
way to reduce drift influence is to perform the indentation cycle as fast as possible or
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measure the data within the range of forces that significantly exceed the drift magnitude
so it will not affect the results. However, these methods often contradict the required
conditions of the experiments. It is worth noting that dependencies shown in both panels
of Figure 5 were obtained using a GSV-1A4 amplifier; however, in experiments with a DMS
DM1 amplifier, similar problems with drift signal were observed. Additionally, in our
experiments, two different ADCs (NI USB-6211 and NI USB-6000) were used for the PC
interface, and signal drift was observed with both of them.

Let us consider an illustrative example of how to handle signal drift from the sensor
and to correct the results. Among the two available sensors, ME KD24S has the larger signal
drift; thus, we will demonstrate the data processing procedure with this sensor. Figure 6
shows the measured dependencies of the normal force (FN) on the indentation depth (d).
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Figure 6. Dependencies of the normal force (FN) on the indentation depth (d) obtained during the 
indentation of a steel spherical indenter with a radius of R = 30 mm into a TARNAC CRG N0505 
rubber substrate with a thickness of h = 5 mm. (a) The original data measured in four experiments 
performed under the same conditions. (b) The corrected dependencies after subtraction of the sup-
posed signal drift. Curves, corresponding to the same experiments, are denoted by the same color 
in both panels.  

The presented dependencies were measured in an experiment on indentation of a 
steel sphere with a radius of R = 30 mm into a highly adhesive TARNAC CRG N0505 
rubber substrate. In the experiments, the indenter reached an indentation depth of dmax = 
0.1 mm, then moved in the opposite direction up to dmin = −0.2 mm. Complete detachment 
of the indenter was observed in all experiments before it was pulled off to its highest po-
sition above the substrate (dmin). It is worth noting that none of the dependencies shown 
in Figure 6 exhibit hysteresis after a change in the direction of motion (compared to the 
data presented in Figure 3) because of the L-511.24AD00 backlash-free drives used in the 
upgraded equipment. The points of complete detachment during the pull-off phase can 
be detected for all dependencies shown in Figure 6a. On the bottom curve, it is denoted 
as point A. Although there was no contact at point A and the indenter was completely 

Figure 6. Dependencies of the normal force (FN) on the indentation depth (d) obtained during the
indentation of a steel spherical indenter with a radius of R = 30 mm into a TARNAC CRG N0505
rubber substrate with a thickness of h = 5 mm. (a) The original data measured in four experiments
performed under the same conditions. (b) The corrected dependencies after subtraction of the
supposed signal drift. Curves, corresponding to the same experiments, are denoted by the same color
in both panels.

The presented dependencies were measured in an experiment on indentation of a steel
sphere with a radius of R = 30 mm into a highly adhesive TARNAC CRG N0505 rubber
substrate. In the experiments, the indenter reached an indentation depth of dmax = 0.1 mm,
then moved in the opposite direction up to dmin = −0.2 mm. Complete detachment of the
indenter was observed in all experiments before it was pulled off to its highest position
above the substrate (dmin). It is worth noting that none of the dependencies shown in
Figure 6 exhibit hysteresis after a change in the direction of motion (compared to the
data presented in Figure 3) because of the L-511.24AD00 backlash-free drives used in the
upgraded equipment. The points of complete detachment during the pull-off phase can
be detected for all dependencies shown in Figure 6a. On the bottom curve, it is denoted
as point A. Although there was no contact at point A and the indenter was completely
detached from the substrate, a non-zero normal force was detected by a force sensor due to
its signal drift. The magnitude of this force and the related indentation depth are denoted
as FA and dA, respectively. If during the experiment, drift is considered to be linear (as

177



Sensors 2023, 23, 456

in top the 7 dependencies shown in Figure 5), then the corrected time dependence of the
normal force (FN(t)) can be easily defined as:

F̃N(t) = FN(t)−
FA
tA

t, (1)

where tA is the time interval from the beginning of the experiment until complete detach-
ment (point A). In the experiments shown in Figure 6, the velocity of the indenter was
chosen in such a way that the full cycle of indentation for every curve lasted for 30 min,
similarly to the signals shown in Figure 5. Thus, the path of the indenter during the mea-
surements was s = 2dmax + |dmin| = 0.4 mm, whereas its velocity was v = s/t = 0.4/1800 ≈
2.22·10−4 mm/s or 0.222 µm/s. At this velocity magnitude, the contact can be considered
quasi-static [35]. Dependencies corrected according to procedure (1) are shown in Figure 6b.
As shown in the figure, all curves except the bottom line almost overlap in the indentation
phase. Therefore, we can conclude that the bottom curve cannot be corrected through
expression (1), as the signal drift during its measurements was non-linear (see also the three
bottom lines in Figure 5a). The difference between three upper curves in Figure 6b during
the pull-off phase can be explained by adhesion phenomena. Thus, adhesion slightly affects
contact propagation during the indentation phase, whereas during detachment, it plays a
crucial role [19,20,33–35]. During the indentation phase, dependence (F(d)) is determined
only by elastic parameters (elastic modulus (E) and Poisson’s ratio (ν)) of the rubber layer.
These parameters determine the rigidity of a contact and are constant over time. Moreover,
the specific work of adhesion significantly affects the pull-off phase. The specific work
of adhesion, as a function of surface energies of contacting bodies, decreases for each
new indentation cycle because of dirt and oxidation on the surfaces [21]. Therefore, the
differences between the three upper FN(d) curves shown in Figure 6 in the pull-off phase
are the result of natural causes that are not related to signal drift.

Figure 6 shows the results of an experiment on indentation of a smooth spherical
indenter with monotonic FN(d) dependencies. However, if the indenter has noticeable
roughness or an irregular geometric shape, the dependence of a normal force on indentation
depth may be non-monotonic during the pull-off phase [20,21]. Therefore, it is important to
understand whether such drastic changes in force are caused by physical processes in the
contact area or whether these changes are measurement artefacts (an example of such an
artefact is the third curve from the bottom in Figure 5a). For this purpose, it is necessary to
analyze additional characteristics such as the configuration of the contact area. Any sharp
changes in force (FN) are, naturally, caused by reconfiguration of the contact area; thus,
such reconfiguration must be observable. In our experiments, used a transparent substrate,
which allows for direct observation of the contact area. Supplementary Video S2 shows an
example of such an experiment (corresponding measurements are shown in Figure 6). In
the video, both the original and corrected dependencies (FN(d)) are shown, together with
images of the contact area. It is worth mentioning that this example shows an experiment
with a mirror-polished indenter; thus, the camera, lights and other equipment parts are
reflected on its surface. This makes automatic calculation of the size of the contact area
based on numerical analysis of digital photos impossible. Therefore, if the information
on the size of a contact area is critically important (for example, for calculation of shear
stresses), an indenter with low-amplitude roughness is preferred for experiments. In this
case, the contact area can be identified more easily due to diffuse light scattering, and its
size can be calculated automatically by software through analysis of the taken photos (for
example, see [21] and related Supplementary Material).

Figure 7 shows the dependencies measured in the experiment under the same con-
ditions as the data presented in Figure 6, only with a K3D40 force sensor. As the K3D40
force sensor has significantly smaller signal drift compared to the KD24S sensor (see also
Figure 5), the dependencies (FN(d)) that are shown in Figure 7a already depict the contact
processes precisely enough. Removing the drift does not significantly affect the quality of
the obtained results (see Figure 7b). It is worth noting that installed K3D40 force sensor
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operates within a force range of±10 N; thus it is not as precise as the KD24S sensor (version
with a range of±2 N). Therefore the F(d) dependencies measured by a K3D40 sensor exhibit
a significant amount of noise. Nevertheless, in our experiments, the K3D40 force sensor
was the preferred choice over the KD24S, as it does not require additional analysis of the
obtained data or compensation for signal drift.
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Figure 7. Dependencies of the normal force (FN) on the indentation depth (d), similar to curves 
shown in Figure 6 but measured by the K3D40 force sensor. Original (a) and corrected (b) data. 
Curves, corresponding to the same experiments, are denoted by the same color in both panels. 
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all performed experiments is the difference between FN(d) dependencies related to the in-
dentation phase and pull-off. Such behavior is typical for adhesive systems and assumed 
to be caused by several factors: roughness of the surfaces, viscoelasticity and the humidity 
effect, among others [40]. The exact cause of hysteresis after changing the direction of in-
denter movement has not been clearly established yet. JKR theory [41] is frequently used 
to describe the adhesive contact during the indentation of rigid spheres into soft elasto-
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3. Data Analysis and Interpretation

The Figures 3, 6 and 7 presented above contain the results of experiments involving
normal indentation of steel spherical indenters into a soft elastomer. A general feature
of all performed experiments is the difference between FN(d) dependencies related to the
indentation phase and pull-off. Such behavior is typical for adhesive systems and assumed
to be caused by several factors: roughness of the surfaces, viscoelasticity and the humidity
effect, among others [40]. The exact cause of hysteresis after changing the direction of
indenter movement has not been clearly established yet. JKR theory [41] is frequently used
to describe the adhesive contact during the indentation of rigid spheres into soft elastomers.
JKR determines the relations between the normal force (FN), indentation depth (d) and
contact radius (a) as [41]:

d(a) =
a2

R
−
√

2πa∆γ

E∗
, (2)

FN(a) =
4E∗a3

3R
−
√

8πa3E∗∆γ, (3)

where ∆γ is a specific work of adhesion, and E* = E/(1–ν2) is a reduced elastic modulus;
parameters E and ν is the elastic modulus and Poisson’s ratio of the elastomer. According
to Equation (2), after the first contact at d = 0 mm, the contact area immediately propagates
in size up to equilibrium radius

a(d = 0) =
(

2πR2∆γ

E∗

)1/3

, (4)
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where the corresponding adhesive force, according to Equation (3), is negative:

FN(d = 0) = −4
3

πR∆γ. (5)

The experiments described above consider the indentation of a steel indenter into a
soft substrate, so the indenter can be considered as absolutely rigid, i.e., no strains occur in
the indenter. However in the case in which the indenter undergoes deformation, relations
(2) and (3) can still be used to describe the contact mechanics if the reduced elastic modulus
is defined as 1/E* = (1–ν2

1)/E1 + (1–ν2
2)/E2, where indices 1 and 2 denote the materials of

the indenter and half-space, respectively. It is worth noting that expressions (2) and (3)
are valid within the half-space approximation when the contact radius (a) is significantly
smaller than the thickness of the elastomer (h); otherwise, the elastomer thickness (h) must
be taken into account. Several methods are available for this procedure, including, for
instance, analytical [42] or numerical [43] modeling.

Figure 8 shows the FN(d) dependencies obtained in our experiments and discussed
above. Each panel of the figure shows one cycle of indentation; Figure 8a relates to
Figure 3b, Figure 8b relates to Figure 6b, and Figure 8c relates to Figure 7b. Besides the
experimental dependencies (solid lines), Figure 8 also shows the results of a numerical
simulation (dashed lines) performed according to the boundary elements method (BEM),
where the thickness of the elastomer (h) is also taken into account [43]. In the BEM model,
main parameters such as indenter radius (R), elastomer thickness (h) and indentation depth
(d) are exactly the same as in the experiment.
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Figure 8. (a–c) Dependencies (FN(d)) obtained in experiments with the designed facility (solid lines) 
compared to numerical simulation (dashed lines) performed within the BEM model. Each panel 
shows a different experiment. Dependencies shown in panels (b,c) were measured under the same 
conditions with different force sensors. 

Figure 8. (a–c) Dependencies (FN(d)) obtained in experiments with the designed facility (solid lines)
compared to numerical simulation (dashed lines) performed within the BEM model. Each panel
shows a different experiment. Dependencies shown in panels (b,c) were measured under the same
conditions with different force sensors.

In the simulation, we assumed that the specific work of adhesion (∆γ1) during the
indentation phase was significantly smaller than ∆γ2 during the pull-off. The choice of
different magnitudes of ∆γ for indentation and pull-off is a rather phenomenological
approach; nevertheless it enables description of the behavior of the system that is observed
in experiments, although the exact reasons of this behavior remain unknown for now. As
follows from Figure 8, the results of simulations and experiments almost overlap in the
indentation phase, whereas during the pull-off, there are clearly noticeable differences. The
main reasons for these differences are the simulation conditions; the indenter has an ideal
spherical shape, and the elastomer is absolutely flat. Moreover, the adhesion-specific work
(∆γ) is evenly distributed over the surface (the same value at every point), and factors such
as surface roughness, viscoelastic effects and others are not taken into account.

In numerical simulations for CRG N3005 material (Figure 8a), the following values
of elastic parameters were used: E = 0.31 MPa and ν = 0.47, ∆γ1 = 0.027 J/m2 during
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the indentation phase and ∆γ2 = 0.19 J/m2 during pull-off. For CRG N0505 material
(Figure 8b,c) the corresponding values were: E = 0.031 MPa, ν = 0.47, ∆γ1 = 0.027 J/m2

and ∆γ2 = 0.24 J/m2. In both cases, the magnitude of ∆γ1 related to the indentation phase
is significantly smaller than ∆γ2 related to pull-off. However, even a low value of ∆γ1
ensures the propagation of the contact due to adhesion. After the moment of the first
contact, the contact area expands (see Video S2), and the normal force is negative (FN(d
= 0) < 0 N). Negative force at zero indentation depth (d) during the indentation phase is
clearly visible in Figure 8b,c. Dependencies in Figure 8a are shown in a wider range of
a normal force so that the mentioned behavior is not visible; however it is clearly visible
in the inset. Note that the adhesive strength of the contact (the maximum absolute value
of the adhesive force during pull-off at d < 0 mm) is approximately the same for all cases
and equals FA ≈ 30 mN. In the case of half-space when the JKR theory (2), (3) is valid, the
maximum of the adhesive force (corresponding to the minimum of the FN(d) dependence
during pull-off) is defined as:

|Fmin| =
3
2

πR∆γ. (6)

If a rigid sphere is indented into a relatively thin layer of elastomer (the contact radius
is significantly larger than the elastomer thickness), the adhesive strength increases up to a
magnitude of |Fmin| = 2πR∆γ in the case in which the elastic film is frictionless on the
interface between the film and the substrate. When the elastic film is perfectly bonded on
the interface between the film and the substrate, the adhesive strength became even larger,
i.e., |Fmin| = 3πR∆γ [44,45]. Therefore, in the general case, adhesive force can be defined
as |Fmin| = απR∆γ, where parameter α depends on the condition of the experiment. For
the dependencies shown in Figure 8, ∆γ ≈ 0.2 J/m2, R ≈ 30 mm and |Fmin| ≈ 30 mN, so
α ≈ 1.6, which is very close to the JKR estimation (6).

4. Investigation of the Tangential Contact

In the proposed work, we describe the design and performance of the facility, the main
purpose of which is to study tangential contacts. In the previous sections, we considered
typical problems of the equipment (backlash of the drives, drift of the signal from the
force sensors and the peculiarity of the lighting system) and suggested possible solutions.
However, all the examples of device performance presented above were related to normal
indentation. Hence, to complete our description, in this section, we consider an experiment
involving tangential motion. In the mentioned experiment, an indenter with a radius of
R = 40 mm was indented into a layer of rubber to a depth of d = 0.4 mm, followed by a
shift in the tangential direction for x = 5 mm before returning to the previous position of
x = 0 mm. Then, the indenter was lifted up in the normal direction to complete detachment.

The results of the experiment are shown in Figure 9. The figure shows time depen-
dencies of all three components of the contact force, along with images of the contact area
taken at certain moments of time.

In general, the presented dependencies are similar to the data described in our previous
work [37]. Thus, after some time, the system exhibits a sliding mode with constant friction
force (Fx). As the indenter moves only along the x direction, the lateral component (Fy)
is expected equal zero in an ideal case; however, we observed non-zero values of this
component. This situation arises for several reasons, such as non-precise positioning of
the indenter, inhomogeneities in the contact area, etc. In real experiments, Fy should be
small enough compared to Fx. As shown by the presented dependencies, this condition
is fulfilled in our experiments. The main difference between the experiment shown in
Figure 9 from that described in [37] is the chemical inhomogeneities on the surface of the
indenter.

Inhomogeneous distribution of the surface energy was created by a short (approxi-
mately 1 min) treatment of the surface of the steel indenter with a water solution of FeCl3;
then, the indenter was washed with water, then washed with alcohol and dried. Treated
areas of the indenter can be seen as dark spots in the photos shown in Figure 9. These spots
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are characterized by a stronger adhesive strength compared to the untreated area [21]. As it
follows from the Figure 9, inhomogeneous distribution of the surface energy leads to more
complex contact behavior; elastic waves and pores appear in the contact area, and contact
is no longer simply connected. Figure 9 shows only part of images of the contact area,
which are not enough to track the dynamics of the tangential shift. A complete illustration
of this process is presented in the Supplementary Material (Video S3). The description and
analysis of this processes is a non-trivial task, which is not the aim of this work and will be
provided elsewhere.
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Figure 9. Time dependencies of all three components of the contact force ((left) panels) and related 
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moments when the snapshots (right panel) were taken. Increasing numbers of the snapshots relate 
to growth of both tangential shift of the indenter and time from the start of the experiment. 
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experimental studies of Schallamach waves have been conducted (see for example [47–
49]), no complete explanation of the process exists yet. This situation is caused by the fact 
that well-known and popular theories such as JKR [41] are built for quasistatic contact and 
cannot be applied for description of fast dynamical processes. Moreover, as experiments 
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It is worth noting that behavior similar to that described above was observed in
experiments more than 50 years ago; waves that propagate within the contact area during
tangential shift are known as Schallamach waves [46]. Although several theoretical and
experimental studies of Schallamach waves have been conducted (see for example [47–49]),
no complete explanation of the process exists yet. This situation is caused by the fact that
well-known and popular theories such as JKR [41] are built for quasistatic contact and
cannot be applied for description of fast dynamical processes. Moreover, as experiments
show, the most complex behavior during wave propagation is observed at high values
of the adhesion-specific work, as in this case, the rubber undergoes severe non-linear
deformation prior to propagation of the first wave. Additional factors, such as liquid or
particles in the contact area, destruction of the material, chemical inhomogeneities (see
Figure 9 and Video S3), etc., also affect wave propagation. In our future works, we plan to
study the behavior shown in Figure 9 more precisely.
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5. Summary and Discussion

Various modifications of the described device were used in several experiments, the
results of which have already been described in the literature [19–21,32–39]. In particular,
in [19], experiments on contacts of rigid punches that have a flat but oddly shaped face with
a soft adhesive layer were performed; in [20], the influence of the roughness of contacting
surfaces on adhesive strength was studied; surfaces with artificially created chemical
inhomogeneity were studied in [21]. Additionally, in [21], the presence of a third body in
the contact area was considered. This particular case simulates wear debris in contacting
parts of various mechanisms. Peculiarities of the sliding and rolling friction modes were
studied in [32]; in [33], the dependence of adhesive strength on the duration of the contact
was investigated; dissipation of the mechanical energy within oscillating adhesive contact
was studied in [34]. Therein, it was shown that dissipation is not observed if the oscillation
amplitude does not exceed a certain critical magnitude. In [35], an experimental study of
the secondary adhesive hysteresis that occurs after changing the direction of motion of the
indenter was conducted; contact of ellipsoidal flat forms with an elastomer substrate was
studied in [36]. In particular, the influence of eccentricity of the ellipsoidal form on contact
processes was investigated. How adhesion affects sliding friction (tangential contact) was
studied in [37]. The transportation of particles driven by surfaces with periodic relief
in tangential contact was studied in [38]. All experiments mentioned in this paragraph
involved adhesive contacts.

It is worth mentioning that the sensitivity of the designed equipment is limited by
the abilities of the installed force sensor, which can be increased by using more capable
sensors. Furthermore, although functional modification of the device for certain types of
experiment is possible, more advanced studies or experiments under unique conditions
require a special type of tribometer. As notable examples of such tribometers, we can refer
to a millitribometer designed to study small friction units and small loads [50], a six-axis
force/torque sensor for slow friction measurements under ultra-high vacuum and other
conditions [51] and a setup for the study of friction-induced vibrations [52] and haptics [53].

Application of the designed facility is not limited to studying adhesion. Thus, ex-
periments performed in [39] considered capillary forces and their effect on the strength
and shape of a contact. For this purpose, a drop of liquid was placed between contacting
surfaces (a steel sphere and a glass sheet).

In the articles cited above, the designed equipment was used to study both normal
and tangential contacts. However, as we described it in the previous section, a motorized
rotation stage was recently on the facility. This particular upgrade adds additional degrees
of freedom by making a rotation of the indented sample possible. Therefore, the upgraded
setup will be used in our future experiments on the transition between friction and adhe-
sion modes. Our previous experiments on tangential motion revealed the presence of a
sliding mode with constant tangential mechanical stresses in the contact area. In this mode,
the friction force depends on the size of the contact area, whereas the friction coefficient
depends on the indentation depth; in this case, the friction coefficient cannot be considered
a parameter characterizing friction. This is a well-known and typical behavior of friction
contact of surfaces with high adhesion interaction [37,54]. However, in [54], it was experi-
mentally shown that in such contacts, the friction mode (which can be characterized by a
friction coefficient) is observable under large loads. Thus, in upcoming experiments, we
plan to study the transition between two the mentioned modes by gradually increasing the
indentation depth (contact load). Such experimental an condition can be achieved with
the installed rotation stage. The rotation stage can provide the possibility of performing
formally infinite motion, as it is not limited by the sliding range of a linear stage.

The designed facility will also be used in experiments with more complex load sce-
narios, in which contact modes with non-trivial behavior may occur. For instance, in a
theoretical study [55], it was shown that the friction coefficient in a dry contact might de-
pend on load history if rotation is present in the system. We plan to verify these particular
theoretical results experimentally.
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6. Conclusions

Herein, we proposed an intuitive strategy for designing and assembling a laboratory
tribometer that uses a force sensor as the main measuring tool. The proposed approach
based on previous experience concerning design of laboratory equipment and conducting
tribology and contact mechanics experiments. We also discussed particular problems and
suggested possible solutions that emerged during the use of the equipment. In particular,
the signal drift of force sensors and the backlash of the indenter drives was discussed with
respect to a number of measurements.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/s23010456/s1, Video S1: Example of a modification of the designed
tribometer; Video S1 demonstrates the ability of the designed tribometer to function as a simple
plotting device. For this purpose, an ordinary ballpoint pen was mounted instead of an indenter to act
as a plotting tool, and a piece of paper was used as the substrate. The plotter was operated through
an original software interface that was specially designed to manipulate the plotter from a desktop
PC. As the video shows, the writing tool, operated by software, repeats the trajectory of a computer
mouse pointer dragged within the special field in the screen. The resulting plot is shown at the end of
the video. Video S2: Demonstration of the data corrections during indentation and detachment with
visualization of the contact area in real time. In Video S2, images of the contact area configuration are
shown, together with normal force and indentation depth measured simultaneously; thus, the contact
area configuration and load curve are synchronized in real time. The video also demonstrates the
difference between the corrected data and data measured with error due to signal drift during one
full cycle of indentation. Video S3: Demonstration of tangential contact and sliding with visualization
of the dynamics of the contact area synchronized with measured normal force, shear force and the
friction coefficient in real time. Propagation of waves is clearly visible. The surface of the steel
indenter had inhomogeneous distribution of the surface energy created through a short treatment of
the indenter surface with water solution of ferric chloride. Treated areas of the indenter can be seen
in the video as dark spots; these spots are characterized by a stronger adhesive strength compared to
the untreated area.
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Abstract: In this paper, a novel 3D metrology method using one camera with rotating anamorphic
lenses is presented based on the characteristics of double optical centers for anamorphic imaging.
When the anamorphic lens rotates −90◦ around its optical axis, the 3D data of the measured object
can be reconstructed from the two anamorphic images captured before and after the anamorphic
rotation. The anamorphic lens imaging model and a polynomial anamorphic distortion model are
firstly proposed. Then, a 3D reconstruction model using one camera with rotating anamorphic
lenses is presented. Experiments were carried out to validate the proposed method and evaluate
its measurement accuracy. Compared with stereo vision, the main advantage of the proposed 3D
metrology approach is the simplicity of point matching, which makes it suitable for developing
compact sensors for fast 3D measurements, such as car navigation applications.

Keywords: 3D reconstruction; anamorphic lens; anamorphic stereo vision

1. Introduction

In modern industry, 3D metrology is an important technology, based on various
methods. Optical metrology and non-optical metrology are the two categories of 3D metrol-
ogy [1]. Non-optical 3D metrology methods may use a coordinate measuring machine
(CMM), a scanning electron microscope, and a scanning probe microscope [2,3], whereas
optical 3D metrology methods may employ chromatic confocal microscopy, point auto-
focus instruments, focus variation instruments, phase-shifting interferometry, coherence
scanning interferometry, imaging confocal microscopy, and stereo vision. An overview
of such methods was presented in detail [4–6]. Each 3D metrology method has its own
properties and differs in application areas, measurement accuracy, scale, efficiency, cost, etc.
Optical metrology procedures are often fast, precise, and non-destructive of the measured
objects. Stereo vision, which uses two cameras with spherical lenses, is a frequently used
optical metrology approach [7–9]. The measuring precision of stereo vision can range from
several microns to several millimeters, depending on the measured area and the spherical
lenses used. The most challenging aspect of stereo vision involves the extraction of the
corresponding points from stereo images. Projectors are widely used to generate structured
light to achieve high-quality corresponding points [10]. Stereo vision has been widely used
in many areas, such as industry metrology, agriculture, daily living, etc. [11,12]

Anamorphic lenses are increasingly employed in the film industry to capture wide
images for broad screens [13–15]. Anamorphic lenses are distinguished by two characteris-
tics: double focal lengths and double optical centers [16–18]. Double focal lengths means
the focal lengths differ greatly in the tangential and sagittal planes. This characteristic of
anamorphic lenses is often used in the film industry, as it allows images to be compressed
horizontally. Metrology, physics, and some optical imaging applications also use anamor-
phic lenses [19–22]. Double optical centers means there are two optical centers, one in the
tangential plane and the other in the sagittal plane. The distance between the two optical
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centers is the anamorphic distance, which is an intrinsic quantity for anamorphic lenses.
The anamorphic distance will provide anamorphic images with more 3D information,
making anamorphic lenses considerably more suitable for 3D metrology. H. Durko used
anamorphic lenses for measuring parts with large aspect ratios [23]. F. Blais performed an
exploratory calibration of anamorphic lenses based on a pinhole imaging model [24]. In
our previous work, a high-precision anamorphic lens calibration method was proposed
with 3D and 2D calibration targets [16,25].

In this study, a novel 3D metrology method using one camera with rotating anamor-
phic lenses is proposed based on its characteristic of double optical centers. When the
anamorphic lens rotates −90◦ around its optical axis, the 3D data of the measured ob-
ject can be reconstructed from the two anamorphic images captured before and after the
anamorphic rotation. The rest of this paper is organized as follows. Section 2 presents the
anamorphic lens imaging model as well as the anamorphic distortion model. Section 3.1
describes the 3D reconstruction process employing rotating anamorphic lenses. Section 3.2
describes the point matching approach, and Section 3.3 depicts the rotating anamorphic
stereo vision. Section 4 describes the experiments and evaluates the proposed method’s
measurement accuracy. Finally, Section 5 concludes the paper.

2. Anamorphic Imaging Model

This section presents the imaging model and the distortion model of anamorphic
lenses, which differ significantly from those based on spherical lenses. Anamorphic lenses
are typically composed of rear spherical lenses on the back and an anamorphic attachment
on the front. The anamorphic attachment consists of cylindrical lenses that have no
optical power in planes parallel to the cylindrical axis but have optical power in planes
perpendicular to it.

2.1. Anamorphic Imaging Model

The imaging model of anamorphic lenses differs from the traditional pinhole imag-
ing model of spherical lenses. The anamorphic distance and the anamorphic angle are
introduced as new extra intrinsic parameters [16]. Figure 1 depicts the imaging model
of anamorphic lenses, where ad denotes the anamorphic distance, and aa denotes the
anamorphic angle. If the anamorphic lens is precisely assembled, the anamorphic angle
aa, as shown in Figure 1, can be as small as zero. The cylindrical lenses or the anamorphic
attachment determine the anamorphic distance ad, which must be precisely calibrated.
OW-XWYWZW are the world coordinates, Oci-XciYciZc are the camera coordinates centered
in the CCD plane, and Op-XpYpZc are the pixel coordinates centered in the CCD plane. Ocx
and Ocy are the optical centers in the horizontal plane and the vertical plane, and fx and fy
are the focal lengths in the two planes. The imaging model for anamorphic lenses can be
expressed as follows:




XC
YC
ZC


 =

[
R T

]



XW
YW
ZW
1




YI
fy
= YC

ZC+ad
XI
fx

= XC
ZC[

XP
YP

]
=

[
cos(aa) sin(aa)
− sin(aa) cos(aa)

][
XI
YI

]

(1)

where [Xw; Yw; Zw] is a point in the world coordinates, [Xc; Yc; Zc] is the point expressed in
the anamorphic coordinates. R and T denote the rotational and translating matrix from the
world coordinates to the anamorphic coordinates. (XI, YI) are the image coordinates in the
camera coordinates in the image plane, and (XP, YP) are the image coordinates in the pixel
coordinates in the image plane.
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Figure 1. Anamorphic imaging model. (a) Imaging rays in the Yc-Ocy-Zc plane; (b) imaging rays in
the Xc-Ocx-Zc plane.

2.2. Anamorphic Distortion Model

Anamorphic lenses have a distinct distortion model with respect to spherical lenses.
The front anamorphic attachment introduces many more aberrations [26]. Based on the
aberration theory and numerical experiments for anamorphic lenses, we proposed a poly-
nomial distortion model for anamorphic lenses, which allows for high-precision camera
calibration [25]. As shown in Equation (2), anamorphic distortions can be divided into
radial distortions (Xrad, Yrad), third-order distortions (X3, Y3), and second-order distortions
(X2, Y2). (xd, yd) denotes the distorted image coordinates, and (xc, yc) denotes the undis-
torted image coordinates. [k1, k2, n1, n2, m1, m2, x21, x12, x03, x20, x11, x02, y30, y21, y12, y03,
y20, y11, y02] are the 19 distortion coefficients for anamorphic lenses that must be calibrated.
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3. 3D Metrology Using Rotating Anamorphic Lenses
3.1. Description of 3D Metrology Using Rotating Anamorphic Lenses

As shown in Figure 2a, the vertical position is the first anamorphic position, and
the cylindrical axis of the anamorphic attachment is vertical. After a −90◦ rotation, the
cylindrical axis of the anamorphic lens is horizontal, and this anamorphic position is known
as the horizontal position. The anamorphic lens can switch between the two positions by
rotating. The imaging model of anamorphic lenses shown in Section 2 can be reduced to an
ideal anamorphic lens for ease of analysis, which implies that the anamorphic angle is zero,
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there are no distortions, and the rotation angle is precisely −90◦ without decentering. As
shown in Figure 1 and Equation (1), the following equations describe the vertical position
of an ideal anamorphic lens:

xv = XC
ZC

fx

yv = YC
(ZC+ad) fy

(3)

where (xv, yv) refer to the image position of the object point PV = (XC, YC, ZC), and PV is
in the anamorphic coordinates in the vertical position. After the anamorphic rotation, the
coordinates of the object point in the anamorphic coordinates change as follows:

PH = RPV (4)

Figure 2. The two anamorphic positions. (a) Vertical position and (b) horizontal position which is
achieved by a rotation of the anamorphic lens in the vertical position by −90◦.

If the anamorphic lens rotates alone its optical axis by −90◦, R can be expressed as:

R =




0 1 0
−1 0 0
0 0 1


 (5)

Thus, when the anamorphic lens is rotated to its horizontal position, the object coordi-
nates can be calculated as PH = [YC; −XC; ZC], and we have the following equations:

xh = YC
ZC

fx

yh = − XC
(ZC+ad) fy

(6)

Given Equations (3) and (6), the coordinates of the object point can be calculated as:

XC = ad xvyv
fyxh− fxyv

YC = ad xhyv
fyxh− fxyv

ZC = ad fxyv
fyxh− fxyv

(7)

Thus, given the internal parameters fx, fy, and ad, as well as the image coordinates (xv,
yv) and (xh, yh) of an object point in an ideal anamorphic lens, the 3D coordinates of this
point can be easily reconstructed using Equation (7).
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3.2. Point Matching

Point matching is crucial for stereo vision but is also challenging because the two
images are captured by two different cameras. Points in different positions will have
different image points in stereo images. Epipolar constraints and projectors are commonly
adopted to achieve robust point matching, which requires a complex calculation. Point
matching limits the applications of stereo vision in areas requiring fast or real-time 3D
reconstruction, such as car navigation. Compared with stereo vision, point matching
is much simpler in our proposed 3D metrology method. A simulation is provided to
demonstrate its image point matching, as shown in Figures 3–6. The simulated anamorphic
lens has the following internal parameters: ad = 30 mm, aa = 0◦, fx = 12 mm, fy = 16 mm,
and no distortions. As shown in Figure 3, the object to be built is a collection of points on a
spherical surface, with their coordinates given in the vertical position of the anamorphic
lens. The simulated image points on the image planes are shown in Figure 4, where the dot
points and the circle points express the image points when the anamorphic lens is in the
vertical and horizontal positions, respectively. It is not easy to match the image points from
these two positions in the current stage. In our method, the point matching can be greatly
simplified by using a parameter of an anamorphic lens known as the anamorphic ratio AR,
which is:

AR ≈ fy

fx
(8)

Figure 3. Simulated object points on a spherical surface in anamorphic coordinates of the vertical position.

Figure 4. Simulated image points on the image plane. The dot points refer to the image points when
the anamorphic lens is in the vertical position, and the circle points refer to the image points when
the anamorphic lens is in the horizontal position.
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Figure 5. Simulated image points after anamorphic ration (AR) expansion. The dot points are rectified
horizontally by AR, and the circle points are rectified vertically by AR.

Figure 6. Simulated image points tracing from the vertical position to the horizontal position.

As a result, if the dot points and circle points in Figure 4 are expanded horizontally
and vertically by AR, respectively, we obtain the corresponding image points shown in
Figure 5. Because the corresponding points are nearby dot points and circle points, point
matching in rotating anamorphic lenses becomes a simple and straightforward task. In
addition, as illustrated in Figure 6, we can trace the image positions during the anamorphic
rotation from the dot points to the circle points for point matching. Point matching in
anamorphic rotating 3D metrology is much easier than stereo vision with spherical lenses,
as shown in Figures 5 and 6. The deviations between the dot points and the circle points
are due to the anamorphic distance ad. In this example, the anamorphic distance of 30 mm
was much smaller than the object distance of 1500 mm. The deviation between the dot
points and the circles in the image planes will increase when the object points are imaged
using an anamorphic lens with a large anamorphic distance.

3.3. Stereo Vision with Anamorphic Lenses

Inevitably, there will be a misalignment between the optical axis of the anamorphic
lens and the rotation axis of the rotary table, which will be magnified if the object is far
away from the lens. As a result, large errors will occur if Equation (7) is applied directly
for 3D reconstruction. A rational approach for high-precision 3D metrology is to treat the
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rotating anamorphic lenses as two distinct anamorphic lenses, which constitute a stereo
vision with anamorphic lenses. The main differences between stereo vision and stereo
vision with anamorphic lenses are that spherical lenses are replaced by anamorphic lenses
and the baseline distance between the two anamorphic lenses is extremely small.

For 3D metrology using rotating anamorphic lenses, we should first calibrate the
internal parameters of the anamorphic lenses according to the anamorphic imaging model
and the anamorphic distortion model. A 3D calibration target can be used to calibrate the
anamorphic lens [16]. As can be seen in Equation (2), the distortion model of the anamor-
phic lens has 19 unknown distortion coefficients. If only one image of a 3D calibration target
is used for anamorphic lens calibration, local convergence is likely to occur for the distortion
coefficients. Commonly, the 3D calibration target cannot cover the entire imaging area,
which will lead to a poor calibration result for other imaging areas. Therefore, to achieve a
stable calibration result for the entire imaging area, mixed calibration targets are adopted,
which means 3D calibration targets and 2D calibration targets are both required [25]. The
initial values of the internal parameters are calibrated using the 3D calibration target, and
those parameters are refined using 2D calibration targets. After anamorphic calibration
using mixed calibration targets, the internal anamorphic lens parameters [fx, fy, u0, v0, ad,
aa] and the 19 distortion coefficients [k1, k2, n1, n2, m1, m2, x21, x12, x03, x20, x11, x02, y30, y21,
y12, y03, y20, y11, y02] can be determined.

After anamorphic lens calibration, we should calibrate the relative position of the
anamorphic lens in the vertical position and the horizontal position. Two images of the
3D calibration target are captured, one for the vertical position and one for the horizontal
position. Based on the calibrated internal parameters of the anamorphic lens and the image
of the 3D calibration target, the relative position [tx, ty, tz, a, b, r] between the 3D calibration
target and the anamorphic lens can be easily calibrated:

T =




tx
ty
tz


 (9)

R =




cos(b) cos(r) sin(a) sin(b) cos(r)− cos(a) sin(r) sin(a) sin(r) + cos(a) sin(b) cos(r)
cos(b) sin(r) cos(a) cos(r) + sin(a) sin(b) sin(r) cos(a) sin(b) sin(r)− sin(a) cos(r)
− sin(b) cos(b) sin(a) cos(a) cos(b)


 (10)

where T and R refer to the translation vector and the rotation matrix. For the two anamor-
phic positions, there are the following equations between the coordinates of the 3D calibra-
tion target and the two anamorphic coordinates in the two positions:

PCV = RW
CV PW + TW

CV
PCH = RW

CH PW + TW
CH

(11)

where the superscript W refers to the coordinates of the 3D calibration target, and the
subscripts CV and CH refer to the coordinates of the anamorphic lens in the vertical and
horizontal positions. Given Equation (11), the relationship between the vertical and the
horizontal anamorphic coordinates can be determined as follows:

PCH = RCV
CH PCV + TCV

CH (12)

where RCV
CH and TCV

CH are determined as follows:

RCV
CH = RW

CH
(

RW
CV
)−1

TCV
CH = TW

CH − RCV
CHTW

CV
(13)

The horizontal position is rotated from the vertical position by −90◦ along the optical
axis; thus, the relative position between the two anamorphic positions is similar to [tx, ty,
tz, a, b, r] = [0 mm, 0 mm, 0 mm, 0◦, 0◦, 90◦]. After the anamorphic lens calibration and the
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stereo calibration for the rotating anamorphic lenses, the 3D reconstruction using rotating
anamorphic stereo vision is similar to that in stereo vision with spherical lenses.

4. Experiments
4.1. Experiments

An experiment was performed to validate the proposed 3D metrology method using
one camera with rotating anamorphic lenses. The design of the experiment is shown in
Figure 7. The camera was MER-504-10Gx-P from Daheng China, and its resolution was
2448 × 2448 with a pixel size of 3.45 µm × 3.45 µm. The anamorphic lens was mounted on
the rotary table HK130-10. The servo motor was SGM7J-02A7C6E, and the servo controller
was SGD7S-1R6A00A002, both from YASKAWA, Japan. As shown in Figure 7, the 3D
calibration target was composed of two 2D planar calibration targets, and the relative
position of the two planar calibration targets was determined by the 3D calibration target
camera, which was previously calibrated. As shown in Figure 8, the anamorphic lens was
composed of a front anamorphic attachment and a 16 mm Computar spherical lens. As
shown in Figure 9, the anamorphic attachment comprised three cylindrical lens elements,
and the effective focal length in the YOZ plane was −2489 mm. A paraxial lens design
for anamorphic lenses can be seen in [27,28]. The lens parameters for the anamorphic
attachment are shown in Table 1.

Figure 7. Experiment of 3D metrology using rotation anamorphic lenses.
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Figure 8. Anamorphic lens composed of a front anamorphic attachment and a rear spherical lens.
The anamorphic lens was mounted on a rotary table which could rotate the anamorphic lens by −90◦

along the optical axis. (a) Side view; (b) Front view.

Figure 9. Anamorphic attachment for a Computar 16 mm spherical lens in the YOZ plane.

Table 1. Parameters of the anamorphic attachment used for the anamorphic lens.

e0 (mm) e1 (mm) e2 (mm) T11 (mm) T12 (mm) T2 (mm)

16.163062 30 40 4 4 4
f (mm) R11 (mm) R12 (mm) R13 (mm) R21 (mm) R22 (mm)

16 155 156.4 −857.6 −174.8 124.5
n1 V1 n2 V2 n3 V3

1.516797 64.212351 1.672702 32.17888 1.516797 64.212351

The anamorphic lens was calibrated using 3D and 2D calibration targets, and the
internal parameters are shown in Table 2. And as shown in Figure 7, the relative position
of the vertical position with respect to the horizontal position was calibrated using the
3D calibration target, and the results were [tx, ty, tz, a, b, r] = [−0.8943 mm, 0.3591 mm,
−0.1712 mm, −0.5586◦, −0.8074◦, 90.0059◦]. After the anamorphic lens calibration and the
rotating anamorphic stereo calibration, we conducted the 3D metrology using the rotating
anamorphic lens. As shown in Figure 10, to achieve dense 3D points, a checkerboard
was adopted with a square’s length of 5 mm. The original anamorphic images are shown
in Figure 10. Figure 10a shows the image when the anamorphic lens was in the vertical
position, and Figure 10b shows the image when the anamorphic lens was in the horizontal
position. Figure 10b was achieved by rotating the anamorphic lens by −90◦ anticlockwise
along the optical axis. Once the corresponding corners in Figure 10a,b were determined,
the 3D coordinates of the corners could be reconstructed from the rotating anamorphic
stereo vision.
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Table 2. Internal parameters of the calibrated anamorphic lens.

fx (mm) fy (mm) u0 (pixel) v0 (pixel) ad (mm)

12.0520 16.1026 1.2790 × 103 1.0023 × 103 26.5516
aa (◦) k1 k2 n1 n2

−0.5789 0.0304 −2.7151 × 10−5 0.0183 −3.3372 × 10−5

m1 m2 x21 x12 x03
−0.0155 1.277e-5 9.1986 × 10−5 −0.0139 1.8928 × 10−5

y30 y21 y12 y03 x20
1.6727 × 10−5 0.011 1.0611 × 10−4 −0.0023 1.3802 × 10−4

x11 x02 y20 y11 y02
−4.7071 × 10−5 5.8709 × 10−5 9.3657 × 10−5 −3.9944 × 10−4 −2.9851 × 10−4

Figure 10. Anamorphic images. (a) Image when the anamorphic lens was in the vertical position,
and (b) image when the anamorphic lens was in the horizontal position.

One possible method to determine the corresponding corners between Figure 10a,b
is to trace the corners while rotating the anamorphic lens, similar to Figure 6. In order to
trace the corners correctly, the rotating speed must be limited. Another method is to rectify
the two anamorphic images by the anamorphic ratio AR, as shown in Equation (6), after
which the corresponding points are very close, as in Figure 5. Figure 11a was obtained by
expanding Figure 10a horizontally by the AR. Rotating Figure 10b by −90◦ anticlockwise
and expanding the height of the rotated image by the AR, we obtained Figure 11b. As
can be seen in Figure 11a,b, the two images are very similar after AR rectification, and the
corresponding points are nearby, for the overlapping areas in Figure 11a,b.

Figure 11. Anamorphic images after anamorphic ratio (AR) rectification. (a) Rectified image when
the anamorphic lens was in the vertical position, and (b) rectified image when the anamorphic lens
was in the horizontal position.

The chessboard corners in Figure 11a were extracted and represented as red points
in Figure 12; the corners in Figure 11b were represented by green circles in Figure 12. The
red points and green circles in Figure 12a are in their original positions. It can be seen
that the corresponding corners were not adjacent and were separated from one another.
This is because there was a misalignment between the optical axis and the rotation axis of
the rotary table. This misalignment was further amplified by the large object distance. If
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Equation (7) is directly applied for 3D reconstruction, there will be significant errors. Thus,
the rotating anamorphic stereo vision was adopted for the 3D reconstruction. As can be
seen in Figure 11, the two images are similar, the only difference between Figure 11a,b
being a decentering. If we shift Figure 11b by (du, dv) = (105.0792 pixels, −28.8297 pixels),
the two images will overlap. In Figure 12b, the corresponding points are very close, as
shown in Figure 5.

Figure 12. Corners after anamorphic ratio (AR) rectification. The red points indicate the corners
in Figure 11a, and the green points indicate the corners in Figure 11b. (a) Image points in their
original position, (b) green points shift their positions entirely, after which the two images almost
overlap. This pixel decentering was due to the deviation between the optical axis and the axis of the
rotary table.

Given the internal parameters of the anamorphic lens, the relative positions between
the vertical anamorphic lens and the horizontal anamorphic lens, and the corresponding
image points, the 3D coordinates of the corners could be reconstructed using the rotating
anamorphic stereo vision. As shown in Figures 13 and 14, the 3D positions of the corners
in checkerboards were constructed. Figure 13 shows the images of the checkerboards
when the anamorphic lens was in the vertical position, and Figure 14 shows the images
of the calibration targets when the anamorphic lens was in the horizontal position. When
constructing the eight objects, the first two objects were 3D objects, and the other six objects
were 2D objects. The constructed 3D points are shown in Figure 15, while not all corners
in the checkerboard were reconstructed. Some points were no constructed for they lay in
the anamorphic gas where the construction accuracy was very low. The anamorphic gas is
discussed in detail in Section 4.2.2. As can be seen in Figure 15, the reconstruction accuracy
was low compared with that of the stereo vision. The accuracy of this metrology method is
also discussed in Section 4.2.

Figure 13. Images for 3D construction when the anamorphic lens was in the vertical position. (a,b)
refer to images of 3D targets and (c–h) refer to the images of a 2D target.
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Figure 14. Images for 3D construction when the anamorphic lens was in the horizontal position.
(a,b) refer to images of 3D targets and (c–h) refer to the images of a 2D target.

Figure 15. Constructed 3D points for images (a–h) in Figures 13 and 14.
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4.2. Accuracy Analysis

As shown in Equation (14), the pixel error was the main source of error for this
metrology, though other parameters such as ad, fx, and fy are also very important. This
method’s measuring principle is based primarily on the anamorphic distance, which
changes the image position compared to spherical lenses. The anamorphic distance ad
shown in Section 4.1 was small in comparison to the object distance; thus, any small
pixel position error would have a significant impact on the measurement results. From
Equation (7), we have:

dXC = ∂XC
∂xh

δxh +
∂XC
∂xv

δxv +
∂XC
∂yv

δyv

dYC = ∂YC
∂xh

δxh +
∂YC
∂yv

δyv

dZC = ∂ZC
∂xh

δxh +
∂ZC
∂yv

δyv

(14)

where δxh, δxv, and δyv are the pixel errors. If we substitute the pixel errors in Equation (14)
with δ, the point error can be deduced from Equation (14) as follows:

∆xyz =
√

dXC
2 + dYC

2 + dZC
2

= ad · δ ·
√

x2y2· f 2
x · f 2

y+x2· f 2
x+x1y1· fx · fy+y2· f 2

y

( fy ·xh− fx ·yv)
2

(15)

where the coefficients x2y2, x2, x1y1, and y2 in Equation (15) are given by:

x2y2 = (xh − yv)
2

x2 = 2y4
v

x1y1 = −2y2
v
(
x2

h + (xv + yv)xh − xvyv
)

y2 = x4
h + (xv + yv)

2x2
h − 2xvyv(xv + yv)xh + x2

vy2
v

(16)

To further evaluate the measurement accuracy, we conducted two simulation experi-
ments. The simulation anamorphic lens was the same as the anamorphic lens shown in
Section 3.2: fx = 12 mm, fy = 16 mm, aa = 0◦, and ad = 30 mm.

4.2.1. Accuracy Analysis for a Point

First, we simulated an object point with the coordinates [XC, YC, ZC] = [500 mm,
500 mm, 1500 mm] in anamorphic coordinates for the vertical position. The pixel coordi-
nates of the point in the vertical and the horizontal anamorphic positions were calculated
using Equations (3)–(6). Given the pixel coordinates and the calibrated parameters of the
rotating anamorphic stereo vision, the 3D coordinates of the point could be calculated. The
pixel errors in the image plane were assumed to have a Gaussian normal distribution with
a standard deviation of 0.2 pixels, which was the calibration result of the anamorphic lens.
Then, 5000 3D points were reconstructed with varying pixel errors, and the reconstructed
3D points are shown in Figure 16. The standard deviation of the reconstructed 3D point
was 17.3378 mm.

4.2.2. Accuracy Analysis for a Surface

We also simulated a set of object points in a plane. The XC and YC coordinates
ranged from −1000 mm to 1000 mm, with an interval of 50 mm, and all the ZC were
1500 mm. The pixel errors in the image plane satisfied a Gauss normal distribution, and the
standard deviation of the pixel error was set to 0.2 pixels. The standard deviation for each
reconstructed 3D point is shown in Figure 16. As can be seen in Figure 17, the measuring
accuracy for the points away from the XC axis was high, while it was very low if the object
points were near the XC axis. The points near the XC axis were removed, which left a gap
in Figure 17. Thus, there was a measuring gap if rotating anamorphic lenses were used for
3D construction. We named this gap the anamorphic gap.
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Figure 16. Image showing 5000 constructed 3D points for an object point in [500 mm, 500 mm,
1500 mm] with different pixel errors. The standard deviation of the constructed 3D points was
17.3378 mm.

Figure 17. Standard deviation for object points in a plane. The standard deviations for object points
with small YC coordinates were removed for large reconstruction errors. The standard deviation of
the pixel position was 0.2 pixels, the ad was 30 mm, and the ZC was 1500 mm.

If we individually increase the anamorphic distance from 30 mm to 100 mm, the
measuring accuracy will increase correspondingly, as shown in Figure 18. The lens parame-
ters ad, fx, and fy are closely related because they are determined by the anamorphic lens
structure, and it is not possible to simply change one parameter independently [25]. We
proposed paraxial lens designs for anamorphic lenses with zero anamorphic distance [26],
but designing an anamorphic attachment with an extremely large anamorphic distance
appeared to be difficult.
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Figure 18. Standard deviation for object points in a plane. The standard deviations for object points
with small YC coordinates were removed for large reconstruction errors. The standard deviation of
the pixel position was 0.2 pixels, the ad was 100 mm, and the ZC was 1500 mm.

The measuring precision of this 3D metrology method appeared to be lower than
that of stereo vision with spherical lenses. The fundamental reason for this is that, in
comparison to stereo vision, the baseline distance between the two anamorphic positions
was quite small. The measuring precision will be as good as that of stereo vision with
spherical lenses if the two anamorphic lenses are sufficiently apart from each other. Because
the two images are captured with the same revolving anamorphic lens, the main advantage
of this 3D metrology is its ease of point matching. The appropriate matching points are
very close if the two images are rectified with the anamorphic ratio, as shown in Figures 5
and 12. Alternatively, as illustrated in Figure 6, it is possible to trace the matching points by
rotating the anamorphic lens. When the anamorphic lens is rotated at a rapid speed, it can
measure 3D data four times in one circle, which is ideal for a quick 3D reconstruction with
low measurement accuracy. One potential application of this would be car navigation.

5. Conclusions

A 3D metrology method using one camera with rotating anamorphic lenses is pro-
posed in this paper. The anamorphic lens can rotate by −90◦ along the optical axis, captur-
ing two anamorphic images of an object before and after the rotation. This setup is similar
to that of stereo vision; therefore, it can be considered a stereo vision with anamorphic
lenses. The main differences between stereo vision and rotating anamorphic lenses are
that anamorphic lenses replace spherical lenses, and the baseline distance between the
two anamorphic lenses is very small. This feature will make rotating anamorphic lenses
a compact sensor suitable for 3D metrology in a constrained space. The feasibility of the
proposed method in 3D reconstruction is based on one internal parameter of anamorphic
lenses, i.e., the anamorphic distance, which will slightly change the image position of the
object. The corresponding points between the two anamorphic images are close if the two
anamorphic images are rectified by the anamorphic ratio, which substantially simplifies
the corresponding point matching and reduces the calculation amount. When compared to
stereo vision, the measurement accuracy of the rotating anamorphic stereo vision is lower,
especially for the image points near the XC axis of the anamorphic lens in the vertical posi-
tion. These characteristics make the rotating anamorphic stereo vision suitable for a fast 3D
reconstruction without a high demand for measurement accuracy, such as car navigation
applications. Further research might include high precision anamorphic lens calibration,
error compensation, point matching for rotating anamorphic lenses, and anamorphic lens
designs with a large anamorphic distance.
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