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24000 Subotica, Serbia; bojan@vts.su.ac.rs (B.K.); tibi@vts.su.ac.rs (T.S.)

2 Department of Environmental Engineering, Faculty of Engineering and Information Technology, University of
Pecs, Boszorkany Str. 2, H-7624 Pecs, Hungary; vizvari.zoltan@mik.pte.hu

3 Symbolic Methods in Material Analysis and Tomography Research Group, Faculty of Engineering and
Information Technology, University of Pecs, Boszorkany Str. 6, H-7624 Pecs, Hungary;
klincsik.mihaly@mik.pte.hu (M.K.); sari.zoltan@mik.pte.hu (Z.S.); tadity.laszlo@uni-obuda.hu or
vladimir.tadic@vts-zr.edu.rs (V.T.)

4 Multidisciplinary Medical and Engineering Cellular Bioimpedance Research Group, Szentagothai Research
Centre, University of Pecs, Ifjusag Str. 20, H-7624 Pecs, Hungary; gyorfi.nina@pte.hu

5 Institute of Physiology, Medical School, University of Pecs, Szigeti Str. 12, H-7624 Pecs, Hungary
6 Department of Technical Informatics, Faculty of Engineering and Information Technology, University of Pecs,

Boszorkany Str. 6, H-7624 Pecs, Hungary
7 Department of Agro-Environmental Studies, Hungarian University of Agriculture and Life Sciences, Villányi

Str. 29-43, H-1118 Budapest, Hungary; kovacs.florian@phd.uni-mate.hu (F.K.);
juhos.katalin@uni-mate.hu (K.J.)

8 Department of Mechatronics and Automation, Faculty of Engineering, University of Szeged, Moszkvai Krt. 9,
H-6725 Szeged, Hungary; odrya@mk.u-szeged.hu

9 Department of Control Engineering and Information Technology, University of Dunaújváros, Táncsics Mihály
u. 1, H-2400 Dunaújváros, Hungary

10 Physiological Controls Research Center, University Research and Innovation Center, Óbuda University, Becsi
Str. 96/b, H-1034 Budapest, Hungary; kovacs@uni-obuda.hu

11 Institute of Information Technology, University of Dunaujvaros, Tancsics M. Str. 1/A,
H-2401 Dunaujvaros, Hungary; kecskesi@uniduna.hu

12 John von Neumann Faculty of Informatics, Óbuda University, Becsi Str. 96/B, H-1034 Budapest, Hungary
13 Department of Mechanical Engineering, Electrical Engineering and Computer Science, Technical College of

Applied Sciences in Zrenjanin, Ðord̄a Stratimirovića 23, 23000 Zrenjanin, Serbia
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Abstract: Bioimpedance spectrum (BIS) measurements are highly appreciated in in vivo studies.
This non-destructive method, supported by simple and efficient instrumentation, is widely used in
clinical applications. The multi-frequency approach allows for the efficient extraction of the most
information from the measured data. However, low-frequency implementations are still unexploited
in the development of the technique. A self-developed BIS measurement technology is considered
the pioneering approach for low (<5 kHz) and ultra-low (<100 Hz) frequency range studies. In this
paper, the robustness of ultra-low frequency measurements in the prototypes is examined using
specially constructed physical models and a dedicated neural network-based software. The physical
models were designed to model the dispersion mainly in the ultra-low frequency range. The first
set of models was used in the training of the software environment, while the second set allowed a
complete verification of the technology. Further, the Hilbert transformation was employed to adjust
the imaginary components of complex signals and for phase determination. The findings showed that
the prototypes are capable of efficient and robust data acquisition, regardless of the applied frequency
range, minimizing the impact of measurement errors. Consequently, in in vivo applications, these
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prototypes minimize the variance of the measurement results, allowing the resulting BIS data to
provide a maximum representation of biological phenomena.

Keywords: bioimpedance spectrum; in vivo bioimpedance measurement; ultra-low frequency
investigation; Hilbert transformation; phase errors

1. Introduction

Bioimpedance (BI) measurement is a well-known and commonly used non-destructive
material investigation technique [1,2]. Besides being non-destructive, the method’s attrac-
tiveness arises from its relatively simple and cost-effective instrumentation requirements,
easy mass production, and efficient implementation procedures [2]. BI methods hold the
promise of creating a portable, wearable spectrometer capable of performing numerous
measurements virtually and invisibly at any time of day, even during physical activity [3].
Consequently, there is great interest in in vivo BI measurements, especially in human
studies [4,5].

The method’s popularity in this field depends on its ability to determine the in vivo
body composition of test subjects using prototypes and commercially available devices
that are simple, user-friendly, and highly standardized at the same time [1,2,6–8]. The
body composition parameters that can be determined by BI measurements are extracellular
fluid, intracellular fluid, total body water, fat mass, fat-free mass, etc. [4]. Monitoring these
features provides new perspectives for valuable population studies in the field of public
health [4]. For example, monitoring the whole-body content of multi-ethnic groups [9],
integration into e-Health programs [10], application in the training of athletes [11], and
other clinical applications [12] can be considered.

The implementation of modern BI measurements beyond a single frequency (50 kHz)
supports multiple-frequency and BI spectrum-based data collection [4]. In such cases, an
AC (alternating current) excitation signal at a very low amplitude is usually applied to
dedicated surface electrodes through the biological system under investigation, while the
other surface electrodes are used to record the parameters (potential or voltage) of the
resulting electric field [4]. In the case of multi-frequency implementations, measurement
systems have been developed to simultaneously apply several excitation signals of dif-
ferent frequencies, while others measure the BI spectrum using a swept sine signal [2,4].
BI spectroscopy (BIS) has several advantages over other technologies since it maximizes
the amount of useful information extracted from the data to characterize biological struc-
tures [4]. The excitation frequency range for BIS equipment is usually systematically shifted
between 5 kHz and a few hundred kHz [4]. Typically, the frequency domain below 5 kHz
is referred to as the low-frequency range [4].

In this paper, measurements of high impedances are conducted to investigate whether
the underlying BIS measurement procedure and the self-developed prototype are capable
of detecting model parameters as accurately as possible over the full frequency range. In
order to accomplish these tasks, a new neural network-based data processing software
is developed. The neural networks have already been used to estimate the parameters
of the impedance spectrum in solving the inverse problem [13]. In addition, the Hilbert
transformation has been used for parameter estimation involving neural networks [14];
however, it has not been used for spectroscopic inverse problem solutions. When the
Hilbert transformation is applied, it ensures that the corresponding real and imaginary
components of the impedance spectra are appropriately selected during the optimization
process. Selecting the real and imaginary spectra in this manner and then applying the
inverse procedure results in a more accurate determination of the R and C values compared
to not using the Hilbert transformation. This software extracts the model parameters from
the imported BIS data. Based on [15], specific physical models have been developed that
include the impedance of the excitation electrodes, as well as the impedance of the material
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under investigation based on the Cole–Cole model [16] for the realization of this study.
Two groups of physical models, called phantoms, have been constructed. The first group is
used for neural network training, while the second group is used to verify the accuracy
and robustness of the technology through the integration of ultra-precise components.
Besides developing BIS technology, application development is also actively in progress,
which will lead to the primary use of self-developed prototypes in biotechnological and
clinical applications.

2. Related Works

In the following section, a brief review of the relevant literature is presented. State-of-
the-art in vivo BI measurement systems incorporate, naturally, multi-frequency operation,
and the latest tendency is the development of hardware miniaturization and wearable
systems [3]. In the clinical routine, in vivo hemodialysis [17] and, of course, body composi-
tion [4,5] monitoring devices have already appeared, which also allow the examination of
individual body segments [18]. Wearable BIS devices are increasingly appearing in new
areas such as muscle [3], human skin Pelotherapy effects [19], body fat percentage and
glucose levels [20], or even smartwatch-based [21] monitoring systems.

An outstanding application for this study is human muscle in vivo studies [22], where
BIS systems operating at low (<5 kHz) frequencies are often applied and not only in
wearable form [22]. In the low-frequency ranges, where the so-called α-dispersion can
be detected, the ionic diffusion of the cell membrane and the counterion effects can be
investigated [23]. Pislaru-Danescu et al. [23] recognized the potential of low-frequency
measurements and new perspectives, proposing a prototype with gold electrodes for the
investigation of different human body segments in their publication. Scaliusi et al. also
presented a prototype operating mostly below 50 kHz to monitor edema in the human leg
using wearable hardware [24].

However, at the same time, it cannot be ignored that although low-frequency mea-
surements open up a new perspective for BIS applications, it is in many ways a more
difficult engineering challenge to create a precise and accurate instrument in this frequency
range [24,25]. In addition to explaining the operation of the prototypes, Scaliusi et al. [24,25]
provided a passive electrical model of the complete measurement system (electrodes and
test material). Similarly, the impedance of the electrodes and the measuring wires are
represented by RC components, suggesting that they may cause a significant error in the
measurement data at low frequencies [24,25]. These effects are collectively referred to as
errors caused by residual impedances.

Consequently, the BI measurements are unique because they detect not only the signal
of the unknown material sample but also the impedance of the measuring circuit and even
of the components of the instrument [24,25]. A further almost impenetrable problem is that
the effect of the measurement artifacts also depends on the unknown impedance [24,25].
In general, however, research on the technology today is still focused on improving the
signal-to-noise ratio and minimizing measurement artifacts [1,2]. The pure basic research
described in our proposal aims to reverse this trend by placing the technology on a new
measurement and mathematical basis [1,2]. Despite the great potential of the technology,
BI methods today still have several technological limitations [1,2]. El Khaled et al. [26]
described an exponential increase in the number of publications on BI over the last decade.
Nevertheless, it can be stated that the technology is stagnating and there is a very strong
demand for real basic research on the technology [26,27].

The authors of the current publication have been continuously improving a self-
developed BI measurement technique over the last 10 years [28,29]. This special, modified
four-electrode technique is designed to generate data with a low measurement using the
minimal data processing procedure. This novel measurement technique is a potential
comparison technique that can be successfully applied independently from the application
of a current or voltage generator. The essence of the method is to obtain the unknown
impedance from the measured potentials by comparing it with the reference resistance.
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Thus, by taking the difference of the measured potentials, common mode rejection is
achieved to minimize measurement errors and to suppress artifacts. The self-developed
prototypes use this ground-breaking technique to measure at excitation frequencies between
1 mHz and 100 kHz, primarily to detect dispersion phenomena in the ultra-low (<100 Hz)
frequency range of the substances. Nearly a decade of engineering research has resulted in
a number of prototypes, which have been used to combine the experience gained with the
construction of an ultra-precise digital lock-in amplifier with outstanding features.

The applications being developed by the authors are mainly oriented towards in vivo
applications [28,30,31] of BIS measurements in addition to tomographic approaches [32].
For each of these applications, the measurement solutions are based on monitoring the
α-dispersion (<100 Hz). In addition to the challenges of accurately realizing ultra-low
frequency measurements, the impedance values to be measured usually vary over large
ranges with high dynamic ranges (e.g., 100 kOhm–10 MOhm). All this concludes that
effective and robust BIS measurements at ultra-low frequencies still remain a challenge
for engineers involved in development today due to the residual impedances at low
frequencies and the very high impedance values created by the polarization of biological
structures [15,31]. In this paper, a technological approach is presented that is able to
overcome these problems and provide the possibility of a reliable BIS measurement.

3. Materials and Methods

3.1. BIS Measurement Method

The BIS measurements utilize the modified four-electrode method presented in [15].
This specialized voltage comparison technique can be applied to both current and volt-
age generators. The core idea behind this implementation is to simultaneously suppress
the high impedance (at low frequencies) of the excitation electrodes and the parasitic
impedances of the measurement system during the measurement process. Consequently,
this BI measurement technology is capable of eliminating the measurement artifacts dis-
cussed in Section 2, even at frequencies below 1 Hz, ensuring extremely accurate mea-
surements. The technique achieves common-mode rejection of measurement artifacts
by connecting the ground electrode directly to the measured material through a resistor,
which raises the potential by a constant value. When calculating the impedance values,
dividing the corresponding voltage and current values, along with eliminating the constant
shift, results in highly efficient error suppression. Therefore, even at ultra-low frequencies
(<10 Hz), the electrical properties of the measured material can be accurately recorded.
The technology under investigation is a BI measurement system (Figure 1) developed by
Vizvari et al. [15].

ff

α

ff

ffi

 

Figure 1. The developed BIS system.

The self-developed digital lock-in algorithm, which was built into the instrument, was
developed and improved by further development of the software in [33] (especially with
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respect to measurement noise) for the four-channel instrument. Lock-in amplifiers detect
the measured signal only in the immediate area close to the user-defined reference frequency
while suppressing other frequency components very effectively. Hence, lock-in amplifiers
can determine the amplitude and phase of the measured signal almost exclusively at the
frequency of the excitation signal, even in cases of extremely poor signal-to-noise ratios [33].
However, the use of lock-in amplifiers is routine in the realization of multi-frequency
BI measurements [2]. Therefore, the system presented in this paper has outstanding
capabilities for ultra-low frequency measurements. The system is designed with the
following properties:

• two sampling frequencies are used: in the range 10 kHz–100 kHz, fs = 375 kSam-
ple/s, while in the frequency range 1 mHz–10 kHz, the signals are sampled at
fs = 37.5 kSample/s. If fs = 375 kSample/s is used, the data management of the
real-time calculations is achieved by ping-pong buffering,

• in each decade, the number of excitation frequencies can be selected between three and
100 (the frequency values are selected at equal distances from the logarithmic scale),

• different integration times are used for each frequency, hence the duration of the
measurements is different for each frequency decade,

• an excitation signal of the sinusoidal waveform in the frequency range from 1 mHz to
100 kHz with a Total Harmonic Distortion plus Noise (THDN+N) suppression greater
than 100 dB,

• the excitation is generated by a voltage generator with a maximum noise of 1.5 = µVrms
in the frequency range from 1 mHz to 100 kHz,

• the maximum excitation voltage is 10 V peak-to-peak, which can be reduced by up to
110 dB (i.e., up to about 32 µV peak-to-peak),

• the precision (variance) of the measured data is better than 1 ppm for amplitude and
better than 0.01◦ for phase (demonstrated in [29]).

The measuring system’s compact dimensions (height: 55 mm, width: 100 mm, length:
170 mm) allow easy manual measurements. The robust construction and battery operation
provide precise measurements. The maximum operating time of the measuring system is
6.5 h.

The BI measurement method implemented by the prototype (Figure 1) is the modified
four-electrode technique developed by Vizvari et al. [29], which has been successfully
applied in a variety of research. A schematic of the modified four-electrode measurement
principle is shown in Figure 2.

 

ffi

𝑍௕௢ௗ௬ = 𝑢ଶ − 𝑢ଷ𝑢ସ ⋅ 𝑅௥௘௙
𝑢ଶ, 𝑢ଷ 𝑢ସ ffi

ff

ff

Figure 2. The BI measurement principle.
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The purpose of the measurement is to determine the Zbody impedance value at several
frequency points. The method is based on connecting the ground point (0 V) of the
measuring system directly to the measured sample, and then recording the measured data
(potential values) to this ground point during the data acquisition process. The efficiency of
the method can be increased by incorporating a shunt resistor (Rref). During data processing,
the unknown impedance (Zbody) is obtained by comparison with the shunt resistor using
the following calculation:

Zbody =
u2 − u3

u4
· Rre f (1)

The excitation of the test sample object is performed using a voltage generator, and the
potential values u2, u3, and u4 are measured. The accuracy and efficiency of the method
come from the digital subtraction in Equation (1) of these potential data, which allows the
method to significantly reduce the various errors in the measured data (using symmetrically
balanced hardware).

In a previous study [29], the effectiveness of the measurement principle and its preci-
sion is demonstrated. In addition, further information can be found in [15].

3.2. BIS Phantoms

Previously [15], in order to demonstrate the advantageous properties of the technology,
a physical model (BIS phantom) was created and applied. The phantoms were designed
following the work of Fu et al. [27]. In this case, by evaluating the high-purity data
collected during the measurement, the aim is to determine the model parameters of the
different phantoms, i.e., the values of the electronic components (resistors and capacitors).
By comparing the parameters extracted from the measurements with the values of the
components used to make the phantoms, the accuracy and precision of the measurement
procedure can be estimated.

The main aim of the phantom’s design was to mimic the ultra-low frequency dispersion
as accurately as possible, together with the measurement-related artifacts that may result
from, for example, the high impedance of the electrodes. The phantom (Figure 3) is a passive
electrical circuit that produces a typical ultra-low frequency impedance spectrum. The
phantom shown in Figure 3 is built from commercially available resistors and capacitors.

 

ff 𝑅଴, 𝑅ஶ 𝐶

𝑢ଶ 𝑢ଷ 𝑢ସ
ffi

Ω
∞

Ω
∞

Ω Ω Ω

Figure 3. Schematic of the phantom circuit model [15,16].

The objective of this study is to measure the (Zbody), which includes resistive (R) and
capacitive (C) elements, through single-pole, two-pole, and three-pole approximations. Ad-

6



Electronics 2024, 13, 3300

ditionally, the measurement results are influenced by the excitation contacts (Zin and Zout),
whose effects are variable and unknown. In order to characterize the model parameters, it
is necessary to estimate the R0, R∞, and C values from the measurement results.

In order to develop a robust algorithm, the system was simulated using phantom
models that employ single-pole and two-pole circuits. Initially, the behavior of the cell
culture with a single-pole model is approximated. The phantom includes R-C elements
in order to simulate the excitation path. The schematic diagram of the phantom circuit is
shown below.

In Figures 2 and 3, the voltages and their phases at points u2, u3, and u4 can be
measured with precision impedance measurement instruments. In total, 38 phantoms have
been created for the current study. The key aspect in the design of these phantoms was
ensuring that the generated pole and zero frequencies spanned nearly the entire frequency
range (Table 1) of the measurement system, especially the ultra-low frequencies. This also
allows the efficiency of the technology to be investigated over the entire frequency range,
even for relatively high impedances.

Table 1. Specification of Measurements Circuits.

Phantom
Number

Rin

[kΩ]
Cin

[uF]
R∞

[kΩ]
R0-R∞

[kΩ]
R0

[kΩ]
C

[uF]
Rout

[kΩ]
Cout

[uF]

01 100 1 1 1 2 0.47 100 1

02 10 10 1 3.7 4.7 2.2 10 10

03 30 1 1 10 11 9.1 30 1

04 50 0.1 1 18 19 56 50 0.1

05 75 1 1 27 28 370 75 1

06 100 1 1 1 2 370 10 10

07 200 0.1 1 2.7 3.7 0.2 75 10

08 5 30 1 4.1 5.1 1 50 1

09 10 0.2 1 6 7 500 30 5

10 30 20 1 9 10 250 20 2

11 50 0.5 1 13 14 3 10 3

12 75 10 1 20 21 6 5 3

13 100 1 1 30 31 150 200 2

14 200 5 1 45 46 90 10 5

15 5 2 1 67 68 12 30 1

16 10 3 1 99 100 20 20 10

17 30 3 1 81 82 0.1 50 0.5

18 50 2 1 55 56 47 75 20

19 75 5 1 25 26 4.7 100 0.2

20 100 1 1 11 12 100 20 30

21 200 10 1 5 6 75 30 0.1

31 100 100 102 210 312 0.0002 100 100

32 100 100 93 402.1 495.1 0.0022 100 100

33 100 100 75 604 679 0.033 100 100

34 100 100 51.1 806 857.1 0.47 100 100
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Table 1. Cont.

Phantom
Number

Rin

[kΩ]
Cin

[uF]
R∞

[kΩ]
R0-R∞

[kΩ]
R0

[kΩ]
C

[uF]
Rout

[kΩ]
Cout

[uF]

35 100 100 30.1 999.9 1030 0.94 100 100

36 100 100 10 1000 1010 0.0002 100 100

37 100 100 30.1 805.9 836 0.0022 100 100

38 100 100 51.1 604 655.1 0.033 100 100

39 100 100 71.5 400.5 472.0 0.48 100 100

The aim was to train a robust system that can accurately estimate the values of C
and R0 from these measured voltages, regardless of the values set for the resistances
Cin, Rin, Cout, and Rout. The voltage measurements are taken at the following frequencies:
fk = 10−1.8 + k0.2 and k = {0, 1, . . ., 33}, which logarithmically span from 0.016 Hz to 63,000 Hz
across 34 values (see Table 2), and these are available for all the measurement samples. The
angular frequency for each measurement is given as ωk = 2πfk.

The measurements were taken in the form of a complex number:

Z = a + bi

|Z| =
√

a2 + b2, Re(Z) = a, Im(Z) = b

θ = tan−1
(

b
a

)

(2)

where |Z| is the magnitude and θ is the phase.
The impedance measurements were transformed as follows:

Table 2. Measurement points and their transformation (TR—used for training).

Abbreviation Equation Description Unit Usage

U1 U1 = a1 + b1i
See Figure 2,

complex format
V

U2 U2 = a2 + b2i
See Figure 2,

complex format
V

U3 U3 = a3 + b3i
See Figure 2,

complex format
V

U4 U4 = a4 + b4i
See Figure 2,

complex format
V

U1p4ph = tan−1
(

Im(U1·U4
∗)

Re(U1·U4
∗)

)

U1/U4 phase Rad TR

U2p4ph = tan−1
(

Im(U2·U4
∗)

Re(U2·U4
∗)

)

U2/U4 phase Rad TR

U3p4ph = tan−1
(

Im(U3·U∗
4 )

Re(U3·U4
∗)

)

U3/U4 phase Rad TR

U32p4ph
=

tan−1
(

Im((U2−U3)·U4
∗)

Re((U2−U3)·U4
∗)

) (U2 − U3)/U4 phase Rad TR

Log10(U1p4mag) = log10

(

|U1·U∗
4 |√

a2
4+b2

4

) Logarithm transform of
U1/U4 magnitude

TR

Log10(U2p4mag) = log10

(

|U2·U4
∗ |√

a2
4+b2

4

) Logarithm transform of
U2/U4 magnitude

TR

Log10(U3p4mag) = log10

(

|U3·U4
∗ |√

a2
4+b2

4

) Logarithm transform of
U3/U4 magnitude

TR

Log10(U32p4mag)
=

log10

(

|(U2−U3)·U4
∗ |√

a2
4+b2

4

) Logarithm transform of
(U2 − U3)/U4 magnitude

TR

8
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3.3. Simulation Model

A mathematical model in MATLAB R2023b was developed in order to express the
complex impedance using complex numbers, where the real part represents the ohmic
resistance and the imaginary part represents the reactance.

The mathematical model of the circuit shown in Figure 3 was implemented in the
MATLAB environment. This model served two primary purposes:

1. first, to verify the accuracy of the measurements and the selected R and C values,
2. second, to generate a large training database necessary for training the estimation system.

These aspects are detailed in the following two subsections.
The outputs of the model include the calculated impedance values and the correspond-

ing phase angles at different points in the circuit, providing a comprehensive dataset for
both validation and training purposes.

The model relies on operations with complex numbers, a functionality that is well-
supported in MATLAB. The inputs to the model are the following:

• input and output impedances: Rin , Rout, Cin, Cout

• body model impedance: R∞, R0, C
• shunt resistance: Rs = 96, 000 Ω

• supply voltage: U1 = 12 V
• frequency series: f = [63, 000, 39, 750, . . . , 0.016] Hz

The equations for the impedances are described in Equation (3), Equation (4) is the
current, and Equation (5) represents the voltages and their ratios.

Zin( f ) = 1
1

Rin
+i2π f Cin

Zout( f ) = 1
1

Rout
+i2π f Cout

Zbody( f ) = R∞ + 1
1

R0−R∞
+i2π f C

(3)

I =
U1

Zin + Zb + Zout
(4)

U4 = Rs I

U3 = (Zout + Rs)I

U2 = (Zb + Zout + Rs)I

U32 = Zb I

U1p4 = U1
U4

U2p4 = U2
U4

U3p4 = U3
U4

U32p4 = U32
U4

(5)

3.4. Training Database

Using this model, a database is generated that is compatible with the measurements.
This means that the same outputs were calculated (U1p4, U2p4, U3p4, and U32p4 in polar
format, i.e., magnitude + phase form) at the same frequencies (Table 2), using the same
supply voltage and shunt resistance (U1, Rs). However, the variable electronic components
(R0, C, Rin, Rout, Cin, and Cout) differ from those in the measurements and cover a slightly
broader range. It was ensured that the training and validation datasets contained different
R0 and C values. This separation is crucial to ensure that the neural network (NN) model’s
training and validation sets are independent of each other, preventing overfitting.

Table 3 summarizes the statistics of the generated database. The datasets were gener-
ated using a combinatorial approach, where every value of Rin and Cin with every value of

9
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R0 and C were combined. Consequently, the sizes of the training (TR) and validation (VA)
datasets are as follows:

n(TR) = n(RinTR)·n(CinTR)·n(R0TR)·n(CTR) = 9·7·36·31 = 70308
n(VA) = n(RinVA)·n(CinVA)·n(R0VA)·n(CVA) = 7·4·22·26 = 16016

(6)

Table 3. Training database elements.

Element Set Size Value set Unit m-Equation

Rin, Rout

TR 9 5, 10, 20, 30, 50, 100, 200, 300, 500 kΩ

VA 7 7, 15, 25, 40, 75, 150, 250 kΩ

Cin, Cout

TR 7 0.1, 0.3, 1, 3, 10, 30, 100 µF

VA 4 0.2, 2, 20, 200 µF

R0

TR 36

1.2, 1.5, 1.8, 2.2, 2.7, 3.3, 4.1, 5.0, 6.0, 7.4, 9.0,
11.0, 13.5, 16.4, 20.1, 24.5, 30.0, 36.6, 44.7,

54.6, 66.7, 81.5, 99.5,
121.5, 148.4, 181.3, 221.4, 270.4, 330.3, 403.4,

492.7, 601.8, 735.1, 897.8
1096.6, 1339.4

kΩ Roundn (exp(0.2:0.2:7.2),−1) × 103

VA 22

1.2, 1.6, 2.3, 3.2, 4.4, 6.2, 8.6,
12.0, 16.7 23.3, 32.6, 45.5, 63.4, 88.5

123.6, 172.4, 240.6, 335.9, 468.7, 654.1, 912.9
1274.1

kΩ Roundn (exp(0.15:1/3:7.25),−1) × 103

C

TR 31

0.0001, 0.0002, 0.0003, 0.0006, 0.0009
0.0015, 0.0025, 0.0041, 0.0067,

0.0111, 0.0183, 0.0302, 0.0498, 0.0821
0.1353, 0.2231, 0.3679, 0.6065

1, 1.6487, 2.7183, 4.4817, 7.3891
12.182, 20.085, 33.115, 54.598, 90.017

148.41, 244.69, 403.43

µF Roundn (exp(−9:0.5:6),−4) × 1 × 10−6

VA 26

0.0002, 0.0003, 0.0005, 0.0009,
0.0017, 0.0030, 0.0055,

0.0101, 0.0183, 0.0334, 0.0608
0.1108, 0.2019, 0.3679, 0.6703
1.2214, 2.2255, 4.0552, 7.3891
13.464, 24.532, 44.701, 81.451

148.41, 270.43, 492.75

µF Roundn (exp(−8.8:0.6:6.2),−4) × 1 × 10−6

Rs - 1 96 kΩ

R∞

TR 11
1, 1.6, 2.7, 4.5, 7.4

12.2, 20.1, 33.1, 54.6, 90, 148.4
kΩ Roundn (exp(0:0.5:5),−1) × 103

VA 8
1.2, 2.5, 5

10, 20.1, 40.4, 81.5, 164
kΩ Roundn (exp(0.2:0.7:5.2),−1) × 103

The R∞ was circularly repeated for each combination, but with constrains of R0 > R∞.
The Rout and Cout values were not the same as Rin and Cin since they were chosen randomly
from the same set of values. However, this random selection pattern remained consistent
across all variations of R0 and C.

3.5. Neural Network

A small convolutional neural network (CNN) with inputs consisting of various voltage
ratios and outputs providing the estimated values of R0, R∞, and C was designed. In order
to make the neural network’s estimation system more linear, the network estimates the
logarithm base log10 of the output values (log10(R0), log10(R∞), and log10(C)).

Two metrics were used in order to measure the performance:

10
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• RMS: The root mean square error of the estimates [34].
• Pearson: The Pearson correlation coefficient of the estimates [35].

These metrics were calculated for either the training set (TR), the validation set (VA),
or the test set (TE). The training and validation sets were generated through simulation,
while the test set was derived from actual measurements.

A simple 10-layer CNN was designed for the regression task of estimating log10(R0),
log10(R∞), and log10(C) (see Figure 4). The input layer accepts two sets of 34 polar numbers,
derived from voltage measurements. Following the input layer, there are three convolu-
tional layers with filter sizes of [15 1], [11 1], and [7 1] and corresponding filter counts of
24, 31, and 35, each followed by a Leaky ReLu activation function [36]. These layers are
succeeded by two fully connected layers, the first with 126 units and the second with three
units, representing the estimated R0, R∞, and C values. The training of this CNN is per-
formed using the Adam optimizer [37], which ensures efficient and effective convergence
during the learning process.

 

𝑦 = 𝐿𝑒𝑎𝑘𝑦𝑅𝑒𝐿𝑢(𝑥, 𝐴𝑙𝑝ℎ𝑎) = ൜ 𝑥 𝑥 > 0𝑥 ∙ 𝐴𝑙𝑝ℎ𝑎 𝑥 ൑ 0

− −

Figure 4. The optimized CNN architecture.

The Leaky ReLu is a parameterized ReLu layer, which works as follows [36]:

y = LeakyReLu(x, Alpha) =

{

x x > 0
x·Alpha x ≤ 0

(7)

The parameters of the CNN are organized in a structure named param, which is
summarized in Table 4.
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Table 4. The CNN configuration.

NN Parameter Description Value Range Initial Optimum

Hilb Hilbert Rule Control in complex input signals 0–0.3 0.05 0.1

convSize (1) Filter size in convolution layer 1 10–25 20 15

convSize (2) Filter size in convolution layer 2 7–18 14 11

convSize (3) Filter size in convolution layer 3 3–10 5 7

numFilters (1) Number of filters in convolution layer 1 10–40 25 24

numFilters (2) Number of filters in convolution layer 2 10–40 25 31

numFilters (3) Number of filters in convolution layer 3 10–40 25 35

leakyRelu (1) Scale of leaky rectified linear unit layer 1 0–0.2 0.1 0.13687

leakyRelu (2) Scale of leaky rectified linear unit layer 2 0–0.2 0.1 0.01749

leakyRelu (3) Scale of leaky rectified linear unit layer 3 0–0.2 0.1 0.18037

fullySize (1) Output size of fully connected layer 1 50–250 64 126

fullySize (2) Output size of fully connected layer 2 3 (fix) 3 3

initLR Initial Learn Rate 1 × 10−4:5 × 10−3 0.001 0.001

MiniBatchSize
number of samples used in each iteration of
the training algorithm

50–400 128 103

LRdropfactor
Learn Rate Drop Factor—factor by which the
learning rate is reduced during training at
specified drop periods

0.3–0.9 0.6 0.35138

LRdropperiod Learn Rate Drop Period 1 (fix) 1 1

MaxEpochs maximum number of training epochs 7 (fix) 7 7

The NN parameters were optimized using a Particle Swarm Optimization (PSO)
algorithm [38] in order to achieve the highest possible performance. The algorithm was
developed and used in earlier research [39]. The resulting optimized parameters are listed
in the last row of Table 3. Later, these parameters were used in training the final NN.

3.6. Hilbert Transformation Filter

The Hilbert transformation allows the generation of an analytic signal, which is
valuable in telecommunications for bandpass signal processing, particularly referring to the
continuous-time analytic signal [40–42]. An analytic signal is a complex-valued function
with non-negative spectral components [41]. The real and imaginary parts of an analytic
signal are real-valued functions related by the Hilbert transformation filter.

This technique is used to acquire the minimum-phase response from a spectral analysis,
making it convenient for analyzing the signal phase [42]. The Hilbert transformation can
estimate the phase and magnitude of an input signal [43–48]. A common method of phase
reconstruction, based on the Hilbert transformation, can only reconstruct the interpretable
phase from a limited class of signals, such as narrow-band signals [48].

In signal processing, the Hilbert transformation is a linear operator that obtains a
function g(t) and creates a function H(g(t)) in the same domain [41–45]:

H(g(t)) = g(t) ∗ 1
πt

=
1
π

∫

∝

−∝

g(τ)

t − τ
dτ (8)

In Equation (8), H denotes the Hilbert transformation and * denotes the convolution
operation.
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In the frequency domain, the Hilbert transformation can be written as follows [41–48]:

F(H(g(t))) = G(ω)F

(

1
πt

)

= G(ω)H(ω) (9)

where “F” denotes the Fourier transform, and H(ω) can be calculated with the following
expression:

F

(

1
πt

)

= H(ω) = −j sgn(ω) =







−j, ω > 0
0, ω = 0
j, ω < 0

(10)

The Hilbert transformation in the time domain results in a π
2 phase-shift operator

between the input and output signal; therefore, it could be applied as a phase-shifting
procedure in a defined bandwidth of interest [46–48].

Further, a standard method for reconstructing the instantaneous phase from a signal
is based on the Hilbert transformation [44,46,48]. This method calculates the phase from
the analytic signal:

ξ(t) = g(t) + j(H(g(t)) (11)

where g(t) is the observed signal, H(g(t)) is its Hilbert transformation, and ξ(t) is an analytic
signal. Hence, for realizable systems, the Hilbert transform links the real and imaginary
parts of the signal, with the imaginary part being the Hilbert transformation of the signal’s
real part [44–48]. This is an important relationship that allows the analysis of the given
signal g(t) through the Hilbert transformation. In addition, the Hilbert transformation
is also employed to connect the gain and phase characteristics of linear communication
channels and minimum-phase filters [45,47].

Thus, the Hilbert transformation reconstructs the instantaneous phase with the argu-
ment of the analytic signal (11) as follows:

φH = arg[ξ(t)] = tan−1 H(g(t))

g(t)
(12)

where φH is the obtained phase using the Hilbert transformation [48].
Further, the instantaneous envelope or magnitude of the analytic signal is given as:

|ξ(t)|H =

√

(g(t))2 + (H(g(t)))2 (13)

where |ξ(t)|H represents the obtained magnitude using the Hilbert transformation.
As can be seen in both, the envelope and phase are available as functions of time

and if g(t) is known, then H(g(t)) can be calculated [44–50]. In certain applications, the
instantaneous amplitude and phase often are utilized to measure and detect the local
features of the signal, which can result in a correction of the signal itself using its real and
imaginary parts [46].

The Hilbert transformation [40] was utilized in order to correct the imaginary parts
of complex signals. Essentially, from the real part, the Hilbert transformation creates a
quasi-imaginary signal, which is then used to slightly modify (by β = 10%) the original
imaginary part. By including this modified complex voltage ratio signal into the neural
network, better results can be achieved. If the Hilbert transformation is not used, the
real and imaginary parts of the impedance are treated independently by the optimization
procedure, without consideration of the physical relationship between them since there
is nothing to connect them. Therefore, when the Hilbert transformation is used, it helps
to ensure that the corresponding real and imaginary parts of the impedance spectra are
selected during the optimization process [44–48]. The real and imaginary spectra selected in
this way, when subjected to the inverse procedure, result in a better pair of R and C values
than if the Hilbert transformation had not been used. This is also confirmed by the results
presented later in Table 5. It is particularly interesting that, even without optimization,
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the R and C values derived from the real and imaginary spectra linked by the Hilbert
transformation are better than those obtained without using the Hilbert transformation.
The U32p4x is derived from the U32p4 measured complex signal as follows (14):

U32p4 = a + bi

U32p4x = a + ((1 − β)b + βH(a))i
(14)

where the H is the Hilbert transformation, a and b represent the real and imaginary parts of
the signal, respectively, and β is the modification factor.

Table 5. RMS Error statistics of the best CNN instances, calculated between nominal values and
estimated values in the logarithmic domain. R0 and R∞ are expressed as rms(log10(kΩ)) and C is
expressed as rms(log10(µF)).

TR VA TE

CNN Instance
Hilbert
Filtering

R0 R∞ C R0 R∞ C R0 R∞ C

Initial CNN architecture
(cnn_init_ch_U32p4)

No 0.014 0.047 0.070 0.021 0.039 0.072 0.032 0.024 0.175

Initial CNN architecture
(cnn_init_ch_U32p4U32p4x)

Yes 0.012 0.045 0.068 0.018 0.033 0.075 0.033 0.020 0.146

Optimized CNN architecture
(cnn_opt_ch_U32p4)

No 0.012 0.046 0.073 0.019 0.037 0.072 0.033 0.020 0.155

Optimized CNN architecture
(cnn_opt_ch_U32p4U32p4x)

Yes 0.010 0.042 0.069 0.014 0.038 0.065 0.030 0.017 0.143

Hilbert transformation helps with the accurate phase determination of the signal [44–48].
With the adjustment of the imaginary part of the complex signal using the Hilbert-transformed
real part, phase errors can be achieved, leading to more accurate impedance measurements.
Moreover, the inherent characteristics of the original signal are maintained by the Hilbert
transformation, which slightly modifies the imaginary part (by 10% in this case). The
use of the Hilbert transformation in the proposed methodology is not solely for noise
reduction, but rather to leverage the relationship between the real and imaginary parts of
the signal [49,50]. The Hilbert transformation applies a mathematical rule that inherently
links the real and imaginary components, potentially enhancing the signal’s interpretability
for the neural network. Even in synthetic data, this transformation can serve as a form of
regularization, ensuring that the network learns a more generalized model that can handle
variations in real-world data more effectively. This approach is based on the hypothesis that
the Hilbert transformation helps the network to better understand the underlying phase
relationships in the data, which are crucial for accurate impedance measurements [46–48].
By doing so, the essential properties of the original complex signal are retained while the
influence of outliers and measurement errors is reduced.

4. Results

4.1. Verification of the Electronics Setup

Additionally, the model was used to perform calculations with the values correspond-
ing to the measurements (Table 1) in order to assess the accuracy of the electronic boards
compared to their nominal values. Figure 5 shows the statistical distribution of the RMS
error calculated between the measurements and simulation. Figures 4 and 5 represent two
types of samples, relatively accurate and typical non-accurate samples.

The distribution shown in Figure 5 is calculated across the available measurements
with the actual Phantom circuit.

These comparisons in Figures 6 and 7 revealed that some electronic boards showed
significant discrepancies between the measurement and simulation results, specifically
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phantom boards 4, 5, and 9. This suggests that the components on these electronic phantom
boards do not match their nominal values for some reason, with a small likelihood that the
measurement instrument itself is faulty. These boards were set aside for further inspection
and they were excluded from further testing.

ff
tt

 
(A) (B) 

∞

Figure 5. Root mean square (RMS) error statistics between measurements and the simulation
along the Phantom circuits: (A) the logarithmic magnitude error is on the left side, derived from a
log10(U32/U4) signal; (B) the phase error is on the right side, derived from U32/U4 signals. The
lower error values represent a higher similarity between measurements and the simulation by nom-
inal R0, R∞, and C values. The new set of Phantom circuits (32–39) shows consistently low errors
compared to the previous set of circuits.

Ω

Ω

Ω

Figure 6. An example of a relatively accurate measurement. Three sets of measurements are com-
pared: ~mag(U) and ~ph(U) represent the simulated results using nominal values (R = 2 kΩ,
C = 0.47 µF); *mag(U) and *ph(U) represent the simulated results using values estimated by the
NN (*R = 1.9647 kΩ, *C = 0.4515 µF); mag(U) and ph(U) represent the measurements. (A) The left
graph compares the magnitude signals and (B) the right graph compares the phase signals.
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Ω

Ω

Ω
Figure 7. An example of a relatively inaccurate measurement. Three sets of measurements are
compared: ~mag(U) and ~ph(U) represent the simulated results using nominal values (R = 19 kΩ,
C = 200 µF); *mag(U) and *ph(U) represent the simulated results using values estimated by the NN
(*R = 19.082 kΩ, *C = 38.206 µF); mag(U) and ph(U) represent the measurements. (A) The left graph
compares the magnitude signals and (B) the right graph compares the phase signals.

Additionally, new boards were fabricated (phantoms 31–38) and equipped with
high-precision components, and such differences were no longer observed. This con-
firmed that the discrepancies were due to the wide tolerance ranges of the original
electronic components.

4.2. Estimation Results with Neural Networks

The neural networks were trained with several input signals (Table 2) in the first round
of benchmarks. The network identified the key measurement input corresponding to the
Zbody impedance voltage, specifically U32, and its normalized form, U32p4.

In the second round of the benchmark, the NN architecture and the hyperparameters
were optimized, which are listed in Table 4.

The performance was improved when the network included these corrected measure-
ments alongside the enhanced signals processed through the Hilbert filter. This approach
ensures that the neural network receives more refined input data, leading to improved
accuracy in estimating the resistance and capacitance values.

In Table 5, TR represents the results of the training set, VA represents the results of the
validation set, and TE represents the results of the external test set (the real measurements).
The measurement unit of resistance error (R0 and R∞) is log10(kΩ) and the measurement
unit of capacitor error (C) is log10(µF). As shown in Table 5, the real and imaginary spectra
selected through the proposed method yield a superior pair of R and C values when
subjected to the inverse procedure compared to the results obtained without using the
Hilbert transformation.

The best model has been selected as cnn_opt_ch_U32p4U32p4x. This NN model used,
as inputs, the U32/U4 voltages in polar format (U32p4) and their filtered version with Hilbert
transformation (U32p4x). The regression analysis is demonstrated in Figure 8. The typical
error levels vary along the spectrum and the lower range of R∞ and C are more difficult to
estimate. In contrast, the higher range of R0 has higher error levels. There are several larger
errors in the external test statistics, especially at C, that were due to the Phantom circuits
having uncertain values due to high tolerance electronic elements. The explanation of this
error is discussed in Section 5.
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Figure 8. Regression performance analysis of the proposed CNN models: (A) R0 resistor estimation
for training set; (B) R0 resistor estimation for validation set; (C) R0 resistor estimation for test set;
(D) R∞ resistor estimation for training set; (E) R∞ resistor estimation for validation set; (F) R∞

resistor estimation for test set; (G) shows capacitor estimation for training set; (H) shows capacitor
estimation for validation set; (I) shows capacitor estimation for test set—this is where the nominal
value differences cause bigger deviations, as discussed in the Discussion section.

Table 6 lists examples from the external set of measurements, showing the estimated or
recovered values from the two optimized CNN models identified in Table 5. The variability
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between different neural network models can be observed in both resistor and capacitor
estimations. Capacitor values are commonly estimated to be slightly lower than the nominal
values, as seen in a logarithmic format in the graph in Figure 8I. This small bias is observed
between the simulation and real measurements.

Table 6. Small group of samples from the test set.

Record Name R0 [kΩ] Estimated R0 [kΩ] R∞ [kΩ] Estimated R∞ [kΩ] C [uF] Estimated C [uF]
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Fantom01_Extra00 2.0000 1.9508 1.9624 1.0000 0.9647 0.9674 0.4700 0.4872 0.4324

Fantom03_Extra1,10 11.0000 10.6626 10.8975 1.0000 0.9539 0.9789 9.1000 8.1631 8.8900

Fantom06_Extra10,12 2.0000 1.8970 1.9578 1.0000 0.9860 0.9716 370.0001 223.3616 248.9201

Fantom16_Extra14,10 100.0000 105.1268 107.6225 1.0000 0.9551 0.9880 20.0000 14.5450 17.4282

Fantom19_Extra14,11 26.0000 27.6678 27.6018 1.0000 0.9807 0.9882 4.7000 3.6715 3.9807

Fantom32 (2024-05-
02_12-25-31) 495.1000 519.5878 577.8306 93.0000 89.2673 94.4957 0.0022 0.0058 0.0047

5. Discussion

The results presented so far are presented for measurements on BIS phantoms. The
phantoms have been created to verify the accuracy of the modified four-electrode measure-
ment procedure and the prototype was developed based on it, over the whole measurement
frequency range, even when measuring high-value impedances. Measurement results on
phantoms were evaluated using software specially designed for this purpose.

The neural network was trained on a large, simulated database. In the simulated
data, there are no tolerance deviations, meaning that each sample is exact and noise-free.
However, when running this estimation system on the external test database, the model
relies solely on the trends and is likely to show more accurate resistance and capacitance
values. This discrepancy arises since the nominal values are not always precise due to
the components’ higher tolerance ranges. This result was validated using high-precision
components on the last eight measurement boards, resulting in no significant deviations.

During the training phase, the minimum and maximum values of resistance and
capacity were adjusted in order to match the first set of circuit boards (set 1–22). However,
later, the need for a new set of circuit boards with more precise tolerance for the nominal
values of resistance and capacity was identified in order to confirm the source of the
deviation between simulations, based on nominal values and measurement. Unfortunately,
only smaller capacity values were available for the target precision category. Consequently,
the new boards (set 32–39) were created with different values compared to the original
training dataset, with smaller capacity and higher resistance values in order to maintain
the intended frequency range. This new set of circuit boards was added in the last phase of
the research, and it was used as an external independent validation. The decision was not
to retrain the CNN with the new data since the prediction was robust for the given ranges.

The error level of magnitude and phase curves remained consistently at 0.02 log10(V/V)
magnitude error and 0.02 radians phase error (Figure 5). The neural network’s error margin
aligns with these results: rms(log10(kΩ)) = 0.03 for R0, rms(log10(kΩ)) = 0.017 for R0, and
rms(log10(µF)) = 0.143, as shown in Table 5. By adjusting the imaginary part of the complex
signal using the Hilbert-transformed real part, phase errors can be reduced, resulting in
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more accurate impedance estimation, as was shown in the comparison between networks
with and without Hilbert filtering, presented in Table 5.

The resistance estimation on external test measurements is two times higher compared
to simulation validation (rms(log10(kΩ)) = 0.014 versus 0.030). Similarly, the capacitance
estimation error on the external test measurements was significantly higher than sim-
ulation validation (rms(log10(µF)) = 0.065 versus 0.143) due to the circuits having large
tolerance ranges.

The study findings suggest that in order to accurately measure performance, com-
ponents with precisely known values (with 0.1% accuracy) must be chosen. This level of
precision is crucial for ensuring that the system’s performance is measured correctly and
that the resistance and capacitance values can be reliably estimated by the neural network
in practical applications.

6. Conclusions

In this paper, self-developed BIS technology has been briefly presented and applied in
practice. The investigation examines whether the impressive properties of the new technol-
ogy are maintained over the entire operating frequency range (1 mHz–100 kHz). To this
end, a BIS phantom has been developed and a significant quantity of these phantoms have
been completed. Dedicated convolutional neural network-based software was developed in
order to evaluate the measurement results. It estimates both the resistors and capacitors in a
logarithmic format using the U32/U4 voltage ratio filtered with Hilbert transformation. The
performance of this network reaches a high correlation (>0.99) with the reference values.
Some of the phantoms were used to train this software and others were used in testing.
The results are very impressive; the most impressive evidence of the cooperation between
the measuring system and the measuring software is the fact that very small errors were
observed in the extraction of model parameters for the test phantoms. As a result of the
impedance spectrum measurement, either the real and imaginary parts of the impedance
spectrum or their amplitude and phase characteristics are achieved. These curves are
created using the measurement results at discrete frequency points. The fitting of these
two curves occurs independently at these measurement points; either in the case of the
real-imaginary pair or the amplitude-phase pair characteristics. Each fitting carries its own
errors, as inverse procedures are sensitive to the initial data, thus an auxiliary condition that
assists the inverse calculation process is beneficial. The auxiliary condition for the inverse
procedure presented in this paper is provided by the Hilbert transformation. The Hilbert
transformation, for realizable systems, connects the real and imaginary parts of the transfer
function since the imaginary part is actually the Hilbert transformation of the real part.
The CNN was trained with both real measurement results and numerical examples. The
results have clearly presented that the application of the Hilbert transformation supports
the inverse procedure. The accuracy of the circuit element values calculated using the
inverse method was better even when the CNN was not optimized with the application of
the Hilbert transformation, and after optimization, the accuracy became particularly good.

The results showed that the model parameters were successfully recovered over the
full range of the measurement frequencies. Consequently, the presented BIS technology
is recommended for human body composition and body segment composition studies at
ultra-low frequencies, since even high impedances can be measured in this frequency range.
Additionally, this technology could also be utilized for the detailed study of apoplastic
fluid resistance in plants, providing valuable insights into plant physiology and water
transport mechanisms.
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Abstract: Various complex defects can occur on the surfaces of small automobile parts during

manufacturing. Compared with other datasets, the auto parts defect dataset used in this paper

has low detection accuracy due to various defects with large size differences, and traditional target

detection algorithms have been proven to be ineffective, which often leads to missing detection or

wrong identification. To address these issues, this paper introduces a defect detection algorithm based

on YOLOv7. To enhance the detection of small objects and streamline the model, we incorporate

the ECA attention mechanism into the network structure’s backbone. Considering the small sizes of

defect targets on automotive parts and the complexity of their backgrounds, we redesign the neck

portion of the model. This redesign includes the integration of the BiFPN feature fusion module to

enhance feature fusion, with the aim of minimizing missed detections and false alarms. Additionally,

we employ the Alpha-IoU loss function in the prediction phase to enhance the model’s accuracy,

which is crucial for reducing false detection. The IoU loss function also boosts the model’s efficiency

at converging. The evaluation of this model utilized the Northeastern University steel dataset and

a proprietary dataset and demonstrated that the average accuracy (mAP) of the MBEA-YOLOv7

detection network was 76.2% and 94.1%, respectively. These figures represent improvements of

5.7% and 4.7% over the original YOLOv7 network. Moreover, the detection speed for individual

images ranges between 1–2 ms. This enhancement in detection accuracy for small targets does not

compromise detection speed, fulfilling the requirements for real-time, dynamic inspection of defects.

Keywords: feature attention; automobile parts; YOLOv7

1. Introduction

At present, the detection of defects in automobile parts is receiving increasing attention [1],
with the quality of these parts having a direct effect on the vehicle’s overall quality. Low-
quality components can cause significant economic losses and even pose risks to life
and safety. The presence of ambiguous information and the rising complexity of defects,
including minor ones, complicate the detection process [2]. Despite the fact that object
detection methods based on deep learning have demonstrated superior performance in
defect detection tasks in recent years [3–6], these methods often fall short when faced
with complex and smaller targets. These challenges significantly impair the accuracy of
detecting defects in automobile parts.

Addressing one of the challenges, this paper focuses on the issue of background noise [7,8].
The complexity of backgrounds in the detection process can lead to confusion due to the
mistaking of noise for relevant information [9]. This confusion can cause missed or incorrect
detections, reducing the accuracy when identifying defects. Moreover, defects that blend
in with the color of the product present an additional challenge [10] that represents a
significant barrier to effective detection.

This paper introduces an innovative approach to detecting defects in automotive parts.
The main contributions of this study are outlined as follows:

Electronics 2024, 13, 1817. https://doi.org/10.3390/electronics13101817 https://www.mdpi.com/journal/electronics22
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(1) To enhance the detection accuracy of automobile part defects, we propose a new
detection network (MEBA-YOLO). This network utilizes a unique fusion and attention
mechanism built on YOLOv7.

(2) To achieve exceptional results for detecting defects in automobile parts, we introduce a
model incorporating the AlphaIoU loss function. This function significantly increases
accuracy for detecting complex and small defects, marking a significant advancement
in the field.

(3) Our proposed method offers real-time defect detection on production lines, which aids
with the immediate identification of defects in automobile parts. This contribution is
crucial for enhancing vehicle safety.

In addition, we have confirmed the effectiveness of our method through comprehen-
sive testing and benchmarking. The results from these tests are backed by solid evidence
that indicates that our method outperforms others in terms of accuracy.

The remainder of this article is organized as follows: In Section 2, we explore our
analysis of defect detection and the obstacles encountered when identifying small and
complex defects. Section 3 details the method we propose. In Section 4, we share the results
of our experiments and our analysis of these results. We conclude with a summary of our
findings in Section 5.

2. Related Work

To enhance defect detection in automotive parts, extensive studies have been carried
out on various methods for detecting object defects. This section offers an overview of
some of the most effective strategies for defect detection. We especially emphasize methods
based on deep learning [11–16], which have proven to be highly effective in this area.

2.1. Defect Detection

Networks for detecting surface defects with deep learning typically rely on target local-
ization to fulfill their tasks. This method aligns with traditional approaches to defect detec-
tion by aiming to accurately identify the locations and types of defects. Currently, networks
for detecting defects can generally be classified into two types based on their architecture:

(1) Two-stage networks, represented by Faster R-CNN (Region-CNN) [17];
(2) One-stage networks, represented by SSD (Single Shot Multibox Detector) [13] or

YOLO (You Only Look Once) [12].

The first type, referred to as two-stage detection networks (e.g., Faster R-CNN), starts
with generating feature maps from the input image using the backbone network. The
region proposal network (RPN) calculates the confidence level of the anchor box and
identifies the proposal region. Following ROI pooling, the feature maps from the proposal
region are fed into the network for initial detection results, which are then enhanced to
determine the accurate location and classification of defects. Cha et al. [18] pioneered
the application of Faster R-CNN for the localization of defects on bridge surfaces by
substituting the backbone network with ZFnet. They achieved a mean average accuracy
(mAP) of 87.8% across five categories of bridge construction defects using a dataset of
2366 images measuring 500 × 375 pixels.

In 2020, Tao et al. [19] developed a two-stage Faster R-CNN framework specifically
for identifying insulator defects during UAV power inspections. In the first stage, the
framework targets the identification of insulator areas in natural environments. Following
this, it focuses on detecting defects in these identified insulator regions. Similarly, He
et al. [20] introduced an enhanced defect detection system based on Faster R-CNN for
analyzing strip steel surfaces. This enhancement involved integrating multilevel feature
maps from the backbone architecture into a comprehensive multiscale feature map. Their
approach recorded an mAP of 82.3% on the NEU-DET defect detection dataset when
utilizing a ResNet-50 backbone. This detection method, leveraging Faster R-CNN, has
also found application across various defect detection areas, including tunnels [21], LCD
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panel polarizer surfaces [22], thermal imaging for insulator defects [23], aluminum profile
surfaces [24], and tire hubs [25].

The second type, single-stage detection networks, is divided into two categories: SSD
and YOLO. These methodologies process the entire image as input and directly determine
the bounding box’s location and category in the output layer. Chen et al. [26] enhanced an
SSD network for identifying defects in fasteners on contact network supports: specifically,
by employing various feature map layers for detection purposes. Li et al. [27] devised
a method based on MobileNetSSD for spotting defects on sealing surfaces of containers
on filling production lines. They enhanced the SSD’s backbone with MobileNet and
streamlined the model’s parameters. Zhang et al. [28] adopted the most recent YOLOv3
version for bridge surface defect detection and enhanced the original network with pre-
training weights, batch renormalization, and focal loss to increase the detection accuracy.

2.2. Feature Fusion Strategy

The swift progress in computer networks has led to the proposal of several feature
fusion methods [29–33]. These methods aim to merge the detailed location information
from shallow feature maps with the comprehensive semantic insights from deeper layers.
Such integration is designed to enhance the detection of small targets in complex settings.

However, the generation of shallow target features often lacks semantic depth and
relies heavily on surrounding context. Li et al. [34] tackled this by incorporating the FPN
concept into the SSD framework, thus creating a method for lightweight feature fusion. This
approach combines different levels of feature maps to create feature pyramids, enhancing
the use of small target feature information.

Shi et al. [35] introduced FFESSD (Single Shot Object Detection with Feature Enhance-
ment and Fusion), which applies a shallow feature enhancement (SFE) module to enhance
shallow semantic details and a deep feature enhancement (DFE) module to enrich deep
feature mapping with additional input image details.

To advance the improvement of shallow feature details, Pengfei Zhao et al. [36]
developed the feature enhancement module (FEM). They combined feature maps from
the FEM with those from channel dimensionality reduction. However, this method of
combining channels did not consider the interrelationship among channels. To address this
oversight, they implemented the efficient channel attention module (ECAM) after merging
operations to fully leverage the contextual information of the target features.

2.3. Challenges of Defect Detection in Automotive Parts

The challenge of accurately identifying defects in automotive parts in complex envi-
ronments remains unresolved and demands further research. To overcome this, several
advanced deep learning strategies [37–42] have been employed to enhance the accuracy of
defect detection in automotive parts. These strategies include using synthetic automotive
part datasets to enlarge training data and enhance method generalization, adjusting the core
network or integrating new modules to handle various complex situations, and employ-
ing attention mechanisms or post-processing methods to minimize noise and emphasize
important features.

The issue of inaccurate localization and categorization is particularly acute in the
detection of small targets. When targets are small, image details can become indistinct,
complicating the process of identifying object details [43]. This issue is a significant hurdle
to the accurate detection of defects in automotive parts.

To achieve accurate identification of defects in automotive parts under complex back-
grounds and challenging conditions, we introduce a novel multi-class target detection
method named the MBEA-YOLOv7 network. This network incorporates the MBEA struc-
ture to enhance accuracy, and we validate its effectiveness specifically for the detection of
automotive parts defects. This paper primarily focuses on this method.
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3. Method

In the following section, we discuss the details of the MBEA-YOLO method. The
rationale behind this method is its ability to outperform traditional classification methods.

Therefore, our proposed method seeks to enhance the accuracy of detection and
categorization of defects in automotive parts. In doing so, it confirms the effectiveness
and reliability of our approach for boosting the performance of defect detection. The
architecture of MBEA-YOLO is illustrated in Figure 1. In the figure, we can see that in the
neck part we have added BIFPN and ECA attention mechanisms. In the model, four BIPFN
modules are added to improve the feature fusion ability of the model, and an ECA attention
mechanism is added to enhance the detection ability for small target defects. Finally, for
the loss function part of the model, the original CIoU is replaced with Alpha-IoU, which
can improve the robustness of the model. These changes to the model are described in
detail later.

Figure 1. Structure of MBEA-YOLOv7.

3.1. BiFPN-Based Feature Fusion Network

As outlined in Section 2, to tackle the problem of imbalanced feature and semantic
information, we use a feature fusion network to enhance our original network. The original
version, YOLOv7, employs a PANet feature fusion network for extracting features at
various levels. While it is capable of adaptive feature pooling and comprehensive fusion, it
faces challenges in efficiently processing images of different resolutions due to its uniform
approach to up-sampling and down-sampling in feature fusion.

In this paper, we enhance the bidirectional feature fusion pyramid with a bidirectional
feature pyramid network (BiFPN). In the process of feature fusion of auto parts defect
detection, different from PANet, PANet adopts a unified feature sampling method, which
will lead to deviations of features of different sizes in the process of feature fusion, which
will lead to the loss of small defect features. The BiFPN proposed in this paper can
effectively solve this problem. According to the different targets of up-sampling and
down-sampling, the features of auto parts defects can be effectively fused, combined, and
transferred according to the different dimensions of defect features to adapt to the input of
different auto parts defect features. Therefore, it can greatly enrich the details of auto parts
defects, minimizes the occurrence of missing detection and false positives for small targets,
and improves the overall accuracy of the model.

BiFPN enhances feature fusion at a higher level than PANet. It removes nodes with
only one input edge (for example, the first node in Figure 2) because removing a node
without feature fusion simplifies the network structure. In addition, it introduces additional
edges that connect input and output nodes. This change not only simplifies the bidirectional
network but also allows other features to be incorporated without significantly increasing
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computational costs. In BiFPN, each bidirectional path (top-down and bottom-up) is
considered to be a layer of the feature network and is replicated multiple times to achieve
high-level feature fusion, and BiFPN gives different weights to the features of different
inputs so that the fusions of different input features are differentiated.

a PANet b BiFPN

Figure 2. Structures of PANet and BiFPN.

Simultaneously, the integrated feature maps are easily discernible. Depending on the
resolution of the input defective feature map, the contribution to the combined feature map
also varies. Building upon the BiFPN concept, we have incorporated cross-scale connections
into the feature fusion process to enhance model accuracy for anomaly detection. This
approach is particularly beneficial for effectively integrating data across various scales and
resolutions and thereby improves model detection accuracy.

3.2. Attention Mechanism

The role of the attention mechanism in deep learning models is critical. It isolates
a small yet crucial portion of data from a large dataset and concentrates solely on this
information. Considering the broad range of defect sizes in automotive parts, which
results in inconsistent image defect scales, incorporating the attention mechanism enhances
the model’s ability to represent data. This adaptation allows the model to pay closer
attention to defective areas, thus elevating the accuracy of defect identification. It presents
an intelligent solution to the challenge presented due to the varying sizes of defects in
automotive components.

The ECA attention mechanism, representing an advancement over SENet, is illustrated
in Figure 3. SENet reduces dimensionality to manage nonlinear cross-channel interactions
and minimize model complexity. This method, however, affects channel attention predic-
tion and is insufficient in capturing the full spectrum of inter-channel dependencies. In
contrast, the ECA attention module circumvents dimensionality reduction and employs
one-dimensional convolution to effectively facilitate local cross-channel interactions. This
process extracts the dependencies between channels, thereby efficiently capturing their
interactions. When a neck module with an ECA attention mechanism is added, the defect
features input into this module are convolution in one dimension so as to realize the interde-
pendence of features of different auto parts and to cause effective interaction with context
features, which can effectively enhance the recognition ability for objects with different
sizes. The simplicity of the ECA mechanism in both concept and execution minimally
affects the processing speed of the network, guaranteeing accuracy and efficiency when
detecting automotive parts.

C = φ(k) = 2(y 6=k−b) (1)

In terms of practical application, ECA first compresses the automotive parts image
through global average pooling (GAP). This process averages the feature maps on each
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channel of the auto parts image to produce a global feature vector through which the overall
context information of the auto parts image is captured. The global feature vector is then
subjected to a one-dimensional convolution using a kernel of size K. It is possible to connect
the cross-channel information of defects of auto parts and understand the relationship
between each channel, and the weight coefficient of each channel is determined by the
sigmoid activation function. Through these coefficients, the defect characteristics of each
channel can be adjusted. Finally, the weight of each channel is applied to the corresponding
element of the feature mapping in the original uncompressed auto parts image. Generating
a feature map of the final output thereby enhances the ability to extract detailed information
about target defects of various sizes in automotive components, which is particularly
important for some small defects.

k = ϕ(C) =

∣
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∣

∣

log2(C)

γ
+
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∣

∣

odd

(2)

Figure 3. ECA structure diagram.

3.3. Loss Function

The original YOLOv7 algorithm employs the CIoU (complete intersection over union)
loss function for prediction box regression calculations. The CIoU algorithm addresses
the issue of bounding box aspect ratios. The loss function is an operation function used
to measure the degree of difference between the predicted value and the real value of the
model. The difference between the predicted value and the real value can be calculated through
the loss function. The difference value can be backpropagated to update each parameter so as
to make the model closer to the real value to achieve the purpose of learning and to improve
the robustness of the model. CIoU operates on the principle illustrated in Figure 4:

C

d

Figure 4. CIoU schematic diagram.
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The formula for CIoU is as follows:

LCIoU = 1 − IoU +
ρ2
(

b, bgt
)

c2
+ αv (3)

IoU, or the intersection over union, measures the overlap between the predicted
bounding box and the actual bounding box relative to their combined area. This metric
calculates the ratio of the area of overlap to the total area encompassed by both boxes,
providing a quantitative assessment of prediction accuracy. Its formula is:

IoU =
|A ∩ B|

|A ∪ B|
(4)

where α represents the weighting function:

α =
v

(1 − IoU) + v
(5)

where v is utilized to indicate the similarity of the aspect ratios.

v =
4

π2

(

arctan
ωgt

hgt − arctan
ω

h

)2

(6)

CIoU considers the overlapping area, the distance between centers of mass, and the
aspect ratio of the predicted and actual boxes. However, for the defect features of auto parts,
which have large aspect ratio differences, it cannot accurately capture the variance between
width and height. This limitation hinders the effectiveness of the model at optimizing
the similarity measure, and thus, the ability to improve the robustness of the model is
limited. To overcome this challenge, this paper introduces Alpha-CIoU: a method aimed at
enhancing the accuracy of bounding box regression and improving target detection.

Alpha-CIoU represents a uniform idempotentization of the existing loss based on IoU.
It introduces a novel power IoU loss function that enhances the accuracy of bounding box
regression and target detection. This method ensures an accurate representation of the
aspect ratio, thus improving the model’s performance. The formulation of Alpha-CIoU is
as follows:

LAlpha−CIoU = 1 − IoUα +

(

∣

∣C/
(

B ∪ Bgt
)∣

∣

|C|

)α

(7)

According to this formula, Alpha-CIoU ensures the accurate representation of the
aspect ratio, effectively captures the variance between the width and height of the defect
of automotive parts, and effectively improves the robustness of the model to improve the
accuracy of the model compared with CIoU.

The variable α is selected to enhance the accuracy of bounding box regression through
loss and adaptive gradient weighting for the target. In this study, α is set to 3 [44].

4. Experiments and Results

This section details extensive experiments and analyses to confirm the effectiveness
of the proposed approach. During these evaluations, datasets from BYD car parts and
the Northeastern University steel dataset are utilized to broaden the scope of the experi-
ments. A detailed analysis of the results clearly indicates the superior performance of the
proposed method.

4.1. Implementation Details

(1) Training strategy: The experimental environment utilizes PyTorch 1.91+CPU as the
software framework, with Python 3.8 as the programming language. The model
training hardware environment includes a GPU model NVIDIA GeForce RTX 3070
with 8 GB memory, and CUDA version 11.1 is utilized to accelerate model training.
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(2) Evaluation: In this experiment, precision (P), recall (R), average precision (AP), mean
average precision (mAP), and frames per second (FPS) are primarily selected as the
evaluation indexes. The formulas for P, R, AP, and mAP are as follows:

P =
TP

TP + FP
(8)

R =
TP

TP + FN
(9)

AP =
∫ 1

0
P(r)dr (10)

mAP =
1

c

c

∑
i=1

AP(i) (11)

where TP denotes the number of positive samples correctly predicted by the model,
and FP denotes the number of positive samples predicted by the model that were
actually negative. FN denotes the number of positive samples predicted by the
model that are negative; r denotes the recall of the class, c denotes the number of all
classes, and AP(i) denotes the average precision of the ith cumulative iteration. FPS
stands for frames per second, which refers to the number of images displayed per
second in video or image processing. In practical applications, increasing FPS means
being able to capture and process images faster, thereby improving productivity and
inspection speed.

4.2. Datasets

The dataset utilized in this study consists of a custom collection focused on the interior
button trim rings of BYD vehicles, which are made from PC+ABS material. This dataset
comprises several defect types: friction, scratch, particle, black spot, and particle swarm,
with 240 images for each category. The details of these defect types and features are
illustrated in Figure 5. The dataset is divided into training, validation, and test sets with
a ratio of 10:1:1. To assess whether the experimental improvements can be applied to
other types of defect detection, we also utilize the NEU-DUT dataset from Northeastern
University for comparative analysis.

Figure 5. Samples of various types of defects in the BYD dataset.

Detecting defects in automotive components often involves dealing with noisy back-
grounds. This challenge requires an algorithm with strong generalization capabilities and
the ability to process diverse features and background information. In response, this study
enhances the original YOLOv7’s Mosaic-4 method by introducing a Mosaic-9 enhancement
approach. This new method selects nine images at random from the dataset, applies various
enhancement methods such as rotation and cropping, and combines them into a single
image for input into the network.

The Mosaic-9 method, compared to the Mosaic-4 approach, compiles images that
incorporate a richer array of feature and background information as well as targets of
varying sizes, as demonstrated in Figure 6. This strategy increases the diversity of the
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data samples and enlarges the dataset, which significantly boosts the network’s ability to
generalize and minimizes the risk of model overfitting.

Figure 6. Comparison of different data enhancement methods.

To further verify the enhancement capabilities of our methodology for detecting differ-
ent defects, we once again reference the NEU-DUT dataset from Northeastern University.

4.3. Ablation Study

4.3.1. Impact of Attention Mechanisms

This paper explores the effect of incorporating attention mechanisms on model ac-
curacy. We integrate SE, SimAM, and ECA attention modules before the prediction layer
in the model’s multi-scale fusion process. The findings, presented in Table 1, exhibit
that the model achieves mAP50 scores of 93.1%, 93.3%, and 93.5% after incorporating SE,
SimAM, and ECA, respectively. These results indicate that leveraging attention mechanisms
significantly boosts the defect detection performance for automotive parts.

Table 1. Performance comparison of different attention mechanisms based on the BYD dataset.

Method APSC APBS APPa APPs APFr mAP
50 FPS GFLPS Params

SE 88.2 94.8 88.2 99.5 94.5 93.1 16.7 103.5 36.8
SimAM 90.1 92.3 89.0 98.4 96.5 93.3 38.0 103.2 36.5
ECA 86.9 95.2 90.6 99.6 95.1 93.5 38.6 103.3 36.5

ECA’s ability to detect defects in automobile parts outperforms that of SE and SimAM,
though it is marginally less effective at identifying Sc and Fr. Despite this, ECA features
a faster FPS than both SE and SimAM while maintaining a similar count of parameters
and floating-point operations. This indicates ECA’s overall excellence in enhancing model
detection capabilities without adding complexity.

4.3.2. Effect of Loss Function Hyperparameters

The paper further explores the effect of α in Equation (7) on the accuracy of defect
detection in automobile parts. This is achieved through ablation studies with various α

values. According to Table 2, the appropriate selection of α can fine-tune the accuracy of
bounding box regression. Selecting an α that is either too high or too low can compromise
detection accuracy. Adjusting α allows for a focused improvement to achieve a high IoU,
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leading to better regression accuracy. The findings suggest that setting α to 3 yields the
best performance.

Table 2. Comparison of model performance for different α parameters.

α APSc APBS APPa APPs APFr mAP
50

1 85.0 94.0 84.2 99.6 95.0 91.6
2 83.5 94.5 85.8 99.6 95.6 91.8
3 88.6 93.5 88.6 99.5 95.5 93.1
4 84.3 94.2 83.8 99.6 95.2 91.6

4.3.3. Ablation Experiments with Different Modules

To verify the detection efficacy of the proposed algorithm and the effect of each
enhancement method, the study conducts ablation tests using the YOLOv7 model on a
dataset of BYD car parts. The presence of a “X” in the table signifies the implementation
of a particular enhancement strategy, where A stands for Mosaic-9, B stands for BiFPN, C
stands for ECA attention, and D stands for Alpha-CIoU. Each experiment utilizes identical
hyperparameters and training approaches, and the results are detailed in Table 3.

Table 3. Comparison of ablation experiment results for the MBEA-YOLOv7 model.

Test Mosaic-9 BiFPN ECA Alpha-CIoU APSc APBS APPa APPs APFr mAP
50 R P FPS

1 84.7 85.2 82.3 99.5 92.1 88.7 89.8 86.1 19
2 X 85.3 94.4 84.6 99.6 96.3 91.9 92.5 87.5 19
3 X 87.3 94.9 83.7 99.6 94.3 92.0 93.0 89.0 30
4 X 86.9 95.2 90.6 99.6 95.1 93.5 89.1 88.8 39
5 X 88.6 93.5 88.6 99.5 95.5 93.1 90.1 87.8 30
6 X X 90.2 94.8 88.0 99.6 95.1 93.6 91.0 90.3 29
7 X X X 91.0 95.2 89.3 99.6 95.0 94.1 94.7 89.5 46
8 X X X X 91.1 95.5 88.5 99.6 95.4 94.2 95.7 93.0 48

In the experiment, we reflected on the BYD dataset by adding each module. In
Experiment 1, the baseline YOLOv7 model was employed. Experiment 2 enhanced the
initial Mosaic-4 to Mosaic-9, leading to significant improvements. Specifically, the mAP50,
recall, and precision increased by 3.2%, 2.7%, and 1.4%, respectively. This demonstrates that
Mosaic-9 is capable of capturing a broader range of feature and background information as
well as targets with varying scales, thus bolstering the model’s robustness.

In Experiments 3 and 4, incorporating the BiFPN module, ECA attention module, and
Alpha-IoU loss function resulted in significant enhancements. Specifically, the model’s
computational speed increased by 11.6/s, 19.9/s, and 10.9/s, respectively. Moreover, the
mAP50 saw increases of 3.3%, 4.8%, and 4.4%, respectively. The accuracy for identifying
various defects also demonstrated improvements. These enhancements mark a significant
advancement over the original model. As illustrated in Figure 7, the YOLO-Former model
demonstrates rapid convergence and requires shorter training periods. This is beneficial
for fine-tuning and optimizing the algorithm. Observations from Figure 8a,b reveal that
YOLO-Former performs well across most categories.

In Experiment 5, the adoption of Alpha-CIoU led to a 4.4% increase in mAP50 and
slight improvements in detection accuracy and recall rates of 0.3% and 1.7%, respectively. In
addition, the integration of three bounding box regression methods—DIoU [26], GIoU [27],
and EIoU [28]—was introduced. The experiment consisted of 200 iteration rounds, with
the mAP50 comparison represented in Figure 9.

The figure evidently demonstrates that the Alpha-CIoU loss function not only con-
verges more swiftly but also achieves a higher mAP50 than the competing functions. This
superior performance is attributed to the prevalent issue of mismatched anchors due to the
anchor presetting mechanism, which results in a scarcity of high-quality anchors. In the
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regression loss calculation and backpropagation process, the predominance of low-quality
frames has a more significant effect than the less frequent high-quality frames.

Figure 7. Loss curves of MBEA-YOLO on BYD dataset.

(a) Confusion matrix of MBEA-YOLO on BYD dataset. (b) Precision–recall curve of MBEA-YOLO on BYD dataset.

Figure 8. (a) Confusion matrix and (b) precision–recall curve of MBEA-YOLO on BYD dataset.
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Figure 9. Comparison of different loss functions.
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To mitigate this issue, an exponential term (0 < IoU) is added for weighting. When
the IoU is larger, indicating a higher quality of the anchor, the weighting value of the
exponential term is larger. Conversely, lower IoU scores, indicating poorer anchor quality,
receive less weight. Accordingly, the enhanced loss function prioritizes high-quality anchors
and minimizes the effect of lower-quality ones. This adjustment effectively counters the
challenge of unbalanced training samples in the original bounding box regression model.

4.3.4. Comparison of Detection Effects

To visualize the effect of the enhanced model on defect detection, this study analyzed
the test set with both the original and the enhanced models. The comparison between
YOLOv7 and the upgraded MBEA-YOLOv7 in some image tests is presented in Figure 10.
This comparison aims to clearly demonstrate the enhancements the enhanced model
introduces for detecting target defects.

Figure 10. Comparison of detection performance on the BYD dataset.

4.3.5. Comparison and Generalization Experiments

To establish the superiority of the MBEA-YOLOv7 model introduced in this study over
existing general target detection algorithms, we conducted comparative experiments on
the NEU-DET dataset. These experiments pitted the newly proposed method against main-
stream methods such as Faster-RCNN, SSD, YOLOv4, YOLOv5, YOLOv8, and YOLOv7.

The analysis, as illustrated in Table 4, reveals that the mAP50 of our proposed method
surpasses that of Faster-RCNN, SSD, YOLOv4, YOLOv5, and YOLOv8 by 8.2, 12.9, 13.1,
12.8, and 3.8 percentage points, respectively. It also achieves the highest values in precision,
recall, and detection speed. Despite a lower FPS compared to YOLOv8, it manages to detect
targets in real time. In summary, the performance of the enhanced MBEA-YOLOv7 model
exceeds that of other algorithms.

The exceptional performance of MBEA-YOLOv7 across various datasets confirms the
algorithm’s consistent detectability and strong ability to generalize across different datasets.
The accuracy of MBEA-YOLOv7 reached 94.2% on the self-made BYD dataset and 68.8%
on NEU-DUT. Compared with the original YOLOv7 model, the improvement is 5.5% and
7.5%, respectively, and the effect is remarkable.

Indeed, as indicated in the table, MBEA-YOLOv7 enhances the mAP50 by 7.5% in
comparison to YOLOv7, showcasing enhanced accuracy and recall. The detection results
depicted in Figure 11 further demonstrate that the algorithm we propose outperforms the
original YOLOv7 model on various defect datasets. This highlights our algorithm’s ability
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to maintain stable detection performance and exhibit a strong generalization capability
across diverse datasets.

Table 4. Performance comparison of different algorithms on NEU-DUT.

Method Precision/% Recall/% mAP/% FPS/s

Faster-RCNN 63.1 65.3 67.3 18
SSD 62.5 60.3 62.6 26
YOLOv4 61.5 61.6 62.4 31
YOLOv5 60.7 64.5 62.7 70
YOLOv7 68.3 65.8 68.0 48
YOLOv8 66.1 68.3 71.7 126
MBEA-YOLOv7 68.8 71.5 75.5 76

Figure 11. Comparison chart of detection effect.

5. Conclusions

In this paper, we propose a multi-class object detection method, the MBEA-YOLO net-
work, for defect detection in automotive parts. This approach integrates feature extraction
and fusion with attention mechanisms. For the self-built BYD data volume, compared with
the original YOLOv7, accuracy increased by 3.3% and 4.8%, respectively, and the speed
increased by 11.6/s and 19.9/s, respectively. These components enhance the accuracy
for detecting small defects while maintaining the speed necessary for real-time, dynamic
inspection tasks. Not only has our MBEA-YOLO network proven itself on the BYD dataset
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that it was trained on, but the Northeastern University steel dataset (NEU-DUT) has also
been evaluated, and the effect is equally significant. The accuracy and speed also have
significant advantages compared to some popular deep learning methods. Compared to
the original model, the accuracy and speed have improved by 7.5% and 28/s, respectively.
Even compared to the latest YOLOv8, the accuracy has a 4.8% advantage. This confirms
the outstanding efficacy of the method at identifying defects in automotive components.
However, it can be seen that MBEA-YOLOv7 is 50/s slower than YOLOv8 for detection
speed, and it can be found that YOLOv8 is more lightweight, which is also a goal for the
future. The goal is to achieve higher accuracy and faster detection speed with a more
lightweight model.

For future studies, we aim to compile extensive datasets from various locations,
including a wide array of defect types in automotive parts. This comprehensive data
collection is designed to broaden the adaptability of the methods we advocate. We also
plan to delve into cutting-edge technologies to forge more powerful and efficient solutions
leveraging diverse deep learning architectures. The objective seeks to narrow the divide
between theoretical innovation and practical utility, and we aspire to make a significant
contribution to the field. We envision our work benefiting traffic survey efforts under
demanding conditions; this marks a promising direction for future research. We are eager
to witness the progress in this arena.
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Abstract: In coal-fired power plants, coal piles serve as the fundamental management units. Ac-

quiring point clouds of coal piles facilitates the convenient measurement of daily coal consumption

and combustion efficiency. When using servo motors to drive Light Detection and Ranging (LiDAR)

scanning of large-scale coal piles, the motors are subject to rotational errors due to gravitational

effects. As a result, the acquired point clouds often contain significant noise. To address this issue,

we proposes a Rapid Point Cloud Stitching–Constrained Particle Filter (RPCS-CPF) method. By

introducing random noise to simulate servo motor rotational errors, both local and global point

clouds are sequentially subjected to RPCS-CPF operations, resulting in smooth and continuous coal

pile point clouds. Moreover, this paper presents a coal pile boundary detection method based on

gradient region growing clustering. Experimental results demonstrate that our proposed RPCS-CPF

method can generate smooth and continuous coal pile point clouds, even in the presence of servo

motor rotational errors.

Keywords: point cloud stitching; edge detection; coal stock pile; 3D reconstruction; lidar scanning

1. Introduction

With the rapid growth in demand for electricity supply, the need for coal is also
steadily increasing. In the operation of coal-fired power plants, coal piles serve as the
fundamental units of management. Obtaining point cloud data of coal piles allows for the
easy measurement of various parameters such as volume [1–3], density, and boundaries,
which are crucial for ensuring safe operations at coal yards and effectively managing coal
combustion efficiency.

1.1. 3D Reconstruction of Coal Piles

Traditional methods for obtaining point clouds of coal piles involve the tedious process
of manual scanning using handheld scanners [4]. This approach demands significant
time and effort. Recently, researchers have explored more efficient 3D reconstruction
techniques [5,6], such as employing GNSS-RTK technology, utilizing multiple fixed LiDARs
for scanning coal heaps [7], and deploying drones. Each of these methods offers their own
advantages and disadvantages depending on specific circumstances and applications.

Handheld devices, typically employing laser scanners or cameras, are utilized by
operators to manually scan coal piles for data collection. However, the scanning efficiency
of this method is relatively low, making it unsuitable for rapid scanning and continuous
monitoring of large coal piles. Moreover, measuring larger coal piles presents significant
challenges for workers.
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Drone scanning involves the use of unmanned aerial vehicles (UAVs) equipped with
cameras or laser scanners to perform aerial scans of coal piles [8–11]. This system can
rapidly capture surface data of extensive coal piles within a short timeframe, thereby
offering the advantages of improved resolution and comprehensiveness. However, drone
scanning does have certain limitations. A study by Alsayed et al. [9] revealed that drones
equipped with LiDAR sensors may have blind spots during data scanning, particularly
in enclosed coal yard environments, which pose challenges for optimizing flight trajec-
tories and may require further refinement. Additionally, research by Davis et al. [12]
demonstrated that increasing the altitude of drone flights can result in greater errors and
reduced reliability.

Mahlberg et al. [13] pioneered a portable LiDAR device mounted on a pole for scanning
point clouds in expansive granaries. However, this method relies on complex point cloud
registration techniques, leading to considerable evaluation complexity. Farhood et al. [14]
proposed using smartphone cameras to extract material point clouds by capturing moving
images. However, it is important to note that this approach is restricted to smaller materials
and faces challenges in ensuring the accuracy of point cloud reconstruction.

While GNSS-RTK can provide precise location data, it often faces challenges like
signal obstruction and multipath interference in indoor enclosed environments. These
issues negatively affect its positioning accuracy and reliability, making it unable to provide
continuous point cloud data [15]. Raevaa et al. [8] utilized GNSS-RTK for measurements
in an open-pit quarry, but they found that the measurement speed was significantly slow,
resulting in decreased work efficiency.

In contrast, using laser scanning [16–18] allows for the acquisition of complete point
cloud data for coal piles, but, for large-scale coal piles, a single laser scanner operates at a
slow speed and produces sparse point clouds [19,20]. Therefore, this study employs a sys-
tem of multiple fixed LiDARs to construct a coal pile scanning system, which offers several
advantages. Firstly, fixed LiDARs exhibit higher scanning precision and stability [21–23].
By adjusting the installation height and angle appropriately, they can adapt to coal piles
of varying heights, thus better covering the entire surface of the coal pile and obtaining
more comprehensive and accurate point cloud data [12,24]. Secondly, fixed LiDARs enable
long-term continuous scanning, allowing for the continuous acquisition of point cloud data
for coal piles. This makes them suitable for long-term monitoring of changes in coal pile
morphology and real-time volume calculations. Therefore, this study adopts the approach
of using multiple laser scanners to obtain coal pile point clouds.

However, employing multiple LiDARs for scanning coal piles does pose certain
limitations. Applying pressure to actuators can induce instability, leading to deviations
in the generated point clouds. These discrepancies may cause non-smooth surfaces when
stitching point clouds using the existing coordinate system. To address this challenge, this
study introduces the RPCS-CPF method as a solution for coal pile point cloud stitching.

1.2. Point Cloud Edge Detection

During coal pile operations, vehicles often need to climb to the top of coal piles for
tasks such as loading, leveling, or measurement. However, the surface terrain of coal piles
is complex and variable. When nearing the edges of the pile or encountering depressed
areas, vehicles are susceptible to sliding hazards, resulting in potential casualties. Therefore,
detecting boundaries of coal piles and providing early warnings are crucial for ensuring
the safety of personnel.

By analyzing and meticulously processing dense point cloud data, it becomes possible
to accurately detect the boundaries and depressions on the surface of the coal pile, thus
revealing potential safety risks. Chen et al. [25] introduced a 3D boundary identification
technique that utilizes DBSCAN clustering. This method demonstrated favorable out-
comes when applied to point clouds exhibiting conventional local shapes. However, it was
found to be unsuitable for point clouds representing complex coal piles. Furthermore, the
controllability of the parameters in this clustering method is limited, posing a challenge
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in identifying the Pareto optimum. In their study, Mineo et al. [26] introduced a unique
algorithm called BPD for boundary point identification, along with a spatial FFT-based
filtering approach. This approach is effective in fitting surfaces with polynomials and is
particularly suitable for smooth coal pile surfaces. However, its performance is subop-
timal when dealing with complex coal heaps that have pits and tunnels. Additionally,
Runge’s phenomenon arises when the order of the polynomial exceeds 10. In their study,
Yang et al. [27] introduced an algorithm that utilizes multi-scale directional curvature to ex-
tract and quantify the borders of accumulations from 3D point cloud data. This algorithm is
capable of detecting the boundaries of various wave peak materials, but it faces difficulties
in detecting pits and trenches. Hu et al. [28] introduced a boundary identification technique
that utilizes semantic segmentation. This method demonstrated favorable outcomes when
used on the S3DIS and ScanNet datasets. However, it encounters challenges in accurately
differentiating the intricate distribution of coal pile surface terrain.

Given these challenges, it is crucial to devise a robust and flexible strategy for surface
identification and assessment of coal piles, ensuring the safety and efficiency of coal
handling operations. The adoption of such technology holds promise for significantly
reducing accident rates and optimizing the performance of coal handling facilities.

The innovations in this work are as follows:

(1) A rapid point cloud stitching algorithm grounded in the Constrained Particle Filter
(CPF) is presented, which addresses the stochastic rotational errors of servos through
mathematical modeling and has undergone algorithmic validation on a large coal
pile. Utilizing multiple LiDAR–servo units, we scanned the coal pile and initially
processed the point cloud generated by a single LiDAR scan with the CPF. Following
this, we applied the CPF to the point cloud resulting from the stitching of multiple
LiDAR scans. Experimental results have confirmed that our stitching algorithm not
only ensures a smooth transition at the junction points but also maintains the surface
integrity of the coal pile’s point cloud.

(2) We propose a complex coal pile surface edge detection algorithm based on gradient
region growing clustering. Initially, we estimate the normal vectors and calculate the
gradients of the stitched point cloud. Subsequently, clustering is performed using the
slope and gradient magnitude of the coal pile. By setting specific slope and magnitude
intervals, we extract the boundaries of the coal pile. Experimental results indicate
that our method is capable of detecting the boundaries of hazardous terrains such as
pits, aisles, and ridges within the coal pile, thereby enhancing the safety of coal pile
operations. This approach holds broad application value.

2. Method

When acquiring point cloud data for a large coal pile in an enclosed coal yard, using a
handheld scanner is impractical for scanning the entire coal pile, and employing drones
requires planning complex scanning routes while avoiding obstacles within the coal yard.
Therefore, we opted to use multiple fixed LiDARs to scan the coal pile. Each LiDAR
was mounted on a servo, which rotated the LiDAR to scan a local area of the coal pile.
Ultimately, the point clouds obtained from the multiple LiDAR scans were stitched together.
With the known spatial relationships of the LiDARs’ coordinates, we could conveniently
merge the coal pile point clouds, thereby circumventing the complex process of point
cloud registration.

The point cloud processing workflow employed in this study is illustrated in Figure 1.
Initially, a series of LiDAR scans were utilized to acquire point cloud data from various
sections of the coal stockpile. To mitigate noise arising from random errors in servo motor
rotation angles, the RPCS-CPF algorithm was applied to each cloud data point for refined
filtering. Subsequently, coordinate transformations were applied to the filtered point clouds
prior to fusion, followed by another round of RPCS-CPF algorithmic treatment to obtain a
smooth point cloud representation of the entire coal pile. Building upon this framework, a
gradient-based region growing clustering algorithm is proposed for identifying boundaries
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on the coal pile surface, with the effectiveness of the algorithm corroborated through the
meticulous construction of point cloud models.

Figure 1. Flowchart of our method. Initially, the point cloud obtained from a single LiDAR scan

undergoes CPF processing. Subsequently, the point clouds from various LiDAR sections are subjected

to coordinate transformation and then stitched together. Following this, CPF is applied to the con-

catenated point cloud to obtain an integrated point cloud of the coal pile. This comprehensive point

cloud can then be utilized for boundary detection or for the statistical analysis of coal pile reserves.

2.1. Point Cloud Coordinate Transformation

The original point cloud’s coordinates are aligned with the three-dimensional coor-
dinate system of the LiDAR. To analyze the 3D point clouds collected by the LiDAR at
various angles, it is essential to calculate the coordinate transformation between them. As
illustrated in Figure 2, the actuator coordinate system rotates around point O, which is the
center of rotation. Assuming the distance from point O to the center of the LiDAR is r, the
actuator captures a 3D point cloud of the coal pile with each rotation of ∆ϕ. At each distinct
rotational position (n = 0, 1, . . . ), the 3D points are expressed in the actuator’s coordinate
system (Xs

n, Ys
n, Zs

n) with coordinates (xs
n, ys

n, zs
n). The actuator’s rotation is around the

Xs
n-axis.

Figure 2. Rotation of the servo motor coordinate system.

Then, the coordinates of point cloud in servo coordinate system can be obtained
as follows:
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where PL
n represents the coordinates of the point in the LiDAR coordinate system (XL

n , YL
n ,

ZL
n ). During the rotation of the actuator, since the rotation axis is parallel to the X-axis, the

x-coordinate of the point remains unchanged.The relationship of transformation between
the coordinates of the point after the n-th rotation and the coordinates in the initial state
(n = 0) can be expressed as follows:
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where the rotation matrix RS
n is:
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
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According to Formula (1), Formula (2) can be expressed as follows:
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Therefore, we derive the subsequent transformation relation:
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Based on Equation (6), it is feasible to transform the point cloud coordinates from
various scanning angles into the initial state within the LiDAR coordinate system. This
makes it easier to integrate point clouds from various scanning angles on a single LiDAR.
A thorough point cloud of a sizable coal pile can be obtained by using many LiDARs and
matching their coordinate systems into a single global coordinate system.

Given the large area of a coal pile, the comprehensive acquisition of its point cloud data
generally requires the deployment multiple LiDARs positioned above the pile to facilitate
scanning. Following this, it is necessary to integrate the point clouds acquired from several
LiDAR scans. Nevertheless, the accuracy of rotation cannot be assured as a result of the
gravitational impact exerted by the LiDAR on the actuator. Consequently, following the
process of coordinate transformation, the point clouds exhibit an inability to be effectively
integrated. Given the aforementioned concern, it is evident that Equation (3) is no longer
capable of accurately depicting the rotation matrix of the point clouds. Consequently, it is
restructured in the following manner:

Rs′
n =





1 0 0
0 cos(n · ∆ϕ + θn) − sin(n · ∆ϕ + θn)
0 sin(n · ∆ϕ + θn) cos(n · ∆ϕ + θn)



 (7)

where θn denotes the error in the nth rotation of the actuator. The rotation deviation is
assumed to follow a uniform distribution with a range of [0, △θ], where △θ represents the
range of rotation error from 0 to 5 degrees. Consequently, the new point cloud coordinates
can be expressed as follows:
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2.2. RPCS-CPF Method

This study introduces a rapid point cloud registration approach called RPCS-CPF to
tackle the problem of inadequate robustness in point cloud stitching caused by LiDAR
rotation deviation. The algorithm assumes that the rotation plane remains constant. The
formula can be expressed as follows:

Pm = {MLS(GS(Gv(Pi)))}N
i=1 (9)
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where Pi represents the original point cloud, Pm denotes the point cloud after undergoing
particle filtering, GV signifies voxel filtering, GS indicates statistical filtering, and MLS
represents the moving least square.

2.2.1. Voxel Filtering

The expanded number of laser emission lines in a 16-line LiDAR system enhances
the spatial resolution of the resultant point set, yielding a densely populated point cloud.
However, this results in an escalated computational load and a reduction in processing
efficiency. To address this, we employed voxel filtering to downsample the point cloud of
the coal pile, while preserving its geometric integrity.

Voxel filtering is a method used for downsampling point clouds, wherein the density
of the point cloud is reduced by partitioning it into individual cubic cells. This partitioning
process ensures that just one representative point is retained within each cell. The process

of voxel filtering involves dividing an original point cloud, represented as P = (xi, yi, zi)
N
i=1,

into cubic cells of size 0.3 m3. The centroid of each cell is used to replace the points within
that cell. The point cloud obtained following the application of voxel filtering can be
expressed as follows:

Pv =
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n

n
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1

n

n
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1

n
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zij

)}Mv

i=1

(10)

where Pv represents the filtered point cloud after the application of the statistical method,
Mv denotes the number of points remaining after the filtering process.

2.2.2. Statistical Filtering

The point cloud obtained from LiDAR scanning displays slight positional discrepan-
cies attributed to imprecisions in the rotation angle of the actuator during each rotation.
As a result, the stitched point cloud contains an increased number of outlier points, which
adversely affects the reconstruction of the coal pile surface. To alleviate the presence of
outlier points and improve the overall smoothness of the point cloud surface, this study
employs a statistical filtering technique for point cloud processing.

The process of statistical filtering entails assessing the point cloud by calculating
the statistical attributes of individual points and their neighboring points to identify any
outliers. The method commences by computing the mean µi and standard deviation σi for
each point, assuming that the set of the nearest 100 points for each point is represented as
Ni. Subsequently, it ascertains if a given data point is classified as an outlier. After applying
statistical filtration, the resulting point cloud may be expressed as follows:

Ps = {(xi, yi, zi)||zi − µi |< k · σi}Ms
i=1 (11)

where Ps represents the filtered point cloud after the application of the statistical method,
Ms denotes the number of points remaining after the filtering process, and k is the threshold
value that controls the criteria for identifying outlier points.

2.2.3. Moving Least Squares

Following voxel and statistical filtering, the point cloud tends to exhibit sparsity and
local point cloud voids. Hence, a two-step moving least squares method was employed
to upsample the point cloud and fit smooth surfaces, thereby enhancing the continuity
and smoothness of the coal pile point cloud surface and achieving a desirable point cloud
density. For each point i in the point cloud Ps, a neighbor set Ns

i is selected within a 0.5 m
radius, and a plane is fitted using the moving least squares method:

zi = axi + byi + c (12)
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The projection coordinates on the plane for each point i can be determined as (x̂i, ŷi, ẑi).
To fill gaps in the point cloud, we incrementally move 5 cm along the x- and y-axes, using
Formula (12) to generate new points for the surface. The resultant point cloud is commonly
represented as follows:

Pm = {x̂i, ŷi, ẑi}Mm
i=1 (13)

where Pm represents the point cloud after being fitted by the least squares method, and Mm

denotes the number of points in the fitted Pm.

2.3. Edge Detection Algorithm Based on Gradient Clustering

This study introduces a novel approach to address the complex terrain of coal piles
by employing a gradient-based region-expanding clustering algorithm for edge detection.
The method begins with the calculation of local normal vectors for the point cloud repre-
senting the coal pile surface. Subsequently, the local slope is determined based on these
normal vectors.

The initial step involves constructing a KD-tree structure, followed by loading the
point cloud data into the KD tree to facilitate nearest neighbor searches. Within a radius of
r = 0.5 m, the nearest neighbors for point p are determined.

The covariance matrix is then computed using Equation (14). Utilizing Equation (15),
the covariance matrix is decomposed, leading to the determination of eigenvalues and
eigenvectors. The eigenvector corresponding to the minimum eigenvalue provides an
approximation of the normal vector at the given point .

C =
1

k

k

∑
i=1

·(pi − p) · (pi − p)T (14)

C · −→vj = λj · −→vj , j ∈ {0, 1, 2} (15)

where C denotes the covariance matrix, k represents the size of the set of nearest neighbor
points, Pidenotes the i-th nearest neighbor point, P̄ denotes the centroid of the set of nearest
neighbor points, which is the average of all nearest neighbor points, λj represents the j-th

eigenvalue, and −→vj corresponds to the eigenvector associated with λj.
In order to maintain consistency in the acquired normal directions, all normals are

oriented towards the view vector Vp, as depicted in Figure 3.

−→n i ·
(

vp − pi

)

> 0 (16)

where −→ni represents the normal vector of the i-th point, Vp denotes the view vector, which
is aligned with the positive Z-axis direction in this paper, and Pi indicates the coordinates
of the i-th point.

Figure 3. Part of the point cloud normal vector.
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After obtaining the normal vectors for each point, the approximate gradient for each
point can be calculated using the finite difference method:

∇ f (Pi) = (
f (Pi + h∆x)− f (Pi)

h
,

f (Pi + h∆y)− f (Pi)

h
) (17)

where h is the step size parameter, ∆x and ∆y are the unit vectors along the x- and y-axes,
respectively. f (Pi + h∆x) represents the corresponding height at point Pi after moving h
along the x-axis direction.

Once the gradient for each point is obtained, we proceed with clustering using a
method that relies on the growth of the gradient region. The first step involves establishing a
neighborhood connection, where each point is designated as the center and a neighborhood
radius r is defined. Points that are located within a distance of less than r from a certain
point are regarded as constituents of the neighborhood of that point. The procedure
proceeds to cycle through all seed points, denoted as Si ∈ S, within the set S. For every
seed point Si, it verifies if the points Pj in its vicinity meet the following criteria:

cos
(

θij

)

=
Gi · Gj

‖Gi‖
∥

∥Gj

∥

∥

> cos(θthreshold ) (18)

∣

∣

∣

∣

Mi − Mj

Mi

∣

∣

∣

∣

< ε, Mi = |Gi| (19)

where Gi and Gj represent the gradient direction vectors of points Gi and Gj, respectively,
θij is the angle between the two direction vectors, θthreshold is the maximum allowable angle
of gradient direction variation which is set to 15 degrees, Mi and Mj are the magnitudes of
the gradients for Pi and Pj, respectively, and ε is the maximum allowable relative change in
gradient magnitudes, which is set to 2.

Point Pj is incorporated into the same region as Si if it meets the stated conditions, al-
lowing for a smooth merging process. By means of consecutive iterations, this methodology
utilizes gradient information to efficiently propagate the process of region growth.

3. Experiments

3.1. Hardware System

To validate the efficacy of the RPCS-CPF and the gradient-based region-growing
clustering algorithm, experimental validation was conducted at Guoneng Ningxia Lingwu
Power Generation Co., Ltd., Yinchuan, China. Four LiDARs were deployed across a
significant coal pile measuring 200 m by 50 m, ensuring extensive coverage of the coal pile
area, as depicted in Figure 4.

Figure 4. Multiple LiDAR arrangement scheme. Four LiDARs are evenly spaced and fixed above the

coal pile.
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We employed 16-line 3D LiDARs as our primary sensors. LiDARs are instrumental in
acquiring precise three-dimensional positional data, allowing for the determination of an
object’s position, size, external morphology, and even material composition. The LiDARs
chosen for this study possess a horizontal field of view spanning 360◦ and a vertical field
of view of 30°. To facilitate the scanning of large coal piles, we mounted the LiDARs on
servo actuators, thereby expanding their vertical scanning range. These actuators rotate the
LiDARs to scan the entire coal pile.

The installation setup of the LiDARs is depicted in Figure 5. Initially, the servo
actuators were securely affixed beneath the I-beams of the coal storage facility’s canopy,
while the LiDARs were mounted on the rotating structures of these actuators. With a
maximum rotation angle of 180◦, the LiDARs could capture a comprehensive point cloud
of the coal pile.

Figure 5. Installation diagram of LiDAR and servo motor.

3.2. Single LiDAR Particle Filter Results

The coal pile under investigation is illustrated in Figure 6. However, owing to the
restricted field of view of the camera utilized, the representation is confined to a segment
of the entire coal pile.

Figure 6. Coal pile.

The point clouds of the coal pile acquired from the four lidar scans are shown in
Figure 7.

46



Electronics 2024, 13, 1777

Figure 7. Point clouds obtained from four LiDAR scans. From left to right, the point clouds obtained

from the four LiDAR scans are designated as cloud1, cloud2, cloud3, and cloud4.

To achieve seamless and continuous point cloud data, we initially employ the RPCS-
CPF algorithm on the point cloud generated from a single LiDAR scan. Subsequently, the
same RPCS-CPF algorithm was applied to the point cloud 3 of the coal pile, yielding the
point cloud depicted in Figure 8.

Figure 8. Comparison of point cloud 3 before and after the RPCS-CPF algorithm.

3.3. Point Cloud Registration

We first conducted a coordinate transformation on the point cloud depicted in Figure 7
to align it with the coordinate system of the coal yard. Subsequently, a straightforward
stitching operation was performed on the point cloud. Following the stitching process, we
filtered the point cloud corresponding to the greenhouse section based on their coordinates.
The resulting stitched point cloud is illustrated in Figure 9.

Figure 9. Concatenated point cloud.

Figure 9 indicates that the point cloud of the coal pile obtained from the 16-line LiDAR
scan is highly dense, witch leads to a significant computational load for subsequent point
cloud processing. The objective of our study is to perform downsampling on the point
cloud while maintaining the integrity and smoothness of the surface. To achieve this,
we proceeded with voxel filtering. The point cloud after voxel filtering is presented in
Figure 10a.

Statistical filtering. Figure 10a reveals that the merged point cloud contains a signif-
icant number of outlier points. This is attributed to the overlapping regions scanned by
two adjacent LiDARs, where the presence of servo actuator rotation errors prevented the
proper alignment of the point clouds within these areas. To mitigate this issue, statistical

47



Electronics 2024, 13, 1777

filtering was implemented to eliminate the outliers, with the post-filtering results displayed
in Figure 10b.

Figure 10. A rendering of the point cloud filtering process, where the red arrow represents statistical

filtering, the blue arrows represent least squares surface fitting, and the pink arrows represent

upsampling. (a) The point cloud; (b) the point cloud after statistical filtering; (c,d) are the point

cloud with moving least squares technique; (e) the point cloud after iteration of moving least

squares upsampling.

Moving least squares. After using voxel and statistical filtering procedures, a signifi-
cant decrease in point cloud density was observed, resulting in a notably smoother surface
characterized by a minimal presence of outlier points. The utilization of a moving least
squares technique was employed for surface fitting in order to improve the continuity and
smoothness of the resultant point cloud. The results of this fitting procedure are depicted
in Figure 10c,d. The point cloud of the coal pile surface obtained after the application of
the moving least squares approach demonstrates enhanced smoothness, as there are no
observable outliers in the merged sections. Nevertheless, following the process of voxel
downsampling and statistical filtering, the point cloud underwent a reduction in density,
resulting in the presence of several regions with localized point loss. In order to tackle this
issue, an additional iteration of moving least squares upsampling was implemented, and
the outcomes are illustrated in Figure 10e.

As depicted in Figure 10, the RPCS-CPF algorithm demonstrated noteworthy outcomes.
The combined point cloud preserves the coherence and uniformity while precisely represent-
ing the topographic arrangement of the coal pile’s surface. In contrast to alternative techniques
like point cloud registration, this particular approach exhibits reduced computing complexity,
thereby indicating its wide-ranging potential for various applications.

Smoothness comparison. To compare the point cloud stitching effects before and
after the application of the particle filtering algorithm, we extracted the point cloud at the
stitching areas and voxelized them with a size of 0.5 × 0.5 along the x- and y-coordinates.
The standard deviation of the height values and the maximum height difference were
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subsequently computed for each point cloud. The mathematical expression used to get the
standard deviation is as follows:

σ =

√

∑
n
i=1(zi − µ2)

n
(20)

where σ represents the standard deviation of the Z-values within the same voxel, zi is the
height value of the i-th point within the voxel, and µ is the average height value of the points
within the same voxel. The average standard deviation and average maximum difference
of all voxels near the same stitching boundary are used to measure the smoothness at the
stitching site, as shown in Table 1.

Table 1. Comparison of smoothness at the stitching before and after the RPCS-CPF algorithm.

Standard
Deviation—Before

Maximum
Difference—Before

Standard
Deviation—After

Maximum
Difference—After

0.47 1.75 0.19 0.82
0.35 1.17 0.20 0.85
0.47 1.48 0.21 0.90

Figure 11 displays the point cloud that was extracted in close proximity to the stitching
line. The point cloud’s range in the X direction has been extended to enhance clarity.
Figure 11a,c depict the point cloud from various viewpoints prior to the implementation
of the particle filtering technique. The presence of layering in the up and down regions of
the stitching site is evident, indicating a lack of smooth flow. Figure 11b,d depict the point
cloud pictures subsequent to the implementation of the particle filtering technique. Based
on the presented data, it is apparent that the stitching site exhibits minimal layering and
a seamless transition, suggesting that the RPCS-CPF algorithm, as proposed, has yielded
satisfactory outcomes.

Figure 11. Comparison of point cloud stitching before and after RPCS-CPF algorithm. (a,c) are

the stitched point cloud of different viewpoint without particle filtering; the red cicrle areas in (a)

are the discontinuous point cloud. (b,d) are the stitched point cloud of different viewpoint with

particle filtering.
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3.4. Edge Detection

We conducted algorithm validation within an enclosed coal yard, as depicted in
Figure 12. This paper introduces a region-growing clustering algorithm that leverages
preliminary edge cues derived from gradient information. The algorithm initiates with seed
points exhibiting strong gradient responses and incrementally incorporates neighboring
pixels into the same region, adhering to a predetermined consistency in gradient direction,
until a specified termination condition is met.

Figure 12. Coal yard vehicle operating environment.

The experimental results affirmed the algorithm’s proficiency at defining the bound-
aries of unique features within the coal pile. The algorithm was first utilized to extract the
boundary of the coal pile as shown in Figure 13. Following this, visual inspection revealed
that the algorithm could also identify the edges of critical terrain features, including de-
pressions (Figure 14a), corridors (Figure 14b), and ridges (Figure 14c). This observation
indicates that, although our algorithm is primarily intended for precise extraction of the
coal pile boundary, it effectively captures the boundaries of specific terrain features as well.

Figure 13. Vehicle approaching the danger boundary.
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Figure 14. Boundarys of coal pile. (a) explanation; (b) explanation; (c) explanation.

4. Discussion

Coal piles, as fundamental units of management, allow for the convenient measure-
ment of daily coal usage and the efficiency of coal combustion when their point clouds
are obtained. The current popular methods for acquiring point clouds of large coal piles
involve using drones equipped with LiDARs for scanning or employing movable 2D Li-
DAR devices. Both methods have certain drawbacks. For example, scanning with drones
requires planning complex flight paths, and, if the internal environment of the coal yard
changes, the original path may no longer be suitable. Although 2D LiDAR can capture the
entire point cloud of a coal pile, the scanning speed is slow, and the resulting point cloud is
relatively sparse. Therefore, we propose that using multiple LiDAR devices to scan large
coal piles and then stitching together the obtained segments can both increase the scanning
speed and ensure the completeness of the point cloud.

In the experimental portion of our study, we deployed four LiDAR devices, each af-
fixed to a servo to allow for scanning across the breadth of the coal pile. However, when the
servos operated the LiDAR devices to scan the coal pile, there was a rotational discrepancy
due to the effects of gravity, which introduced noise into the scanned point cloud. This
generated two primary issues: firstly, the point cloud derived from the LiDAR scan was
non-continuous and contained numerous outliers; secondly, the post-stitching point cloud
did not merge seamlessly, as illustrated in Figure 9, where a distinct demarcation line is
visible at the juncture. This demarcation is a direct consequence of the servo’s rotational
error. Consequently, the RPCS-CPF method introduced in this paper is of significant impor-
tance. In this section, we will be comparing the stitching method predicated on CPF with
the original method, which relies on coordinate transformation, from the perspectives of
point cloud smoothness and the number of parameters involved.

4.1. Smoothness Comparison

To verify the effectiveness of our CPF (Conditional Point Filtering) filter, we conducted
comparative experiments by applying the CPF filter to both individual point clouds and
the entire point cloud, as shown in Table 2. We have compiled and presented the mean
values of the standard deviation and the maximum difference at three coal pile point
cloud stitching locations. It is evident from the table that, prior to the CPF process, the
point clouds were merely stitched together through coordinate rotation transformations.
However, due to the presence of servo rotational errors, it was nearly impossible to ensure
a successful stitch at every junction. After applying our CPF method to filter the individual
point clouds followed by the entire point cloud, this approach substantially lessened the
influence of servo rotational errors during the stitching process of point clouds. Therefore,
it is essential to apply CPF filtering to individual point clouds as well as to the entire point
cloud ensemble.
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Table 2. Comparison of smoothness between CPF and the original method.

Standard Deviation Maximum Difference SP EP

Original method 0.43 1.47
CPF (ours) 0.31 1.22

√
CPF (ours) 0.26 1.05

√
CPF (ours) 0.2 0.85

√ √

“SP” denotes the application of CPF to an individual point cloud, whereas “EP” signifies its application to the

concatenated point cloud.

4.2. Comparison of Parameters

As can be observed from Figure 9, the point cloud immediately after scanning is ex-
tremely dense, containing a significant amount of noise and outliers. To reduce the density
of the point cloud and enhance computational speed, downsampling was initially applied
to the point cloud. This was followed by upsampling to achieve a better presentation. To
facilitate a more comprehensive demonstration, statistics on the quantity and density of the
point clouds at each step were compiled, as shown in Table 3. It can be seen from the table
that, after downsampling the initial point cloud, the number of parameters was reduced
by 90%, and the processing time was also reduced by the same percentage. Upon final
upsampling, the density of the point cloud was similar to that before processing, yet the
smoothness and integrity of the point cloud were significantly improved, which indicates
that our method has yielded satisfactory results.

Table 3. Comparison of density between CPF and the original method.

Number Density
Voxel

Filtering
Statictical
Filtering

MLS-
Upsample

Original
method

1,057,584 105

CPF (ours) 100,510 10
√

CPF (ours) 99,689 9
√ √

CPF (ours) 797,512 80
√ √ √

4.3. Limitations

This study still has several limitations in the acquisition and processing of coal pile
point cloud data. Due to the mechanical structure, it is challenging for multiple LiDAR
devices to achieve fully synchronized scanning, which may lead to temporal errors during
point cloud stitching. These temporal discrepancies could potentially impact the consis-
tency and accuracy of the point cloud data. Although the CPF proposed in this study
has demonstrated satisfactory performance in practical applications, there is scope for
improvement in terms of algorithmic precision and the extent of surface detail restoration
of the coal pile point cloud. The current approach may not fully recover all the details of
the coal pile surface, particularly in instances where significant discontinuities are present
on the coal pile surface. We intend to explore more efficient and accurate algorithms in
future research to replicate the surface characteristics of the coal pile point cloud as closely
as possible.

5. Conclusions

This paper focused on addressing the efficient stitching of coal pile point cloud data
and the precise detection of boundaries, with the aim of enhancing safety and efficiency in
the coal mining industry. The primary contributions of this study are as follows:

(1) The RPCS-CPF (Rapid Point Cloud Stitching–Constrained Particle Filter) algorithm is
proposed, specifically optimized for integrating point cloud data in large-scale coal
pile environments. Experimental validations conducted on real large-scale coal piles
demonstrated the unique advantages of this algorithm. It not only facilitates smooth
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transitions in stitched areas, but also ensures the consistency and integrity of the
overall point cloud data while preserving the detailed geometric features of the coal
pile surface.

(2) Proposal of an edge detection algorithm based on gradient region expanding cluster-
ing to address the complex surface characteristics of coal piles. Experimental results
validated the capability of this method to accurately identify boundaries, thereby sig-
nificantly contributing to safety assessments and guidance in coal mining operations.

In conclusion, this study has not only presented the novel RPCS-CPF algorithm for
point cloud stitching and edge detection, but also provided a foundation for future research.
The outputs of this research have immediate practical applications in the coal mining
industry, improving both the safety and efficiency of operations. For future work, we
suggest exploring the integration of these algorithms with real-time monitoring systems
and expanding the study to include a wider range of coal pile environments and conditions.
Additionally, we will continue to explore more efficient and precise algorithms to replicate
the surface characteristics of coal pile point clouds as closely as possible.
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Abstract: In the geological research of the Moon and other celestial bodies, the identification and

analysis of impact craters are crucial for understanding the geological history of these bodies. With

the rapid increase in the volume of high-resolution imagery data returned from exploration missions,

traditional image retrieval methods face dual challenges of efficiency and accuracy when processing

lunar complex crater image data. Deep learning techniques offer a potential solution. This paper

proposes an image retrieval model for lunar complex craters that integrates visual and depth fea-

tures (LC2R-Net) to overcome these difficulties. For depth feature extraction, we employ the Swin

Transformer as the core architecture for feature extraction and enhance the recognition capability for

key crater features by integrating the Convolutional Block Attention Module with Effective Channel

Attention (CBAMwithECA). Furthermore, a triplet loss function is introduced to generate highly

discriminative image embeddings, further optimizing the embedding space for similarity retrieval. In

terms of visual feature extraction, we utilize Local Binary Patterns (LBP) and Hu moments to extract

the texture and shape features of crater images. By performing a weighted fusion of these features

and utilizing Principal Component Analysis (PCA) for dimensionality reduction, we effectively

combine visual and depth features and optimize retrieval efficiency. Finally, cosine similarity is used

to calculate the similarity between query images and images in the database, returning the most

similar images as retrieval results. Validation experiments conducted on the lunar complex impact

crater dataset constructed in this article demonstrate that LC2R-Net achieves a retrieval precision

of 83.75%, showcasing superior efficiency. These experimental results confirm the advantages of

LC2R-Net in handling the task of lunar complex impact crater image retrieval.

Keywords: LC2R-Net; CBAM; ECA; impact crater; image retrieval; deep learning; triplet loss function

1. Introduction

Impact craters on the lunar surface are significant witnesses to the history of the Solar
System. Their size, shape, and distribution provide key insights into understanding the
geological history of the Moon and other celestial bodies [1–4]. With the advancement
of space exploration technology, we are now able to obtain high-resolution imagery of
the lunar surface. Over the past few decades, lunar exploration projects such as NASA’s
Apollo program, the Lunar Reconnaissance Orbiter, and China’s Chang’e program have
accumulated a vast amount of lunar data, which have been used for in-depth studies [5–9].
These images contain rich information, such as the morphology, structure, and geological
features of impact craters, as well as the distribution of rocks related to impact events.
However, this also presents a challenge: how to effectively retrieve and analyze the vast
amount of crater imagery data [10]. Content-based image retrieval (CBIR) technology may
be an effective solution to this problem.

Content-based image retrieval systems have a wide range of applications in lunar
and planetary science research. Traditional CBIR methods typically rely on the visual
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content of images, such as texture, shape, and color features, to index and retrieve images.
These methods depend on handcrafted features such as Speeded Up Robust Features
(SURF) [11], Hu moments, and Gabor features [12]. Although these features are effective in
certain scenarios, their application is limited in the complex lunar environment, where they
struggle to capture detailed information within images effectively. Moreover, these methods
often require meticulous feature engineering and parameter tuning, which is not only time-
consuming but also limits their generalization ability and scalability. With the rise of deep
learning technologies, particularly the successful application of Convolutional Neural
Networks (CNNs) in remote sensing image recognition and classification tasks [13–15],
researchers have begun to explore the use of deep features to enhance the performance of
CBIR systems.

The successful application of deep learning methods in the field of remote sensing
image retrieval has demonstrated their significant advantages over traditional manual
feature methods [16–18]. Deep learning models are capable of automatically extracting
abstract feature representations from images by learning from large-scale datasets. These
deep features can better capture the semantic information and contextual relationships
within images, thus enhancing the accuracy and robustness of CBIR systems. Given the
complexity of remote sensing image description, some scholars have begun to explore
strategies for feature fusion. Yan et al. have found through research that CNN features and
SIFT features are highly complementary and can significantly improve the performance
of image retrieval tasks [19]. Cheng et al. have proposed a distributed retrieval system
architecture suitable for high-resolution satellite images by combining deep features with
traditional manual features [20]. Their work indicates that the combination of deep features
and traditional manual features can provide a more comprehensive image representation
method. Although these methods have achieved commendable results, these models
generally use the cross-entropy loss function during training, which has certain limitations
in image retrieval tasks. In image retrieval tasks, we are more concerned with the similarity
between images rather than just the accuracy of categories. This means that models need to
be able to not only identify the categories of images but also capture the subtle differences
within categories and the significant distinctions between categories. To this end, deep
metric learning has become a key technology for addressing such problems.

Deep metric learning integrates the advantages of deep learning and metric learning.
This approach automatically extracts image features through deep learning models and
optimizes the distances between features through metric learning, making the distances in
feature space closer for similar images while expanding the distances between dissimilar
images. Deep metric learning has shown significant effectiveness in multiple applications
in the field of remote sensing, including image retrieval [21–25], image classification [26,27],
and object recognition [28,29], etc. However, the task of image retrieval for lunar impact
craters demands more complex and meticulous feature extraction requirements, and these
models do not always effectively capture all the key features of the craters. In this context,
the Swin Transformer, as a novel deep learning architecture [30], has demonstrated its pow-
erful performance in various visual tasks, which has inspired us to utilize this technology
to address the challenges of lunar impact crater image retrieval.

The Swin Transformer is a neural network architecture based on the Transformer,
widely applied as an efficient feature extractor in computer vision tasks [31–35]. Compared
to traditional CNNs, the Swin Transformer not only effectively models global contextual
information but also captures features at different scales through its hierarchical structure,
which is crucial for understanding complex scenes and relationships within images. In-
spired by this, we propose a lunar complex crater image retrieval model (LC2R-Net) that
fuses visual and depth features. We employ the Swin Transformer as the core architec-
ture for depth feature extraction and integrate LBP and Hu moments for visual feature
extraction. Moreover, to evaluate the effectiveness of our method, we have constructed
a lunar crater image retrieval dataset and conducted extensive experiments. Our main
contributions are as follows:
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1. The Swin Transformer is utilized as the feature extraction structure, and the CBAMwith-
ECA module is integrated into the linear embedding and patch merging modules.
Through the attention mechanism, the channel and spatial relevance of features are
enhanced, allowing for a comprehensive capture of the details and structural informa-
tion within images. This enhancement improves the model’s capability to recognize
and extract image features. It directs the model’s focus toward the global context, ele-
vating the perceptibility of key features while concurrently suppressing less important
features and noise information.

2. By integrating visual features (texture features, shape features) with deep features, we
balance the contribution of different features through a weighted approach, empha-
sizing important features during the fusion process. Furthermore, we apply PCA to
condense the dimensionality of the integrated feature set. This process not only trims
down the number of feature dimensions but also amplifies the retrieval process’s
swiftness and effectiveness.

3. Within the network’s training framework, we integrate a triplet loss function coupled
with a strategy for mining difficult negative examples. This approach is designed to
prompt the network to cultivate features with greater discrimination. By utilizing
triplet loss, we optimize the embedded space, ensuring that vectors of akin images
are positioned in closer proximity, whereas those of non-akin images are segregated,
thereby markedly boosting the precision of our retrieval system.

The structure of this document is laid out in the following manner: Section 2 introduces
the work related to content-based image retrieval. Section 3 delineates the method we
propose. Section 4 details the dataset used for the retrieval of complex impact crater images
on the lunar surface. Section 5 is dedicated to an in-depth presentation of experimental
outcomes and their subsequent analysis. Finally, Section 6 summarizes the findings and
conclusions of this study.

The related codes are publicly available at https://github.com/ZYNHYF/lunar-
complex-crater-image-retrieval (released on 27 March 2024).

2. Related Works

In this section, we provide a detailed overview of prior research work related to
content-based image retrieval. We categorize these studies into three groups: methods
based on traditional features, methods based on deep features, and methods based on
metric learning.

2.1. Methods Based on Traditional Features

Early CBIR systems primarily relied on traditional image processing techniques to
extract features, such as color histograms, texture features, and shape descriptors. The ad-
vantages of these methods lie in their computational simplicity and intuitive understanding,
and they have been extensively studied by scholars. Tekeste et al. conducted a comparative
study to explore the impact of different LBP variants on the results of remote sensing image
retrieval [36]. Aptoula applied global morphological texture descriptors to remote sensing
image retrieval and, despite the shorter length of the extracted feature vectors, achieved
high retrieval scores [37]. Xie et al. proposed an image retrieval method that combines
a dominant color descriptor with Hu moments, leveraging the advantages of color and
shape detection [38]. Chen et al. introduced a feature descriptor based on the relationships
between prominent craters on the lunar surface and a composite feature model composed
of different features. Based on these characteristics, similarity measurement rules and a
retrieval algorithm were proposed and detailed [39]. Hua et al. utilized a general saliency-
based landmark detection algorithm to identify regions of interest on the lunar surface,
then indexed and retrieved them using feature vectors extracted from the region-of-interest
images, evaluating the performance of saliency-based landmark detection [12]. However,
these methods also have apparent limitations; they perform well under specific conditions,
particularly when the image content structure is simple and changes little. Nevertheless,
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they often fail to effectively handle high-level semantic information and have limited
robustness in complex scenes.

2.2. Methods Based on Deep Features

With the advancement of deep learning technology, methods based on Convolutional
Neural Networks have become a research hotspot in the field of Content-Based Image
Retrieval. These methods automatically extract deep representations of image content by
learning multi-level abstract features. Compared to handcrafted features, deep features are
better at capturing the complex patterns and high-level semantic information in images.
Wang et al. designed a Multi-Attention Fusion Network with dilated convolution and label
smoothing capabilities, using label smoothing to replace the cross-entropy loss function,
which yielded competitive retrieval results [40]. Ye et al. proposed a query-adaptive feature
fusion method based on a CNN regression model, which can accurately predict the DCG
values of the ranked image list to assign weights to each feature, thereby enhancing retrieval
precision [41]. Wang et al. introduced a novel Wide Context Attention Network (W-CAN),
utilizing two attention modules to adaptively learn relevant local features in spatial and
channel dimensions, thus obtaining discriminative features with extensive contextual
information [42]. Chaudhuri et al. designed a GCN-based Context Attention Network,
including node and edge attention. Beyond highlighting the fundamental features within
each node, edge attention enables the network to learn the most critical neighborhood
structures from the RAG within each target class image [43]. Furthermore, methods based
on deep features can also leverage transfer learning to adapt these pre-trained models to
specific domains or datasets [40], further improving retrieval performance.

2.3. Methods Based on Metric Learning

Metric learning methods aim to learn an optimized distance metric such that similar
images are closer in the feature space while dissimilar images are farther apart. These
methods are often combined with deep learning, adjusting the feature space through the loss
function during training. Zhang et al. constructed a Triplet Non-Local Neural Network (T-
NLNN) model that combines deep metric learning with non-local operations, significantly
improving the performance of high-resolution remote sensing image retrieval [21]. Cao et al.
proposed a method based on a triplet deep metric learning network to enhance the retrieval
performance of remote sensing images [22]. Zhong et al. introduced an L2-normed attention
and multi-scale fusion network (L2AMF-Net) to achieve accurate and robust lunar image
patch matching [44]. Additionally, some scholars focus on constructing new loss functions
to enhance retrieval performance. Fan et al. proposed a ranking loss result, thereby
building a global optimization model based on feature space and retrieval outcomes,
which can be optimized in an end-to-end manner [45]. Zhao et al. designed a similarity-
preserving loss-based deep metric learning strategy, utilizing the ratio of easy to hard
samples within classes to dynamically weigh the selected hard samples in experiments,
learning the structural characteristics of intra-class samples [46]. Fan et al. introduced a
distribution consistency loss to address the problem of imbalanced sample distribution in
remote sensing datasets, constructing an end-to-end fine-tuned network suitable for remote
sensing image retrieval, achieving state-of-the-art performance [47]. Compared to methods
based on deep features, metric learning-based approaches are particularly suitable for tasks
requiring refined retrieval and sensitivity to similarity.

3. Proposed Method

The LC2R-Net model proposed in this paper achieves the task of lunar complex impact
crater image retrieval by fusing low-level visual features with deep features of images.
By integrating these two complementary types of features, a more comprehensive image
representation is formed, which enhances the model’s ability to recognize and differentiate
complex impact craters, thereby improving the accuracy of retrieval. Figure 1 outlines the
overall process by which LC2R-Net completes the retrieval task.

58



Electronics 2024, 13, 1262

As illustrated in Figure 1, the core steps include: (1) extracting deep features of im-
pact crater images using an improved Swin Transformer model, which, by integrating
the CBAMwithECA attention module, mines potential information within feature maps
across channel and spatial dimensions, achieving comprehensive calibration and metic-
ulous optimization of features, thereby enhancing the model’s capability to represent
image features; (2) utilizing LBP and Hu moments to extract texture and shape features
of impact crater images as low-level visual features; (3) the extracted low-level visual and
deep features are weighted and fused, followed by dimensionality reduction to create a
more compact and efficient feature representation for retrieval tasks; (4) finally, the model
employs the fused feature representation to perform the image retrieval task, matching
query images with images in the database, and identifying the most similar images based
on the queried features.

Figure 1. Image retrieval framework for lunar complex crater images based on the LC2R-Net.

3.1. Visual Feature Extraction

In order to effectively capture the distinctive visual attributes of intricate lunar crater
images, we utilized two resilient techniques for visual feature extraction: LBP [48] and Hu
Moments [49]. LBP serves as a potent texture descriptor, capturing local texture nuances
within an image by contrasting the grayscale intensity of a pixel with its neighboring
pixels. To elaborate, the LBP value for each pixel is computed by juxtaposing the grayscale
intensity of the surrounding pixels with that of the central pixel. This operation can be
mathematically represented as follows:

LBP(xc, yc) =
P−1

∑
i=0

s(I(xi, yi)− I(xc, yc))2
i (1)

where P is the number of pixels in the domain, and s(z) is a sign function defined as:

s
(

z
)

=

{

1, z ≥ 0

0, z < 0
(2)

59



Electronics 2024, 13, 1262

In this way, for each pixel point I(xc, yc) is transformed into a P-bit binary number,
i.e., the LBP code, which reflects the texture structure of the region around that pixel.
By computing the histogram of the LBP code for the entire image, we can obtain the feature
vector characterizing the texture of the image.

Hu moments are similarly employed to serve as descriptors of shape features, encapsu-
lating the geometric characteristics of an image through the synthesis of its central moments,
which are inherently invariant to transformations such as translation, scaling, and rotation
of the image. The initial step in this process involves the calculation of the image’s raw
moments and central moments. Raw moments are defined by the following equation:

mpq = ∑
x

∑
y

xpyq I(x, y) (3)

where I(x, y) is the pixel intensity of the image at coordinate (x, y), and p and q are the
orders of the moments. Then, the center of mass of the image is computed using the original
moments (x̄, ȳ) :

x =
m10

m00
, y =

m01

m00
(4)

where m00 is the zero-order primitive moment, representing the total luminance of the
image, and m10 and m01 are the first-order primitive moments, related to the position of the
center of mass of the image in the x and y directions. Subsequently, the center moments
with respect to the center of mass are calculated:

µpq = ∑
x

∑
y

(x − x)p(y − y)q I(x, y) (5)

The central moment describes the shape of the image, and seven Hu moments are
calculated from the central moment in the following form:

H1 = µ20 + µ02

H2 = (µ20 − µ02)
2 + 4µ2

11

H3 = (µ30 − 3µ12)
2 + (3µ21 − µ03)

2

H4 = (µ30 + µ12)
2 + (µ21 + µ03)

2

H5 = (µ30 − 3µ12)(µ30 + µ12)

[

(µ30 + µ12)
2 − 3

(

µ21 + µ03

)2
]

+ (3µ21 − µ03)(µ21 + µ03)
[

3(µ30 + µ12)
2 − (µ21 + µ03)

2
]

H6 = (µ20 − µ02)
[

(µ30 + µ12)
2 − (µ21 + µ03)

2
]

+ 4µ11(µ30 + µ12)(µ21 + µ03)

H7 = (3µ21 − µ03)(µ30 + µ12)
[

(µ30 + µ12)
2 − 3(µ21 + µ03)

2
]

− (µ30 − 3µ12)(µ21 + µ03)
[

3(µ30 + µ12)
2 − (µ21 + µ03)

2
]

(6)

where µij is the central moment with respect to the center of mass, and Hi is the ith Hu moment.

3.2. Deep Feature Extraction

The deep features extracted through neural networks can effectively describe the se-
mantic information of complex lunar impact crater images. The strategy for extracting deep
features in this paper is to use the Swin Transformer as the backbone network, removing
the classification head from the network to extract deep feature representations. In addition,
this paper introduces the CBAMwithECA module at the patch merging layer and the linear
embedding layer of the Swin Transformer. The CBAMwithECA module combines the
spatial attention mechanism of Effective Channel Attention (ECA) and Convolutional Block
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Attention Module (CBAM), mining information in both the channel and spatial dimensions
of the feature map. This achieves comprehensive calibration and optimization of features,
further enhancing the model’s capability to express features.

3.2.1. Backbone: Swin Transformer

The core advantage of the Swin Transformer lies in its unique hierarchical structure,
which encodes images via a partitioning strategy, thereby effectively capturing multi-scale
features within the image. Specifically, the input image is segmented into patches by the
Patch Partition module, followed by the construction of feature maps at varying scales
through four stages. Beyond the initial stage, which begins with a Linear Embedding layer,
the subsequent three stages each commence with a Patch Merging operation and then
proceed with a series of stacked Swin Transformer Blocks to achieve a deep feature repre-
sentation of the image.

1. Patch Partition

At the outset of the Swin Transformer’s processing pipeline, the Patch Partition layer
plays a pivotal role in decomposing the incoming image into a sequential array of patches.
Given an image with dimensions H × W × 3, where H and W denote the height and
width, and the numeral 3 indicates the RGB color channels, this layer segments the image
into a grid of 4 × 4 patches. These patches are subsequently flattened along the channel
dimension and undergo a linear projection into an elevated dimensional space, culminating
in a feature map with dimensions of H

4 × W
4 × 48. This feature map is then subject to a

linear transformation within the Linear Embedding layer, producing an output feature map
dimensionally characterized as H

4 × W
4 × C. The ensuing feature map is channeled into

the initial Swin Transformer Block, referred to as Stage 1, for additional refinement. This
mechanism is conceptually analogous to the convolutional operation found in conventional
convolutional neural networks, and the intricacies of this process are graphically depicted
in Figure 2.

Figure 2. Schematic diagram of the Patch Partition operation.

2. Patch Merging

The Patch Merging technique in the Swin Transformer architecture functions analo-
gously to the pooling layers found in classical convolutional neural networks, effectively
generating a pyramidal hierarchy of representations through the downsampling of feature
maps. Imagine an input feature map with dimensions H × W × C. The Patch Merging
operation commences with the segmentation of the feature map into distinct 2 × 2 pixel
blocks, treating each as a separate patch. Within these patches, corresponding pixels are
extracted and amalgamated, yielding four distinct feature maps, each with a reduced size
of H

2 × W
2 × C. These quartet of feature maps are then concatenated along the channel axis,

resulting in a singular, enhanced feature map with dimensions H
2 × W

2 × 4C.
Following the concatenation, the resultant feature map is normalized by a LayerNorm

layer, which precedes the final transformation. A fully connected layer then undertakes a
linear transformation on the concatenated feature map, specifically targeting its channel
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depth. This transformation modifies the channel depth from 4C to 2C, effectively halving it.
The procedural specifics of this Patch Merging operation are visually detailed in Figure 3.

Figure 3. Schematic diagram of the Patch Merging operation.

3. Swin Transformer Block

The Swin Transformer Block represents the fundamental building block of the Swin
Transformer architecture. As illustrated in Figure 4, this block is structured as a sequence
of two Transformer Blocks. Each Transformer Block is crafted from a series of components:
an initial layer normalization (LN), a multi-head self-attention mechanism (MSA), a sub-
sequent layer normalization (LN), and a multilayer perceptron (MLP). To facilitate stable
training and mitigate the vanishing gradient issue in deep networks, both the MSA and
MLP are equipped with skip connections.

Figure 4. Swin Transformer Block.

The distinguishing feature between the two Transformer Blocks within the Swin Trans-
former Block is the type of self-attention mechanism employed. The first block integrates
a window-based multi-head self-attention (W-MSA), which confines the self-attention
process within predetermined window boundaries to lower computational demands and
hone in on local feature extraction. Conversely, the second block incorporates shifted win-
dow multi-head self-attention (SW-MSA). By offsetting the window alignment, SW-MSA
broadens the receptive field of the model, enabling feature interactions across neighboring
windows, which in turn amplifies the model’s global contextual comprehension. This
operation is encapsulated in Equation (7):
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Ẑl = W-MSA
[

LN
(

Zl−1
)]

+ Zl−1

Zl = MLP
[

LN
(

Ẑl
)]

+ Ẑ∧l

Ẑ
l+1

= SW-MSA
[

E
(

Zl
)]

+ Zl

Zl+1 = MLP
[

LN
(

Ẑl+l
)]

+ Ẑl+1

(7)

where Zl−1 and Zl+1 represent the input and output of the Swin Transformer Block, re-
spectively, while W-MSA, SW-MSA, and MLP denote the window-based multi-head
self-attention, the shifted window multi-head self-attention, and the multilayer perceptron
modules, respectively.

3.2.2. CBAMwithECA Attention Module

Due to the high homogeneity and rich detail of lunar complex crater imagery, relying
solely on the self-attention mechanism is insufficient to fully capture the prominent features
of impact craters. Therefore, we have introduced the CBAMwithECA module [50], which
combines the channel attention of ECA [51] and the spatial attention of CBAM [52] to
further enhance the representational capability of features. As shown in Figure 5, the core
of ECA-Net is the adaptive computation of the size k of the one-dimensional convolutional
kernel, which depends on the number of input channels C and the hyperparameters γ and
b. The formula is calculated as follows:

k =

∣

∣

∣

∣

log2(C) + b

γ

∣

∣

∣

∣

odd

(8)

where |t|odd represents the odd number closest to t, ensuring that the 1D convolutional ker-
nel has symmetric padding. In ECA-Net, adaptive average pooling and a 1D convolutional
layer are used to learn the channel attention weights:

Mchannel = σ(Conv1D(AvgPool(x))) (9)

where the input feature map is denoted by x and is a four-dimensional tensor within the
real number space R

B×C×H×W , where B, C, H, and W represent the batch size, number of
channels, height, and width, respectively. The channel attention mechanism is encapsulated
by Mchannel , which is a tensor of dimensions RB×C×1×1, capturing the importance of each
channel. The Sigmoid function, symbolized by σ, is utilized to activate and normalize the
elements of Mchannel . Subsequently, the feature map x is modulated by Mchannel to produce
the channel-wise enhanced feature map xca, which is formulated as follows:

xca = Mchannel ⊙ x (10)

Figure 5. ECA channel attention module.
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Concerning the mechanism for spatial attention, illustrated in Figure 6, the process be-
gins by subjecting the feature map xca to both average pooling and max pooling operations
across the channel axis, resulting in a pair of distinct feature descriptors. Subsequently,
these descriptors are merged and proceed through a convolutional layer with a kernel size
of 7 × 7, culminating in the formation of the spatial attention map.

Mspatial = σ(Conv2D(Concat(Avgpool(xca), Maxpool(xca)))) (11)

The spatial attention map is then applied to the feature map xca, resulting in a weighted
feature map.

xsa = Mspatial ⊙ xca (12)

Figure 6. CBAM spatial attention module.

Finally, the feature map weighted by the attention mechanism is added to the original
input feature map to realize a residual connection, resulting in the enhanced feature map
xenhanced:

xenhanced = x + xsa (13)

The process of inserting the CBAMwithECA module into the linear embedding module
is illustrated in Figure 7.

Figure 7. Insertion of the CBAMwithECA module into the linear embedding module.

The process of inserting the CBAMwithECA module into the patch merging module
is shown in Figure 8.
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Figure 8. Insertion of the CBAMwithECA module into the patch merging module.

3.2.3. Loss Function

In our research, the training phase utilized a triplet loss function [53] to guide the
optimization. This loss function operates on triplets, which include an anchor image,
a corresponding positive image, and a contrasting negative image. The primary objective
is to amplify the model’s ability to discriminate between varying classes. This is achieved
by diminishing the distance metric between the anchor and the positive instance while con-
currently enlarging the gap between the anchor and the negative instance. The functional
form of the triplet loss is delineated below:

Ltriplet =
N

∑
i=1

max
(

0, ‖ f (ai)− f (pi)‖
2 − ‖ f (ai)− f (ni)‖

2 + α
)

(14)

where f (·) denotes the output of the feature mapping function derived from the Gempool
layer. The terms ai, pi, and ni correspond to the anchor, positive, and negative images
within the i-th triplet, respectively. Here, N signifies the aggregate count of triplets, while α

represents a predetermined margin parameter that delineates the threshold between the
proximities of positive and negative pairs. This loss function is instrumental in clustering
akin features of images and concurrently dispersing the features of dissimilar images,
an aspect that is crucial in areas where the terrain, such as the lunar surface, exhibits high
degrees of similarity.

During training, a hard negative sample mining strategy [53] was employed to enhance
the effectiveness of the triplet training. For each anchor image, we select negative samples
with lower structural similarity by calculating the Structural Similarity Index SSIM with
all negative samples in the dataset. SSIM is used to quantify the visual similarity between
two images, and its formula is as follows:

SSIM(x, y) =

(

2µxµy + c1

)(

2σxy + c2

)

(

µ2
x + µ2

y + c1

)(

σ2
x + σ2

y + c2

) (15)

where x and y are utilized to denote two distinct image windows. The terms µx and µy

refer to their respective mean intensity values. Variance for each window is indicated by σ2
x

and σ2
y , while σxy represents the covariance between the two windows. Constants c1 and

c2 are incorporated within the formulation to prevent the occurrence of division by zero,
ensuring numerical stability.
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During the hard negative sample mining process, for each anchor image a, we select
the negative sample n with the smallest SSIM value from all negative sample images,
satisfying the following condition:

n = arg min
n′

d
(

f (a), f (n′)
)

(16)

The hard negative mining strategy ensures that the anchor image and the selected
negative sample image have significant structural differences, providing more challenging
samples for training and enhancing the model’s discriminative ability.

3.3. Feature Fusion and Retrieval

Feature fusion is used to concatenate visual features and depth features to get a fused
feature vector. Let the visual feature be FVC and the depth feature be FDC. Set the feature
weight of FVC to λ and the feature weight of FDC to 1 − λ. Change the importance of the
feature by adjusting the size of λ. The fused feature is shown in Equation (17).

F = (λFVC, (1 − λ)FDC) (17)

Since the dimensionality of the fused feature vectors is too high, the fused features
are downscaled using PCA. The principle is to maximize the variance of the downscaled
features, and if the downscaled features are uncorrelated, then it can be expressed as an
optimization problem, as shown in Equation (18).

max
W

tr
(

WTStW
)

, s, t, WTW = I (18)

where St represents the covariance matrix of the sample features, tr
(

WTStW
)

is the variance
of the sample features after dimensionality reduction, wTwT = I denotes the constraint
conditions, and I is the identity matrix.

After the dimensionality reduction in the fused features, cosine similarity is used to
calculate the similarity between different impact crater images, as shown in Equation (19).

cosθ =
∑

n
i=1

(

Ai × Bi

)

√

∑
n
i=1 A2

i × ∑
n
i=1 B2

i

(19)

where Ai denotes the composite feature vector derived from the query image, whereas
Bi signifies the composite feature vector corresponding to the lunar impact crater images
within the image repository. The ultimate retrieval outcomes are the k highest-ranked
images determined by their respective cosine similarity measures.

4. Lunar Complex Crater Dataset

The lunar surface is home to a multitude of impact craters that cover much of its
terrain. To date, a vast number of lunar craters have been identified in images and Digital
Elevation Model (DEM) data through expert visual inspection as well as automated detec-
tion methods, leading to the establishment of numerous crater databases. This paper selects
3234 craters ranging from 20 to 30 km in diameter from the lunar impact crater database
(2015 revision) maintained by the Lunar and Planetary Institute as the research subjects to
construct the Lunar Complex Impact Crater Dataset; the data can be obtained from https:
//www.lpi.usra.edu/lunar/surface/Lunar_Impact_Crater_Database_v08Sep2015.xls (ac-
cessed on 1 January 2020). Utilizing 100-m resolution imagery and DEM data provided by
the Lunar Reconnaissance Orbiter (LRO), an analysis based on the morphological texture
features and profile characteristics of the craters is conducted (when a crater contains
two or more types of local structures, the most prominent feature is chosen as the basis
for classification). These craters are categorized into six types, including simple craters,
floor-fractured craters, central peak craters, multi-impacted floor craters, lunar oceanic
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remnant impact craters, and impact residual craters. Example images for each category are
shown in Figure 9.

Figure 9. Images of six different types of impact crater samples: simple craters, floor-fractured craters,

central peak craters, multi-impacted floor craters, lunar oceanic remnant impact craters, and impact

residual craters.

Due to the specificity of impact crater types, the number of different categories of
impact craters in the constructed dataset is severely imbalanced. To prevent overfitting
during network training, we employed a series of data augmentation techniques to expand
the original dataset. These techniques include random rotation, random horizontal flipping,
color jittering, random affine transformations, and random Gaussian blur, all aimed at
simulating the various conditions that impact craters may encounter during actual imaging
processes. Ultimately, we obtained 5597 images, of which 80% were randomly selected to
constitute the training data, with the remainder used for model validation.

5. Experiments and Analysis

This section presents a comprehensive evaluation of the performance of the proposed
method through a series of extensive experiments and provides a clear and accurate
description of the experimental results.

5.1. Implementation Details

5.1.1. Experimental Setup

All experiments in this study were conducted on a deep learning server equipped
with an Intel(R) Xeon(R) Platinum 8255C CPU and an RTX 3090 (24GB) GPU. The software
environment consisted of Pytorch 1.10.0 and Python 3.8, with the operating system being
Ubuntu 20.04. During the model training phase, weights trained on the ImageNet dataset
were used as the initial parameters. The model was optimized using the Adam optimizer,
and a cosine annealing algorithm was employed to dynamically adjust the learning rate.
Parameters were updated every 4 batches, with each batch containing 16 samples. The de-
tailed parameters are shown in Table 1. The experiments returned the top 20 images in the
retrieval results to evaluate the model’s retrieval accuracy.

67



Electronics 2024, 13, 1262

Table 1. Experimental parameter configuration.

Parameter Name Parameter Configuration

Initial learning rate 5 × 10−6

Weight decay 1 × 10−5

Margin α 2
Training epochs 25

5.1.2. Evaluation Metrics

During the experimental phase of this research, we employed three principal metrics
to assess the efficacy of the lunar complex crater image retrieval system: mean average
precision mAP, average normalized modified retrieval rank ANMRR, and the time taken
for retrieval.

1. Mean Average Precision (mAP)

When performing image retrieval for lunar complex craters, for a given query image
and an image database with a total of N images, the Average Precision (AP) is defined
as follows:

AP =
1

n

N

∑
k=1

P(k)· rel(k) (20)

where n is indicative of the aggregate count of images in the repository which are cat-
egorized under the identical impact crater classification as the query image. The index
k refers to the ordinal position within the ranked retrieval outcomes. The function P(k)
quantifies the precision attained at the juncture of the k-th result in the retrieval sequence.
The function rel(k) operates as a binary indicator, assigning a value of 1 when the k-th
result in the retrieval sequence is of the same impact crater category as the query image,
and 0 in all other instances. The mAP, is derived by computing the mean of precision
values across all query instances, which is elucidated in Equation (21).

mAP =
1

Q

Q

∑
q=1

AP(q) (21)

where Q stands for the cumulative quantity of all the queries processed, while AP(q)
signifies the Average Precision AP computed for each distinct query. The mAP value,
which falls within the interval [0, 1], serves as a performance indicator for the retrieval
system; a value approaching 1 denotes the superior performance of the system.

2. Average Normalized Modified Retrieval Rank (ANMRR)

In the dataset of images, every image is allocated a ranking Rank(i), with i denoting
the image’s sequence in the outcome set. Given a query’s reference image SK, the count
of analogous images within the dataset is denoted as G(SK). Within the uppermost K
images of the search outcomes, should the Rank(i) of an image surpass K, the Rank(i) is
recalibrated as per the subsequent expression:

Rank(i) =

{

Rank(i) Rank(i) ≤ K

1.25 × K Rank(i) > K
(22)

For each query SK, its average rank AνgRank(SK) is calculated as follows:

AνgRank(SK) =
1

G(SK)

G(SK)

∑
i=1

Rank(i) (23)
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The normalized and corrected retrieval rank is defined as NMRR(SK):

NMRR(SK) =
AνgRank(SK)− 0.5 × (K + 1)

1.25 × K − 0.5 × (K + 1)
(24)

In assessing the efficacy of image retrieval approaches within a collection of images,
suppose that M queries have been executed. To compute the aggregate mean normalized
modified retrieval rank, denoted as ANMRR, the following procedure is adopted:

ANMRR =
1

M

M

∑
j=1

NMRR
(

SKj

)

(25)

The value of ANMRR is within the range [0, 1]. It should be noted that the lower the
value of ANMRR, the higher the retrieval precision.

3. Retrieval Time

The retrieval duration stands as a crucial metric for gauging the performance of an
image retrieval system. It spans from the moment the query image is submitted to the point
when a full set of search outcomes is obtained. The efficiency of the system is inversely
proportional to the retrieval time; the less time it takes to complete the search, the more
efficient the system is considered to be.

5.2. Comparison of LC2R-Net with Other Methods

To verify the effectiveness of the LC2R-Net model and its advantages over traditional
methods in the task of complex lunar crater image retrieval, we selected several widely
used convolutional neural network models and Transformer models for comparative
analysis. These included VGG16 [54], ResNet101 [55], DenseNet121 [56], EfficientnetV2-
S [57], and Vision Transformer (ViT) [58]. The dataset, optimization algorithms, loss func-
tions, and hyperparameters during training were consistent with those used for LC2R-Net.
In LC2R-Net, λ was set to 0.2, and features were reduced to 128 dimensions using the
PCA method. The augmented dataset was used for training, while the original, unmod-
ified dataset was used for testing. The retrieval precision of each model was compared
by calculating the mAP for each category. Table 2 presents a detailed comparison of the
performance between LC2R-Net and the aforementioned models. The results indicate
that LC2R-Net achieves better retrieval precision, with the mAP of 83.75%. Compared to
VGG16, ResNet101, DenseNet121, EfficientnetV2-S, and Vision Transformer, the mAP of
LC2R-Net is higher by 32.31%, 39.85%, 30.65%, 26.58%, and 21.52%, respectively. These
results further demonstrate the significant advantage of LC2R-Net in integrating low-level
visual features and deep features for lunar image retrieval, achieving more precise retrieval
results compared to methods relying on the deep features of traditional CNN models.

Table 2. Mean average precision by category on the lunar complex crater dataset for different meth-

ods.

Category
Methods

VGG16 ResNet101 DenseNet121 EfficientnetV2-S ViT LC2R-Net

Simple Crater 55.33% 54.99% 58.73% 63.77% 61.91% 80.82%
Floor-Fractured Crater 31.32% 24.05% 53.51% 42.08% 55.33% 99.77%

Central Peak Crater 50.80% 43.83% 47.06% 58.33% 52.87% 70.52%
Multi-Impacted Floor Crater 43.50% 38.99% 41.88% 45.44% 46.08% 64.32%

Lunar Oceanic Remnant Impact Crater 80.62% 59.98% 73.61% 81.40% 89.78% 98.22%
Impact Residual Crater 47.09% 41.56% 43.81% 52.03% 52.23% 68.44%

Average 51.44% 43.90% 53.10% 57.17% 62.23% 83.75%
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In Table 2, the retrieval accuracy for Multi-Impacted Floor Craters and Impact Residual
Craters is significantly lower compared to other categories. The reason is that the features
of the crater images in these categories bear a high visual similarity to those of other cate-
gories, making it difficult to distinguish between them even with the use of fused features.
Nonetheless, in the face of such challenges of feature similarity, the LC2R-Net model still
demonstrates superior performance compared to traditional convolutional neural network
models that rely solely on deep features. This indicates the effectiveness of LC2R-Net in
integrating multi-level features, particularly in dealing with image categories with high
feature similarity, significantly enhancing the accuracy of retrieval. It is noteworthy that
among the mentioned convolutional neural networks, EfficientNetV2-S significantly out-
performs VGG16, ResNet-101, and DenseNet121. The reason lies in EfficientNetV2-S’s
effective balancing of model depth, width, and resolution through scaling methods and the
introduction of several novel architectures, thereby preserving more image detail informa-
tion, which is crucial for retrieval tasks. Furthermore, the Vision Transformer surpasses
traditional convolutional neural network models in performance, indicating that models
based on self-attention mechanisms can more effectively capture global dependencies,
thereby enhancing the model’s generalization capability.

To more visually demonstrate the effectiveness of LC2R-Net, Figures 10–12 present
some retrieval examples. Taking the top 10 returned images as an example, the retrieval
results of LC2R-Net are shown in Figure 10, and the comparative retrieval results of
LC2R-Net and other methods are shown in Figures 11 and 12.

5.3. Ablation Study

To evaluate the performance of the LC2R-Net model in the task of image retrieval for
complex lunar craters, this section conducts ablation experiments on the feature fusion and
attention mechanisms within the LC2R-Net network. The experiments are carried out on
the complex lunar crater dataset constructed for this paper, utilizing mAP and ANMRR
as metrics to assess retrieval performance. Table 3 presents the ablation study for the
attention mechanism.

Figure 10. Retrieval results of LC2R-Net for various crater categories (the first image in each row is

the query image, green borders indicate correct retrieval results, and red borders indicate incorrect

retrieval results): (a) Simple crater. (b) Floor-fractured crater. (c) Central peak crater. (d) Multi-

impacted floor crater. (e) Lunar oceanic remnant impact crater. (f) Impact residual crater.
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Figure 11. Examples of retrieving central peak craters using different methods (the first image

in each row is the query image, green borders indicate correct retrieval results, and red borders

indicate incorrect retrieval results): (a) LC2R-Net. (b) VGG-16. (c) ResNet-101. (d) DenseNet-121.

(e) EfficientNetV2-S. (f) ViT.

Figure 12. Examples of retrieving Lunar Oceanic Remnant Impact Craters using different methods

(the first image in each row is the query image, green borders indicate correct retrieval results,

and red borders indicate incorrect retrieval results): (a) LC2R-Net. (b) VGG-16. (c) ResNet-101.

(d) DenseNet-121. (e) EfficientNetV2-S. (f) ViT.
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Table 3. Ablation study on the attention mechanism.

Methods mAP/% ANMRR

Swin-T 83.01 0.0755
Swin-T + CBAMwithECA 83.65 0.0725

LC2R-Net 83.75 0.0721

As shown in Table 3, the features extracted using the Swin-T network achieve mAP and
ANMRR of 83.08% and 0.0755, respectively, on the dataset. By integrating the CBAMwith-
ECA attention module, the model’s mAP is improved by 0.64%, and the ANMRR is
reduced by 0.003. These results confirm that the introduction of attention mechanisms can
more effectively highlight key features in images, enhance the discrimination ability for
images of different categories, and thereby improve the accuracy of lunar complex crater
image retrieval tasks.

Ablation studies were conducted on the feature fusion module with the value of λ set
to 0.2. The results are shown in Table 4, where LBP represents texture features, and Hu
denotes shape features.

Table 4. Feature fusion ablation study.

Methods mAP/% ANMRR

LBP 39.85 0.3717
Hu 29.81 0.4064

LBP + Hu 41.37 0.3616

LC2R-Net 83.75 0.0721

The data in Table 4 reveal the limitations of relying solely on visual features for retriev-
ing complex images such as lunar impact craters, resulting in lower image retrieval accuracy.
Furthermore, although combining texture (LBP) and shape (Hu) features (LBP + Hu) can
improve retrieval performance to some extent, the retrieval accuracy on the complex lunar
crater dataset only increased by 1.52% and 11.56%, respectively, when using these features
in isolation. However, when deep features were fused, the mAP increased by 43.9% and
53.94%, and the ANMRR decreased by 0.2996 and 0.3343, respectively. It is noteworthy
that the contribution of texture features to retrieval performance was greater than that of
shape features, which may be due to the high visual similarity of lunar crater images. These
results fully demonstrate the effectiveness of fusing deep and visual features in improving
image retrieval accuracy.

5.4. Parametric Analyses

In the LC2R-Net model, the fusion of visual and deep features involves a key parameter
λ, which is used to adjust the weight between different features. The specific calculation
method is detailed in Section 3.3. This section designs a series of experiments to illustrate
the impact of the value of λ on the performance of LC2R-Net by adjusting its value (ranging
from 0 to 1, with an interval of 0.1). The features are reduced to 128 dimensions using the
PCA method, and the results are shown in Table 5.

From Table 5, it is evident that when the value of λ is set to 0.2, the mAP of the
LC2R-Net in the lunar complex crater dataset reaches 83.75%, with the ANMRR of 0.0721.
The retrieval accuracy of the fused features is higher than that of using depth features
alone when the value of λ ranges from 0 to 0.3. However, when the value of λ exceeds
0.4, the retrieval accuracy using fused features or visual features alone is lower than that
of using depth features alone. This indicates that the depth features extracted by the
Swin Transformer are more effective than traditional visual features in performing image
retrieval tasks for lunar complex craters.
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Table 5. Impact of different a values on the retrieval performance of LC2R-Net.

Method λ mAP/% ANMRR

LC2R-Net

0 83.65 0.0725
0.1 83.67 0.0716
0.2 83.75 0.0721
0.3 83.71 0.0728
0.4 83.29 0.0756
0.5 83.19 0.0769
0.6 82.91 0.0752
0.7 82.46 0.0798
0.8 81.73 0.0811
0.9 78.79 0.0934
1.0 37.99 0.3943

5.5. Comparison of Retrieval Time

In addition to accuracy, retrieval efficiency is also extremely important in practical
applications. To evaluate the performance of different models, we conducted tests on the
retrieval time for each model using the lunar complex crater dataset. Each model was
subjected to 20 retrieval trials, and the average retrieval time was calculated. The retrieval
time consumed by each model is shown in Table 6.

The data in Table 6 indicate that as the dimensionality of deep features is reduced, there
is a downward trend in model retrieval time. The incorporation of the CBAMwithECA
module results in a slight increase in the retrieval time for the Swin-T model. Among all the
models compared, the LC2R-Net model, which employs PCA for dimensionality reduction,
achieves the shortest retrieval time of only 0.1041 seconds, performing the best among all
models. This result demonstrates that the LC2R-Net model successfully reduces the dimen-
sionality and complexity of features while maintaining retrieval efficiency. Additionally,
the retrieval time for traditional visual features is also short, which is due to the fact that
deep features are denser; even with lower dimensions, they incur greater computational
and storage costs compared to sparse visual features. These results highlight the efficiency
advantages of the LC2R-Net model in the task of lunar crater image retrieval.

Table 6. Comparison of retrieval time by different methods on the lunar complex drater dataset.

Methods Feature Vector Length Retrieval Times/s

VGG-16 4096 0.2134
ResNet101 2048 0.2046

DenseNet121 1024 0.1922
EfficientNetV2-S 1280 0.1942

ViT 768 0.1878
Swin-T 768 0.1884

Swin-T + CBAMwithECA 768 0.1907
LBP + Hu 2367 0.1630

LC2R-Net 128 0.1041

5.6. Impact of PCA Dimensionality Reduction on Retrieval Accuracy

The LC2R-Net model proposed in this paper initially integrates the low-level visual
features with the deep features of lunar crater images to generate a feature vector with
3135 dimensions. Subsequently, to enhance the efficiency of retrieval, PCA is employed for
feature dimensionality reduction, enabling more efficient retrieval. Therefore, experiments
were conducted with different feature dimensions (16, 32, 64, 128, 256, and the original
3135 dimensions) to observe the impact on retrieval accuracy and retrieval time, with the
value of λ set to 0.2. The results are shown in Figure 13.
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Figure 13. The impact of feature dimensions on the retrieval of lunar complex crater images.

In Figure 13, the retrieval accuracy peaks at a feature vector dimensionality of 128,
with the mAP reaching 83.75%. Within the range of increasing feature dimensions from
16 to 128, the retrieval accuracy consistently improves. This phenomenon indicates that
within this range of dimensions, as the richness of feature information increases, the system
is able to more accurately distinguish and retrieve lunar crater images. However, when the
feature vector dimensionality exceeds 128, the retrieval accuracy begins to decline. This
decrease is due to the excessive expansion of the feature space, which introduces redundant
information or increases noise, thereby negatively impacting the model’s discriminative
ability. When the feature dimensionality is below 128, the retrieval time remains relatively
stable, suggesting that at this level of dimensionality, the system’s computational efficiency
is less affected by the number of features. In contrast, retrieval time significantly increases
when the dimensionality exceeds 128, reflecting the computational burden brought about
by higher dimensions. These results demonstrate that the PCA dimensionality reduction
technique plays a significant role in enhancing the accuracy and efficiency of lunar crater
image retrieval.

5.7. The Impact of Data Augmentation on Retrieval Accuracy

In this study, we address the challenge of imbalanced class distribution within our
dataset of lunar impact craters, a factor that may lead to overfitting of certain classes by the
neural network during the training process. To mitigate this issue, we have employed data
augmentation algorithms to expand our dataset and enhance the model’s generalization
capabilities. To assess the specific impact of data augmentation on the performance of lunar
impact crater image retrieval, we conducted model training on both the original dataset
and the augmented dataset. Throughout the training process, to ensure comparability
of results, we maintained consistency in our algorithmic optimization strategies, loss
function, and hyperparameter settings. For LC2R-Net, the λ was set to 0.2, and feature
dimensionality was reduced to 128 dimensions using the PCA method. The experimental
results are presented in Figure 14.
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Figure 14. The impact of image augmentation algorithms on the retrieval of lunar complex craters.

C1: Simple crater. C2: Floor-fractured crater. C3: Central peak crater. C4: Multi-impacted floor crater.

C5: Lunar oceanic remnant impact crater. C6: Impact residual crater.

In Figure 14, it is observed that when the model is trained on the augmented dataset,
its performance on the retrieval task is significantly superior to that of the model trained
directly on the original dataset. Specifically, the mAP saw a notable increase, improving
from 81.63% on the original dataset to 83.75%. This enhancement is reflected not only at
a global average level but also across the majority of individual classes, indicating the
universality of data augmentation in boosting model performance. However, it is important
to note that for the specific category of impact residual crater, the mAP of the model trained
on the augmented dataset was actually lower than that of the model trained on the original
dataset. This phenomenon suggests that data augmentation does not invariably lead to
positive effects. The performance decline in this particular category is attributed to the
failure to consider its unique characteristics during augmentation, which hindered the
model’s ability to effectively discern the differences between impact residual craters and
other categories. Therefore, when implementing data augmentation, it is crucial to adopt
targeted strategies for different categories to ensure that data augmentation effectively
enhances the model’s learning and recognition of the distinctions between categories rather
than merely increasing the quantity of data.

5.8. Further Discussion

In this study, in order to enhance the model’s capability to capture and represent
the features of lunar complex crater images, we utilized the CBAMwithECA attention
mechanism module during deep feature extraction. To discuss the impact of different atten-
tion modules on feature extraction and image retrieval tasks, we conducted comparative
experiments by introducing the SE attention mechanism module and the CBAM attention
mechanism module at the same position, respectively. The experimental results are shown
in Table 7.
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Table 7. The impact of different attention mechanisms on lunar complex crater image retrieval tasks.

Methods mAP/% ANMRR

Swin-T 83.01 0.0755
Swin-T + SE 82.16 0.0795

Swin-T + CBAM 78.23 0.1038
Swin-T + CBAMwithECA 83.65 0.0725

LC2R-Net 83.75 0.0721

As shown in Table 7, the introduction of the SE module and the CBAM module into the
Swin-T model did not enhance the model’s performance. On the contrary, the addition of
these attention mechanisms had a negative impact on the performance of the original Swin-
T model. However, upon integrating the CBAMwithECA attention module, the model’s
performance saw a significant improvement, with the mAP increasing by 0.64% and the
ANMRR decreased by 0.003. It is noteworthy that, in comparison to the attention modules,
the SE module outperformed the CBAM module because the SE module provided a more
effective feature weighting strategy in channel recalibration. These results indicate that the
CBAMwithECA attention module outperforms both the SE and CBAM attention modules
in the task of lunar crater image retrieval.

The experimental results adequately substantiate the efficacy of the method we pro-
posed. By integrating the CBAMwithECA module into both the patch embedding and
merging modules, LC2R-Net is enabled to capture image details with greater finesse,
markedly boosting the model’s capability in feature recognition and extraction when deal-
ing with complex crater imagery. Furthermore, we employed a weighted strategy to merge
visual and depth features, which not only facilitated an effective complementarity between
the two but also accentuated their individual significance. Concurrently, the introduction
of a triplet loss function and a hard negative sample mining strategy further encouraged
the network to learn more distinctive feature representations, thereby realizing a signifi-
cant improvement in precision for image retrieval tasks. These results demonstrate that
our approach can substantially enhance the model’s ability to learn and extract features,
significantly improving the accuracy of image retrieval for complex lunar crater imagery.

6. Conclusions

In this paper, we propose the LC2R-Net model, which achieves lunar complex crater
image retrieval by fusing the underlying visual features with deep features of images.
During the model training phase, we employed a triplet loss function and a hard negative
sample mining strategy to generate more distinctive features. In the deep feature extraction
stage, we integrated the CBAMwithECA module into the Swin Transformer, successfully
capturing the rich details and significant information in lunar crater images, thus enabling
better differentiation between different types of lunar complex crater images. In the vi-
sual feature extraction stage, we extracted texture and shape features, which effectively
complement the deep features. During the feature fusion stage, we introduced feature
fusion weights to highlight the importance of different features in retrieval and performed
PCA dimensionality reduction after feature fusion, significantly improving the model’s
retrieval efficiency. We conducted extensive experiments on the lunar complex crater
dataset generated in this paper, and the results show that compared to traditional deep
learning methods, LC2R-Net achieved the highest retrieval accuracy of 83.75% when the
feature fusion weight was set to 0.2 and PCA dimensionality was reduced to 128 while
maintaining a fast retrieval speed. Through ablation experiments, we detailed the key
role of the CBAMwithECA module and the feature fusion strategy in improving retrieval
performance. We explored the impact of different dimensionality reductions on retrieval
performance and found that the setting of 128 dimensions offered the best retrieval perfor-
mance. In addition, we compared the effects of different attention mechanisms on retrieval
results, and the experiments proved that the CBAMwithECA attention module performed
the best in this study. The LC2R-Net model not only advances the technology of lunar crater
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image retrieval but also provides a new perspective for the application of deep learning in
the analysis of complex geological images.

In future work, we will consider adopting deep hashing techniques to replace PCA
dimensionality reduction to further optimize the precision and efficiency of image retrieval.
Secondly, we will explore the feasibility of applying our method to video stream processing.
Although current research focuses on single image frames, our proposed network architec-
ture and algorithms can be extended through time series analysis to handle consecutive
frames within video streams. This will involve additional training of the network to adapt
to dynamic changes. Lastly, we plan to combine object detection methods with image
retrieval techniques to explore the detection of different types of impact craters within
single image frames to address more realistic application scenarios.
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Abstract: The crucial issue in electrical impedance (EI) measurements lies in the galvanic interaction

between the electrodes and the investigated material. This paper brings together the basic and applied

research experience and combines their results with excellent properties. Consequently, innovative

precise methodologies have emerged, enabling the direct modeling of EI measurements, free from

the inaccuracies often associated with numerical approaches. As an outcome of the efficiency and

robustness of the applied method, the conductivity of the material and the electrodes are represented

by a common piecewise function, which is used to solve the differential equation modeling of the EI

measurement. Moreover, this allows the possibility for modeling the conductivity of electrodes with

continuous functions, providing an important generalization of the Complete Electrode Model (CEM),

which has been widely used so far. The effectiveness of the novel approach was showcased through

two distinct case studies. In the first case study, potential functions within both the material and the

electrodes were computed using the CEM. In the second case study, calculations were performed

utilizing the newly introduced continuous electrode model. The simulation results suggest that the

new method is a powerful tool for biological research, from in vitro experiments to animal studies

and human applications.

Keywords: electrical impedance measurement; exact schemes; electrode artifacts; measurement

modeling

1. Introduction

The main goal of this paper is to combine the measurement and theoretical research
results in a joint study in order to introduce a completely new electrical impedance (EI)
modeling approach. This new modeling method is now able to entirely represent the
measurement circuit, including electrodes and electrode–material interactions, constructed
during the EI measurements. Moreover, due to the use of a unique mathematical method,
the resulting procedure is able to calculate the potentials in the electrodes and in the material
without the errors that are common in numerical computation methods. This provides a
completely unique and new basis for EI measurement modeling, both for understanding
the behavior of electrodes and for reconstructing the impedance of the material.
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The relevance of EI measurements is increasing [1,2]. This non-destructive technique
detects the physicochemical properties of the measured material and its variations [3,4].
Several approaches for the implementation of EI measurements are currently being devel-
oped: discrete frequency EI, EI spectrum (EIS) measurement, and EI tomography (EIT) [3].
The combination of all these methods offers interesting and useful implementation pos-
sibilities. For example, combining EIS and EIT can contribute to overcoming difficulties
in the image reconstruction with the EIT method [4,5]. An example of such a technology
is the multi-frequency EIT (mfEIT), where the application-specific prototypes have been
developed beyond the basic research [5,6]. The motivation of this research is to develop
a completely new mathematical method in order to implement the mfEIT. Since this is a
strongly ill-conditioned, non-linear, and unstable inverse problem, even very small per-
turbations of the voltage and/or potential values used in the model can cause significant
variations in the results [3,4]. Therefore, it is important to apply models that accurately de-
scribe the physics of the measurement method. Thus, errors caused by model inaccuracies
in the reconstructed impedance images can be minimized.

Regardless of which type of EI measurement is used, the implementation is always
based on similar principles [3,4]. Electrodes are placed on the surface of the investigated
material and an excitation signal is applied to the selected electrodes. The parameters
of the generated electric field are measured and, based on the obtained values of the
measured parameters, conclusions are drawn about the complex electrical impedance of
the material. Further, based on the results, the physicochemical properties of the material
can be analyzed [2,3]. The generator used in the measurement may be either a current
generator or a voltage generator [3]. The most commonly used signal type for multi-
frequency approaches is the monochromatic sine signal [7,8].

Based on these considerations, it is evident that the interaction between the electrode
and the investigated material is crucial for the reliability of the analysis, since the galvanic
contact between the electrode and the surface of the material is required to close the circuit
utilized for the measurement [3]. The role of the electrode is also essential from another
point of view, since electrodes are made of a conductive material and, due to the presence
of galvanic connections, they significantly influence the electric field in the material [9].
Incorrect recognition and modeling of the electrodes (and the interaction between electrode
and material) significantly reduces the reliability of the EI measurement since the resulting
distortions and artifacts are propagated into the result generation, causing errors [10,11].
The state-of-the-art electrode modeling technique is the Complete Electrode Model (CEM),
which is the basis for various EIT imaging algorithms [12–14].

The basic idea behind the CEM is that the electrical properties of the electrode, as a
function of its material, are considered as an impedance in a series connection with the
material under measurement [11]. Consequently, the voltage measured on an electrode
is modeled as the sum of two components—the voltages across the electrode and the
measured material. Naturally, this effect is significant if the current passing through the
electrode is not zero [11]. The CEM is a convenient model for the implementation of EIT
numerical methods; however, the CEM approach can be easily applied to EIS and more
general EI methods [4]. The implementation of the CEM can be described as follows. First,
the elliptic differential equation modeling of the electric field is discretized with the finite
element method over the given domain, and then the potential values representing the
boundary conditions are substituted with the values expressed from the voltages across
the electrodes [11]. In this way, the system of linear equations obtained with the domain
discretization under the consideration directly represents the electrode impedance (in
the form of a concentrated parameter) and the measured potential value. The potential
value arises from the electrode–material interaction and thus it is eliminated from the
model [3,4,11].

In contrast, the approach presented in this paper, beyond the possibilities exploited
in the case of the CEM, is able to model the electrodes and the complete measurement
circuit used in EI measurements without any errors caused by the numerical modeling.
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This is explained by the possibility that the method presented in this paper applies the
same differential equation not only to the material, but also to the electrodes and even to
the material–electrode interaction. This raises the possibility that not only the material, but
also the electrodes are represented by continuous functions in the model. As a consequence,
the values of the analytical solution of the differential equation, which is the physical repre-
sentation of the measurement, are calculated at any point in the measurement assembly,
regardless of whether the electrode, material, or interaction between these two is being
investigated. Therefore, the main contribution of this research is the improvement of the
efficacy and robustness of EI measurements—from spectroscopy to tomography—or even
in hybrid technologies.

This publication is structured as follows. The Section 1 contains the introduction,
the Section 2 describes the related works, the Section 3 introduces a completely new
modeling approach, the continuous electrode model. The Section 4 describes the case
studies comparing the results obtained using the CEM and the continuous model, while
conclusions are drawn in the Section 5.

2. Related Works

The behavior of a wide variety of electrodes used to perform EI measurements of-
ten cannot be represented by simple RC elements. Electrodes may also have properties
that change over time; therefore, special techniques are needed to compensate for this
behavior [15]. Considering the relevant literature, it can be concluded that, in general,
the multi-frequency approach is the one that represents the most electrode artefacts, and
therefore most studies are related to this issue [16]. The most common application of
multifrequency measurements is in the field of human body composition [4,17]. In this
context, a large number of studies have been published on electrode–skin interaction prop-
erties and their potential errors [18,19]. Since in EI measurements, electrodes with large
surfaces are usually used, electrode contact effects were investigated in a separate study.
Significant work on understanding the failures has been undertaken by Hwang et al. [20],
who investigated the effects of temperature variation, changes in oxygen partial pressure,
and other mechanical effects on the contact impedance of the electrode. The failure effects
of imperfect contact on solid electrolytes have also been investigated by Fleig et al. [21]. In
addition, studies have been carried out to understand and eliminate the error phenomena
caused by electrode mismatches in EI measurements [22,23]. The detection and elimination
of these errors is crucial for the success of EIS measurements [24].

In the previous study, Vizvari et al. [8] presented a new EI prototype and a specific
data collection procedure on simple RC elements, which provided impressive results even
at an early stage. In order to implement the technology in praxis, further research is
needed on the degree of uncertainty, and additional steps may be required to create a
technology suited for practical utilization. In the next step of the development, the use of
electrodes complicates the implementation of the method. The electrodes naturally involve
the previously described risk of errors; therefore, it is essential to describe and model the
electrode–matter interaction in detail.

Moreover, great attention is paid to the application of the most efficient computa-
tional procedures for modeling EI measurements. Vizvari et al. [5,25] have established a
completely new basis for the mathematical modeling procedures required for their inter-
pretation. One of the achievements is the absolutely new mathematical approach, where
Vizvari et al. [25] introduced the exact scheme for second-order ordinary differential equa-
tions (ODEs) using arbitrary spatial discretization. Exact schemes were also first introduced
by Vizvari et al. [25] for second-order ODEs with a self-adjoint differential operator. The
exact schemes are characterized by the property that they always provide the values of the
analytic solution of the ODEs in the grid points, independently of the spatial discretization.
The efficiency and robustness of this outstanding ability and the mathematical structures
have been demonstrated in detail by Vizvari et al. [25].
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Moreover, the previous studies have also introduced a specific property of exact
schemes. Since they are based on Local Green’s functions defined by solutions to the
homogeneous ODE of the original problem, the exact schemes are perfectly suitable for
difficult mathematical problems where the functions in the ODE have discontinuities [25].
All these outstanding properties are exploited in this study, where a completely new
modeling aspect of EIS measurements is presented, based on the improvement of the CEM
and on the use of exact schemes. In this completely new approach, the electrodes and
the material under investigation are modeled using a piecewise conductivity function,
which has the advantage that the electrode–material interaction can be modeled more
directly and accurately. Moreover, the electrical behavior of the electrodes may be modeled
using continuous functions in addition to RC elements. Utilizing all this, it is possible
to model and visualize the frequency-dependent potential profiles in the material under
investigation and in the electrodes with the least possible error.

3. The Continuous Electrode Model Using the Exact Schemes

The basic equation for the physical modeling of EI measurements is the ODE with the
following self-adjoint operator [3]:

Du(x) =
d

dx

(

κ(x)
d

dx
u(x)

)

= f (x) x ∈ [0, L], (1)

where

– D denotes the second order, self-adjoint differential operator;
– κ(x) ≥ κ0 > 0 denotes a positive, isotropic conductivity function (S/m);
– u(x) denotes the electric potential function (V);

– f (x) denotes the source function (A/m2).

It is assumed that the classical solution u(x) exists on [0, L] with the appropriate
boundary conditions.

Vizvari et al. have implemented EI measurements by specifying the following mixed
boundary conditions [8]:

BDN = {κ(0)u(0) = i, u(L) = 0}. (2)

The exact scheme for Equation (1) is defined by the following result, specifying the bound-
ary conditions in Equation (2).

Theorem 1 (Exact scheme for Dirichlet and Neumann boundaries). Let

x0 = 0 < x1 < · · · < xi−1 < xi < xi+1 < · · · < xn−1 < xn < xn+1 = L (3)

be an arbitrary discretization of the interval [0, L] into (n + 1) subintervals. Let ψi−1(x) =
∫ x

xi−1

1
κ(s)

ds and ϕi(x) =
∫ xi+1

x
1

κ(s)
ds be the test functions obtained from the following initial

value problems:


















Dψi−1(x) = 0,

ψi−1(xi−1) = 0,

κ(xi−1)
d

dx
ψi−1(xi−1) = 1,

(4a)

(4b)

(4c)



















Dϕi(x) = 0,

ϕi(xi+1) = 0,

κ(xi+1)
d

dx
ϕi(xi+1) = −1,

(5a)

(5b)

(5c)
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where i = 1, 2, · · · , n. By using these structures and considerations, the following system of n ≥ 3
linear equations is constructed:







(a0 + a1)u1 − a1u2 = a0u(0) + a0G0 + a1H1,
−ai−1ui−1 + (ai−1 + ai)ui − aiui+1 = ai−1Gi−1 + ai Hi,

−an−1un−1 + (an−1 + an)un = anu(L) + an−1Gn−1 + an Hn,
(6)

with indexes i = 2, 3, · · · , (n − 1). The coefficients in Equation (6) are defined as

ai−1 =
1

ψi−1(xi)
=

1

ϕi(xi−1)
, (7)

Gi−1 =
∫ xi

xi−1

f (t)ψi−1(t)dt, (8)

Hi =
∫ xi+1

xi

f (t)ϕi(t)dt, (9)

where i = 1, 2, 3, · · · , n. The u(L) value can be substituted directly from Equation (2), while the
u(0) value is calculated using the Neumann-to-Dirichlet transformation:

u(0) = u(L) + ϕn(0)κ(0)u(0) +
∫ L

0
f (t)ϕn(t)dt. (10)

The solution vector of Equation (6) U = [u1, u2, . . . , un]
T leads to the same values as the

solution u(x) of the second-order ODE (1) with boundary conditions (Equation (2)) at the interior
grid points (Equation (3)) without any error; that is, u(xi) = ui.

A detailed proof of Theorem 1 can be found in Vizvari et al. [25] for further reading.
Theorem 1 is applied in cases where the material sample and the measurement assem-

blies are represented by a one-dimensional model. This is correct in all cases where the
electric current density propagates in such geometry, where the perpendicular cross-section
is constant along the entire length of the sample. Then, the electrodes are fixed to the two
sides of the sample, where the surface area is equal to the whole perpendicular cross-section.
In metrology practice, because of easier adaptation to sampling methods, the cylindrical
geometry is preferred, for example in geophysical [26,27] or medical applications [28] of
EIS. Based on this, a schematic illustration of the cylindrical geometry material sample and
the associated measurement setup is shown in Figure 1.

The one-dimensional nature of the model problem depicted in Figure 1 arises from
the specific geometry of the electrodes and the material, which possess a constant cross-
sectional area denoted with A. As can be seen in Figure 1, the current generator (i)
is connected to Electrode 1 with width a, the ground point (un+1 = 0) of the genera-
tor is connected to Electrode 2 with width b. As a consequence, it is easy to see from
Theorem 1 that the integral functions, defined by Equations (4) and (5), represent the con-
centrated parameter derived from the impedance of the material. The potential values
([u0, u1, u2, u3, . . . , ui, . . . , un]), which can be calculated using Theorem 1, are consequently
the values of ui pertaining exclusively to the cross-sectional position xi:

u(xi) = ui, i = 1, 2, . . . , n. (11)

Based on Figure 1, the measurement method is modeled using the following statements
defined in Equation (2). The application of these constraints, and the substitution of
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Equation (10), simplifies the corresponding system of linear equations in Equation (6) in
the following, easily applicable, form:







(a0 + a1)u1 − a1u2 = a0 ϕn(0)i,
−ai−1ui−1 + (ai−1 + ai)ui − aiui+1 = 0,

−an−1un−1 + (an−1 + an)un = 0,
(12)

with indexes i = 2, 3, · · · , (n − 1). The matrix in Equation (12) is symmetric and tridiag-
onal, and the sum of row elements is equal to zero, except the first and last rows. As a
consequence of these advantageous properties, this reduced Laplacian matrix [5] is always

invertible and Equation (12) has a unique U = [u1, u2, u3, . . . , un]
T solution vector.

Figure 1. The schematic illustration of the modeled measuring setup extended with electrodes (a and

b are the electrode widths and L is the total width including the measured sample).

Corresponding to the model concept, since the domain is extended with the electrode
lengths a and b, the κ(x) function now describes the conductivity function on the whole
[0, L] interval.

κ(jω, x) =



















κel,1(jω, x), if x < a,

κm(jω, x), if a ≤ x ≤ (L − b),

κel,2(jω, x), if (L − b) < x,

(13)

where

κ(jω, x) is the complex admittance of the complete measured setup;
κel,1(jω, x) is the complex admittance of the electrode placed on the left side of the
investigated material sample;
κm(jω, x) is the complex admittance of the investigated material sample;
κel,2(jω, x) is the complex admittance of the electrode placed on the right side of the
investigated material sample;
ω is the angular frequency, ω = 2π · f ;
f is the frequency; and

j =
√
−1.

The impedance of the investigated material and the electrodes is defined in the model
as the function κ(jω, x) in Equation (13). The functions κel,1(jω, x) and κel,2(jω, x), inter-
preted on [0, a) and ((L − b), L], respectively, represent the impedance of the electrodes
applied to the measurement and they are placed on the surface of the material.
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The handling of piecewise functions defined in Equation (13) is highly efficient when
using the exact scheme defined in Theorem 1. In a related result by Vizvari et al. [25], it is
demonstrated that, even for the piecewise function κ(x), the values of the analytic solution
in the mesh points can be calculated (if the function κ(x) is integrable on the interval [0, L]).
Moreover, the application of the exact scheme allows for the calculation of potential values
at the discontinuities of the κ(x) function. In a case study by Vizvari et al. [25], it has
already been shown that the exact scheme can provide the analytical solution (in addition
to the values recorded in the mesh points) in the simple case. The resulting analytic solution
(u(x)) is continuous, but is not derivable at the discontinuity points of κ(x) [25]. Naturally,
if the differential operator D is applied to u(x), the resulting discontinuities are eliminated,
since u(x) satisfies Equation (1). Therefore, for the piecewise conductivity function κ(x),
defined in Equation (13), these properties are expected using the exact scheme; however, in
the case studies presented in Section 4, the symbolic construction of the analytical solution
is omitted.

4. Brief Case Studies

The aim of the case studies is to investigate how the composition of the test material
and the electrodes applied for the measurement is applicable to the modeling of the EIS
measurement using the exact scheme described in Theorem 1. In this brief case study, two
electrode modeling approaches are described:

1. The electrodes are modeled with concentrated parameters, as is usual for the CEM;
2. Modeling the impedance of electrodes with functions using continuous electrode

models to include anomalies in the model more accurately.

For each of these case studies (based on Figure 1), the spatial discretization parameters
are

xel,1 = [0, 0.5, 0.625, 0.75, 0.875, 1], (14)

xm = [1, 2, 3, 4, 5, 6, 7, 8, 9, 10], (15)

xel,2 = [10, 10.125, 10.25, 10.375, 10.5, 11], (16)

which implies
a = 1, b = 1, L = 11. (17)

The parameters of the EIS measurement model are as follows:

f = [0.1, 10, 25.119, 63.096, 158.49, 398.107, 103, 105], (18)

and
κ(0)u(0) = i = 10−3 A, and u(L) = 0 V. (19)

Now consider the mathematical method used to model the electrical behavior of the
material under investigation.

4.1. The Model of Measured Sample

The basic and well-known method for electrical modeling of the measured sample,
the Cole–Cole model, can be used to describe the frequency-dependent behavior of the
material [29]. The flexibility of the Cole–Cole model lies in describing the relaxation of the
materials under investigation, whether it is described in terms of concentrated parameters
or material properties (conductivity, resistivity, or dielectric constant) [28,29]. In the case
studies, however, in addition to the frequency domain behavior of the sample under study,
inhomogeneities along the x coordinate were considered in the model, since the resistivity of
the material sample is used to build the model. Thus, the Cole–Cole parameters represent
the physical properties of the material with continuous functions, which leads to the
longitudinal behavior of the model. These functions are substituted into the Cole–Cole
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equation, whose variable is, by definition, the angular frequency. Finally, all these together
yield a common model to represent the spatial and frequency domain properties of the
material’s impedance. The extended mathematical model can be represented as follows:

ρm(jω, x) =
1

κm(jω, x)
= ρ∞(x) +

ρ0(x)− ρ∞(x)

1 + (jωτ(x))α(x)
, (20)

where

ρm(jω, x) = 1
κm(jω,x)

is the complex impedance of the material sample (Ωm);

ρ∞(x) = R∞(x) · A
L is the resistivity corresponding to the ∞ frequency (Ωm);

ρ0(x) = R0(x) · A
L is the resistivity corresponding to 0 Hz frequency (Ω m);

τ(x) is the time constant (s);
α(x) is the exponent parameter (0 < α(x) ≤ 1).

In the case of the location-dependent model parameters, inhomogeneities are modeled
with the following functions:

ρ∞(x) = 10 + 10 · e−(x−2.5)2
, (21)

ρ0(x) = 110 + 10 · e−
(x−7.5)2

4 , (22)

τ(x) = 10−3 + 10−3 · e−
(x−4.5)2

8 , (23)

α(x) = 0.75 + 5 · 10−2 · e−
(x−7.5)2

8 . (24)

Graphs of the Cole–Cole parameters defined in this way are illustrated in Figure 2.

(a) (b)

Figure 2. The graphs of the space-dependent Cole–Cole parameters (ρ0(x) and ρ∞(x) (in (a)), while

τ(x) and α(x) (in (b)) are modeled using Equations (21), (22), (23) and (24), respectively).

In EIS measurements, the material sample cannot be accessed directly, hence the
electrical behavior of the electrodes used to perform the measurements must be added to
the mathematical model. Using the modeling approach provided by Equation (13), the
reciprocal of the function in Equation (20) appears in the middle term of the piecewise
function, i.e.,

κm(x) =
1

ρm(jω, x)
x ∈ [1, 10]. (25)

The functions κel,1(x) and κel,2(x) are defined in the case of the complete and continuous
electrode models in the next two subsections separately. The use of two different electrode
modeling techniques leads to two different mathematical problems, which can be solved
uniformly by applying Theorem 1 and Equation (12) respectively.
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4.2. Complete Electrode Model Approach

The CEM considers the electrodes used for EIS measurement concentrated parameters.
These concentrated parameters are included in the mathematical model in the form of
resistance and capacitance, from which RC components can be obtained. Therefore, in case
of the CEM approach, the electrodes in Figure 1 can be modeled by RC circuits. Figure 3
shows the changed electrodes in parallel RC circuits.

Figure 3. The modeled measuring setup extended with electrodes modeled with RC circuits (Electrode

1 is replaced with Rin and Cin, while Electrode 2 is replaced with Rout and Cout).

Figure 3 shows that the electrodes from Figure 1 are replaced by RC elements where
the admittance of the new circuits can be obtained as follows:

κel,1(jω, x) =
1

Rin
+ jω · Cin = 10−2 + jω · 10−4 x ∈ [0, 1], (26)

and

κel,2(jω, x) =
1

Rout
+ jω · Cout = 1.25 × 10−2 + jω · 1.2 × 10−4 x ∈ [10, 11], (27)

where

Rin is the resistance of the electrode on the input in Figure 3;
Cin is the capacitance of the electrode on the input in Figure 3;
Rout is the resistance of the electrode on the output in Figure 3;
Cout is the capacitance of the electrode on the output in Figure 3.

It is easy to observe from Equations (26) and (27) that, in the case of the CEM, the admittance
of the electrodes depends only on the frequency, while the concentrated parameter values
are constant along the whole length of the electrode.

In this case, the function κ(jω, x) is constructed using Equations (26) and (27). The recip-
rocal of the constructed piecewise function (impedance function) is defined in Equation (28)
and is shown in Figure 4.

ρCEM(jω, x) =
1

κCEM(jω, x)
=























1
κel,1(jω,x)

, if 0 < x < 1,

1
κm(jω,x)

, if 1 ≤ x ≤ 10,

1
κel,2(jω,x)

, if 10 < x < 11.

(28)

Naturally, the main properties of the impedance function ρCEM(jω, x) (Equation (28))
can be deduced from Equations (26) and (27); however, the graphical representation of
the most important aspects that influence the measurement is even more illustrative in
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Figure 4. Figure 4 clearly shows that, based on the impedance values of the same color
and considered at the same frequency, the electrodes always produce different values to
the material under investigation. Further, it can be observed that, while the impedance of
the material is strongly spatially dependent, the electrodes are represented as a constant
function. Focusing on the frequency dependence, it is noticed that the impedance of the
electrodes decreases significantly as the frequency increases, hence the influence of the
electrodes is relevant only at low frequencies. It is also remarkable that the difference
between the electrodes placed on the input and the output is also highlighted.

Figure 4. Piecewise impedance function plotted along the length for different frequency values in

case of the CEM (the 1
κel,1(jω,x)

on the interval [0, 1], the 1
κm(jω,x)

on the interval [1, 10] and the 1
κel,2(jω,x)

on the interval [10, 11] functions are calculated using Equations (26), (25) and (27)), respectively.

The next step in solving the case study using the CEM is to calculate the potentials
based on Theorem 1 and on the derived system of the linear equation in Equation (12). The
first step is to calculate the values of ai−1 (based on Equation (7)), which is easily carried out
using the discretization (Equations (14)–(16)) and the function ρCEM (Equation (28)). There-
fore, the matrix in Equation (12) can be constructed from the values ai−1, while the right-
hand side can be constructed using the measurement properties defined in Equation (19).
The solution of the resulting system of linear equations provides the potential values in
each x obtained in the spatial discretization and at each frequency. The calculated potential
values are depicted in Figure 5.
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Figure 5. Potential values calculated by the exact scheme along the length of the measurement setup

shown in Figure 3.

Figure 5 clearly shows that the sharp potential changes are in the electrodes; in
fact, they are the most important factor that determines the change in potential values.
It is especially noticeable, that although the electrodes are now modeled with constant
functions (Equations (26) and (27)), the steepest changes in potential values occur at the
electrode–matter transition, since the length distribution of the impedance is described
by a discontinuity function (Figure 4) and the potential functions are continuous (but not
differentiable at the discontinuity points). It is interesting to observe that, as a consequence
of the spectral behavior of the electrodes (Equations (26) and (27)), at low frequencies, there
is a high potential difference between the electrodes and the material under investigation,
which decreases significantly with the increasing frequency.

To allow for an easier comparison of the results obtained using the CEM with the
continuous case, the magnitude of the potential values is not only presented graphically
(Figure 5), but also in tabular form. Table 1 summarizes the functions shown in Figure 5
with a representation of the most typical values of the analytical solution of Equation (1),
calculated with mixed boundary conditions in Equation (19) using Theorem 1.

Table 1. Typical values of the potential functions u(x) calculated with the CEM (shown in Figure 5)

at mesh points x = 0, x = 1, x = 5, x = 10, and x = 11.

u(x) (V) 0.1 Hz 10 Hz 25 Hz 63 Hz 158 Hz 398 Hz 1 kHz 10 kHz

x = 0 1.2026 1.1065 0.9691 0.7878 0.5692 0.3635 0.2269 0.1091

x = 1 0.7183 0.6516 0.5524 0.4382 0.3138 0.1996 0.1243 0.0595

x = 5 0.6666 0.6103 0.5308 0.4300 0.3105 0.1984 0.1238 0.0595

x = 10 0.6054 0.5632 0.5073 0.4211 0.3067 0.1967 0.1232 0.0595

x = 11 0 0 0 0 0 0 0 0

The potential values shown in Table 1, based on the spatial discretization defined
in Equations (14)–(16) were chosen at the following grid points: the Neumann boundary
condition (x = 0), the input electrode and material boundary (x = 1), the midpoint of the
material length (x = 5), the output electrode and material boundary (x = 10), and the
Dirichlet boundary condition (x = 11). In Table 1, essentially the same trend is observed
as in Figure 5 and, in addition, it is noted that, with increasing frequency, the individual
potential profiles are better described with constant functions.
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From the modeling of the measurement setup, these main properties can be concluded;
however, it is also clear from Figure 5 that the modeling of the electrode–material interface
is a sensitive area in the field of EIS. Now, let us consider an extended version of the case
study presented so far.

4.3. Continuous Electrode Approach

In the following, consider a case where the measurement setup (in Figure 1) is modeled
with the Cole–Cole model defined in Equation (20) and the electrodes are modeled with
continuous functions. These functions are able to consider the properties of the electrodes
that the CEM is not capable of. This study details the case where the conductivity at the
electrode–material contact points is degraded, for example, due to erroneous electrode
contact setup.

Now, let the complex conductivity of the electrodes be defined with the following
functions:

κ⋆el,1(jω, x) =
(

1 − e10(x−1.01)
)

κel,1(jω, x) x ∈ [0, 1], (29)

and
κ⋆el,2(jω, x) =

(

1 − e−10(x−9.99)
)

κel,1(jω, x) x ∈ [10, 11]. (30)

From Equations (29) and (30), it can be seen that the functions κ⋆el,1(jω, x) and κ⋆el,2(jω, x)
are generated from κel,1(jω, x) and κel,2(jω, x) such that, respectively, by multiplying them
with a special space-dependent function, it results in a significant decrease in conductivity
in the electrode’s material as it approaches the material under investigation. The piecewise
impedance function now takes the following form:

ρ⋆(jω, x) =
1

κ⋆(jω, x)
=























1
κ⋆el,1(jω,x)

, if 0 < x < 1,

1
κm(jω,x)

, if 1 ≤ x ≤ 10,

1
κ⋆el,2(jω,x)

, if 10 < x < 11.

(31)

Figure 6 shows the function κ⋆(jω, x) at only one frequency, 0.1 Hz, due to the high
dynamics of the frequency dependence.

Figure 6. Piecewise κ⋆(jω, x) function plotted along the length for 0.1 Hz frequency value in case of

the continuous electrode approach (the κ⋆el,1(jω, x) on the interval [0, 1], the κm(jω, x) on the interval

[1, 10], and the κ⋆el,2(jω, x) on the interval [10, 11] functions are calculated using Equations (29), (25)

and (30)), respectively.
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Figure 6 clearly shows that the electrodes represented by Equations (29) and (30)
model an extreme measurement artefact. Compared to the previous case in Figure 4,
where the electrodes were represented by the concentrated parameter used by the CEM,
in the case of Figure 6, the electrodes near the points x = 0 and x = L also behave as
concentrated parameters, since their conductivity is constant. However, now, approaching
the investigated material, i.e., x → 1− and x → 10+, the conductivity starts to decrease
very drastically, hence the applicability of the electrode for EI measurements is seriously
reduced. (Naturally, the piecewise function used to model conductivity is always positive
on the interval [0, 11].) A further remarkable feature of the piecewise functions shown
in Figure 6 is that there is a discontinuity at x = 1 and x = 10, since the impedance of
the electrodes is drastically degraded at the boundary of the material, but this property
of the electrodes does not affect the conductivity of the material, hence the conductivity
function defined in Section 4.1 is still obtained. Figure 6 shows the piecewise function
defined in Equation (31) at a single frequency (0.1 Hz) for clarity. Obviously, varying the
frequency generates different functions; however, from Equations (29) and (30), regardless
of the frequency at which the electrode conductivity function is considered, a very drastic
decrease at the material–electrode interface is always apparent.

The impedance functions 1
κ⋆el,1

and 1
κ⋆el,2

are illustrated in Figure 7.

Figure 7. Piecewise impedance function plotted along the length for different frequency values in

case of the continuous electrode approach (the 1
κ⋆

el,1(jω,x)
on the interval [0, 1], the 1

κm(jω,x)
on the

interval [1, 10], and the 1
κ⋆

el,2(jω,x)
on the interval [10, 11] functions are calculated using Equations (29),

(25) and (30)), respectively.

Compared to Figure 4, while most of the findings are still valid, Figure 7 clearly
shows the most important difference: the impedance of the electrodes starts to increase
significantly as they approach the material under investigation. This tendency remains true
regardless of frequency; however, at lower frequencies, where the electrode impedance
becomes dominant, the impedance of the electrodes increases more drastically. Importantly,
the curves with the same color in Figure 7 are still the piecewise impedance functions for
the same frequency.

Based on Theorem 1, using the exact scheme adapted specifically for the measurement
(Equation (12)) and the measurement parameters in Equation (19), the potential values
along the length of the material under investigation can still be calculated. The absolute
values of the potentials are shown in Figure 8 as a function of the frequency and the x
coordinate.
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Figure 8. Potential values calculated by the exact scheme along the length of the measurement setup

shown in Figure 1 (the electrodes were modeled with continuous functions defined using Equations

(29) and (30)).

Typical u(x) potential values in this case can also be presented in tabular form, similar
to Table 1. Table 2 summarizes the functions shown in Figure 8 with a representation of
the u(0), u(1), u(5), u(10), and u(11) values of the analytical solution calculated using the
continuous electrode approach defined in Equation (31).

Table 2. Typical values of the potential functions u(x) calculated with continuous electrode approach

defined in Equation (31) (shown in Figure 8) at mesh points x = 0, x = 1, x = 5, x = 10, and x = 11.

u(x) (V) 0.1 Hz 10 Hz 25 Hz 63 Hz 158 Hz 398 Hz 1 kHz 10 kHz

x = 0 1.2449 1.1402 0.9869 0.7947 0.5720 0.3647 0.2273 0.1091

x = 1 0.7547 0.6806 0.5677 0.4440 0.3162 0.2006 0.1246 0.0595

x = 5 0.6897 0.6286 0.5404 0.4336 0.3120 0.1990 0.1241 0.0595

x = 10 0.6128 0.5694 0.5109 0.4225 0.3073 0.1970 0.1233 0.0595

x = 11 0 0 0 0 0 0 0 0

Table 2 illustrates clearly (in addition to the properties shown in Figure 8) that, when
the frequency increases, the resulting potential profiles are increasingly represented by
constant functions. The modeling of the electrodes with a continuous function have
provided interesting results; as can be seen in Figure 8, the decrease in conductivity
considered for the continuous model visibly modified the potential values measured in the
measurement setup. The properties of the functions shown in Figure 8 are almost identical
to those in Figure 5; however, the shape of the curves is visibly different from the results
calculated using the CEM. The differences between the results are further highlighted in
the following discussion by summarizing the results.

4.4. Discussion

The case studies developed in this study present the mathematical modeling of EIS
measurements using two different approaches to analyze the modeling of electrodes used
in measurements. The investigated material is represented by a location- and frequency-
dependent Cole–Cole model, while the electrodes are modeled with two approaches. In
the first case study, the well-known and widely used CEM approach is utilized, while in
the second, a continuous electrode approach was formulated to exploit exact schemes. The
same material was analyzed in all case studies. While for the CEM approach, a location-
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independent function with constant concentrated parameters was applied, the behavior of
the functions used for the continuous electrode approach modelled the conductivity loss of
the electrodes.

The calculated potential values show that different potential profiles were obtained
for the two electrode approaches. Figure 9 compares the potentials calculated at 0.1 Hz
(Figure 9a) and 1 kHz (Figure 9b), respectively.

(a) (b)

Figure 9. Comparison of potentials obtained by using exact schemes combined with the CEM and the

continuous electrode approach (the calculations are performed at 0.1 Hz (in (a)) and 1 kHz (in (b))).

Figure 8 shows, systematically, that, despite a minimal mathematical change in the ap-
plied functions (Equations (26) and (27) vs. Equations (29) and (30)), where the conductivity
of the electrodes decreases in the direction of the material, the calculated potential values
differ significantly at 0.1 Hz (Figure 9a). The potential profile indicated by the dashed
line takes higher values as it approaches the left endpoint. It is interesting to note that, at
higher frequencies (1 kHz, Figure 9b), the difference disappears as the electrode impedance
becomes insignificant.

Comparing Table 1 and Table 2, it can be seen that the continuous modeling of the
electrodes (although only the impedance of the electrode–matter interface was modified)
affected the calculated potential values. As a consequence of the properties of the functions
used to model the electrodes, the largest difference between the electrode models is ob-
served at the lowest frequency (0.1 Hz). This difference disappears when the frequency
increases. This suggests that the differences arising from electrode modeling are significant
at frequencies where the electrode properties dominate over the material properties. As a
consequence, the inappropriate modeling of the electrodes causes errors in the calculated
potential values, which distort the reconstructed impedance profiles in the case of possible
impedance measurements.

These results certainly bring a new perspective to the completed research for devel-
oping increasingly effective EI measurement and data evaluation procedures. Namely,
the methods presented in this paper can be easily implemented in curricular EI-based
biological research such as the study of non-alcoholic fatty liver disease [30], the rapid
detection of breast cancer in mouse models [31,32], and the development of a new method
for in vitro biological studies [33,34].

5. Conclusions

This paper presents a more complete and extended version of combined EI measure-
ments modeling and its advantages. To achieve this, the introduced exact schemes were
applied by combining the conductivity functions of the material under investigation and the
electrodes into a general piecewise conductivity function. Consequently, the exact scheme
of the ODE, defined in this way, produces the values of its analytical solution in the grid
points independently of the spatial discretization. Accordingly, a general modeling proce-
dure has been developed, which is capable of implementing a conventional CEM approach;
however, it can be efficiently applied to modeling electrodes with continuous functions.

The longitudinal change in the electrode conductivity is dominant in the frequency
range where the electrode impedance is comparable with the impedance of the tested
material. This justifies the use of continuous functions to model the electrodes used for
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measurements in terms of space and frequency. The accuracy of the electrode modeling
affects the potential values obtained since, in both case studies, the same material is
modeled; however, the resulting potentials are different (obviously due to differences in the
electrode models). Consequently, when the purpose of the measurement is to reconstruct
the impedance profile of the material, two different reconstructed impedance profiles may
be obtained for the same material, which is a significant discrepancy. This emphasizes the
need for correct and accurate consideration of the electrode artifacts, which minimizes the
detailed error effects.

6. Future Works

Consequently, the intention is to apply the results presented in this study to the
modeling of EI measurement solutions that have been developed, and to identify several
directions for further development.

The first, and perhaps the most important, task is to transfer the findings presented
in this paper into practical applications, whether in in vitro or human EI measurements,
tomography, or spectroscopy, for each developed prototype. Additionally, the modeling of
electrode anomalies is also a major research topic, where the aim is to investigate how these
phenomena can be represented as continuous functions and how they can be incorporated
into the presented method. Moreover, the aim is to generalize the obtained results to two-
and/or three-dimensional cases, in order to extend the relevance of the method to the whole
range of EI measurements. Further, research on exact schemes for solving model equations
used to describe non-stationary cases for electric field modeling and charge distribution
during electrode–material interaction will play a prominent role in future work.

Author Contributions: Z.V. drafted the manuscript and conceived and performed the experiments.

M.K., N.G. and Z.S. checked the test results and suggested the corrections. P.O., V.T. and A.T.

supervised the research and contributed to the organization of article. All authors have read and

agreed to the published version of the manuscript.

Funding: This research is a part of projects GINOP PLUSZ-2.1.1-21-2022-00249 of the University

of Obuda and 2020-1.1.2-PIACI-KFI-2020-00173 of the University of Dunaujavaros, co-financed

by the Hungarian State. The project has also been supported by grants 009-2023-PTE-RK/27 and

011-2023-PTE-RK/4 of the University of Pécs.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Data are contained within the article.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1. Stupin, D.D.; Kuzina, E.A.; Abelit, A.A.; Emelyanov, A.K.; Nikolaev, D.M.; Ryazantsev, M.N.; Koniakhin, S.V.; Dubina, M.V.

Bioimpedance Spectroscopy: Basics and Applications. ACS Biomater. Sci. Eng. 2021, 7, 1962–1986. [CrossRef] [PubMed]

2. Showkat, I.; Khanday, F.A.; Beigh, M.R. A review of bio-impedance devices. Med. Biol. Eng. Comput. 2023, 61, 927–950. [CrossRef]

[PubMed]

3. Holder, D. Electrical Impedance Tomography: Methods, History, and Applications; Institute of Physics Pub: Bristol, PA, USA, 2005;

ISBN 9780750309523.

4. Adler, A.; Holder, D. Electrical Impedance Tomography: Methods, History and Applications, 2nd ed.; CRC Press: Boca Raton, FL, USA,

2021.

5. Sari, Z.; Klincsik, M.; Odry, P.; Tadic, V.; Toth, A.; Vizvari, Z. Lumped Element Method Based Conductivity Reconstruction

Algorithm for Localization Using Symmetric Discrete Operators on Coarse Meshes. Symmetry 2023, 15, 1008. [CrossRef]

6. Ma, J.; Guo, J.; Li, Y.; Wang, Z.; Dong, Y.; Ma, J.; Zhu, Y.; Wu, G.; Yi, L.; Shi, X. Exploratory study of a multifrequency EIT-based

method for detecting intracranial abnormalities. Front. Neurol. 2023, 14, 1210991. [CrossRef] [PubMed]

7. Naranjo-Hernández, D.; Reina-Tosina, J.; Min, M. Fundamentals, recent advances, and future challenges in bioimpedance devices

for healthcare applications. J. Sens. 2019, 2019, 9210258. [CrossRef]

95



Electronics 2024, 13, 66

8. Vizvari, Z.; Gyorfi, N.; Odry, A.; Sari, Z.; Klincsik, M.; Gergics, M.; Kovacs, L.; Kovacs, A.; Pal, J.; Karadi, Z.; et al. Physical

Validation of a Residual Impedance Rejection Method during Ultra-Low Frequency Bio-Impedance Spectral Measurements.

Sensors 2020, 20, 4686. [CrossRef]

9. Yorkey, T.J.; Webster, J.G.; Tompkins, W.J. Errors caused by contact impedance in impedance imaging. Proc. IEEE/Seventh Ann.

Conf. Eng. Med. Biol. Soc. 1985, 32, 632–637.

10. Cassar, M.G.; Sebu, C.; Pidcock, M.; Chandak, S.; Andrews, B. Optimal design of electrodes for functional electrical stimulation

applications to single layer isotropic tissues. COMPEL Int. J. Comput. Math. Electr. Electron. Eng. 2023, 42, 695–707. [CrossRef]

11. Cheng, K.S.; Isaacson, D.; Newell, J.C.; Gisser, D.G. Electrode models for electric current computed tomography. IEEE Trans

Biomed Eng. 1989, 36, 918–924. [CrossRef]

12. Tyni, T.; Stinchcombe, A.R.; Alexakis, S. A boundary integral equation method for the complete electrode model in electrical

impedance tomography with tests on real-world data. arXiv 2023, arXiv:2305.17294.

13. Darde, J.; Nasr, N.; Weynans, L. Immersed boundary method for the complete electrode model in electrical impedance tomography.

J. Comput. Phys. 2023, 487, 112150. [CrossRef]

14. Park, J.; Jung, B.G.; Kang, J.W. Nonlinear Electrical Impedance Tomography Method Using a Complete Electrode Model for the

Characterization of Heterogeneous Domains. CMES 2023, 134, 1707–1735. [CrossRef]

15. Boverman, G.; Isaacson, D.; Newell, J.C.; Saulnier, G.J.; Kao, T.J.; Amm, B.C.; Wang, X.; Davenport, D.M.; Chong, D.H.; Sahni, R.;

et al. Efficient Simultaneous Reconstruction of Time-Varying Images and Electrode Contact Impedances in Electrical Impedance

Tomography. IEEE Trans. Biomed. Eng. 2017, 64, 795–806. [CrossRef] [PubMed]

16. Lazanas, A.C.; Prodromidis, M.I. Electrochemical Impedance Spectroscopy—A Tutorial. ACS Meas. Sci. 2023, 3, 162–193.

[CrossRef]

17. Acar, G.; Ozturk, O.; Golparvar, A.J.; Elboshra, T.A.; Böhringer, K.; Yapici, M.K. Wearable and Flexible Textile Electrodes for

Biopotential Signal Monitoring: A review. Electronics 2019, 8, 479. [CrossRef]

18. McEwan, A.; Cusick, G.; Holder, D.S. A review of errors in multi-frequency EIT instrumentation. Physiol. Meas. 2007, 28, S197.

[CrossRef]

19. Buendia, R.; Seoane, F.; Bosaeus, I.; Gil-Pita, R.; Johannsson, G.; Ellegard, L.; Lindecrantz, K. Robustness study of the different

immittance spectra and frequency ranges in bioimpedance spectroscopy analysis for assessment of total body composition.

Physiol. Meas. 2014, 35, 1373. [CrossRef]

20. Hwang, J.H.; Kirkpatrick, K.S.; Mason, T.O.; Garboczi, E.J. Experimental limitations in impedance spectroscopy: Part IV. Electrode

contact effects. Solid State Ionics 1997, 98, 93–104. [CrossRef]

21. Fleig, J.; Maier, J. The impedance of imperfect electrode contacts on solid electrolytes. Solid State Ionics 1996, 85, 17–24. [CrossRef]

22. Buendia, R.; Bogonez-Franco, P.; Nescolarde, L.; Seoane, F. Influence of electrode mismatch on Cole parameter estimation from

Total Right Side Electrical Bioimpedance Spectroscopy measurements. Med. Eng. Phys. 2012, 34, 1024–1028. [CrossRef]

23. Montalibet, A.; McAdams, E. A Practical Method to Reduce Electrode Mismatch Artefacts during 4-electrode BioImpedance

Spectroscopy Measurements. In Proceedings of the 2018 40th Annual International Conference of the IEEE Engineering in

Medicine and Biology Society (EMBC), Honolulu, HI, USA, 18–21 July 2018; pp. 5775–5779.

24. Ayllon, D.; Gil-Pita, R.; Seoane, F. Detection and Classification of Measurement Errors in Bioimpedance Spectroscopy. PLoS ONE

2016, 11, e0156522. [CrossRef]

25. Vizvari, Z.; Klincsik, M.; Odry, P.; Tadic, V.; Sari, Z. General Exact Schemes for Second-Order Linear Differential Equations Using

the Concept of Local Green Functions. Axioms 2023, 12, 633. [CrossRef]

26. Tarasov, A.; Titov, K. On the use of the Cole–Cole equations in spectral induced polarization. Geophys. J. Int. 2013, 195, 352–356.

[CrossRef]

27. Li, J.; Ke, S.; Yin, C.; Kang, Z.; Jia, J.; Ma, X. A laboratory study of complex resistivity spectra for predictions of reservoir properties

in clear sands and shaly sands. J. Pet. Sci. Eng. 2019, 177, 983–994. [CrossRef]

28. Dodde, R.E.; Kruger, G.H.; Shih, A.J. Design of Bioimpedance Spectroscopy Instrument With Compensation Techniques for Soft

Tissue Characterization. J. Med. Device 2015, 9, 210011–210018. [CrossRef]

29. Cole, K.S.; Cole, R.H. Dispersion and absorption in dielectrics, I. Alternating current characteristics. J. Chem. Phys. 1941, 9,

341–351. [CrossRef]

30. Gyorfi, N.; Gal, A.R.; Fincsur, A.; Kalmar-Nagy, K.; Mintal, K.; Hormay, E.; Miseta, A.; Tornoczky, T.; Nemeth, A.K.; Bogner, P.; et

al. Novel Noninvasive Paraclinical Study Method for Investigation of Liver Diseases. Biomedicines 2023, 11, 2449. [CrossRef]

31. Meani, F.; Barbalace, G.; Meroni, D.; Pagani, O.; Perriard, U.; Pagnamenta, A.; Aliverti, A.; Meroni, E. Electrical Impedance

Spectroscopy for Ex-Vivo Breast Cancer Tissues Analysis. Ann. Biomed. Eng. 2023, 51, 1535–1546. [CrossRef]

32. Szebenyi, K.; Furedi, A.; Bajtai, E.; Sama, S.N.; Csiszar, A.; Gombos, B.; Szabo, P.; Grusch, M.; Szakacs, G. Effective targeting of

breast cancer by the inhibition of P-glycoprotein mediated removal of toxic lipid peroxidation byproducts from drug tolerant

persister cells. Drug Resist. Updat. 2023, 71, 101007. [CrossRef]

33. Gheorghiu, M. A short review on cell-based biosensing: challenges and breakthroughs in biomedical analysis. J. Biomed. Res.

2020, 35, 255–263. [CrossRef]

34. Wang, H.; Shi, X.; Cao, X.; Dong, X.; Yang, L. Discrimination between human normal renal tissue and renal cell carcinoma by

dielectric properties using in-vitro BIA. Front. Physiol. 2023, 14, 1121599. [CrossRef] [PubMed]

96



Electronics 2024, 13, 66

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

97



Citation: Ha, J.-U.; Kim, H.-W.; Cho,

M.; Lee, M.-C. A Method for

Visualization of Images by

Photon-Counting Imaging Only

Object Locations under

Photon-Starved Conditions.

Electronics 2024, 13, 38. https://

doi.org/10.3390/electronics13010038

Academic Editors: Juan M. Corchado,

Peter Odry and Vladimir László Tadić
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Abstract: Recently, many researchers have been studying the visualization of images and the recog-

nition of objects by estimating photons under photon-starved conditions. Conventional photon-

counting imaging techniques estimate photons by way of a statistical method using Poisson distribu-

tion in all image areas. However, Poisson distribution is temporally and spatially independent, and

the reconstructed image has a random noise in the background. Random noise in the background

may degrade the quality of the image and make it difficult to accurately recognize objects. Therefore,

in this paper, we apply photon-counting imaging technology only to the area where the object is

located to eliminate the noise in the background. As a result, it can be seen that the image quality

using the proposed method is better than that of the conventional method and the object recognition

rate is also higher. Optical experiments were conducted to prove the denoising performance of the

proposed method. In addition, we used the structure similarity index measure (SSIM) as a perfor-

mance metric. To check the recognition rate of the object, we applied the YOLOv5 model. Finally,

the proposed method is expected to accelerate the development of astrophotography and medical

imaging technologies.

Keywords: photon-counting imaging; digital image processing; computational imaging; object

recognition

1. Introduction

Recently, research on estimating and visualizing photons under photon-starved con-
ditions has been conducted in various fields such as aerospace optics, medical optics, etc.
Furthermore, there is a new field of research using photon-counting detectors (PCDs),
which detect photon energy to visualize images [1–19]. The Hubble Space Telescope (HST),
launched from Earth in 1990, is a space telescope developed by the National Aeronautics
and Space Administration (NASA) and the European Space Agency (ESA) that is used for
observational astronomy from space [2]. The HST is equipped with a variety of cameras,
spectrographs, and optical instruments, including a spectrograph optimized for ultraviolet
observation, which uses PCDs with photon-counting technology that perform better than a
CCD (Charge-Coupled Device) at estimating and visualizing ultraviolet photons even un-
der photon-starved conditions such as in space [2–5]. As a result, the HST has enabled the
observation of the expanding universe as well as the Hubble constant measurement project,
which has provided us with a deeper understanding of the universe and its structure [6,7].

Hounsfield was awarded the 1979 Nobel Prize in Physiology or Medicine for develop-
ing and first introducing the medical imaging technology computed tomography (CT) into
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medicine [8,9]. X-ray CT is a medical imaging technique that non-destructively reconstructs
three-dimensional (3D) images of human internal structures. More recently, advances in
X-ray CT imaging technology have led to the development of photon-counting computed
tomography (PCCT), which uses PCDs to estimate individual incoming X-ray photons and
measure their energy levels [10–12]. PCDs can significantly reduce image noise and increase
spatial resolution, and k-edge imaging can be used to measure the concentration of specific ele-
ments for material discrimination. Moreover, these technological advances will reduce radiation
dose by at least 30–40% compared to traditional X-ray CT imaging techniques [10]. Techniques,
such as using PCDs to estimate individual incoming X-ray photons and measure their energy
levels, have been developed by many researchers in recent years [2–14]. However, PCDs may
have some imperfections. First, charge sharing occurs when an X-ray photon arrives near
the boundary between two pixels. This causes the X-ray photon to be detected both times at
the wrong energy, reducing spatial resolution. Second, two independent photons may arrive
at the same pixel at very high speeds, causing the signal to “pile up” and be interpreted by
the electronic processing unit as a single photon. Finally, PCDs can be susceptible to electron
noise, similar to CCDs, and suffer from the problem that measurements become uncertain when
low-energy photons are detected [15]. Many researchers have studied these problems [20], and
research is ongoing to accurately estimate photons to visualize images.

In general, photon-counting imaging techniques use a specialized sensor such as
an EM-CCD camera, rather than a general camera, to acquire images. However, these
specialized sensors require high prices and are difficult to commercialize. To overcome
this problem, in this paper, we use a computational algorithm with a general camera to
implement a photon-counting imaging technique [18,21–26]. Photon-counting imaging
techniques, which estimate photons in a statistical way, may be an alternative to the
conventional PCD problem. The computational photon-counting imaging method is an
image processing technique that solves the hardware problems of photon-counting imaging
by using software methods similar to the physical photon-counting imaging method.
Photon-counting imaging techniques can visualize images by estimating photons that rarely
occur in a unit of time and space based on Poisson distribution [16–19,21–26]. However,
it also has a problem of random noise, and photons can be detected from objects as well
as from the background, which degrade the visual quality of the image. Several studies
have applied filters to remove the random noise in this background, most notably the
median filter or the Kalman filter [21,22]. Using these filters can reduce the quality of the
image because they remove not only background noise, but also information about the
object. To solve these problems, in this paper, we propose a novel photon-counting imaging
method to classify object location and the number of photons by section (COLaNoPS).
Since the conventional photon-counting imaging technique applies a Poisson random
process to all of the image, we can recognize the random noise from both the object and
the background. Therefore, we need to remove noise from the background by applying
Poisson distribution only to the area where the object exists. To estimate the location of an
object, we assume that the photon energy at the location of the object is higher than that
of the background. A threshold for the presence of an object is defined by measuring the
photon energy as a section of a certain size moves throughout it. This algorithm reduces
noise in the background by applying Poisson distribution only to the area in which the
object is present, based on the threshold. As the section moves throughout the image, it
applies spatial overlap to the area where the photons overlap each other to improve the
photon energy of the object. As a result, we can estimate the photon energy of the object,
improving the visual quality of the image.

This paper is organized as follows. In Section 2, we describe conventional photon-
counting imaging techniques and the proposed method that estimates the photon energy of
the object to reduce background noise. Then, we perform the optical experiment and show
the results in Section 3. Finally, in Section 4, we present our conclusions and future works.
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2. Reducing Background Noise by Estimating Photons Only in the Object Area

2.1. Photon-Counting Imaging

The human eye can see objects by converting the properties of light reflected from
them into electrical signals through the rod and cone cells of the retinal cells. The image
sensor (CCD or complementary metal-oxide semiconductor (CMOS) sensor) in the camera
is a device similar to the human eye, which uses the photoelectric effect to detect the
nature of reflected light and can visualize objects. Therefore, the image sensor in the
camera suffers from the inability to visualize objects under photon-starved conditions.
To solve this problem, photon-counting imaging techniques [16–19,21–23] can be one of
the alternatives to visualizing images under photon-starved conditions. Photon-counting
imaging technology estimates photons for an object by applying a statistical process of
Poisson distribution to each image pixel under photon-starved conditions. Furthermore, the
accuracy of the estimated photons can be improved by applying the maximum likelihood
estimation (MLE) and a Bayesian approach such as the maximum a posteriori (MAP). MLE
and MAP are the main methods for solving the classification problems using probability.
MLE is the method of selecting the class with the maximum likelihood, and MAP is the
method of selecting the class with the maximum posterior probability [16,19]. We apply a
Poisson distribution to probabilistically estimate the photons of an object under photon-
starved conditions. We apply MLE and MAP to the estimated photons for solving the
classification problem of determining whether a photon occurs or not. Since photons rarely
occur in unit time and space under photon-starved conditions, we can assume that they
follow a Poisson distribution, and the Poisson distribution is defined by the following
equations:

λE(x, y) =
IE(x, y)

∑
Nx
x=1 ∑

Ny

y=1 IE(x, y)
(1)

CE(x, y)
∣∣ NpλE(x, y) ∼ Poisson

[
NpλE(x, y)

]
, (2)

where λE(x, y) is the normalized intensity of the image at position (x, y) of each elemental
image in the array, IE is the intensity of the elemental image, Nx and Ny are the total number
of image pixels, and x and y are the pixel positions of each elemental image, respectively.
In addition, CE is the estimated photons in the elemental image, and Np is the expected
number of photons for each elemental image. The likelihood function and log-likelihood
function of the λE normalized elemental images are defined as follows [16–19,21–23]:

P
(
Ckl |Npλkl

)
=

k−1

∏
k=0

L−1

∏
l=0

e−Npλkl (Npλkl)
Ckl

Ckl !
, (3)

L
(

Npλkl |Ckl

)
∝

K−1

∑
k=0

L−1

∑
l=0

{
Ckl log

[
Npλkl

]}
−

K−1

∑
k=0

L−1

∑
l=0

Npλkl , (4)

where λkl is assumed to be a matrix of k rows and l columns all extracted independently
from the elemental images. P(Ckl |Npλkl) is the likelihood function, L(Npλkl |Ckl) is the
log-likelihood function. The MLE for estimating by maximizing the likelihood function is
defined as follows:

∂L
(

Npλkl |Ckl

)

∂λkl
=

Ckl

λkl
− Np = 0, (5)

∴ λMLE
kl =

Ckl

Np
. (6)

In Equations (5) and (6), we can define the MLE for the normalized elemental image
λkl as λMLE

kl by taking a partial derivative of L(Npλkl |Ckl) to λkl . As a result, we can derive
the MLE of each elemental image as shown in Figure 1 [16–18].
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Figure 1. Computational photon-counting imaging by MLE.

Figure 1 shows the process of the photon-counting imaging by MLE. However, in
MLE, the estimation accuracy may be low because it uses uniform distribution as the
prior information, which means that the occurrence of photons for each pixel has the same
probability. Therefore, more specific prior information is required to obtain better estimation
accuracy. A Bayesian approach such as MAP uses the specific statistical distribution as the
prior information. In this paper, we assume that the normalized elemental image with the
expected number of photons Npλkl follows a Gamma (Γ) distribution because a general
image has a [0 255] pixel range. The MAP method uses the statistical parameters α and β of
the image’s prior probability distribution, which is defined as a Γ distribution. To estimate
λkl , a posterior distribution is calculated and maximized by multiplying the likelihood
function for each elemental image using prior information [19,21–23].

π
(

Npλkl

)
=

βα

Γ(α)
(Npλkl)

α−1e−βNpλkl , Npλkl > 0 (7)

µ =
α

β
, σ2 =

α

β2
→ α2 =

µ2

σ2
, β =

µ

σ2
, (8)

π
(

Npλkl

∣∣ Ckl

)
∼ Gamma(Ckl + α, (1 + β)), (9)

where π(Npλkl) is a Γ distribution of the normalized elemental image with the expected
number of photons, which is a prior probability distribution and a conjugate prior of
Poisson distribution; α and β are the statistical parameters of the Γ distribution and they
are both positive; µ, σ2 are the mean and variance of Npλkl ; π(Npλkl |Ckl) is modeled
as a conjugate family of distributions for ease of calculating the Gamma distribution,
respectively [22,23].

∴ λMAP
kl =

Ckl + α

Np(1 + β)
, Ckl > 0. (10)

By using Equations (7)–(9), we can calculate the posterior distribution and the estimator
of elemental images as written in Equation (10). The original image is reconstructed using
the mean of the posterior distribution from each elemental image. That is, λMAP

kl can be
defined as the mean of a posterior distribution by MAP [23].

Figure 2 shows the reconstructed images by MLE and MAP under photon-starved
conditions. The MAP method can reconstruct the image by estimating the photons more
accurately than the MLE method under these conditions with the same number of photons.

Figure 3 shows a noisy image from the background when the image is reconstructed
by estimating photons with MAP. To visualize the noise, we increased the brightness by 40%
and decreased the contrast by 40%. As shown in Figure 3, the MAP method can estimate
photons more accurately than the MLE method to visualize the image under photon-starved
conditions. However, since the MAP method applies a Poisson distribution to all areas,
random noise occurs in the background. In this case, the noise in the background degrades
the image quality of the object and makes it difficult to recognize the object accurately.
In the next subsection, we propose a new photon-counting imaging technique to solve
these problems.
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Figure 2. Reconstructed images by photon-counting imaging system under photon-starved condi-

tions. (a) Reference image, (b) image obtained under photon-starved conditions, (c) image recon-

structed by MLE, and (d) image reconstructed by MAP, where Np is 400,000.

Figure 3. Problem with the background noise of photon-counting imaging.

2.2. Proposed Method

To remove background noise from conventional photon-counting imaging techniques,
we propose a novel photon-counting method to classify object location and the number of
photons by section (COLaNoPS). The proposed method, COLaNoPS, estimates photons
in the section where an object is located by calculating the overall intensity of the section
rather than applying Poisson random distribution in all areas, and visualizes it by applying
a Poisson distribution only where the object is located to prevent generating noise in the
background. Furthermore, spatial overlap is used in areas where photons overlap as the
section moves, improving the image quality of objects and the recognition rate of objects.
The proposed method assumes that the overall intensity value of the section in the presence
of the object is higher than in the absence of the object. The method for estimating the
location of an object calculates the overall intensity of the section and the overall intensity
of the image as a section of a certain size is moved. By comparing the background pixel
intensity to the object pixel intensity, we define the threshold for the presence of the object
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using the median value. The thresholds for determining the presence of an object are
as follows.

Iinten(x, y) =
k−1

∑
k=0

L−1

∑
l=0

Ikl and Kinten(x, y) =
k−1

∑
k=0

L−1

∑
l=0

Kkl (11)

γm(x, y) = Med

{
Kinten(x, y)

Iinten(x, y)
× 100

}
(12)

µp =

{
Np, Kinten(x, y) > γm(x, y)
0, Kinten(x, y) ≤ γm(x, y),

(13)

where Iinten(x, y) is the overall pixel intensity of the original image and Kinten(x, y) is the
overall pixel intensity of the section. γm is the threshold to determine the presence of the
object, µp is the estimated number of photons in the object based on the threshold, and Np

is the expected number of photons in each elemental image. The presence of an object is
determined based on a defined threshold to estimate photons in the object.

λ̂MAP
kl =

Ĉkl + α

µp(1 + β)
, µp ≥ 0 (14)

C̃kl

∣∣∣ µpλ̂MAP
kl ∼ Poisson

(
µpλ̂MAP

kl

)
. (15)

Using Equations (14) and (15), we can calculate the posterior distribution and estimator
of the area in which the object exists. λ̂MAP

kl is the posterior mean of the photons estimated
in the object by the Bayesian approach MAP method, and C̃kl is the photon estimated from
the object of each elemental image. The area in which the object exists is modeled using
an estimated posterior mean. As a result, we can define a posterior mean from the MAP
method of the photons estimated in the area where the object exists.

R(x, y) =
1

Ospatial(x, y)

Nx−1

∑
i=0

Ny−1

∑
j=0

λ̂MAP
ij

{
x − Si, y − Sj

}
, Nij > Sij, (16)

where R is the elemental image reconstructed by the COLaNoPS method; Ospatial is the
matrix of spatial overlaps of photons in the object as the section moves; and Si and Sj is
the section’s x and y-axis shifting pixel, respectively. Finally, the photon-counting imaging
technique is applied only to the areas that are estimated to be objects; where photons
overlap, the image can be reconstructed by applying the spatial overlapping.

Figure 4 illustrates a flowchart of the COLaNoPS method. We use the median value to
define a threshold for the presence of an object, and we calculate the spatial overlap in the
space where photons overlap due to section movement. Finally, we visualize the image by
estimating the photons for the object under photon-starved conditions.
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Figure 4. Flow chart of COLaNoPS.

Figure 5 shows the results of the conventional photon-counting imaging technique
and the proposed COLaNoPS method under photon-starved conditions, and shows that
the COLaNoPS method improves the image quality of objects more than the conventional
photon-counting imaging technique.

Figure 5. COLaNoPS method results. (a) Reference image, (b) image obtained under photon-starved

conditions, (c) conventional photon-counting image with Bayesian approach, and (d) reconstructed

image by COLaNoPS, where Np is 400,000.

3. Experimental Setup and Results

3.1. Experimental Setup

In this subsection, we describe the experimental setup to compare the conventional
photon-counting imaging technique with the COLaNoPS method. Figure 6a shows the
experimental setup in this paper. Figure 6b is the image obtained by the experimental setup.
Photon-starved conditions are set by controlling the amount of light in this experiment. In
this experiment, we use a Nikon D5300 to take experimental scenes because our proposed
method is the computational algorithm with a general camera to implement photon-
counting imaging technique as we mentioned earlier in the first section. All three objects
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are metal objects, and they are located at different distances from the camera. The distances
from the camera to the objects are 400 mm, 430 mm, and 460 mm, with a distance difference
of 30 mm for each object.

Figure 6. (a) Experimental setup and (b) the image obtained by the experimental setup.

Table 1 shows the specifications and setup of the camera used in this experiment.
The number of photons is gradually increased from 100,000 to 1,100,000 based on images
obtained under photon-starved conditions.

Table 1. Camera specifications and setup.

Setup Nikon D5300

Resolution 2992 × 2000
Sensor size 23.5 mm × 15.7 mm
Section size 400 × 400

Section shifting pixel 50
Focal length 5 mm

ISO 160

Shutter speed
Normal 5 s

Extremely low-light 180 s

3.2. Results

In this subsection, we show the results of the conventional method and the proposed
method. Figure 7a is the image obtained under normal light conditions, and Figure 7b is the
image obtained under photon-starved conditions. As shown in Figure 7b, the object cannot
be visualized because it is too dark. Figure 7c is the reconstruction result by applying
conventional photon-counting imaging techniques to the image in Figure 7b, which is
not visible to the human eye. Figure 7d shows the reconstruction result by applying
the COLaNoPS technique to the image in Figure 7b. For fair comparison, the number
of photons applied to the images in Figure 7c and Figure 7d is 100,000. As a result, the
reconstructed result by the conventional photon-counting imaging technique as shown in
Figure 7c can visualize the object better than the image in Figure 7b, but it cannot accurately
recognize the object due to the insufficient number of estimated photons. In contrast, the
reconstruction result obtained using the COLaNoPS method as shown in Figure 7d can
visualize the object better than the reconstruction result in Figure 7c, and the object can be
visualized more clearly than the conventional photon-counting imaging technology when
the same number of photons is estimated.
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Figure 7. Reconstruction results. (a) Reference image, (b) image obtained under photon-starved

conditions, (c) image reconstructed by the conventional photon-counting imaging with Bayesian, and

(d) image reconstructed by COLaNoPS method, where Np is 100,000.

Figure 8 shows the background noise generated by the conventional photon-counting
imaging method and the proposed method, and shows the improvement in the quality
of the objects. In this experiment, we increase the brightness by 40% and decrease the
contrast by 40% to visualize the background noise and object noise. Figure 8a is the result
of the conventional photon-counting imaging technique. It shows the random noise in the
background as the Poisson distribution is applied in all areas. Furthermore, objects cannot
be accurately recognized when the number of estimated photons is insufficient. Figure 8b
is the result of the COLaNoPS method. It shows that the background noise is also removed
by applying the Poisson distribution only to the area where the object exists. Furthermore,
by applying spatial overlap to the areas where photons overlap as the section moves, the
object can be visualized more clearly and accurately than the result obtained using the
conventional photon-counting imaging technique as shown in Figure 8a.

Figure 8. Comparison of the noise of the background and the object. (a) Conventional photon-

counting image and (b) COLaNoPS method image, where Np is 100,000.
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Figure 9 shows the images reconstructed for each object by the conventional photon-
counting imaging technique and the COLaNoPS method, where the number of photons is
100,000. Figure 9a,d,g show reference images obtained under normal light conditions. The
objects are listed in the order of car, truck, and bus. All of them are identifiable. Figure 9b,e,h
show the results of applying the conventional photon-counting imaging technology. The
insufficient photon count estimation makes it difficult to identify the object. Figure 9c,f,i is
the result of applying the COLaNoPS method. As shown in Figure 9, in the conventional
method, the numbers or letters cannot be recognized accurately due to random noise. On
the other hand, we can recognize numbers or letters accurately using the proposed method.

Figure 10 shows the result of increasing the number of photons by 1,100,000.
Figure 10a,d,g show the reference image obtained under normal light conditions. The
objects are listed in the order of car, truck, and bus, and all of them are identifiable.
Figure 10b,e,h show the result of applying the conventional photon-counting imaging
technology. The objects are listed in the order of car, truck, and bus, and it is difficult to
identify them due to the lack of estimated photons, similar to Figure 9. Figure 10c,f,i show
the result of applying the COLaNoPS method. The objects are listed in the same order
and the objects can be recognized. As shown in the results of Figures 9 and 10, we can
see that, as the number of assumed photons increases, the photons for the object are more
accurately estimated. As a result, our proposed method can reduce the background noise
and visualize the letters or numbers on the surface of the object more accurately than the
conventional photon-counting imaging technique.

Figure 9. Cropped object images, where objects are car, truck, and bus. (a,d,g) are the reference

images obtained under normal light conditions; (b,e,h) are images obtained using the conventional

photon-counting imaging technique; and (c,f,i) are images obtained using our proposed method,

where Np is 100,000.
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Figure 10. Cropped object images, where objects are car, truck, and bus.(a,d,g) are reference im-

ages obtained under normal light conditions; (b,e,h) are images obtained using the conventional

photon-counting imaging technique; and (c,f,i) are images obtained using our proposed method, Np

is 1,100,000.

Although it is noticed that the proposed method can reconstruct the image under
photon-starved conditions more accurately than the conventional method, the numerical
comparison analysis may be required to verify our proposed method. In this paper, we
use the structural similarity index measure (SSIM) metric for numerical comparison [27].
In SSIM analysis, we measured the change in SSIM as we incremented the photons from
100,000 to 1,100,000. Figure 11 shows the SSIM results for the conventional photon-counting
imaging technique and the COLaNoPS method via various numbers of photons. Figure 11a
shows the performance metrics of SSIM on car images. The average SSIM of the proposed
method is 0.6917, while that of the conventional method is 0.4987, and there is a difference
of about 1.387 times. Figure 11b shows the performance metrics of SSIM on truck images,
where the average SSIM of the proposed method is 0.6363 and that of the existing method
is 0.4336, and a difference of about 1.467 times. Figure 11c shows the performance metrics
of SSIM for bus images, and the average SSIM of the proposed method is 0.6697, while
that of the existing method is 0.3801, a difference of about 1.761 times. It can be seen that
the SSIM value increases with the position of the object, because the closer the object is,
the more photons can be estimated, so the image can be reconstructed clearly. However,
photon-counting imaging cannot accurately estimate photons for dark objects, and dark
objects are subject to frequent random noise. As a result, dark objects such as cars and
trucks have a lower SSIM. As shown in Figure 11, the proposed method in this paper shows
better SSIM results than the conventional method.
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Figure 11. SSIM comparison for (a) car, (b) truck, and (c) bus images.

Figure 12 shows the reconstructed images for each object using the conventional
photon-counting imaging technique and the COLaNoPS method with 100,000 photons.
Figure 12a,d,g show the reference images obtained under normal lighting conditions and
show a magnified image of the numbers or letters on objects. Figure 12 b,e,h show the
results of applying the conventional photon-counting imaging technique. It is difficult to
identify the numbers or letters on objects due to insufficient photons. Figure 12c,f,i present

109



Electronics 2024, 13, 38

the results of applying the COLaNoPS technique. As shown in Figure 12, the numbers or
letters cannot be recognized accurately with the conventional method due to random noise,
while they can be recognized accurately with the proposed method.

Figure 12. Magnified image of the number or character on the object. (a,d,g) are reference images

obtained under normal light conditions; (b,e,h) are images obtained using the conventional photon-

counting imaging technique; and (c,f,i) are images obtained using our proposed method, where Np is

100,000.

Figure 13 uses the peak signal-to-noise ratio (PSNR) [28] metric to compare numbers
and letters on objects. In the PSNR analysis, we measured the change in PSNR when the
number of photons increased from 100,000 to 1,100,000. Figure 13 shows the PSNR results
of the conventional photon-counting imaging technique and the COLaNoPS method for
different numbers of photons. Figure 13a shows the performance metric of PSNR for the
image of letters on the car. The average PSNR of the proposed method is 15.94 and that of
the conventional method is 14.85. Their difference is about 1.073 times. Figure 13b shows
the performance metrics of PSNR for numbers or letters on the truck, where the average
PSNR of the proposed method is 11.78 and that of the conventional method is 11.31. Their
difference is about 1.041 times. Figure 13c shows the performance metrics of PSNR for
characters on the bus, where the average PSNR of the proposed method is 11.44 and that of
the traditional method is 7.647. Their difference is about 1.497 times. As shown in Figure 13,
the proposed method in this paper shows better PSNR results than the traditional method.

Figure 14 shows the object recognition rate by applying the YOLOv5 model [29] to
the results of the conventional photon-counting imaging technology and the COLaNoPS
method. Figure 14a shows the recognition rate of objects for the image obtained under
normal light conditions, where all objects are correctly recognized with a high recognition
rate. Figure 14b shows the object recognition rates for images obtained under photon-
starved conditions. Only the bus object is correctly recognized, and the truck is incorrectly
recognized as a car. Figure 14c shows the recognition rate of objects for the reconstructed
image using the conventional photon-counting imaging technology. Only the truck and
bus objects are recognized, and it shows that the recognition rate of the two objects is
low. Figure 14d shows the recognition rate of objects for the image reconstructed using
COLaNoPS technology. It can be seen that all objects, such as car, truck, and bus, are
recognized more accurately, and the recognition rate is higher than that of the conventional
photon-counting imaging technique.
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Figure 13. PSNR comparison for (a) car, (b) truck, and (c) bus images.
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Figure 14. Object recognition result by YOLOv5. (a) Reference image, (b) image obtained under

photon-starved conditions, (c) image reconstructed using conventional photon-counting imaging,

and (d) image reconstructed using the COLaNoPS method, where Np is 5,984,000.

Finally, the proposed method removes background noise by applying a Poisson distri-
bution only to the areas where objects exist under photon-starved conditions, and improves
image quality by applying spatial overlap. As a result, the object can be visualized by estimat-
ing only the photons for the object, and the recognition rate of the object can be improved.

4. Conclusions

In this paper, we have proposed the COLaNoPS method to remove random noise from
the background by estimating only photons for an object under photon-starved conditions.
The proposed method has solved the background noise problem by calculating the total
intensity of the background and the total intensity of the object as the section moves to
estimate where the object exists, and applying spatial overlap to the areas where photons
overlap. In addition, to verify the effect of the proposed method, we have compared
the numerical analysis of the proposed method using SSIM performance metrics and the
YOLOv5 model. As a result, the proposed method has been able to accurately estimate
photons only for an object better than the conventional method, and improves the image
quality of the object and can improve the object recognition rate of deep learning techniques.

In this experiment, we have applied the median, mean value, and the average of the
maximum and minimum values to define the threshold for determining the presence of an
object, and found that the median value can accurately classify the object. Figure 15 shows
the difference in SSIM among median, mean, and min-max average. The median and mean
values can classify the objects correctly, and we can see that the SSIM for the median value
is slightly higher than that for the mean value. The min-max average does not classify
correctly, so only the bus is visualized. Furthermore, we can see that the min-max average
has the lowest SSIM.
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Figure 15. Result of the SSIM for the median, mean, and min-max average.

The proposed method is expected to contribute to the overall development of tech-
nologies utilizing photon energy, including astrophotography, medical imaging, photon
encryption, autonomous driving, and AR/VR technologies.

The method proposed in this paper is a technology that visualizes 2D images in a
situation where the number of photons is insufficient, but it can be visualized as a 3D image,
and it is judged that the distance information of the object and the image quality of the
object can be improved when reconstructed as a 3D image [30–32].
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Abstract: This research aims to apply an output filtering method to conduct the system parameter
identification of an unstable wheel‑driven pendulum system. First, the nonlinear dynamic model
of the system is established by utilizing the Lagrangian dynamic theorem. Next, the Least‑Square
(LS) is introduced for system parameter identification formulation. Nevertheless, considering the
real scenario, the wheel displacement is acquired from encoders subject to quantization errors. The
pitch angle of the pendulum cart is also accompanied by Gaussian noise. Therefore, using numer‑
ical differentiation for angular acceleration in the LS estimations directly would induce incorrect
state information seriously. To address this practical issue, an output filtering method is considered.
The developed parameter identification algorithm could attenuate the influence of the quantization
effect as well as noisy data and thus obtain much more accurate parameter identification results.
Comparative simulation reveals that the output filtering method has a superior parameter estima‑
tion performance than the direct numerical difference method.

Keywords: pendulum; parameter identification; least square; noise filtering; quantization error

1. Introduction
System parameter identification (SPI) uses the input and output histories to establish

to describe its dynamic behavior [1–4]. Several data‑driven identification methods for a
nonlinear mechanical system can be found in [5,6]. The reasonwhy SPI is important is that
system parameters coupling with states would have a great effect on the system’s dynamic
response. Namely, those parameters represent the system’s features. If those parameters
can be identified accurately, it is without a doubt that the procedure of designing a control
law will become more time‑saving, efficient, and robust.

Nevertheless, without an accurate dynamic model, all attempts at parameter identi‑
fication and rule‑based controller designs are inefficient or even futile. Thus, establish‑
ing an accurate system model becomes the primary step. In the past decade, significant
progress has been made in the research on self‑stabilizing two‑wheeled robots. Various
models and controllers have been employed to interpret and control the dynamics of two‑
wheeled robots. Further research on the dynamic modeling of two‑wheeled robots is also
reviewed in [7]. There are several ways to derive the wheel‑driven pendulum’s dynam‑
ics equation, such as the Newton methods [8] and the Lagrangian dynamic theorem [9].
Among different approaches, this paper adopts the Lagrangian dynamic theorem owing
to its systematic formulation procedures. Moreover, due to the unstable nature of an in‑
verted pendulum, a simple PID controller must be applied firstly to stabilize the system’s
attitude when conducting the SPI processes.

Secondly, based on the derived model, it can be found that the SPI can be formu‑
lated as a standard LS solution. The LS method is widely applied in parameter identifi‑
cations [10,11]. According to the LS, an over‑determined normal equation Y(t) = Φ(t)X
is formulated, where the output vector Y(t) and the observation matrix Φ(t) are the key
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measurements to determine the parameter vector X accurately. To fulfill the observation
matrix Φ(t), some states need to be estimated through numerical differentiation [12,13].
Nonetheless, from the practical realization point of view, the wheel angle data measured
from encoders are subjected to quantization effect. Meanwhile, the measured pitch angle
and angular velocity from an orientation sensor, such as the inertial measurement unit
(IMU), would accompanied by inevitable Gaussian noise. As pointed out in [14], the mea‑
surement noisewill be amplified ifY(t) andΦ(t) contain serious noise, which further gives
rise to a negative influence on parameter identification.

To address the potential issue discussed above, the filter regression model is applied
to the identificationmethodology for robotmanipulators and industrial robots, eliminating
the need for either the measurement or off‑line calculation of the linear and angular accel‑
erations [15–19]. Inspired by the works [20,21], an output filtering method is considered
to tackle this problem and is applied to the unstable wheel‑driven pendulum system. The
advantage of the presented method is that the observation matrix of the filtering method
does not contain the raw noise corrupted measurements, the filtered ones are adopted in‑
stead. Moreover, there is no need to involve the acceleration information, which is not
directly available from sensors. Refer to the associated studies [22,23]; they present an
energy‑based regression model that only involves position and velocity. This approach
avoids using numerical differentiation for acceleration estimations and applies integration
on the joint/motor velocities. However, there is no extra degree of freedom to adjust the
pure integration, which can be taken as a special case of a low‑pass filter. Therefore, the
command trajectories should be properly designed. Recent research [24] has emphasized
the significance of coarse encoder quantization errors in angular measurements, which
introduce noise affecting the estimation of velocity and acceleration. Consequently, the ar‑
ticle addresses this issue by applying the filter‑based method. Notably, in comparison to
the differentiation‑based method found in the existing literature, the filter‑based primary
feature is its avoidance of direct differentiation for velocity information acquisition. More‑
over, the filter‑based approach offers a more efficient approach to mitigate the influence
of quantization noise. Experimental results presented in [24] affirm that filter‑based SPI
surpasses differentiation‑based SPI in terms of parameter estimation accuracy. However,
a simple stable motor system was presented [24]. To exploration the potential capability
of the filter‑based method, this work applied it to highly nonlinear unstable wheel‑driven
pendulum system.

Note that the selection of a filtering operator is highly important. A great integral
operator should preserve the system’s dominant frequencies and filter out the unwanted
noises. Otherwise, the integral operator might distort the dominant frequencies or could
not remove the redundant noises. In summary, the importance of SPI mainly includes
two parts: first, SPI allows control engineers to develop a robust control law more easily;
second, dynamics modeling together with SPI can be used as a digital twin to monitor the
system behavior online [25].

The main contributions of the paper are summarized as follows: (1) extending the
filter‑based SPI to a nonlinear unstable wheel‑driven pendulum system; (2) presenting an
output filtering method which can suppress the Gaussian noise and quantization noise
effects; (3) conducting a performance comparison study between the proposed output
filtering method and the direct numerical differentiation method; and (4) demonstrating
the use of aggressive command input citation can enhance the precision of the parameter
estimations.

2. System Description
The description of the wheel‑driven pendulum dynamics model can be found in [26].

Figure 1 shows the position of the system, where θw and θp are the wheel’s rotational angle,
and the inclined angle of the body, respectively. M represents the mass of the body and
m denotes the mass of the wheels. Jw and Jp are the moment of inertia with respect to the
wheel’s axles of the wheel and the body, respectively. R is the wheel radius. W and L are
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the distance between two wheels and the distance between the wheel and the center of
mass, respectively. The positions of the left and right wheels, and the center of mass are
represented by the coordinates (xi, yi, zi), where i corresponds to l, r, or b.
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Figure 1. Cartesian coordinate of thewheel‑driven cart schematic diagram, where red dot represents
the center of mass of the cart.

2.1. Modeling of a Wheel‑Driven Pendulum Cart
According to the Lagrangian dynamics, it is composed of the kinetic energy T and the

potential energy U, which can be described as L = T − U, in which

L = mR2
.
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Based on the definition of the Lagrangian dynamics, one has

d

dt

(
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.

θq

)

−
∂L

∂θq
= Fq (2)

where q denotes the general coordinate, and Fq represents the general force with respect
to the general coordinate. Hence, the dynamics equation of a wheel‑driven pendulum cart
can be written as

Fθw
=
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and
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where Fθw
, Fθp

denotes the generalized forcewith respect to the general coordinate
[

θw θp

]

,
respectively.

2.2. Model Description of a Motor
The governing equations of the electrical driving circuit and the motor mechanism

can be expressed by

L
di

dt
+ iRm + Kew = Vin (5)

and
Jm

dw

dt
= Kti − Bmw − TL (6)
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respectively, in Equation (5), L is the inductance, Rm is the resistance, Ke is the back emf
constant, Vin is the applied voltage, i is the armature current, and w is the motor’s angular
velocity which is equivalent to the wheel’s angular velocity

.

θw. Moreover, in (6), Jm is the
motor’s moment of inertia, Kt is the torque constant, Bm is the viscous coefficient, and TL

represents the external load.
According to the property that electric power is equivalent to mechanical power, it

follows that (Kew)i = (Kti)w. Therefore, one has Ke = Kt := K. Since the mechanical
dynamics of a wheel‑driven pendulum cart are much slower than electrical dynamics, (5)
reduces to

Vin ≈ iRm + Kw (7)

Based on (4)–(7), the actuator dynamics can be simplified by

Jm
dw

dt
=

K

Rm
Vin −

(

K2

Rm
+ Bm

)

w − TL (8)

The external loads are mainly caused by the friction between the cart’s body and
wheels, and also between the wheels and the ground. Moreover, the influence of the mo‑
tor’s viscosity can be neglected. Thus, TL can be modeled by

TL = fm

( .

θp −
.

θw

)

(9)

Substituting (9) into (8) yields

Jm
dw

dt
= Fθw

(10)

in which
Fθw

= αVin − 2(β + fw)
.

θw + 2β
.

θp (11)

and the equivalent coefficients α and β are

α = 2εKt
Rm

,

β = εKtKb
Rm

+ fm

(12)

Furthermore, because of the inverted pendulum’s physical behavior, it is obvious that
Fθw

= −Fθp
. Therefore, one has

Fθp
= −αVin + 2(β + fw)

.

θw − 2β
.

θp (13)

2.3. Integrate the Model of a Pendulum Cart and Motors
Based on (4), (11) and (13), the complete dynamics equations of the wheel‑driven pen‑

dulum cart can be represented by

αVin = 2(β + fw)
.

θw − 2β
.

θp − MLR
.

θp
2 sin

(

θp

)

+
(

(2m + M)R2 + 2JW + 2ε2 Jm

)

..

θw

+
(

MLR cos
(

θp

)

− 2ε2 Jm

)

..

θp

(14)

and
αVin = 2(β + fw)

.

θw − 2β
.

θp −
(

ML2 + Jb + 2ε2 Jm

)

..

θp + MgL sin
(

θp

)

−
(

MLR cos
(

θp

)

− 2ε2 Jm

)

..

θw

(15)

Apparently, the dynamics of the wheel‑driven pendulum are highly nonlinear and unsta‑
ble. In order to estimate the parameters, the equivalent parameter representation should
be further considered. Moreover, since the system is unstable, a stabilizing control law
must be applied for the collection of input/output excitation signals.
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3. System Parameter Identification
3.1. Least‑Square Algorithm

The LS algorithm has been widely used to identify a system’s parameters since this
approach enables the provision of a globally optimal solution to minimize the residual
error. As a result, the LS algorithm plays an important role in this paper to perform the
system parameter identification.

Consider the regression model as y(t) = ϕ(t)X, in which y(t) ∈ R
p is the output of

the regression model, ϕ(t) ∈ R
p×n is the regressor, and X =

[

X1 . . . Xn

]T
∈ R

n is the
unknown parameter vector to be identified.

Based on a sufficiently long period of observation for t = T, 2T, · · · , NT, where T is
the sampling interval, it gives the following over‑determined equation Y = ΦX, where

Y =











y(T)
y(2T)
...

y(NT)











m×1

, Φ =











ϕ(T)
ϕ(2T)
...

ϕ(NT)











m×n

(16)

and m = pN > n. The LS algorithm aims to determine the estimated parameter
^
X =

[

X̂1 . . . X̂n

]T
∈ R

n to minimize the residual error E, which equals to
min
^
X

∥E∥2
≜ ∥Y− ΦX∥2. For the residual error E, the optimal solution is

^
X =

(

Φ
T

Φ

)−1

Φ
TY ≜ Φ

†Y (17)

in which Φ
† =

(

Φ
T

Φ
)−1

Φ
T is the pseudo‑inverse of the observation matrix Φ, and the

matrixΦ
T

Φmust be invertible. Moreover, it is worth to note that the identified parameters
^
Xwill deviate from their references significantly if obvious noise appears in (16).

3.2. Regression Model of a Wheel‑Driven Pendulum System
To facilitate the system identification, according to (14) and (15), define

X = [X1, X2, X3, X4, X5, X6, X7]
T as follows,

X1 = (2m+M)R2+2Jw
α , X2 = 2εJm

α , X3 = MLR
α ,

X4 = ML2+Jb
α , X5 = MgL

α , X6 = 2(β+ fw)
α , X7 = 2β

α

(18)

Based on the equivalent parameter representation (18), Equations (14) and (15) become

Vin = (X1 + X2)
..

θw +
(

X3 cos
(

θp

)

− X2

)

..

θp − X3

.

θp
2 sin

(

θp

)

+ X6

.

θw − X7

.

θp (19)

and

Vin = −
(

X3 cos
(

θp

)

− X2

)

..

θw − (X4 + X2)
..

θp − X5 sin
(

θp

)

+ X6

.

θw − X7

.

θp (20)

respectively. Next, to apply the LS algorithm, it is necessary to express the unknown sys‑
tem parameters in terms of a linear regression form

τ(t) = ϕ(t)X (21)

in which τ(t) = [Vin(t), Vin(t)]
T and

ϕ(t) =

[ ..

θw

..

θw −
..

θp ϕ13 0 0
.

θw −
.

θp

0
..

θw −
..

θp ϕ23 −
..

θp ϕ25

.

θw −
.

θp

]

(22)
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where
ϕ13 = cos

(

θp

)

..

θp − sin
(

θp

)

.

θ
2

p,

ϕ23 = − cos
(

θp

)

..

θw,

ϕ25 = sin
(

θp

)

(23)

Given the sampled data for t = T, 2T, · · · , NT, the LS equation can be constructed
by Y = ΦX, where

Y =











τ(T)
τ(2T)
...

τ(NT)











2N×1

, Φ =











ϕ(T)
ϕ(2T)
...

ϕ(NT)











2N×7

(24)

Theoretically, the optimal parameters can be obtained by applying the LS solution
^
X = Φ

†Y to minimize the residual error.
However, an examination of the observationmatrixΦ reveals that it involves not only

thewheel rotation angle and the cart’s pitch angle and angular velocity but also thewheel’s
angular velocity, acceleration, and the cart’s pitch angular acceleration. From a practical
realization scenario, thewheel rotation angle can be directlymeasured through an encoder.
Nevertheless, the angle measurement is subject to the quantization effect. Simultaneously,
the pitch angle and the pitch angular velocity are alsomeasurable by an IMU but are prone
to measurement noise. Additionally, the regression matrix (22) includes unmeasurable
variables such as the cart’s pitch angular acceleration, wheel angular velocity, and wheel
angular acceleration, which must be obtained through numerical differencing. It is well
known that the numerical differencing method can significantly amplify the noise. This
amplification of measurement noise leads to the problem formulation of the ideal LS from
Y = ΦX to Y+ ∆Y = (Φ + ∆Φ)X, which causes parameter identification bias even using

the optimal solution
^
X = Φ

†Y. In other words, the reduction in ∆Y and ∆Φ would effec‑
tively contribute to the improvement of parameter identification accuracy. This issue is
going to be addressed by applying a filtering based regression model, introduced in the
following section.

3.3. Filtering‑Based Regression Model
It is well known that themeasurement encoder quantization effect as well as the Gaus‑

sian noisemay be amplified by taking the numerical differentiation. To avoid this potential
weakness, the filtering‑based regression model is considered. In other words, (21) should
be rewritten as

τ(t) =

[

d2

dt2
ϕ2(t) +

d

dt
ϕ1(t) +ϕ0(t)

]

X (25)

in which
ϕ2(t) =

[

θw θw − θp 0 0 0 0 0

0 θw − θp 0 −θp 0 0 0

]

,

ϕ1(t) =

[

0 0 cos
(

θp

)

.

θp 0 0 θw −θp

0 0 − cos
(

θp

)

.

θw 0 0 θw −θp

]

,

ϕ0(t) =

[

0 0 0 0 0 0 0

0 0 − sin
(

θp

)

.

θp

.

θw 0 sin
(

θp

)

0 0

]

(26)

Taking the Laplace transform of (25) yields

τ(s) = ϕ(s)X (27)

in which s represents the Laplace operator; τ(s) andϕ(s) are defined as

τ(s) = L{τ(t)},

ϕ(s) = ϕa(s) +ϕb(s) +ϕc(s)
(28)
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and
ϕa(s) = L

{ ..
ϕ2(t)

}

= s2ϕ2(s)− sϕ2(0)−
.

ϕ2(0),
ϕb(s) = L

{ .
ϕ1(t)

}

= sϕ1(s)−ϕ1(0),
ϕc(s) = L{ϕ0(t)} = ϕ0(s)

(29)

Introduce a double filtering operator

Io(s) =
1

(τ1s + 1)(τ2s + 1)
(30)

where the time constants τ1 ≥ 0 and τ2 ≥ 0 are to be determined. As highlighted in the
recent work [21], the selection of the time constants is supposed to consider the excitation
frequency of the input as well as the dynamic nature of the control system. An inadequate
selection of the time constant may result in an obvious deviation of the identified parame‑
ters. Applying (30) to the Laplace transform (27) gives

τ2 f (s) = ϕ2 f (s)X (31)

where
τ2 f (s) = Io(s)τ(s),

ϕ2 f (s) = ϕ
2 f
2 (s) +ϕ

2 f
1
(s) +ϕ

2 f
0 (s)

(32)

and
ϕ

2 f
2 (s) = Io(s)

(

s2ϕ2(s)− sϕ2(0)−
.

ϕ2(0)
)

,

ϕ
2 f
1
(s) = Io(s)(sϕ1(s)−ϕ1(0)),

ϕ
2 f
0 (s) = Io(s)ϕ0(s)

(33)

To avoid the use of s2ϕ2(s), reformulateϕ
2 f
2 (s) as follows

ϕ
2 f
2 (s) = 1

τ1τ2

1
ν1

(

s2ϕ2(s)− sϕ2(0)−
.

ϕ2(0)
)

= 1
τ1τ2

ϕ2(s) +
1

τ1τ2ν1

[

−ν2ϕ2(s)−
(

s + 1
τ1

)

ϕ2(0)
]

+ 1
τ1τ2ν1

[(

ν2
1
τ1
− 1

τ1τ2

)

ϕ2(s) +
1
τ1

ϕ2(0)−
.

ϕ2(0)
]

= ϕ′
2(s) + Y2,1(s) + Y2,2(s)

(34)

where
ϕ′

2(s) =
1

τ1τ2
ϕ2(s),

Y2,1(s) =
1

τ1τ2

τ2
τ2s+1 [−ν2ϕ2(s)−ϕ2(0)],

Y2,2(s) =
1

τ1τ2

1
ν1

[

1

τ2
1

ϕ2(s) +
1
τ1

ϕ2(0)−
.

ϕ2(0)

] (35)

and
ν1 = (s + 1/τ1)(s + 1/τ2),
ν2 = (1/τ1 + 1/τ2)

(36)

In the same manner, removing sϕ1(s) inϕ
2 f
1
(s) is followed by

ϕ
2 f
1
(s) = 1

(τ1s+1)(τ2s+1) (sϕ1(s)−ϕ1(0))

= 1
τ1τ2

τ1s+1
ν1τ1

ϕ1(s) +
1

τ1τ2

1
ν1

[

− 1
τ1

ϕ1(s)−ϕ1(0)
]

= Y1,1(s) + Y1,2(s)

(37)

where
Y1,1(s) =

1
τ1τ2

τ2
τ2s+1

ϕ1(s),

Y1,2(s) =
1

τ1τ2

1
ν1

[

− 1
τ1

ϕ1(s)−ϕ1(0)
] (38)
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Taking the inverse Laplace transformation of τ2 f (s) = ϕ2 f (s)X yields the filtering‑
based regression model as

τ2 f (t) = ϕ2 f (t)X (39)

in which

τ2 f (t) = L−1
{

τ2 f (s)
}

,

ϕ2 f (t) = L−1
{

ϕ2 f (s)
}

= ϕ
2 f
2 (t) +ϕ

2 f
1
(t) +ϕ

2 f
0 (t)

= ϕ′
2(t) + Y2,1(t) + Y2,2(t) + Y1,1(t) + Y1,2(t) +ϕ

2 f
0 (t)

(40)

whereϕ′
2(t) = ϕ2(t)/τ1τ2. The filtering quantities τ2 f (t), Y2,1(t), Y2,2(t), Y1,1(t), Y1,2(t)

and ϕ
2 f
0 (t) can be estimated by numerically integrating the following matrix differential

equations:
..
τ

2 f
(t) = −ν3

.
τ

2 f
(t)− 1

τ1τ2
τ2 f (t) + 1

τ1τ2
τ(t),

.
Y2,1(t) = − 1

τ2
Y2,1(t)−

ν2
τ1τ2

ϕ2(t),..
Y2,2(t) = −ν3

.
Y2,2(t)−

1
τ1τ2

Y2,2(t) +
1

τ1τ2τ2
1

ϕ2(t),
.
Y1,1(t) = − 1

τ2
Y1,1(t) +

1
τ1τ2

ϕ1(t),..
Y1,2(t) = −ν3

.
Y1,2(t)−

1
τ1τ2

Y1,2(t)−
1

τ1τ2τ1
ϕ1(t),

..
ϕ

2 f
0 (t) = −ν3

.
ϕ

2 f
0 (t)− 1

τ1τ2
ϕ

2 f
0 (t) + 1

τ1τ2
ϕ0(t)

(41)

Among (41), ν3 = 1/τ1 + 1/τ2 and the initial conditions are

τ2 f (0) =
.
τ

2 f
(0) = 0,

Y2,1(0) = − 1
τ1τ2

ϕ2(0),

Y2,2(0) = 0,
.
Y2,2(0) =

1
τ1τ2

(

1
τ1

ϕ2(0)−
.

ϕ2(0)
)

,

Y1,1(0) = 0,

Y1,2(0) = 0,
.
Y1,2(0) = − 1

τ1τ2
ϕ1(0),

ϕ
2 f
0 (0) =

.
ϕ

2 f
0 (0) = 0

(42)

Similar to (16) and (24), and considering the regression model (39), the LS equation
can now be modified by the filtered normal equation Y2 f = Φ2 fX, where

Y2 f =











τ2 f (T)
τ2 f (2T)

...
τ2 f (NT)











2N×1

, Φ2 f =











ϕ2 f (T)
ϕ2 f (2T)

...
ϕ2 f (NT)











2N×7

(43)

Hence, the least‑square solution tominimize the residual error is given by
^
X = Φ

†
2 fY2 f ,

where Φ
†
2 f is the pseudo‑inverse of the filtering operator‑based observation matrix. Com‑

pared to the original LS method, the proposed filtering method only contains the output
measurable position and filtered velocity measurements. In short, the filtering method
avoids the direct use of noisy acceleration measurements through numerical differentia‑
tion estimation and thereby provides a more accurate parameter estimation.

Further, owing to the introduction of the filtering factors τ1 and τ2, the regression
model can suppress the influence of initial condition and the measurement quantization
and Gaussian errors. A guidance of the selection of the filtering factors, which plays a
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significant role in enhancing the accuracy of parameter identification results, has been ad‑
dressed and proven in [21].

Regarding the realization of the filtering method presented in this section, firstly, the
output filtering method is built upon the output filtering‑based regression model (39) and
involves arranging the time histories to formulate the least squares equation for optimal
parameter estimation. The computational process of the entire method is not overly com‑
plex. The filtering quantities at each time point, t = T, 2T, . . . , NT, as indicated in (39), can
be estimated through numerical integration of the matrix differential equation provided
in (41). We have transformed (41) under the assumption of zero‑order hold to a discrete
equation for numerical iteration. Further details regarding the numerical integration can
be found in the Appendix A of reference [24]. Moreover, for the computation of the op‑
timal solution using the least‑squares method, a significant amount of memory may be
required to allocate measurement matrices Φ2 f . Considering the constraints of memory
in embedded systems, it is not feasible to store all time data within the microprocessor.
Therefore, to achieve real‑time parameter identification, an iterative approach is necessary
for the solution of the least squares method. The relevant methodology can be found in
reference [21].

4. Numerical Simulation of the Filtering Method
The following simulation is performed in MATLAB/Simulink with the solver Runge‑

Kutta 4, where the time‑step T = 0.001 s is applied. Since the wheel‑driven pendulum
cart is unstable, to meet the real situation when conducting SPI, a simple proportional–
integral–derivative (PID) controller is implemented based on the linearizedmodel applied
to stabilize the cart’s attitude. The control gains are adjusted as follows: the proportional
(P) gain, the integral (I) gain and the derivative (D) gain are set to be −168, −800, and
−8.8, respectively. Note that the negative sign of the PID gains is from the definition of
the tracking error.

The exact parameters are listed as follows: m = 4.6 kg, L = 1.8 m, M = 110 kg,
R = 0.2413 m, ε = 14, fm = 0.3, Kb = 0.722 Vs/rad, Kt = 0.833 Nm/A, Rm = 0.141 Ω,
Jw = 0.1339 kgm2, and Jb = 87.89 kgm2. The nominal parameters which are used for the
PID control design are set to be around 90% of the exact parameters. The corresponding
reference equivalent parameters are displayed in Table 1.

Table 1. Simple command based on differentiation versus filtering.

Reference
Parameter.

Differentiation‑Based Filter‑Based

Est. Para. Error (%) Est. Para. Error (%)

X1 = 0.0436 0.004628 89.38 0.02921 33.04
X2 = 0.0178 ‑0.006094 134.24 0.03071 72.52
X3 = 0.1149 ‑0.003984 103.47 0.06709 41.60
X4 = 0.8719 0.008320 99.05 0.51477 40.96
X5 = 4.6701 3.43352 26.48 2.85297 38.91
X6 = 0.7268 0.75595 4.012 0.72685 0.0073
X7 = 0.7256 −2.12978 393.52 0.72526 0.0474

In regard to wheel encoder quantization, the resolution 60,000 counts per revolution
is made. Thus, the resulting measurement quantization error is 2π/60, 000 rad/count. On
the other hand, the standard deviation of the noise for pitch angle and its angular velocity
are 0.5 degrees and 0.5 degrees/s, respectively.

The following are the comparison of simulation results between the true parameters
and the identified parameters under the condition: time constants τ1 = 2.25 and τ2 = 6.5,
the initial conditions

[

θw = 0 θp = 0
.

θw = 0
.

θp = 0

]

are applied for all the following
simulations.
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Table 1 summarizes the performance comparison of the SPI between the direct numer‑
ical differentiation method and the proposed output filtering method. The results clearly
illustrate that the proposed SPI method is able to provide a better accuracy as expected.

Moreover, as analyzed in [21], different excitation of the input commands has a sig‑
nificant impact on the observation matrix Φ

−1
2 f Φ2 f . The simpler the command is, the

more likely that the condition number of Φ
−1
2 f Φ2 f would become bigger. In other words,

Φ
−1
2 f Φ2 f is likely to be ill‑conditioned. On the contrary, themore active the input command

is, the more probable that the matrix Φ
−1
2 f Φ2 f is well‑conditioned. Therefore, in this paper,

a simple as well as an aggressive command are applied. To note, the simple command
input is a sinewave while the aggressive command is the combination of several sine and
cosine waves with different frequencies and amplitude. To put it clearly, the simple com‑
mand is designed as Rsimple(t) = 20 sin(t), and the aggressive command is designed as
Raggressive(t) = 3 sin(7t) + 6(cos(4t)− sin(t)) + 10 cos(3t) sin2(5t).

For the system identification of unstable systems, it is it is essential to begin by de‑
signing a controller and performing preliminary parameter tuning to ensure the stability
of the closed‑loop system. However, overly simplistic reference commands may not fully
excite all aspects of the system’s behavior. By employing an aggressive command as a ref‑
erence command to excite the system’s response, the controlled loop generates a control
input signal to achieve the desired dynamic response of the system as close as possible.
Subsequently, system parameter identification is conducted utilizing the closed‑loop con‑
trol input signal and historical data of system outputs. Figure 2 illustrates the input signals
used for closed‑loop parameter identification under aggressive command excitation, while
Figure 3 displays the corresponding system output responses. Apparently, due to the im‑
perfection of the sensors, the input/output signals are contaminated bymeasurement noise.
Therefore, the filter‑based method becomes very important for noise suppression during
the SPI, which has been highlighted in Table 1.
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Figure 2. Input data for system identification.

According to Table 2, it is obvious that the parameters identified through the aggres‑
sive command aremore accurate than the simple command. The results verify the assump‑
tion asmentioned before. In other words, an active command can excite wheel‑driven pen‑
dulum cart’s dynamic responsemore obviously than just a simple command. Note that the
selection of the filter time constants should not filter out the original system’s dynamic re‑
sponse, but should be able to suppress the measurement noise.
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Table 2. Parameter identification results with different excitation command input.

Reference
Parameter

Simple Command Aggressive Command

Est. Para. Error (%) Est. Para. Error (%)

X1 = 0.0436 0.02921 33.04 0.04991 14.46
X2 = 0.0178 0.03071 72.52 0.01276 28.26
X3 = 0.1149 0.06709 41.60 0.10695 6.914
X4 = 0.8719 0.51477 40.96 0.83680 4.027
X5 = 4.6701 2.85297 38.91 4.67882 0.1025
X6 = 0.7268 0.72685 0.0073 0.72695 0.0212
X7 = 0.7256 0.72526 0.0474 0.70581 2.7282
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Based on the identified parameters, Figure 4 demonstrate the association output pre‑
dictions. The red line represents the exact output response from true parameters. As for the
blue and green line, the former stands for the prediction of parameters identified through
simple command, while the latter is the prediction of parameters identified through ag‑
gressive command. One can observe that, from Figure 5, the RMSE (Root Mean Square
Error) of the output prediction based on applying the identified parameters is very small.
According to the simulation results, the RMSE for wheel angle output prediction is 0.3260
for the aggressive command and 0.2423 for the simple command, respectively. Besides,
the RMSE for pitch angle output prediction is 6.8181e‑04 for the aggressive command and
0.0016 for the simple command. Also, the RMSE for wheel angular rate output predic‑
tion is 0.1585 for the aggressive command and 0.1267 for the simple command. Lastly, the
RMSE for pitch angular rate output prediction is 0.0064 for the aggressive command and
0.0201 for the simple command.

It is evident that states related to pitch, including pitch angle and pitch angular rate,
exhibit lower output prediction errors when excited through an aggressive command com‑
pared to those excited by a simple command. In contrast, states associated with the wheel,
although not showing significantly lower output prediction errors when excited through
an aggressive command than when excited through a simple command, display very sim‑
ilar errors between the two cases.

This phenomenon can be attributed to the fact that the response of parameters identi‑
fied through an aggressive command is superior to that of parameters identified through a
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simple command. The rationale behind this lies in the active command input’s capability
to reduce the condition number of the observation matrix for the wheel‑driven pendulum
system. This reduction prevents the system from becoming ill‑conditioned and thereby
enhances the accuracy of parameter identification.
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In the context of closed‑loop system identification, the performance of system iden‑
tification can be evaluated not only through the prediction of output responses but also
by calculating the corresponding control inputs using the controller, thereby enabling con‑
trol input predictions. Based on the results of closed‑loop system identification, Figure 6
presents predictions of control inputs, comparing these predictions with both the mea‑
sured and exact control inputs.
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In Figure 6, the gray line represents the control input signal of the actual system with
outputmeasurement noise, the red line corresponds to the exact control input signal, while
the green and blue lines represent the predicted control inputs obtained through the exci‑
tation of an simple command and an aggressive command, respectively. It is evident from
the graph that the accuracy of control input prediction is influenced by the accuracy of pitch
angle prediction, as control inputs are derived from the error between the reference com‑
mand and the pitch angle. Consequently, the predictions generated through aggressive
command excitation exhibit higher accuracy compared to those obtained through simple
command excitation when compared to the exact control inputs.

When applying an output filtering method, it is necessary to perform numerical inte‑
gration for specific system states as shown in (41), where the associated initial values for
the integration is provided by (42). Consequently, any uncertainty in the initial value lead‑
ing to bias results in the accumulation of errors in the system state over time, affecting the
accuracy of the system state integration solution and, consequently, reducing the precision
of parameter identification. Based on (42), it is evident that increasing the values of the fil‑
ter parameters τ1 and τ2 can mitigate the impact of initial value uncertainty on numerical
integration. To validate this statement, extra simulations are conducted to evaluate the ac‑
curacy of parameter identification under different cases. In order to clearly point out how
the selection of the parameters τ1 and τ2 can affect the precision of the SPI, the following
numerical cases are applied in the absence of output measurement noise. The results are
summarized in Table 3.

Table 3. The impact of various filter parameters on parameter identification results with initial value
deviation.

Ref. Para.

Correct Initial Value Initial Value with Uncertainty (θp Deviation Is +0.5 Degrees)

Case A. τ1 = τ2 = 0.014 Case B. τ1 = τ2 = 0.014 Case C. τ1 = τ2 = 0.14 Case D. τ1 = τ2 = 4.2

Est. Para. Error (%) Est. Para. Error (%) Est. Para. Error (%) Est. Para. Error (%)

X1 = 0.0436 0.04355 0.1074 0.00590 86.458 0.04033 7.4825 0.05016 15.053
X2 = 0.0178 0.01781 0.0764 0.03485 95.787 0.01959 10.059 0.01248 29.844
X3 = 0.1149 0.11475 0.1239 ‑0.00727 1.0633 0.10586 7.8629 0.12766 11.106
X4 = 0.8719 0.87128 0.0707 ‑0.01024 1.0117 0.80374 7.8169 0.97554 11.886
X5 = 4.6701 4.66554 0.0974 0.65966 85.874 4.34846 6.8870 5.24997 12.416
X6 = 0.7268 0.72684 0.0061 0.72719 0.0546 0.72684 0.0064 0.72686 0.0084
X7 = 0.7256 0.72516 0.0600 0.72203 0.4914 0.72592 0.0442 0.71614 1.3031

In this simulation comparison study, the controller parameters and initial system set‑
tings remain consistent with the previous simulations. As mentioned previously, the max‑
imum system frequency of unstable systems is typically challenging to estimate before‑
hand. Therefore, the easiest way for the design of the filter parameters (τ1, τ2) is based on
the system’s reference commands, see [10,11,18]. In Case A, serving as the ground truth,
there is no initial value bias. Considering a cutoff frequency of the output filter that is
10 times the maximum reference command frequency, the filter parameters are designed
with τ1 = τ2 = 0.014. In Case B, using the same filter parameters, the initial value uncer‑
tainty introduced by the IMU‑based estimation of pitch angle is accounted for. Here, the
initial value of the pitch angle bias is set to bewith positive 0.5 degrees. Furthermore, tomit‑
igate the effects of initial value uncertainty and assess the impact of increased filter param‑
eters, we further conduct Case C, where filter parameters are adjusted to τ1 = τ2 = 0.14.
To further discuss an inadequate selection of the parameters degrade the SPI precision,
the Case D, where filter parameters are increased to τ1 = τ2 = 4.2, is demonstrated while
keeping the same level of initial value uncertainty bias.

From Table 3, it can be observed that, as the ground truth in Case A, since there is no
noise interference or initial value uncertainty, the filter‑based SPI results in very low pa‑
rameter estimation errors. However, under the influence of initial value bias in Case B, the
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accuracy of parameter identification is indeed affected, with some parameter estimation
errors reaching up to 95%. To address the SPI error caused by initial value uncertainty,
as shown in Case C, appropriately increasing the filter parameter values can effectively
mitigate the impact of initial value uncertainty and reduce parameter estimation errors.
Nevertheless, it should be emphasized that the filter parameter values cannot be infinitely
increased, as previously discussed in the article. The concept of output filtering is based
on the removal of noise from output data, and the physical significance of filter parameters
is the cutoff frequency of the filter. Therefore, excessive increases in filter parameters may
suppress the system’s dominant frequency response, making the original system behavior
unobservable, which in turn decreases the accuracy of parameter estimation, as demon‑
strated in Case D.

In summary, whenusing the output filteringmethods, the selection of the filter param‑
eters carries significant implications. For unstable systems, under the condition of meeting
basic tracking requirements, filter parameter design can be based on the maximum fre‑
quency of reference commands in the closed‑loop control. The adjustment of filter param‑
eters should not solely focus on noise removal, but should also consider the suppression
of uncertainties in system initial value measurements.

Based on the above simulations, we can firmly conclude that the use of filtering‑based
system parameter identification can be applied to the nonlinear and unstable wheel‑driven
pendulum system successfully; the second‑order output filtering method does not require
the use of noisy acceleration signals, thus enabling more accurate parameter estimation;
the filtering method is able to suppress the effects of Gaussian noise and quantization
noise effectively; incorporation of aggressive command input can enhance the precision
of parameter estimation.

Remark 1. In the process of system identification, unstable systems may lead to adverse experimen‑
tal outcomes or even pose safety hazards. Therefore, utilizing closed‑loop system identification not
only ensures the stability during the SPI but also effectively estimates the parameters of unstable
systems, subsequently reducing system uncertainties in later stages of control design. Furthermore,
employing unstable systems for closed‑loop model estimation as an application of digital twins holds
significant value. Given the unique physical characteristics of unstable systems, arbitrary adjust‑
ments to system controller parameters may result in system divergence, or even more severe con‑
sequences such as system damage. Leveraging the concept of a digital twin, designers can perform
preliminary assessments of physical systems within a virtual model and proceed with controller
design. Through simulations, they can evaluate the expected performance of the controller, thus
verifying the feasibility and effectiveness of the controller design. Ultimately, these designs can be
applied to real‑world systems, ensuring a safer and more reliable development of controllers prior
to implementation and optimization.

5. Conclusions
This paper introduces an output filteringmethod to identify the system parameters of

a nonlinear unstable wheel‑driven pendulum cart. The detailed equations of motions and
the associated measurement equations for the parameter identification are derived. Con‑
sidering the real scenario, the measurement quantization as well as the Gaussian noises,
which have a considerable impact on parameter estimations, are both taken into account.
According to the presented filtering method, it cannot only suppress noisy acceleration,
but preserve the dominant frequencies of the system’s response aswell. Simulations firmly
demonstrate that the presented output filtering method is superior to the direct numerical
differentiation method. Furthermore, to excite the special dynamic response of the pen‑
dulum cart, a simple command and an aggressive command are applied to the system,
respectively. Associated results show that the more active the reference command is, the
more accurate the estimation results could be. In conclusion, precise system parameters
can be obtained by applying the presented output filtering algorithm even in the presence
of the measurement quantization effect as well as the measurement noise. Simulations are
carried out to verify the feasibility of the purposed method.
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Abstract: Reinforcement learning (RL) has demonstrated considerable potential in solving chal-

lenges across various domains, notably in autonomous driving. Nevertheless, implementing RL in

autonomous driving comes with its own set of difficulties, such as the overestimation phenomenon,

extensive learning time, and sparse reward problems. Although solutions like hindsight experience

replay (HER) have been proposed to alleviate these issues, the direct utilization of RL in autonomous

vehicles remains constrained due to the intricate fusion of information and the possibility of system

failures during the learning process. In this paper, we present a novel RL-based autonomous driving

system technology that combines obstacle-dependent Gaussian (ODG) RL, soft actor-critic (SAC), and

meta-learning algorithms. Our approach addresses key issues in RL, including the overestimation

phenomenon and sparse reward problems, by incorporating prior knowledge derived from the ODG

algorithm. With these solutions in place, the ultimate aim of this work is to improve the performance

of reinforcement learning and develop a swift, stable, and robust learning method for implementing

autonomous driving systems that can effectively adapt to various environments and overcome the

constraints of direct RL utilization in autonomous vehicles. We evaluated our proposed algorithm

on official F1 circuits, using high-fidelity racing simulations with complex dynamics. The results

demonstrate exceptional performance, with our method achieving up to 89% faster learning speed

compared to existing algorithms in these environments.

Keywords: reinforcement learning; meta learning; deep reinforcement learning; autonomous driving;

robot operating system

1. Introduction

Reinforcement learning (RL) has recently gained notable attention in various fields,
including autonomous driving, due to its capability to address unanticipated challenges in
real-world scenarios. Autonomous driving software defects can pose potential risks, thus
developing safe and efficient methods when using AI technologies for autonomous driving
systems is important [1]. Autonomous driving systems, by employing RL algorithms, are
able to accrue experience and refine their decision-making procedures within dynamic
environments [2–4]. This can be largely attributed to RL’s inherent ability to adapt and learn
from complex and fluctuating situations, demonstrating its aptitude for these applications.
The basic concept of RL lies in the structure of Markov decision processes (MDP), a system
where algorithms learn via a trial-and-error approach, striving to reach predetermined
objectives by learning from mistakes and rewards. The aim of RL is to optimize future
cumulative rewards and formulate the most efficient policy for distinct problems [5]. Recent
integration of deep learning with RL has demonstrated promising outcomes across various
domains. This involves the employment of advanced neural networks such as convolutional
neural networks (CNNs), multi-layer perceptrons, restricted Boltzmann machines, and
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recurrent neural networks [6,7]. By fusing reinforcement learning with deep learning, the
system’s learning capabilities are significantly enhanced, allowing it to process complex
data such as sensor feedback and environmental observations, thus facilitating more
informed and effective driving decisions [8]. However, the application of RL to autonomous
driving presents a unique array of challenges, particularly when it comes to deploying RL
in real-world environments. The uncertainties inherent in these environments can make the
effective execution of RL quite challenging. As a result, researchers often struggle to achieve
optimal RL performance directly within the actual driving context, highlighting the various
obstacles encountered when applying RL to autonomous driving [9]. Several challenges
plague the application of RL to autonomous driving: overestimation phenomenon, learning
time, and sparse reward problems [10,11].

Firstly, the overestimation phenomenon is prevalent in model-free RL methods, such
as Q-learning [12] and its variants like the double deep Q network (DDQN) [13,14] and
dueling DQN [15]. These methods are susceptible to overestimation and incorrect learning,
primarily due to the combination of insufficiently flexible function approximation and the
presence of noise, which lead to inaccuracies in action values. Secondly, the significant
amount of learning time required is another hurdle. When RL is fused with neural networks,
it generates policies directly from interactions with the environment, bypassing the need
for a basic dynamics model. However, even simple tasks necessitate extensive trials and
a massive number of data for learning. This makes high-performance RL both time-
consuming and data-intensive [16]. Lastly, the issue of sparse reward arises during RL
training. This presents challenges in scenarios where not all conditions receive immediate
compensation. Although techniques like hindsight experience replay (HER) [17,18] have
been proposed to mitigate this issue, the direct application of RL to autonomous vehicles is
still limited due to the complex fusion of information and potential system failures during
the learning process. This paper addresses the challenges of RL in autonomous driving and
reduces the reliance on extensive real-world learning by introducing a set of innovative
techniques to enhance the efficiency and effectiveness of RL: data preprocessing through
obstacle-dependent Gaussian (ODG) [19,20] DQN, prior knowledge through Guide ODG
DQN, and meta-learning-based guided ODG DDQN.

The data preprocessing method employs the ODG algorithm to combat the overesti-
mation phenomenon. By preprocessing distance information through ODG DQN, it allows
for more accurate action values, fostering stable and efficient learning [21]. The prior knowl-
edge method draws on human learning mechanisms, incorporating knowledge derived
from the ODG algorithm. This strategy mitigates the issue of sparse rewards and boosts the
learning speed [22], facilitating more effective convergence. Lastly, the meta-learning-based
guide rollout method uses ODG DQN to address complex driving decisions and sparse
rewards in real-world situations. By enriching prior knowledge using a rollout approach,
this method aims to create efficient and successful autonomous driving policies.

Our main contributions can be summarized as follows:

• Efficiency and speed of learning: The newly proposed RL algorithm utilizes ODG
DQN on preprocessed information, enabling the agent to make optimal action choices,
which significantly enhances the learning speed and efficiency.

• Improvement of learning stability: With the use of prior knowledge, the guide-ODG-
DQN helps mitigate the issue of sparse rewards, thus increasing the learning stability
and overall efficiency.

• Adaptability to various environments: The meta-learning-based ODG DDQN lever-
ages model similarities and differences to increase learning efficiency. This allows
for the reliable training of a universal model across diverse environments, with its
performance demonstrated in environments like Gazebo and Real-Environment.

In this context, the purpose and objectives of this study are to propose a stable and effi-
cient reinforcement learning method to effectively address the overestimation phenomenon,
learning time, and sparse reward problems faced in the field of autonomous driving. By
doing so, we aim to improve the performance of reinforcement learning, overcome the
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obstacles for implementing autonomous driving systems in real environments, and provide
more stable and efficient vehicle control strategies.

The remainder of this paper is organized as follows: in the stable and efficient method
section, we mainly introduce the proposed reinforcement learning algorithm. To verify
the effectiveness of our work, the experimental evaluations and necessary analysis are
presented in the experiment. Finally, we summarize our work in the Conclusions section.

2. Stable and Efficient Reinforcement Learning Method

LiDAR (light detection and ranging) information serves as an invaluable perspective
for autonomous driving systems, functioning much like a driver’s sense by identifying
obstacles through environmental analysis. LiDAR-based RL methods have found extensive
application in research focused on judgement and control within autonomous driving
systems such as the partially observable Markov decision process (POMDP) [23]. How-
ever, learning methodologies based on Q-learning, such as DDQN, encounter persistent
overestimation issues, posing obstacles to the enhancement of learning efficiency and
convergence speed.

To mitigate these issues, we propose a method that preprocesses and transforms the
LiDAR value into valuable information attuned to the operating environment, implement-
ing it as the ODG technique [24]. This approach, as depicted by the ODG module (in
yellow) of Figure 1, is designed to reduce learning convergence time and boost efficiency
by preprocessing RL input data, thus remedying scenarios with inaccurate action values.
Furthermore, we introduce the concept of prior knowledge to address the sparse rewards
issue that impedes RL’s learning stability [25]. By integrating prior knowledge information
from sparse reward sections, as demonstrated in the guide-ODG-DQN framework shown
in the guide module (in blue) of Figure 1, we can enhance learning stability.

Figure 1. Process flow of stable and efficient reinforcement learning using proposed method.

It is noted that in RL, model performance can decline when the learning environment
changes. Thus, we propose the meta-Guide ODG-DDQN method, represented in the target
reward module (in purple) in Figure 1, to devise a more robust and adaptable RL algorithm.
After training the model according to an initial goal, we modify the reward function to
attain subsequent objectives. This approach effectively communicates the action value to
the agent in diverse obstacle environments with reliability and swiftness. The proposed
methodology consists of three progressively developed algorithms.
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2.1. ODG DQN

Overestimation, a consequence of inaccurate action values, is underscored as a critical
issue in the DDQN literature [13,26–28]. Traditional LiDAR information incorporates an
infinite range, which represents all information at the maximum distance or the value of
obstacle-free spaces. This arrangement leads to an overlap of LiDAR information within
the system, causing overestimation and impeding the model’s ability to select these infinite
values. In Q-learning, this predicament can be defined by Q(s, a) = V∗(s) for a given state
s, as detailed in Equation (1). When environmental noise triggers an error, it is defined per
Equation (2). If the max function is applied at the moment of peak value in Q-learning
for action selection, the expression aligns with Equation (3). The bias, symbolized by√

C/m − 1, causes the model to overestimate the bias relative to the optimal value with
Q-learning [12,13].

∑
a

(Qt(s, a)− V∗(s)) = 0, (1)

1

m ∑
a

(Qt(s, a)− V∗(s))2 = C, (2)

maxaQt(s, a) ≥ V∗(s) +

√

C

m − 1
, (3)

where m is the number of actions and C is a constant.
To address this overestimation, our algorithm utilizes the ODG module to preprocess

state values. Illustrated in Figure 2, this module, based on Equation (4) with DQN [6], is
engineered to establish an optimized steering angle model for the agent via Q-learning-
based RL. This paves the way for the development of an optimized path plan built on the
steering angle generated by the agent.

Q(st, at) = E[rt + γmaxaQ(st+1, a)]. (4)

Figure 2. ODG DQN structure.

LiDAR information, a principal component in autonomous driving systems, is prepro-
cessed via the ODG module, subsequently offering the processed data to the RL approach
as the state value. Through the use of a Gaussian distribution, the ODG module converts
LiDAR information into continuous values. As depicted in Figure 3, the creation of a
unique state happens when an agent selects an action, preventing the duplication of action
values and facilitating a more efficient selection of the optimal action value in accordance
with the equation.

135



Electronics 2023, 12, 3773

Figure 3. Overestimation in Q-learning.

For the implementation of our proposed algorithm to RL using LiDAR information, a
standard procedure in autonomous vehicles, we employ ODG-based preprocessed LiDAR
information. As demonstrated in Figure 4, the yellow line corresponds to the original
LiDAR data, whereas the blue line symbolizes post-processed data. These data include
information on obstacle location and size, derived using Equation (5) with ODG [19].

a = frep(θi) =
n

∑
k=1

Ak exp(− (θk − θi)
2

2σ2
k

), (5)

where
Ak = (dmax − dk) exp(0.5), (6)

Q(s∆
t , at) = E[rt + γmaxaQ(s∆

t+1, a)]. (7)

In contrast to the overlapping LiDAR information provided by conventional methods,
ODG supplies non-overlapping LiDAR data, adjusting the maximum range according
to the obstacle’s size and distance. This preprocessing enables the agent to make more
efficient decisions related to optimal action values based on the processed information,
thereby enhancing both the speed and efficiency of learning. The reward function used for
training is defined in Equation (8).

R = Rg + Rv + Rψ. (8)

where Rg represents the target reward, Rv denotes the reward for speed, and Rψ signifies
the reward for steering angle.

Figure 4. Difference between traditional LiDAR and ODG information.
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2.2. Guide ODG DQN

The soft actor critic (SAC) method [29] is a robust approach that allows for the ob-
servation of multiple optimal values while avoiding the selection of impractical paths.
This facilitates a more extensive policy exploration. The SAC employs an efficient and
stable entropy framework for the continuous state and action space. As delineated in
Equation (10) with SAC [29], the SAC learns the optimal Q function through updating
Q-learning via the maximum entropy RL method.

∑
t

E(st ,at)∼ρπ
[r(st, at)], (9)

J(π) =
T

∑
t=0

E(st ,at)∼ρπ
[r(st, at) + αH(π(·|st))]. (10)

The algorithm initially makes the guide value sparse and, as learning progresses,
gradually densifies it, employing the gamma value as outlined in Equation (12) with
SAC [29]. The term min A is representative of the environmental vehicle.

minψ A < ∆ψ < maxψ A, (11)

v = maxψ A − |∆ψ|. (12)

A report on hierarchical deep RL, an approach that implements RL via multiple
objectives, emphasized the need to solve sparse reward problems as environments become
increasingly diverse and complex. Normally, in problems tackled by RL, rewards are
generated for each state, like survival time or score. Every state is linked to an action,
receives a reward, and identifies the Q-value so as to maximize the sum of the rewards.
However, there are instances where a reward may not be received for each state. These
scenarios are referred to as sparse rewards.

Q(st, at) = E[rt + αγGmaxaQ(st+1, a) + (1 − α)γmaxaQ(st+1, a)], (13)

where
Gmaxa f (a) := Guideaction(S

∆
t+1). (14)

Our proposed solution to these issues is the guide-ODG-DNQ model that integrates
SAC with ODG-DQN. This proposed guide-ODG-DQN algorithm transforms the initial
Q-value from the state value. This value is extracted from the environment, and it is
connected with the ODG formula, which is our prior knowledge, and the LiDAR value
extracted with ODG, as depicted in Figure 5. The algorithm extracts a guide action that
minimizes the cases where a reward is not received for every state.

The guide-ODG-DQN is designed to store high-quality information values in the
replay memory from the outset based on prior knowledge. The agent then continues learn-
ing based on this prior knowledge, facilitating easier adaptation to various environments
and enabling faster and more stable convergence. Moreover, to prevent over-reliance on
prior knowledge that could compromise the effectiveness of RL, the agent learns from its
own experiences during the learning process, which are represented by the gamma value.
The agent also contrasts this newly learned information with the values derived from the
existing prior knowledge. Consequently, our proposed guide-ODG-DQN mitigates the
sparse reward phenomenon, thereby enhancing both the stability and efficiency of the
learning process.
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Figure 5. Structure of guide-ODG-DQN.

2.3. Meta-Learning-Based Guide ODG DDQN

RL is fundamentally a process of learning through trial and error. The RL agent must
experience a diverse set of situations, making decisions in each scenario to understand
which actions yield the highest rewards. Striking a balance between experimentation,
to ensure no high-reward actions are overlooked, and leveraging acquired knowledge
to maximize rewards is crucial. However, achieving this balance typically necessitates
numerous trials and, consequently, large volumes of data. Training an RL agent with
excessive data might result in overfitting, wherein the agent conforms too closely to the
training data and fails to generalize well to new circumstances.

To overcome these limitations, we introduce a novel method known as meta-learning-
based guide-ODG-DDQN. This approach involves storing rewards for each step an integral
part of RL in the replay memory, with the stored rewards divided according to the number
of targets to be learned as shown in Figure 6. This model facilitates few-shot learning within
RL by training the model to recognize similarities and differences, thus preparing it to
perform proficiently in unfamiliar environments with minimal data. The training is guided
by two main objectives. The first is to train the target model using the initial reward, while
the second is to continue learning by reducing the weight assigned to the initial reward and
increasing the weight of the reward for the subsequent target, as depicted in Equation (15).

RΛ = γRJ1
+ (1 − γ)RJ2

, γ ∈ [0, 1]. (15)

By applying our meta-learning-based ODG RL, the model achieves multiple significant
outcomes. It allows for the training of a universal model that can operate reliably across
various environments. The model’s efficiency of learning is boosted due to its ability to
identify similarities and differences. Furthermore, learning can proceed using a common
target while preserving the existing target. In essence, the proposed algorithms augment
the efficiency and stability of traditional RL methods, safely accelerating the learning speed
within a virtual environment, which ultimately improves efficiency when the model is
implemented in real-world environments.
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Figure 6. Structure of meta-learning-based guide-ODG-DDQN.

3. Experiment

In the process of validating our proposed algorithm, we conducted an experiment
evaluating key aspects such as learning efficiency, stability, strength, and adaptability to
complex environments. Learning efficiency was determined by examining the highest
reward achieved as learning started to converge, in relation to the number of frames
experienced in the virtual environment. The DQN algorithm was used as the basis to
analyze the rate of convergence and the magnitude of the reward. For the evaluation of
learning stability, we assessed the consistency between the path plan generated through RL
(PRL) and the target path produced by ODG (PODG). Here, Pk represents the set of paths.
This assessment involved the use of the root mean square error (RMSE), where PRL and Pi

represent the path plans formed through RL and ODG, respectively. The route yielding the
highest reward was considered optimal. Finally, we evaluated the algorithm’s performance
in complex environments. This part of the evaluation was focused on the vehicle’s ability
to effectively navigate through real world maps, leveraging learning strength. We also
tested the resilience and adaptability of the algorithm when faced with unfamiliar scenarios
without further training. Metrics such as entry and exit speed, as well as racing track
lap time, were used to measure performance. The evaluation environments were chosen
with care for distinct aspects of the study: the Gazebo map was used to evaluate learning
efficiency and stability, the Sochi map for learning strength, and the Silverstone map to
test adaptability to complex conditions, as shown in Figure 7. The experiment setup was
designed to reflect real world dimensions, such that each unit length in the simulation
corresponded to one meter in reality [30,31].

(a) (b) (c)

Figure 7. Map environment. (a) Gazebo map; (b) Sochi map; and (c) SILVERSTONE map.
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First, the index for learning efficiency is determined as follows. As learning begins to
converge, the learning efficiency corresponding to the highest reward for the number of
frames (in millions) experienced in the virtual environment is considered. Based on the
DQN algorithm, we evaluate how fast convergence occurs and how high the reward is.

Second, the evaluation metric for learning stability assesses how well the path plan
generated through RL matches the target path pursued. The path plan created by RL in the
virtual environment, PRL, and the path plan created with the ODG, PODG, are represented
in terms of the RMSE. Both PODG and PRL are individually compared with the reference
path, and their respective errors are calculated using Equation (16).

RMSE =

√

n

∑
i=1

(ŷi − yi)2

n
, (16)

where ŷi represents the path generated by ODG in PODG, which is known to exhibit high
real-time performance and stability, and yi corresponds to PRL, which is the path plan
generated through RL. The optimal route with the highest reward is considered. n is the
number of steps the agent operates in the simulation environment, corresponding to the
episodic steps in RL. A smaller RMSE corresponds to a more stable.

Finally, we evaluate the performance in complex environments, as depicted in Figure 7.
The assessment metrics focus on how effectively the vehicle navigates through intricate
obstacles while ensuring safety and speed. We showcase the learning strength in the Sochi
Circuit and the learning diversity in the Silverstone Circuit. For this evaluation, we utilized
real maps and employed the metrics of “Enter and Exit Speed” and “Racing Track Lap
Time” to assess the agent’s performance. In summary, our results demonstrate the learning
strength and diversity of the proposed algorithm in handling complex environments and
showcase its robustness when encountering new scenarios without further training.

3.1. Learning Performance and Efficiency Evaluation

The hyperparameters used in set up are listed in Table 1. The set up is aimed at verify-
ing the efficiency of the algorithm to be applied in a real environment. Therefore, reducing
the learning time is the priority. To evaluate whether learning efficiency and stability are
ensure, a basic circular map is selected, and a performance comparison experiment is
conducted for each RL algorithm: DQN, ODG-DQN, DDQN, and guide-ODG-DQN. The
agent model and environment used in the experiment are shown in Figure 8.

Table 1. Hyperparameters in set up.

Hyper Parameters

v car speed ∈ [0, 0.7] m/s

a action (steering angle) ∈ [−1/3, 1/3]◦

ψ angular speed = ∈ [0, 0.1] m/s

τ update target network = 10,000

α learning Rate = 0.00025

Msize minibatch Size = 64

γ discount = 0.99

Eps exploration Rete = 1

Rv v − a ∗ v

Rψ 5 = argmaxθdL , 0 = otherwise

Rg crash = −200, finish = 300, checkpoint = 100
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(a) (b)

Figure 8. Set up check point and arrival point. End point (red), point1 (orange), point2 (yellow), and

point3 (green). (a) Agent; (b) Check point.

The reward function used for training is defined in Table 1. First, to compare the
DQN and ODG-DQN algorithms for the Gazebo map, we determine the number of steps
in which the checkpoint is reached during training, as indicated in Table 2. In DQN, over
50% of untrained failure cases are overestimated, whereas in ODG-DQN, 10% of untrained
failure cases occur, corresponding to overestimation occurrence reduced by 80%.

Table 2. Epochs of algorithm passing checkpoints the first time. Fail: Overestimation.

Algorithm (Step)

Experiment DQN ODG-DQN

P.1 P.2 P.3 P.4 P.1 P.2 P.3 P.4

No. 1 5 10 15 20 4 7 12 18

No. 2 6 14 Fail Fail 4 9 13 17

No. 3 7 11 16 20 4 7 12 16

No. 4 Fail Fail Fail Fail 4 8 12 17

No. 5 Fail Fail Fail Fail 5 8 12 18

No. 6 6 12 16 20 5 8 12 17

No. 7 5 10 16 19 4 8 13 17

No. 8 5 13 15 19 4 9 12 17

No. 9 Fail Fail Fail Fail 4 8 Fail Fail

No. 10 Fail Fail Fail Fail 5 9 12 17

Average 5.75 13.3 15.6 19.6 4.3 8.9 12.2 17.1

Guide-ODG-DQN and DDQN are compared under the same conditions. Figure 9a
shows the results of learning in terms of the epoch values of the safe convergence section
for each algorithm implemented 10 times. As indicated in Table 3, the learning convergence
rate increases by 51.7%, 89%, and 16.8%, respectively, compared with the other algorithm.
Figure 9b shows that the learning is inappropriate due to overestimation in the case of
DQN. In the cases of ODG-DQN, DDQN, and guide-ODG-DQN, learning converges at
approximately 500, 300, and 200 epochs, respectively the results are summarized in Table 4.

Table 3. Decrease in the epochs of ODG-DQN.

Algorithm Decrease in the Epochs

DQN → ODG-DQN 51.7%
DQN → guide-ODG-DQN 89%

DDQN → guide-ODG-DQN 16.8%
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Next, to evaluate the stability of the RL results, the center line corresponding to the
Gazebo map is applied as a reference. The path generated by each algorithm is shown in
Figure 9a. Moreover, Table 5 shows the results obtained by comparing the algorithms in
terms of the RMSE, as defined in Equation (16). The RMSE for guide-ODG-DQN is 0.04,
corresponding to the highest stability. The guide-ODG-DQN achieves the lowest RMSE,
corresponding to the highest stability, as shown in Figure 9c.

Table 4. Summary of normalized performance up to 10 cycles of play on track. Fail: Overestimation.

Experiment
Algorithm (Epoch)

DQN ODG DQN DDQN Guide ODG DQN

No. 1 1342 587 181 134

No. 2 Fail 621 175 175

No. 3 1416 576 177 121

No. 4 Fail 572 201 143

No. 5 Fail 610 182 172

No. 6 1321 593 177 144

No. 7 1422 631 188 155

No. 8 1452 579 192 177

No. 9 Fail Fail 181 165

No. 10 Fail 668 185 143

Average Value 1391 672 184 153

Table 5. RL RMSE.

Algorithm RMSE

DQN 0.0745
ODG-DQN 0.1142

DDQN 0.1082
Guide-ODG-DQN 0.0395

(a)

Figure 9. Cont.

142



Electronics 2023, 12, 3773

(b) (c)

Figure 9. Experiment set up result. (a) RL algorithm path comparison; (b) RL reward graph; and

(c) RL RMS.

3.2. Results through Simulation that Mimics the Real Environment

The hyperparameters values used in circuit are listed in Table 6. As the evaluation
metric for a complex environment, shown in Figure 10a, the method of learning the speed is
considered instead of that for learning angles. Therefore, the angle is set to that associated
with the ODG to ensure stability. The reward function used for all RL frameworks is the
same as that defined in Table 6. Figure 10b shows the official competition map provided
by F1TENTH. Using the control point specified in the actual Sochi Autodrom map, we
compare the path in the winding road and hairpin curve.

(a) (b)

Figure 10. Actual existing Sochi Autodrom map information, officially provided by F1TENTH.

(a) Agent; (b) control point.

Table 6. Hyperparameters for the F1TENTH.

Hyperparameters

a action (car speed) ∈ [0, 20] m/s

∆ψ ODG steering angle ∈ [−12, 12]◦

maxv max car speed = 20 m/s

τ update target network = 10,000

α learning rate = 0.00001

Msize minibatch size = 128

γ discount = 0.99

Eps exploration rate = 1

RΛ a − maxv −
∣

∣∆ψ

∣

∣

Rψ 100 = argmaxθdL , 0 = otherwise

Rg crash = −100, finish = 200, and episode step = episodeΛ
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The agent starts at the wall of control point 1. Linear velocity graphs for ODG, Gap
Follower, DDQN, and meta ODG DDQN are shown in Figure 13. In this case, 100 points on
the x-axis are used as control points, and 100-step linear velocity values are output on both
sides based on these values.

3.2.1. Sochi International Street Circuit

The Sochi Autodrom, previously known as the Sochi International Street Circuit and
the Sochi Olympic Park Circuit, is a 5.848 km permanent race track in the settlement of
Sirius next to the Black Sea resort town of Sochi in Krasnodar Krai, Russia, as shown in
Figure 11. Here, the learning strength is demonstrated, in the Sochi Circuit.

(a) (b)

Figure 11. Circuit. (a) Sochi International Street Circuit; (b) Silverstone Circuit.

Table 7 lists the average speed for each control point for each algorithm. Table 7 shows
that the ODG algorithm that prioritizes stability achieves the lowest value of 7.66, and
the meta ODG DDQN achieves the highest value of 8.58. In other words, the meta ODG
DDQN completes the Sochi Autodrom with a speed 12.01% higher than that of the ODG.

Table 7. Average speed control point.

Algorithm

Method ODG
Gap

Follower
DDQN

Meta ODG
DDQN

No. 1 8.98 7.98 8.23 8.48

No. 2 8.10 7.79 7.93 8.69

No. 3 8.04 8.02 7.78 8.86

No. 4 7.74 7.75 8.26 8.60

No. 5 7.84 7.79 7.94 8.49

No. 6 8.41 7.95 8.59 8.66

No. 7 7.58 7.76 8.35 8.59

No. 8 7.71 7.72 8.24 8.25

No. 9 7.41 7.67 7.81 8.34

No. 10 7.82 7.72 8.17 8.38

No. 11 9.15 8.03 8.66 8.82

No. 12 9.08 8.04 8.23 8.48

No. 13 7.40 7.80 8.53 8.51

No. 14 5.87 7.45 8.08 8.73

No. 15 6.89 7.64 8.05 8.70

No. 16 5.44 7.30 7.88 8.30

No. 17 7.99 7.69 8.36 8.86

No. 18 6.34 7.42 8.12 8.61

Average speed 7.66 7.75 8.17 8.58
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As shown in Figure 12a, to examine the speeds of entry and exit at the control point,
which are of significance in a racing game, the entry and exit speed for each algorithm are
presented in Table 8. In the case of ODG, which is an algorithm that prioritizes stability, as
shown in Figure 12b, understeer or oversteer does not occur [32,33]. A report on racing
high-performance tires [34] indicates that in this driving method, the vehicle enters at a
high speed and exits at a low speed.

(a) (b)

Figure 12. Corner driving: (a) clipping point; and (b) understeer and oversteer.

As shown in Table 9, ODG selects a drive with a 13.9% speed reduction. The racing
algorithm, Gap Follower, uses an out-in-out driving method with a 3.41% deceleration.
However, the DDQN and meta ODG DDQN algorithms lead to oversteer to achieve
maximum speed based on the angle extracted from the ODG, which pursues stability,
causing the vehicle to spin inward compared to the expected route. So, DDQN and meta
ODG DDQN show a driving method without deceleration at control points of 1.33% and
0.46%, respectively, by drawing a path.

Table 8. Control point enter and exit speed.

Enter and Exit Speed (m/s)

Method ODG
GAP

Follower
DDQN

Meta ODG
DDQN

Control Point Enter Exit Enter Exit Enter Exit Enter Exit

No.1 9.46 8.59 7.99 8.04 8.07 8.46 8.42 8.63
No.2 9.28 6.98 8.07 7.58 8.02 7.91 8.86 8.61
No.3 8.08 8.08 8.05 8.06 7.63 8.00 8.83 8.97
No.4 8.69 6.86 8.07 7.49 8.16 8.44 8.75 8.54
No.5 8.83 6.92 7.98 7.66 8.21 7.74 8.54 8.51
No.6 8.59 8.32 7.95 8.03 8.61 8.65 8.77 8.64
No.7 8.42 6.81 8.05 7.54 8.26 8.51 8.83 8.45
No.8 8.35 7.15 7.88 7.62 8.63 7.91 8.25 8.34
No.9 7.11 7.77 7.56 7.86 8.01 7.68 8.24 8.54
No.10 8.97 6.74 8.03 7.49 8.38 8.03 8.34 8.52
No.11 9.14 9.25 8.06 8.07 8.56 8.84 8.96 8.77
No.12 9.23 9.02 8.07 8.07 8.35 8.18 8.64 8.41
No.13 8.51 6.37 8.07 7.60 8.70 8.43 8.39 8.72
No.14 6.33 5.48 7.61 7.36 8.43 7.80 8.71 8.85
No.15 7.63 6.22 7.89 7.47 8.13 8.04 8.85 8.65
No.16 5.84 5.07 7.48 7.17 8.05 7.78 8.58 8.10
No.17 8.96 7.09 8.00 7.44 8.42 8.38 9.02 8.79
No.18 7.36 5.39 7.67 7.23 8.18 8.12 8.59 8.72

Average
speed

8.27 7.12 7.92 7.65 8.27 8.16 8.64 8.60
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Moreover, the lap time is compared for the map shown in Figure 10b by considering
two laps (based on the F1TENTH formula). Table 10 indicates that meta ODG DDQN
achieves the highest speed.

Linear velocity graphs for ODG, Gap Follower, DDQN, and meta ODG DDQN are
shown in Figure 13; using the control point specified in the actual Sochi Circuit, we compare
the path in the winding road and hairpin curve, as shown in Figure 14.

Table 9. Enter and exit speed.

Algorithm Speed Reduction

ODG 13.9%

Gap
Follower

3.41%

DDQN 1.33 %

Meta ODG
DDQN 0.46%

Table 10. Racing track lap time.

Algorithm Racing Track 2 Lap Time (s)

ODG 117.09

Gap
Follower 115.68

DDQN 115.41

Meta ODG
DDQN(ours3) 109.85

Figure 13. Control point speed.
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Figure 14. Map of the Sochi path.

3.2.2. Silverstone Circuit

Silverstone Circuit is a motor racing circuit in England, near the Northamptonshire
villages of Towcester, Silverstone, and Whittlebury, as shown in Figure 11. In this result,
the learning diversity in the Silverstone Circuit is demonstrated.

Using the RL model trained in Map Sochi, we conduct an experiment to determine
the degree of robustness to unfamiliar and complex environments. Therefore, we use the
algorithms ODG, Gap Follower, DDQN, and meta ODG DDQN. In addition, the meta ODG
DDQN algorithm is trained in a new environment. In other words, the robustness of the
new environment (c) was compared based on the driving style learned in (b) shown in
Figure 7.

Table 11 presents the results for a new environment. DDQN fails; however, meta ODG
DDQN exhibits high performance with the lowest lap time, as shown in Figure 15. In this
result, the learning diversity in the Silverstone Circuit is demonstrated.

Figure 15. Map (b) SILVERSTONE path.
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Table 11. Map (b) SILVERSTONE racing track lap time (two laps). Fail = Crash.

Algorithm Lap Time (s)

ODG 117.39

Gap follower 110.99

DDQN Fail

Meta ODG DDQN unlearned 108.60

Meta ODG DDQN learned 108.43

4. Conclusions

This paper introduces a novel RL-based autonomous driving system technology that
implements ODG, SAC, and meta-learning algorithms. In autonomous driving technology,
perception, decision-making, and control processes intertwine and interact. This work
addresses the issues of the overestimation phenomenon and sparse rewards problems by
applying the concept of prior knowledge. Furthermore, the fusion of meta-learning-based
RL yields robust results in previously untrained environments.

The proposed algorithm was tested on official F1 circuits, a racing simulation with
complex dynamics. The results of these simulations emphasize the exceptional performance
of our method, which exhibits a learning speed up to 89% faster than existing algorithms in
these environments. Within the racing context, the disparity between entry and exit speeds
is a mere 0.46%, indicating the smallest reduction ratio. Moreover, the average driving
speed was found to be up to 12.01% higher.

The primary contributions of this paper comprise a unique combination addressing
the challenges of overestimation phenomenon and sparse rewards problems effectively
in RL. Another major contribution is the demonstrated robust performance of the inte-
grated meta-learning-based RL in previously untrained environments, thereby showcasing
its adaptability and stability. Furthermore, we validated the performance of our pro-
posed method via complex racing simulations, particularly on official F1 circuits. The
results highlighted its superior performance in terms of learning efficiency, speed, stability,
and adaptability.

In essence, this paper tackles the significant challenges encountered during the rein-
forcement learning process by introducing an algorithm that bolsters the efficiency and
stability of RL. The high-fidelity simulations used in this study offer a realistic testing
environment closely mirroring real-world conditions. Given these advancements, our
proposed algorithm demonstrates significant potential for real-world applications, partic-
ularly in autonomous vehicles where learning efficiency and operational stability are of
the utmost importance.

As for future research, we suggest adding various multi-tasks to verify stable and
efficient learning in more complex environments. Based on this, we aim to study efficient
RLs in real environments through meta-learning, with as few iterations as possible.
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Abstract: To address the challenge of sparse old photo datasets, we apply transfer learning to

image inpainting tasks. Specifically, we improve a two-stage image inpainting network that focuses

on collaborative subtasks. We also design a transform module based on the cross-aggregation of

windows to improve long-distance contextual information acquisition in image inpainting and

enhance the integrity of images in terms of structure and texture. Our improved two-stage network

has a significantly better repair performance compared to that of the current common inpainting

methods. We further apply transfer learning techniques by utilizing the improved two-stage image

inpainting network as the base network and decoupling the generator into a feature extractor and

classifier, which consist of an encoder and a decoder, respectively. We obtain a domain-invariant

feature extractor through minimax game training using source and target domain data. This feature

extractor can be combined with the original encoder to restore old photo images. To verify the

effectiveness of our approach, we conducted comparative experiments. Our results show that the

PSNR, SSIM, and FID indexes of the model using transfer learning are 11.8%, 2.96%, and 44.4% higher

than those without transfer learning, respectively. These findings suggest that applying transfer

learning techniques can be an effective solution to address the challenge of sparse old photo datasets

in image inpainting tasks.

Keywords: deep learning; transfer learning; old photos images inpainting; generative adversarial

network

1. Introduction

Photographs serve as important records of specific times and are a crucial tool for
documenting historical development and family changes in modern times. However,
early paper photographs were prone to damage due to the use of poor technology and
preservation practices. To address the challenges of preserving paper photographs, digital
image inpainting technology can be used to restore old and damaged photographs to their
original appearance as much as possible [1,2]. Traditional image inpainting algorithms mainly
include partial differential algorithms [3–5] and texture synthesis algorithms [6,7], which
have obvious limitations due to the use of only the peripheral information surviving in the
original image. When repairing complex and non-repetitive structures, these algorithms
may produce unsatisfactory results.

In recent years, there has been significant progress in the use of deep learning tech-
niques in computer vision and image processing, and the use of large numbers of images to
train networks has enabled trained models to have a significant amount of prior knowledge,
providing a new approach to image inpainting [8]. In particular, Generative Adversarial
Networks [9] have been proposed and achieved promising results in image inpainting
tasks [10]. Pathak et al. [11] designed and applied GANs based on traditional Convolutional
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Neural Networks and proposed Context Encoders to send the output of the network to
a discriminator to detect the truth, which greatly improved the plausibility of the results.
However, the performance of neural networks typically depends on a large amount of
training data, which makes them unsuitable for areas with minimal training data, changing
scenarios, and changing tasks. To address the challenge posed by sparse samples of old
photos, this paper introduces transfer learning to transfer the trained model on open-source
datasets to the small dataset collected by us, so that the final model can have a generaliza-
tion performance using standard datasets. Specifically, the portability of deep features [12]
is used to map images with intermediate- or high-level features using pre-trained models
and train target-specific classifiers from them [13], which is a process commonly referred to
as feature selection. Fine-tuning the source model for the target data is also feasible, and it
usually is more effective as it optimizes the entire network for the target task. Therefore,
fine tuning has become the rule of thumb for deep transfer learning with limited domain
data [14,15]. During the fine-tuning process, the source model needs to be moderately
tuned to avoid overfitting, as deep networks are over-parameterized for small-scale target
tasks. Unlike traditional machine learning and deep learning, which require labeled data
for model training, transfer learning can use previously accumulated knowledge to dis-
cover commonalities in problems and apply generic knowledge learned in certain tasks to
similar tasks, enabling the model to learn in a more generalized manner.

As there have been only a few studies on the application of transfer learning in the
field of image inpainting, this paper aims to address this gap by introducing transfer
learning into the two-stage inpainting network for training. Due to the limited number
of self-collected old photo data samples, overfitting and other issues are likely to occur
during the training of deep neural networks. Therefore, this paper proposes a transfer
learning-based approach for inpainting damaged old photos, which allows the effective
training of a better model using only a small number of old photo samples. The main
contributions of this paper are as follows:

• In this paper, a two-stage image inpainting network is constructed, which embeds
images into two collaborative subtasks, which are structure generation and texture syn-
thesis under structure constraints, and embeds the window cross aggregation-based
transform module into the generator, which can effectively acquire the image long-
range dependencies, thereby solving the problem that convolutional operations are
limited to local feature extraction and enhancing the long-range contextual information
acquisition capability of the model in image inpainting.

• Transfer learning is applied to image inpainting technology. The improved two-stage
image inpainting network in this paper is used as the basic network, and the generator
is decoupled into a feature extractor and classifier, which are an encoder and a decoder,
respectively. A domain-invariant feature extractor is obtained through the training
of the minimax game using source domain data and target domain data. The feature
extractor can be combined with the original encoder to repair the old photo image,
and the restoration of small sample old photo image dataset is realized.

• The experiments demonstrate that the two-stage network constructed in this paper has
a better inpainting performance, and the inpainting of old photos using the transfer
learning technique is better than that without the use of transfer learning, which
proves the effectiveness of the method.

2. Related Work

2.1. Image Inpainting Technique

Deep learning’s ability to map deep features perfectly fits the requirements of im-
age inpainting and shows the direction for new image inpainting methods. Recently,
Nazeri et al. [16] proposed a two-stage GAN model named “EC”. The model combines
the two stages of edge information prediction and image inpainting. It first generates
the edge map of the missing region, and then sends it into the inpainting network as the
guiding information for image inpainting, obtaining a relatively good restoration effect.
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Xiong et al. [17] demonstrated a similar model that, unlike EC, uses foreground object con-
tours as a structural prior instead of edges for information. Ren et al. [18] pointed out that
edge-preserving, smoothed images provide a better global structure due to them capturing
more semantics, but these methods require a higher accuracy for structures, for instance,
edges and contours. Some researchers have utilized the correlation between texture and
structure to solve this problem. Li et al. [19] designed a progressive visual structure re-
construction network to progressively reconstruct structures and their associated visual
features. They entangle the reconstruction of visual structures and visual features to benefit
each other by sharing the parameters. Yang et al. [20] introduced a multitasking framework
to generate sharp edges by adding structural constraints. Liu et al. [21] proposed a mutual
coding decoding to simultaneously learn about convolutional features that correspond to
different layers of structure and texture. However, a single shared framework is difficult for
modeling textures and structures. Therefore, in order to effectively realize the restoration of
image structure and texture information, Guo [22] et al. divided image inpainting into two
subtasks, texture synthesis and structure reconstruction. They proposed a new dual-stream
network for image inpainting to further improve the performance of image inpainting.
Since existing image inpainting techniques are outputting only one restoration result for
a broken image, but the nature of image inpainting is an uncertain task, and its output
should not be limited. Based on this idea, Liu [23] et al. proposed a probabilistic diverse
GAN algorithm. The closer to the center of the image hole that the area studied is, the
higher its diversity is, and the more diverse it is, and thus, good results are obtained.

2.2. Transfer Learning Method

Deep learning-based transfer learning methods, that is, deep transfer learning aiming
to reduce the time and cost of the training process, have become a popular research
direction at present. In some domains (e.g., medical images, etc.) [24], there is the problem
of difficulty in obtaining large datasets. Transfer learning provides a better solution for
these domains. In addition, pre-trained models for specific jobs can be applied on simple
edge devices with a limited processing power and training time, and the development
of deep transfer learning opens the door to more intuitive and sophisticated artificial
intelligence. Ge et al. [25] developed a method for fine-tuning by using additional data
obtained from a large-scale dataset. Cui et al. [26] successfully applied the knowledge
learned from large-scale datasets to domain-specific small-scale data through fine-tuning
and won first place in the 2017 iNaturalist large-scale species classification challenge. As
a result, their research provides new ideas for subsequent deep transfer learning. For
example, Long et al. [27] proposed a new Deep Adaptation Network based on this, which
generalizes deep Convolutional Neural Networks to new domain-adapted scenarios where
Deep Adaptation Networks can learn transferable features with statistical guarantees
and scale linearly using the unbiased estimation of kernel embeddings. Tzeng et al. [28]
developed a method based on using GANs to train encoders for target samples. They use
an adaptation layer to compute the Maximum Mean Difference between the source and
target domain features [29]. Haeusser et al. [30] proposed the utilization of the association
between source and target features in the training process. They aim to maximize the
invariance of the learned feature domain, while minimizing the error in the source samples.
In the field of image inpainting, the combination of deep neural networks and transfer
learning technology has been successfully carried out in a preliminary exploration and has
been applied to the image inpainting problem under the condition of large mask areas.
Chen et al. [31] designed a transfer learning network that, for the first time, accomplished
large mask image inpainting guided by a high-level understanding of abstract neuronal
representation images. Zhao et al. [32] proposed a small-sample unsupervised joint transfer
learning approach that combines fine-tuning with direct transfer training to enable the
network to learn knowledge about the target domain.

153



Electronics 2023, 12, 3221

3. Two-Stage Image Inpainting of Old Photos Based on Transfer Learning

The two-stage image inpainting network constructed in this paper adopts the BIFPN
feature fusion network proposed by Li et al. [33], which effectively strengthens the fusion
and interaction of information. The original network generator is a two-stream generator.
In this paper, a two-stage network is adopted. By embedding the transform module into
the generator network in the form of residuals, the distant image dependence relationship
can be effectively obtained. This solves the problem that convolution operation is limited
to local feature extraction and enhances the model’s capability to obtain long-distance
contextual information in image restoration. The repair performance of the network has
been improved. By applying transfer learning to train the image inpainting network, the
large public dataset, CelebA, is used as the source domain, and old photo images are used
as the target domain. A domain-invariant feature extractor is obtained, which can cope
well with the restoration task of old photo images.

3.1. Two-Stage Image Inpainting Network

The image inpainting network is implemented as a Generative Adversarial Network,
where two generators generate texture and structure information, respectively, modeled
by a U-Net variant. As shown in Figure 1, both texture and structure generators are
encoded–decoded structures, and a structure discriminator and texture discriminator are
designed to distinguish the real image from the generated image by estimating the texture
and structure features, respectively. The image generated by the generator is sent to the
discriminator, together with the real image. The discriminator outputs “True” if the image
is real and “False” if the image is generated, prompting the generator to generate images
that are similar to the real ones. The structure of the two-stage inpainting network is shown
in Figure 1.

ff

ff

Generator

Skip connection

Skip connection

Features fusion Discriminator

Concat

T/F?⊕

Edge 
D

etection

Skip Connection Feature FeedforwardTransform Feature Fusion Conv

Structure Encoder Structure Decoder

Texture Encoder Texture Decoder

Figure 1. Structure of two-stage image inpainting network.

A transform module based on cross-aggregation of windows is embedded to improve
the information aggregation between the windows, without increasing the computational
complexity. This improves the aggregation of information between the windows, allowing
the effective acquisition of distant image dependencies. This solves the problem that
the convolution operation is limited by local feature extraction. The two parallel coupled
streams are modeled separately and combined to complement each other, further improving
the structural and textural integrity of the generated images.

The two-stage network is described in detail below:
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3.1.1. Generator Network

The two-stage image inpainting network uses dual generators, which are a structure
generator and a texture generator. In this paper, the inpainting algorithm has different
tasks depending on the mask area. In general, it can be seen to complement high-frequency
information (structure) and low-frequency information (texture) modeled by a U-Net vari-
ant with an encoded–decoded form. This paper uses a dilated convolutional kernel instead
of a partially normal convolutional kernel, with the kernel proposed in [34]. This choice
simultaneously alleviates the problems of gradient dispersion and gradient explosion,
while generating more complex predictions by combining low-level and high-level features
at multiple scales through jump connections. The details of the generator structure are
shown in Figure 2.

ff

ff

1G 2G

Input Input

Output Output

 

Figure 2. Generator structure detail diagram.

3.1.2. Dual Discriminators

Both the structure discriminator D1 and the texture discriminator D2 are selected
as spectrally normalized Markov discriminators. The structural parameters are shown
in Table 1.

Table 1. Details of the structure of the discriminator network.

Layers Names Convolution Kernel Size Step Size Activation Function Output Feature Maps

Convolutional layer 1 4 × 4 2 LeakyReLU 64 × 128 × 128
Convolutional layer 2 4 × 4 2 LeakyReLU 128 × 64 × 64
Convolutional layer 3 4 × 4 2 LeakyReLU 256 × 32 × 32
Convolutional layer 4 4 × 4 1 LeakyReLU 512 × 16 × 16
Convolutional layer 5 4 × 4 1 LeakyReLU 512 × 4 × 4
Fully connected layer - - Sigmoid 512 × 1 × 1

155



Electronics 2023, 12, 3221

However, the structure discriminator and the texture discriminator also differ signifi-
cantly. The former takes into account the enhancement of its own adversarial loss, which
is achieved by inputting pairs of data. In terms of the input data, there are two main
points: firstly, the edge map of the fused image derived using the edge detection algorithm,
and secondly, the grayed-out image. After the above optimization steps, the structure
discriminator is able to steadily improve the similarity between the restored image and
the original image, and at the same time, it is able to discriminate whether the structured
texture of the restored image is real or not.

The image inpainting algorithm of the two-stage network is divided into three steps
to complete the inpainting:

(1) Pre-processing (edge detection). The edge information of the broken image is
the prerequisite for the inpainting algorithm. The discovered excellent edge detection
algorithm [35] is fused into our proposed two-stage image inpainting algorithm to make it
perform the high-precision edge detection of the input broken image before inpainting.

(2) Structure and texture repair. The detected broken edge image, grayscale image, and
mask are inputted into the structure encoding generator together to generate a preliminary
complete structure image. The complete edge image is inputted into the texture repair
generator network together with the broken image to generate a preliminary complete
texture image.

(3) The initial structural and textural image information are fused to obtain the com-
plete image, which is then discriminated by the structural discriminator D1 and textural
discriminator D2. If the generated image is determined as being false, the information is
fed back to the generator, and the generator is prompted to adjust the network parameters
to generate an image that is more similar to the real image. This iterative process ends
when both D1 and D2 are unable to distinguish between true and false images.

3.1.3. Aggregation Transform

The transformer [36] omits recursion and convolution and follows an encoder–decoder
structure, where the encoder consists of six identical layers, the structure of which is shown
in Figure 3, with two sub-layers each. The first layer is a multi-headed self-attentive mecha-
nism, and the second layer is a simple multilayer perceptron. Residual connectivity [37]
was used around each of the two sub-layers, followed by layer normalization [38]. The
decoder is similar in structure to the encoder in that it also contains six identical layers, with
each decoder layer having three sub-layers. The difference is that the attention mechanism
layer is embedded in the decoder, ensuring that the prediction of position i depends only
on the known output with positions less than i.

The structure of the multi-head self-attentive mechanism and the self-attentive mech-
anism are shown in Figure 3b,c. For the self-attentive mechanism, the three matrices Q
(Queries), K (Keys) and V (Values) all come from the same input, and the calculation
formula is shown in (1).

Attention(Q, K, V) = SoftMax(
QKT

√
dk

)V (1)

where QKT√
dk

counts the raw score of attention (which is actually the similarity score derived

from the dot product of Q and K).
√

dk is a scaling factor that keeps the result from being
too large or too small and avoids it being either 0 or 1 after softmax.

In the transformer, the self-attentive layer is further refined by adding a multi-headed
attention mechanism by first mapping the Queries, Keys, and Values by h different linear
transformations. Then, the different attentions are stitched together. Finally, a linear
transformation is performed. Each set of attention is used to map the input them into a
different sub-representation space, which allows the network model to jointly pay attention
to the subspace feature information under different representatives of Queries, Keys, and
Values at the same location, while acquiring more detailed features; the computational
process can be expressed as:
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MultiHead(Q, K, V) = Concat(head1, . . . , headi)W
o (2)

headn = Attention(QWQ
n , KWK

n , VWV
n ) (3)

where WQ
n ∈ Rdmodel×dq , WK

n ∈ Rdmodel×dK , and WV
n ∈ Rdmodel×dV are the Queries, Keys, and

Values of the projection matrix with head number k. All the heads (head1, . . . , headi) are
connected for linear projection to obtain the final result.
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Figure 3. The framework structure of transformer. (a) Aggregation Transformer; (b) Multi-Head

Self-attention; (c) Scaled Dot-Product Self-attention.

3.1.4. The Joint Loss Function

The two-stage inpainting network employs semantic-based joint loss training, includ-
ing feature content loss, reconstruction loss, perceptual loss, style loss, and adversarial loss.
By combining the above various loss functions, a complementary effect is achieved, which
ultimately enables the restored images generated by the inpainting network to meet not
only the visual match with the original image, but also the high accuracy requirements
when the hard evaluation of metrics is performed.

(1) Feature content loss

The feature content loss L f stabilizes the training process by comparing the activation
mappings in the middle layer of the discriminator D to constrain the generator G to produce
results that are more similar to the true structure map.

L f = E

[

n

∑
i=1

1

Ni
‖Di(Ein)− Di(Eout)‖1

]

(4)

where n denotes the total number of convolutional layers of discriminator D, Ni is the
number of elements of the i-th layer, and Di denotes the activation function output of the
i-th layer of discriminator D.
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(2) Reconstruction loss

The normalized L1 distance is generally used as the reconstruction loss; however, in
this paper, we use the distance L1 between Iout and Igt as the reconstruction loss, with the
following equation:

Lrec =
∥

∥Iout − Igt

∥

∥

1
(5)

(3) Perceptual loss [39]

In order to preserve the structural information of the global image and ensure the
similarity of the high-level structure, image restoration requires a feature representation
similar to that of the real image, rather than just pixel matching between images. The per-
ceptual loss is calculated using a VGG-16 feature extractor [40] pre-trained on the ImageNet
dataset [41] to extract the feature maps of the generated and real images separately and
based on the L1 distance between them; it is defined as follows:

Lperc = E

[

∑
i

∥

∥φi(Iout)− φi(Igt)
∥

∥

1

]

(6)

where φi(·) denotes the activation mapping obtained for a given input image I∗ through
the i-th pooling layer of VGG-16.

(4) Style loss

The perceptual loss helps to obtain a higher-level structure and avoid the generated
image from deviating from the real image. In order to maintain the style consistency, this
paper adds style loss to the joint loss function. The style loss calculates the L1 distance of
the Gram matrix of the feature map generated by the image after VGG-16. The perceptual
loss defined as follows:

Lstyle = E

{

∑
i

∥

∥Gram[ϕi(Iout)]− Gram
[

ϕi(Igt)
]∥

∥

1

}

(7)

where Gram denotes the Clem matrix, Gram[ϕi(·)] = φi(·)Tφi(·).
(5) Adversarial loss [42]

Adversarial loss is used to enhance the gaming process of the generative and dis-
criminative networks, aiming to make the data distribution of the generated image more
similar to the real image, making the result more realistic. The objective function of the
discriminative network is used here, which is defined in Equation (8) is shown as follows:

Ladv = min
G

max
D

EIgt ,Egt

[

log D
(

Igt, Egt

)]

+ EIout ,Eout
log[1 − G(Iout, Eout)]

(8)

In summary, the joint loss function is as follows:

Ljoint = λ1L f + λ2Lrec + λ3Lperc

+λ4Lstyle + λ5Ladv

(9)

where λ1 = 10, λ2 = 10, λ3 = 0.1, λ4 = 250, λ5 = 0.1.

3.2. Training of the Model

A large public dataset is used as the source domain, and the old photo dataset is used
as the target domain, and the training process is made smoother by adding data to the
source domain. The goal of this transfer learning is to train a domain-invariant feature
extractor, and the training is divided into three main steps, as shown in Figure 4. The
solid line indicates that the modules are being trained, and the dashed line indicates the
trained models.
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(5) Adversarial loss [42]
Adversarial loss is used to enhance the gaming process of the generative and discrim-

inative networks, aiming to make the data distribution of the generated image more sim-
ilar to the real image, making the result more realistic. The objective function of the dis-
criminative network is used here, which is defined in Equation (8) is shown as follows:

 
min max log ( )

log 1 ( )
gt gt

out out

adv , gt gt

, out out

L E D I ,E

E G I ,E

 =  

+ −

I EG D

I E

(8)

In summary, the joint loss function is as follows:

1 2 3

4 5

joint f rec perc

style adv

L L L L
L L

  

 

= + +

+ +
(9)

where 1 2 3 4 510 10 0 1 250 0 1, , . , , .    = = = = = .

3.2. Training of the Model
A large public dataset is used as the source domain, and the old photo dataset is used 

as the target domain, and the training process is made smoother by adding data to the 
source domain. The goal of this transfer learning is to train a domain-invariant feature 
extractor, and the training is divided into three main steps, as shown in Figure 4. The solid 
line indicates that the modules are being trained, and the dashed line indicates the trained 
models.
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Figure 4. Training procedure.

In the first step, this model is decoupled into a feature extractor E  and a classifier 
C , which are an encoder and a decoder, respectively. During training SE , one performs 
feature extraction on the source domain samples, and C denotes the fully connected Soft-
max layer. Minimized cross-entropy loss is used.
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where sE  and C  denote the parameters of SE  and C, respectively, sX  denotes 
the distribution of samples in the source domain, and H denotes the softmax cross-en-
tropy function.

In the second step, the model S is trained to generate feature generators similar to the 
source domain features, and then training is performed using adversarial loss, as exem-
plified by the structural generation:

Figure 4. Training procedure.

In the first step, this model is decoupled into a feature extractor E and a classifier C,
which are an encoder and a decoder, respectively. During training ES, one performs feature
extraction on the source domain samples, and C denotes the fully connected Softmax layer.
Minimized cross-entropy loss is used.

LCE = min
θEs ,θC

E(xi)∼(Xs)H(C ◦ Es(xi)) (10)

where θEs and θC denote the parameters of ES and C, respectively, Xs denotes the distribu-
tion of samples in the source domain, and H denotes the softmax cross-entropy function.

In the second step, the model S is trained to generate feature generators similar to
the source domain features, and then training is performed using adversarial loss, as
exemplified by the structural generation:

L1
adv

= min
θS

max
θ f 1

d

E(z,ei)∼(pz(z),Ei)

∥

∥ f 1
d (S(z ‖ ei) ‖ ei)− 1

∥

∥

2

+E(ei ,xi)∼(Ei ,Xi)

∥

∥ f 1
d (Es(xi) ‖ ei)

∥

∥

2
(11)

where θS and θ fd denote the parameters of S and fd, respectively, pz(z) is the sample
distribution extracted from e, and e is the edge feature vector. In order to generate an
arbitrary number of new feature samples, it is only necessary for S to take a cascade of noise
vectors and an edge feature as an input and to output the desired generated feature vector:

F(z|e) = S(z ‖ e) (12)

where z ∼ pz(z) and F are feature vectors belonging to e.
In the third step, after initialization using the weights optimized in step one, the

following maximum minimum training domain-invariant encoder E1 is obtained to achieve
optimal convergence.

L2
adv

= min
θE1

max
θ f 2

d

Exi∼Xs∪Xt

∥

∥ f 2
d (E1(xi))− 1

∥

∥

2

+E
(z,ei)∼(pz(z),Ei)

∥

∥ f 2
d (S(z ‖ ei))

∥

∥

2
(13)

where θE1 and θ f 2
d denote the parameters of E1 and f 2

d , respectively. Since the model
E1 is trained using source and target domains, the results of the feature extractor are
domain-invariant. It maps source and target samples in a common feature space, where
features are indistinguishable from those generated using S. Since the latter is trained to
produce features indistinguishable from the source samples, the feature extractor can be
combined with the encoder of step one for image structure feature generation, and the
texture generator is consistent with the above steps.
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4. Experimental Analysis

4.1. Analysis of Experimental Results of Inpainting Model

We used the CelebA and Places datasets, which are widely used in the literature,
to evaluate the proposed approach. We selected 10 categories from Places, each with
5000 training images, 900 test images, and 100 validation images. We used 30,000 images
for training and 10,000 images for testing. The mask datasets for the experiments all used
irregular masks obtained from [43], classified according to their hole size relative to the
whole image in 10% increments; all images and corresponding masks were adjusted to
256 × 256 pixels, the batch size processed was 16 sheets, and 300,000, training iterations
were used, optimized using the Adam optimizer [44] with the parameters set to β1 = 0.001
and β2 = 0.9. The model was first initially trained using a learning rate of 2 × 10−4, and
then fine-tuned with a learning rate of 5 × 10−5, and the BN layer of the generator was
frozen, and the discriminator was trained with a learning rate of 1/10 of the generator. The
deep learning framework used for the experiments was Pytorch, the computer operating
system was Windows 10, and the graphics card model was NVIDIA TITAN XP with 12G of
video memory.

4.1.1. Qualitative Analysis

To verify the effectiveness of the two-stage image inpainting network proposed in
this paper, test sets of the CelebA dataset and the Places dataset were used to compare the
subjective as well as numerical results of this paper’s method with the MED [21], CTSDG,
and BIFPN algorithms. Figure 5 shows the inpainting results of the method in this paper
on the CelebA datasets.and BIFPN algorithms. Figure 5 shows the inpainting results of the method in this paper 
on the CelebA datasets. 
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(a4) 40–50% mask (b4) Input Map (c4) MED (d4) CTSDG (e4) BIFPN (f4) Ours (g4) Ground truth 

Figure 5. Comparison of qualitative analysis results on CelebA.

Figure 5 shows the inpainting results of MED, CTSDG, BIFPN, and the methods pro-
posed in this paper for different mask rates on the CelebA dataset. It can be observed that 
all the inpainting methods show a good performance when the mask area is small, specif-
ically when the mask area is 10–20% of the original size, with only minor differences be-
tween the original and inpainted result maps. The MED and CTSDG methods (subfigure 
c2 and subfigure d2, respectively) exhibit varying degrees of blurring at 20–30% of the 
masked area, whereas the proposed methods maintain good inpainting, with sharper tex-
tural and structural properties. At a mask area of 30–40%, the MED, CTSDG, and BIFPN 
methods (subfigure c3, subfigure d3, and subfigure e3, respectively) all exhibit artifacts 
and even facial distortions, with some facial features being lost. Although the proposed 
algorithm also exhibits blurring and distortion, it still yields better inpainting results com-
pared with those of the other three methods. At 40–50% of the masked area, it becomes 
clear that the restored image from the inpainting other algorithms is significantly distorted 
and no longer conveys the texture information that the original image should. In contrast, 
the proposed algorithm maintains a large amount of texture detail, with only a few differ-
ences with the ground truth.

Figure 6 shows the inpainting results of MED, CTSDG, BIFPN, and the proposed 
methods for different mask rates on the Places dataset. It can be observed that most of the 
inpainting methods show a good performance when the mask area is between 10–20% of 
the original size, with only MED exhibiting significant distortion. At a mask area of 20–
30%, the image itself shows good inpainting due to its characteristics (e.g., the structure 
information is not obvious), but a detailed comparison reveals that the proposed method 
yields a clearer texture and structure inpainting performance. At a mask area of 30–40%, 
the MED, CTSDG, and BIFPN methods (subfigure c3, subfigure d3, and subfigure e3, re-
spectively) exhibit artifacts and even facial distortions, with some image features being 
lost. At a mask area of 40–50%, it is evident that the remaining three algorithms have lost 
too many landscape details, with a significant portion of the area lacking texture details, 
which is significantly different from the results obtained by the proposed algorithm.

Figure 5. Comparison of qualitative analysis results on CelebA.

Figure 5 shows the inpainting results of MED, CTSDG, BIFPN, and the methods pro-
posed in this paper for different mask rates on the CelebA dataset. It can be observed that all
the inpainting methods show a good performance when the mask area is small, specifically
when the mask area is 10–20% of the original size, with only minor differences between
the original and inpainted result maps. The MED and CTSDG methods (subfigure c2 and
subfigure d2, respectively) exhibit varying degrees of blurring at 20–30% of the masked
area, whereas the proposed methods maintain good inpainting, with sharper textural and
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structural properties. At a mask area of 30–40%, the MED, CTSDG, and BIFPN methods
(subfigure c3, subfigure d3, and subfigure e3, respectively) all exhibit artifacts and even
facial distortions, with some facial features being lost. Although the proposed algorithm
also exhibits blurring and distortion, it still yields better inpainting results compared with
those of the other three methods. At 40–50% of the masked area, it becomes clear that the
restored image from the inpainting other algorithms is significantly distorted and no longer
conveys the texture information that the original image should. In contrast, the proposed
algorithm maintains a large amount of texture detail, with only a few differences with the
ground truth.

Figure 6 shows the inpainting results of MED, CTSDG, BIFPN, and the proposed
methods for different mask rates on the Places dataset. It can be observed that most of
the inpainting methods show a good performance when the mask area is between 10–20%
of the original size, with only MED exhibiting significant distortion. At a mask area of
20–30%, the image itself shows good inpainting due to its characteristics (e.g., the structure
information is not obvious), but a detailed comparison reveals that the proposed method
yields a clearer texture and structure inpainting performance. At a mask area of 30–40%,
the MED, CTSDG, and BIFPN methods (subfigure c3, subfigure d3, and subfigure e3,
respectively) exhibit artifacts and even facial distortions, with some image features being
lost. At a mask area of 40–50%, it is evident that the remaining three algorithms have lost
too many landscape details, with a significant portion of the area lacking texture details,
which is significantly different from the results obtained by the proposed algorithm.
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Figure 6. Comparison of qualitative analysis results on Places.

4.1.2. Quantitative Analysis
We refer to all the current studies in the field related to image inpainting and decide 

to adopt the three types of metrics, PSNR, SSIM, and FID, which were all used in quanti-
tative evaluation to evaluate our restored images. At the same time, we designed the com-
parison experiments with other algorithms, and all algorithms used mask rates in inpaint-
ing based on 10–20% with 10% increments. Ultimately, the comparison of the quantitative 
analysis results clearly shows that the inpainting performance of our proposed algorithm 
model is much better than that of the other algorithms. The quantitative results of the three 
metrics for each specific algorithm are shown in Tables 2 and 3.

Table 2. Comparison of quantitative analysis results on CelebA.

Mask Rate MED CTSDG BIFPN Ours

PSNR↑

10–20% 28.75 32.67 32.11 32.03
20–30% 26.97 28.13 28.67 28.44
30–40% 23.67 25.32 25.81 26.43
40–50% 22.07 23.46 23.56 24.79

SSIM↑

10–20% 0.922 0.958 0.960 0.953
20–30% 0.904 0.917 0.924 0.931
30–40% 0.837 0.852 0.863 0.882
40–50% 0.811 0.826 0.833 0.841

FID↓

10–20% 5.63 2.61 2.67 2.95
20–30% 6.79 3.74 3.24 3.11
30–40% 8.64 5.35 5.02 4.78
40–50% 9.11 7.69 7.63 7.11

Figure 6. Comparison of qualitative analysis results on Places.

4.1.2. Quantitative Analysis

We refer to all the current studies in the field related to image inpainting and decide to
adopt the three types of metrics, PSNR, SSIM, and FID, which were all used in quantitative
evaluation to evaluate our restored images. At the same time, we designed the comparison
experiments with other algorithms, and all algorithms used mask rates in inpainting based
on 10–20% with 10% increments. Ultimately, the comparison of the quantitative analysis
results clearly shows that the inpainting performance of our proposed algorithm model is
much better than that of the other algorithms. The quantitative results of the three metrics
for each specific algorithm are shown in Tables 2 and 3.
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Table 2. Comparison of quantitative analysis results on CelebA.

Mask Rate MED CTSDG BIFPN Ours

PSNR↑
10–20% 28.75 32.67 32.11 32.03
20–30% 26.97 28.13 28.67 28.44
30–40% 23.67 25.32 25.81 26.43
40–50% 22.07 23.46 23.56 24.79

SSIM↑
10–20% 0.922 0.958 0.960 0.953
20–30% 0.904 0.917 0.924 0.931
30–40% 0.837 0.852 0.863 0.882
40–50% 0.811 0.826 0.833 0.841

FID↓
10–20% 5.63 2.61 2.67 2.95
20–30% 6.79 3.74 3.24 3.11
30–40% 8.64 5.35 5.02 4.78
40–50% 9.11 7.69 7.63 7.11

Table 3. Comparison of quantitative analysis results on Places.

Mask Rate MED CTSDG BIFPN Ours

PSNR ↑
10–20% 28.05 30.54 31.09 31.86
20–30% 25.44 26.55 26.61 27.14
30–40% 22.89 23.73 24.17 25.71
40–50% 21.76 22.54 22.78 23.64

SSIM ↑
10–20% 0.924 0.929 0.934 0.926
20–30% 0.874 0.897 0.906 0.907
30–40% 0.846 0.856 0.862 0.873
40–50% 0.811 0.826 0.834 0.842

FID ↓
10–20% 5.71 4.11 3.88 3.16
20–30% 6.59 5.21 4.16 4.07
30–40% 9.14 7.68 7.11 6.89
40–50% 11.54 9.13 8.75 8.18

From Table 2, it can be seen that the MED algorithm is clearly at a disadvantage
when it needs to deal with the task of CelebA image inpainting at different mask rates.
While our proposed algorithm model has its own advantages over the remaining two
algorithms when facing different mask rates, it can be found that the model in this paper
still significantly outperforms the rest of the algorithms, and this phenomenon can be
clearly seen when targeting the image inpainting task of CelebA with high mask rates.

As for the Places dataset in natural scenes, Table 3 shows that the SSIM metrics of our
proposed image inpainting model are slightly lower than those of the BIFPN model only at
the mask rate interval of 10–20%. When restoration is performed at the rest of the mask
rates, the restoration performance of our proposed inpainting model outperforms the rest
of the algorithms, and the effect is especially prominent at high mask rates.

In summary, our algorithm outperforms current state-of-the-art image inpainting models.

4.2. Analysis of Old Photo Inpainting Results with Transfer Learning

In this paper, a modified two-stage image inpainting network is used as the base
network by employing a model initialized using pre-trained source domain data in the
initialization phase of the model. The pre-trained source domain model is trained on the
CelebA dataset to obtain the weights. For training, the learning rate of all the fine-tuning
layer parameters was 0.1 times the learning rate of the training layer parameters, using
an Adam optimizer with momentum set to 0.95. The domain discriminators all use three
fully connected layers and the ReLU activation layer. L2 regularization was also used for
all the parameters with a factor of 0.1. In order to obtain a more stable representation of
the data distribution, the data batch size is set to six for each iteration, and the number
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of model training iterations is based on the number of traversals of the small dataset,
with the maximum number of traversals being 100. The mask dataset used in transfer
learning training adopts the irregular mask obtained from [43]. In order to restore the old
photo image more realistically, the mask used in the test experiment is extracted from the
damaged old photo.

4.2.1. Experimental Content

In order to verify the practicality of the feasibility and effectiveness of transfer learn-
ing on old photo image inpainting tasks, we have prepared corresponding comparative
experiments. Both sets of experiments used a two-stage inpainting network as the base
network, and both sets of experiments were as follows:

Group 1 (without transfer learning): The hybrid dataset was used as the training data
for the model, and the model was trained directly without transfer learning, when all the
parameters in the model were initialized. (The hybrid dataset is the sum of the CelebA
training set and the old photo training set).

Group 2 (using transfer learning): This group was training using transfer learning,
and the steps are shown in Figure 4.

4.2.2. Dataset Acquisition and Pre-Processing

In the experiments and results analysis in this paper, it can be concluded that our pro-
posed image inpainting model can obtain a good image inpainting performance; however,
when the trained model is applied to the old photo inpainting task, it was found that the
model does not restore the old photos well. After analysis, the main reason for the poor
robustness of the model is that the open-source dataset is not exactly in the same style
as the old photo dataset. Old photographs are subject to fading and blurring due to the
limitations of past filming equipment and preservation conditions, and there are significant
differences between them and the images obtained from the open-source dataset.

Due to the sparse sample of old photo image dataset, a transfer learning approach is
used to implement the task of inpainting of old photos. A total of 316 images of complete
old photo faces were collected from the internet, and 91 images of broken or blurred old
photos were obtained after screening. The complete old photo images were divided into a
training set, a validation set, and a test set in a ratio of approximately 8:1:1, and the results
are shown in Table 4:

Table 4. Old photo images segmentation dataset.

Train Set Validation Set Test Set

Old photos 252 32 32

We use the random mask in this paper for training, and in order to make the broken
old photos more realistic, the test mask for old photo inpainting uses the broken mask
detected from the real broken old photo images as the test mask.

4.2.3. Analysis of Experimental Results

As the core work in this subsection is the task of old photo images inpainting, a
subjective comparison was carried out with a focus on the overall inpainting of old photos.

1. Subjective evaluation

An example plot of the comparison results for the first and second groups, respectively,
on the old photo dataset is shown below, as shown in Figure 7.

As can be seen in Figure 7, the inpainting results for the first group have significant
pixel inconsistencies, as seen in the third row where the shoulders appear to be colored,
and in the second row where inconsistent facial colors are observed for the faces. On the
other hand, the second group of inpainting results have better consistency, and it can be
seen that the inpainted images are largely visually unobstructed.
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(a) Mask. (b) Damage map. (c) Group 1. (d) Group 2. (e) Ground truth. 

Figure 7. Comparison of qualitative analysis results on old photo datasets.

As can be seen in Figure 7, the inpainting results for the first group have significant 
pixel inconsistencies, as seen in the third row where the shoulders appear to be colored, 
and in the second row where inconsistent facial colors are observed for the faces. On the 
other hand, the second group of inpainting results have better consistency, and it can be 
seen that the inpainted images are largely visually unobstructed.
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2. Objective evaluation

In order to more objectively evaluate the strengths and weaknesses of the algorithms 
used in this paper, quantitative analysis experiments were set up. The inpainting results 
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used the broken mask detected from the real broken old photo images as the test mask, 
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In summary, the use of transfer learning methods in old photo image inpainting tasks
gives more stability and accuracy in the results in terms of structural and texture features.
It can produce more realistic results with more natural facial features for face images.

2. Objective evaluation

In order to more objectively evaluate the strengths and weaknesses of the algorithms
used in this paper, quantitative analysis experiments were set up. The inpainting results
of the two groups of methods were quantitatively analyzed, and the experimental mask
used the broken mask detected from the real broken old photo images as the test mask,
and the test masks were consistent in both groups, and the quantitative results are shown
in Table 5.

Table 5. Objective quantitative comparison on old photos of human faces.

Methods PSNR SSIM FID

Group 1 32.42 0.943 3.62
Group 2 36.25 0.971 2.01

From Table 5, it can be concluded that the use of transfer learning can make the
inpainting of old photos more natural, and both PSNR and SSIM are far better than those
without the use of transfer learning, which is basically consistent with the results of the
qualitative analysis, thus proving the effectiveness of using the method of transfer learning
in the inpainting of old photos images.

5. Discussion

At the early stage of the COVID-19 outbreak, it was not possible to conduct relevant
research using neural networks because of the sparse dataset samples and the need for
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neural networks to rely on a large number of datasets for training. Due to this, in this
paper, the authors applied transfer learning to the field of image inpainting for the first
time. Specifically, the authors took the inpainting of old photo images as the research
object, constructed a two-stage image inpainting model, and embedding Transform into the
generator in the form of residual blocks, which solves the problem of long-distance feature
acquisition that cannot be achieved by convolution. The generator was decoupled into a
feature extractor and a classifier, and a domain-invariant feature extractor was trained with
a large public dataset as the source domain and an old photo image as the target domain.
Experimentally, the application of transfer learning to image inpainting in this paper has
achieved initial success and proved the effectiveness of the method. And this work in this
paper also provides new ideas for the subsequent research of image inpainting techniques
for small sample datasets, so that it can be satisfied with more application scenarios.

6. Conclusions

In this paper, we introduce transfer learning techniques to address the problem of
sparse samples of old photo datasets. In order to build an inpainting network more
suitable for transfer learning, a two-stream network is decoupled into two parallel streams
to form a two-stage network based on the original two-stream structure of the image
inpainting model. A dual discriminator is designed to give the model a better inpainting
performance by estimating texture and structure separately. Secondly, using a two-stage
image inpainting network as the base model, the generator is decoupled into a feature
extractor and a classifier, which are an encoder and a decoder, respectively, and a domain-
invariant feature extractor is obtained by training the source and target domain data, which
can be combined with the original encoder for the inpainting task of old photo images.
The experiments show that the inpainting of old photos using transfer learning is better
than that without transfer learning, maintaining pixel consistency and reasonableness.
In the qualitative experimental analysis, the PSNR, SSIM, and FID indexes of the model
using transfer learning are 11.8%, 2.96%, and 44.4% higher than those without transfer
learning, respectively.
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Abstract: This paper proposes a real-time emotion recognition system that utilizes photoplethysmog-

raphy (PPG) and electromyography (EMG) physiological signals. The proposed approach employs a

complex-valued neural network to extract common features from the physiological signals, enabling

successful emotion recognition without interference. The system comprises three stages: single-pulse

extraction, a physiological coherence feature module, and a physiological common feature module.

The experimental results demonstrate that the proposed method surpasses alternative approaches

in terms of accuracy and the recognition interval. By extracting common features of the PPG and

EMG signals, this approach achieves effective emotion recognition without mutual interference. The

findings provide a significant advancement in real-time emotion analysis and offer a clear and concise

framework for understanding individuals’ emotional states using physiological signals.

Keywords: emotion recognition; physiological signal; PPG; EMG; multimodal network; convolutional

autoencoder; short-time Fourier transform (STFT); complex-valued convolutional neural network

(CVCNN)

1. Introduction

There is increasing importance in ergonomics, supporting designs based on scientific
and engineering analyses of human physical, cognitive, social, and emotional characteris-
tics. Ergonomics encompasses human engineering, biomechanics, cognitive engineering,
human–computer interactions (HCI), emotional engineering, and user experiences (UX).
Sophisticated technologies continue to be developed for measurement, experimentation,
analysis, design, and evaluation. In particular, HCI has become an important field that has
attracted extensive research, resulting in significant advances and expansion in a variety of
fields, including recognizing and using emotions in computers.

Emotion recognition plays an important role in HCI, facilitating interactions between
humans and intelligent devices (such as computers, smartphones, and the IoT). There are
many ways to express emotions, including facial expressions, voice, gestures, text, and
physiological signals, and each method has several advantages [1]. Facial expressions
appear as facial images, and these image data can be acquired easily in various ways.
Voice signals are good to find useful reference information as they are widely used in
various fields. Gestures can express people’s emotions clearly, and text can be acquired
easily through crawling or scraping. However, the characteristics of voice and text are
different for each country. Moreover, gestures have limitations because it is difficult to
obtain a dataset, as this requires complex processes, such as recognizing a person’s physical
appearance. Furthermore, with regard to the emotion of facial expressions, voice, gestures,
and text, they can be intentionally controlled, meaning the reliability of a person’s actual
emotions in terms of recognition is low. In contrast, since physiological signals are related
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to the central nervous system, emotions cannot be deliberately controlled. Accordingly,
the reliability of physiological signals when recognizing emotions is guaranteed [2–4].
Therefore, psychological studies focusing on the relationship between physiological signals
(including electroencephalography (EEG), photoplethysmography (PPG), and electromyo-
graphy (EMG) signals) and emotions have been conducted and applied in various fields.
The reason for this research interest is that physiological reactions can reflect dynamic
changes in the central nervous system, which are difficult to hide compared to emotions
expressed through words or facial expressions.

Among the physiological signals, EEG signals are the most commonly used for emotion
recognition [5–7] because they are directly related to the central nervous system and contain
exceptional emotional features. Significant recent research using EEG signals has focused
on extracting EEG features using deep-learning-based methods. Wen et al. [8] proposed a
deep convolutional neural network (CNN) and an autoencoder to extract relevant emotion-
specific features from EEG signals. Alhagry et al. [9] proposed a long short-term memory
(LSTM) approach to classify emotions using EEG signals, and Xing et al. [10] proposed
a framework for emotion recognition using multi-channel EEG signals. Transitions in
emotional states are usually accompanied by changes in the power spectrum of the EEG.
Previous studies have also reported that spectral differences in EEG signals in the anterior
brain region of the alpha band can generally capture different emotional states. Moreover,
different spectral changes between different brain regions are also associated with emotional
responses, such as theta and gamma-band power changes at the right parietal lobe, theta-
band power changes at the frontal midline, and asymmetry of the beta-band power at the
parietal region. Moreover, different spectral changes between different brain regions are
also related to emotional responses. Examples here include changes in theta and gamma
band power in the right parietal lobe, changes in the theta band power in the frontal
midline, and asymmetry in the beta band power in the parietal region.

Soleymani et al. [11] proposed a multimodal dataset termed MAHNOB-HCI for emo-
tion recognition and implicate tagging research. Based on this dataset, they obtained an
EEG spectral output and the valence score of the electrodes and calculated a correlation be-
tween them. They also revealed that higher frequency components on the frontal, parietal,
and occipital lobes had a higher correlation with self-assessment-based valence responses.
Furthermore, they improved the classification performance for continuous emotion recog-
nition by fusing the power spectral density (PSD) and facial features. Koelstra et al. [12]
presented a multimodal dataset for the analysis of human affective states termed DEAP
and extracted the spectral power features of five frequency bands from 32 participants.
In another study, Zheng et al. [13] presented a dataset termed SEED for analyzing stable
patterns across sessions. Lin et al. [14] evaluated features specialized for emotions based
on the power spectral changes of EEG signals and assessed the relationship between EEG
dynamics and music-induced emotional states. They revealed that emotion-specific fea-
tures from the frontal and parietal lobes could provide discriminative information related
to emotion processing. Finally, Chanel et al. [15] employed the naive Bayes classifier to
categorize three arousal-assessment-based emotion classes from specific frequency bands
at particular electrode locations.

Despite the previously mentioned advantages, there are some limitations when using
EEG signals. First, EEG can cause simple partial seizures, or rarely, complex partial
seizures (particularly with frontal onset). This means that interpreting EEG signals can
become difficult or impossible due to body movements that generate excessive artifacts.
Therefore, knowledge of relevant clinical seizures that can accompany EEG changes is
required. Moreover, EEG signals have a high dimensionality, requiring diverse and difficult
processing, rendering subsequent analyses difficult. Finally, signal processing requires
complicated algorithms to analyze brainwave signals, and multiple EEG electrodes must
be attached to subjects to collect reliable brainwave data. For these reasons, it is very
difficult to gather practical EEG data applicable to real life, even if good classification can
be achieved with follow-up analyses. To avoid this limitation, we selected PPG and EMG
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signals to recognize emotions rather than EEG, as they contain extensive emotion-specific
information and can be incorporated into wearable devices practically [16–18]. Thus, they
are easily measurable and somewhat less complex to analyze compared to EEG signals.
Therefore, in this study, we paid attention to emotion recognition using a deep learning
model based on PPG and EMG signals.

Psychologists and engineers have attempted to analyze these data to explain and cate-
gorize emotions. Although there are strong relationships between physiological signals and
human emotional states, traditional manual feature extraction suffers from fundamental
limitations to describe emotion-related characteristics from physiological signals.

1. Hand-crafted feature performance largely depends on the signal type and level of
experience. Hence, poor domain knowledge can result in inappropriate features that
are unable to capture some signal characteristics.

2. There is no guarantee that any given feature selection algorithm will extract the
optimal feature set.

3. Moreover, most manual features are statistical and cannot incorporate signal details,
which results in information loss.

In contrast, deep learning can automatically derive features from raw signals, allowing
automatic feature selection and the bypassing of feature selection computational costs,
and is applied to many industrial fields [19,20]. Similarly, deep learning methods have
been recently applied to processing physiological signals (such as EEG or skin resistance),
achieving comparable results with conventional methods. Martinez et al. [21] were the
first to propose CNNs to establish physiological models for emotion, resulting in many
subsequent deep emotion recognition studies. While deep learning has these advantages,
features with conflicting information can disturb the process of recognizing emotions.

Following the above-mentioned research and limitations, the research problem is
described as follows. First, there are many problems in using EEG data in real-time emotion
recognition. Second, traditional manual feature extraction does not guarantee an optimal
feature set, leading to data loss. Finally, if there is a feature with conflicting information,
it can interfere with emotion recognition [22]. Therefore, in this work, we select PPG and
EMG signals and propose a deep learning model that prevents feature interference by
extracting the common features of both signals.

This study is structured as follows. Section 2 describes the overall structure of the
proposed system, including the method of splitting the PPG and EMG signals into a single
pulse. In Section 3, the experimental environment regarding the dataset and experimental
settings and the experimental results are presented, and the performance of the proposed
emotion recognition model is compared with other studies. Finally, Section 4 contains a
summary of the paper and presents the conclusions.

2. Proposed Real-Time Emotion Recognition System

2.1. Overview of the Proposed Real-Time Emotion Recognition System

An overview of the proposed real-time emotion recognition system developed in this
study is presented in Figure 1. To extract the emotional features of a person based on PPG
and EMG signals, a convolutional autoencoder (CAE) and a CNN-based architecture are
combined. Emotional recognition is possible with these features only, but they contain
conflicting information, which can confuse recognition. Therefore, in order to mediate the
confusion, shared emotional features are extracted from the complex-valued convolutional
neural network (CVCNN), in which the inputs are the results of a short-time Fourier trans-
form (STFT). By using the CVCNN, efficient features are acquired from the complex-valued
results of the STFT. Then, those features are concatenated and used to recognize emotions.
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Figure 1. Overview of the proposed system.

As shown in Figure 1, the proposed system mainly comprises two modules. The phys-
iological coherence feature module extracts features that exhibit a correlation between the
PPG and EMG signals using a convolutional autoencoder and a two-stream CNN. Further-
more, the physiological common feature module extracts features that share both frequency
information and overall details over time using a short-time Fourier transform (STFT) and
a CVCNN. This module can contribute to successful emotion recognition by preventing
feature interference that may occur in the physiological coherence feature module.

2.2. Single-Pulse Extraction Using Peak-to-Peak Segmentation for PPG and EMG Signals

By including the time or frequency domain and a geometric analysis, there is a variety
of different physiological signal analysis techniques. The most commonly used method is a
time domain analysis, which is divided by the average cycle rate and the difference between
the longest and shortest signal values. However, preprocessing at an average cycle rate is
inefficient because the aim is to capture changing trends immediately. Here, the difference
between the longest and shortest signals is irrelevant, because the data fundamentally differ
between participants. Therefore, the captured signal was split into short periods based
on the peak value to extract the maximum amount of information within the raw signal
while minimizing any losses. These short periods of signals are often directly associated
with underlying physiological properties. Introducing even small variations in these short
periods could potentially distort the underlying properties. As a result, in order to preserve
the integrity of the signals and avoid any potential distortion of the underlying properties,
we chose not to apply any signal augmentation techniques.

Figure 2 indicates that the PPG high peaks and EMG low peaks were clearly distin-
guishable from the characteristic waveforms. However, full-length signals were difficult to
correlate with specific emotions, since emotional expressions weaken or deteriorate with
increasing measurement time. Therefore, we segmented the signals into short signals to
reflect emotion trends and eliminated any signals that differed from this trend. Regular
periodicity signals were divided into single-pulse sections. Comparing the PPG and EMG
data, we set the single-pulse data length to 86 sample points, although segmenting this
length differed depending on the particular signal characteristics.

Segmentation criteria =

{

PPGsingle-pulse = [x∗Hp − cL, x∗Hp + cR]

EMGsingle-pulse = [x∗Lp − cL, x∗Lp + cR]
(1)

where x∗ denotes the partial (single-pulse) signal length extracted from the entire signal;
Hp and Lp are high and low peak locations, respectively; and cL and cR are the left and right
constants, respectively, which were assigned to the relative to the peak points. Figure 3
displays typical resulting extracted signals.
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(a) Photoplethysmograph signal (PPG) (b) Electromyograph signal (EMG)

Figure 2. Examples of PPG and EMG signals.

(a) Segmented PPG signals (b) Segmented EMG signals

Figure 3. Results of single-pulse segmentation for PPG and EMG signals.

Using the entire signal does not always help in recognizing emotions. Rather, the
signals typically contain artifact noise which distorts the signal waveform and complicates
the fitting task. Using the entire signal is also rather complicated because we have to
consider the possibility of each emotion starting in an arbitrary time frame [23–25]. In order
to efficiently recognize emotions, it was necessary to determine the appropriate length to
input to the deep learning model after properly segmenting the signal. Therefore, as a result
of exploring the appropriate input signal length through experiments, we found that the
appropriate input signal length is between 10 and 15 pulses. Furthermore, normalization is
essential when processing data that vary from person to person, such as biosignals.

The maximum or minimum value of the signal (the amplitude) is different for each
person. Therefore, to find appropriate peak values, appropriate threshold values must be
determined. For this purpose, a quartile analysis was applied to all peak values.

A quartile analysis is a statistical method used to divide a set of data into four equal
parts (quartiles). The data are sorted in ascending order, and then three equally sized
cut points are selected that divide the data into four groups, with each group containing
an equal number of observations. These cut points are known as quartiles and are often
denoted as Q1, Q2, (median), and Q3. A quartile analysis is useful for understanding the
distribution of a set of data, particularly when the data contain outliers or are not normally
distributed. Moreover, it can provide information on the spread, skewness, and central
tendency of the data.

Using this method, the threshold value that can obtain the maximum information
without losses was 0.15 for PPG and 1.2 for EMG. Figure 4 shows the single-pulse appear-
ance of PPG and EMG when various thresholds (including appropriate threshold values)
are applied.
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(a) Effect on single-pulse PPG signals

(b) Effect on single-pulse EMG signals

Figure 4. Effect on single-pulse signals with different thresholds.

2.3. Physiological Coherence Feature Module

2.3.1. Convolutional Autoencoder for 1D Signals

The CAE extends the basic structure of the simple autoencoder by changing the fully
connected layers to convolution layers [26–28]. Identical to the simple autoencoder, the
size of the input layer is also the same as the output layers, although the network of the
encoder changes to convolution layers and the network of the decoder change to transposed
convolutional layers.

As illustrated in Figure 5, an autoencoder consists of two parts: an encoder and a
decoder. The encoder converts the input x to a hidden representation y (feature code) using
a deterministic mapping function. Typically, this is an affine mapping function followed by
a nonlinearity, where W is the weight between the input x and the hidden representation y
and b is the bias.

y = f (Wx + b) (2)

z = f
′

(W
′

y + b
′

) (3)

The CAE combines the local convolution connection with the autoencoder, which is a
simple step that adds a convolution operation to inputs. Correspondingly, a CAE consists of
a convolutional encoder and a convolutional decoder. The convolutional encoder realizes
the process of convolutional conversion from the input to the feature maps, while the
convolutional decoder implements the convolutional conversion from the feature maps to
the output. In a CAE, the extracted features and the reconstructed output are calculated
through the CNN. Thus, (2) and (3) can be rewritten as follows:

y = ReLU(wx + b) (4)

z = ReLU(w
′

y + b
′

) (5)
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where, ω represents the convolutional kernel between the input and the code y and ω’
represents the convolutional kernel between the code y and the output. Terms b and b’
are the bias. Moreover, the parameters of the encoding and decoding operations can be
computed using unsupervised greedy training. The proposed architecture of a CAE for 1D
signals is shown in Figure 6.

Figure 5. General structure of an autoencoder in which the encoder and decoder are neural networks.

Figure 6. Architecture of a convolutional autoencoder for 1D signals.

2.3.2. Feature Extraction of Physiological Coherence Features for PPG and EMG Signals

In the previous section, each latent vector of the PPG and EMG signals was extracted
through the CAE. Data compression of the signal was achieved through a dimensionality
reduction, which is the main role of the autoencoder, allowing essential information about
the signals to be extracted. To extract the physiological coherence features through this
latent vector, a feature extraction module was constructed, as depicted in Figure 7. In the
physiological coherence feature module, starting with latent vectors for each PPG and EMG
signal, emotion-related features were extracted using the following process. Moreover, the
features extracted in this way are complementary to PPG and EMG and contain information
about the overall details over time.

First, effective features related to emotions were obtained through a 1D convolutional
layer in each latent vector of the PPG and EMG signals. Complementary features of the PPG
and EMG signals were then extracted by concatenating each feature and passing through
the 1D convolutional layer again. When extracting features from the PPG and EMG signals,
after the first 1D convolutional layer of each process, batch normalization and max pooling
were performed to solve the problem of internal covariate shift and to transfer strong
features with emotional characteristics to the next layer. However, while performing max
pooling and passing strong features with emotional characteristics to the next layer, delicate
representations may be discarded which can capture sophisticated emotional information.
Therefore, only batch normalization was performed at the second convolutional layer. In a
situation where features are fused through concatenation, this could be performed after
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arranging features in a row through flattening, as shown in Figure 8a. However, we did
not employ flattening to preserve the overall details over time (also known as temporal
information). Instead, temporal-wise concatenation was performed to ensure that it could
be fused by time steps, as shown in Figure 8b.

Figure 7. Architecture of the physiological coherence feature module.

(a) Feature fusion using flattening (b) Feature fusion without flattening

Figure 8. Effects of flattening on feature fusion.
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2.4. Physiological Common Feature Module

Basically, there are two main methods of extracting features from physiological signals
in emotion recognition. One is the statistical feature extraction method, which extracts
statistical features based on statistical facts. The other is deep-learning-based feature
extraction, which extracts features through a deep learning model.

Statistical features (also known as hand-crafted features) are less reliable because
people judge necessary features. People judge the statistical features related to the task
that they want to perform and select them, although it is unclear whether the features are
actually related to the task that they want to perform. Therefore, the deep-learning-based
feature extraction method is currently being used extensively. Although it has the advantage
of being able to extract features related to emotion recognition by automatically extracting
extensive amounts of important information from the signal, it has the disadvantage of not
being able to obtain information about the frequency band.

In order to compensate for the disadvantages of each method, the results of the STFT
were applied to a deep learning model to extract features that also included the information
of the frequency band in addition to information about overall details over time.

2.4.1. Signal Conversion from Time Domain to Time-Frequency Domain Using the
Short-Time Fourier Transform

The STFT is a Fourier-related transform used to determine the sinusoidal frequency
and phase content of local sections of a signal as it changes over time [29]. Although
the fast Fourier transform (FFT) can clearly indicate the frequency of a signal, it has the
disadvantage of having difficulty determining how much the frequency has changed over
time. In contrast, the STFT can easily determine the frequency over time because it performs
a Fourier transform by dividing the section over time.

The process of the STFT is depicted in Figure 9. Here, the hop length is the length that
the window jumps from the current section to the next section, and the overlap length is
the overlapping length between the current window and the next window. The resulting
value of the STFT comprises a complex number that contains information on both the
magnitude and phase. Therefore, the use of complex numbers is inevitable when using
both the magnitude and phase information of the STFT as shown in Figure 10.

Figure 9. Process of the STFT.

2.4.2. Complex-Valued Convolutional Neural Network (CVCNN)

In general neural networks, neurons have weights, inputs, and outputs in the real
domain, and these neural networks are called real-valued neural networks (RVNNs).
Moreover, each neuron constituting an RVNN is called a real-valued neuron (RVN). The
complex number resulting value of the STFT mentioned in Section 2.4.1 cannot be treated
with RVNs. Therefore, to treat the complex number value from deep learning, the complex-
valued neuron (CVN) and complex-valued neural network (CVNN) are necessary.
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Figure 10. STFT process for the physiological common feature module.

The CVN has the same structure as an RVN, as depicted in Figure 11. However, the
weights, inputs, and outputs of CVNs all exist in the complex domain. Therefore, they can
be applied to various fields that use a complex system [30,31].

(a) Real-valued neuron (RVN) (b) Complex-valued neuron (CVN)

Figure 11. Structure of an RVN and a CVN.

A real-valued convolution operation takes a matrix and a kernel (a smaller matrix)
and outputs a matrix. The matrix elements are computed using a sliding window with the
same dimensions as the kernel and each element is the sum of the point-wise multiplication
of the kernel and matrix patch at the corresponding window.

Herein, we use the dot product to represent the sum of a point-wise multiplication
between two matrices

X · A = ∑
ij

Xij Aij (6)

In the complex generalization, both the kernel and input patch are complex values. The
only difference stems from the nature of multiplying complex numbers. When convolving
a complex matrix with the kernel W = A + iB, the output corresponding to the input patch
Z = X + iY is given by

Z · W = (X · A − Y · B) + i(X · B + Y · A) (7)

To implement the same functionality with a real-valued convolution, the input and
output should be equivalent. Each complex matrix is represented by two real matrices
stacked together in a three-dimensional array. Denoting this array [X, Y], it is equivalent to
X + iY. X and Y are the array’s channels (Figure 12).

2.4.3. Feature Extraction of Physiological Common Features for PPG and EMG Signals

As mentioned at the beginning of this chapter, there are shortcomings in the method
of extracting each feature. Therefore, in this section, to address these shortcomings, features
were extracted while preserving the general details over time of the signals and the infor-
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mation of the frequency band by applying the STFT and CVNN, as explained previously.
Figure 13 shows the structure of the proposed physiological common feature module.

Figure 12. Process of complex-valued convolution.

As shown in Figure 13, the common features of the two biosignals (PPG and EMG)
were extracted in this study, because extracting the features of PPG and EMG separately is
an inherently inefficient method. In other words, selecting individual features provides too
much input data in single-task learning and creates the possibility that each feature would
adversely affect other features and interfere with the task to be performed. In addition, the
resultant value of the STFT is composed of complex numbers and includes information
on both magnitude and phase. Therefore, to use both the intensity and phase information
of the STFT, the use of complex numbers is inevitable. Accordingly, a CVNN was used to
extract the features.

Figure 13. Structure of the physiological common feature module.

For the following reasons, we propose to extract the common features of the PPG
and EMG signals through a CVNN instead of extracting the features for each PPG and
EMG signal.

Therefore, the total structure of our proposed real-time emotion recognition system
can be represented as shown in Figure 14.
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Figure 14. Total structure of the proposed emotion recognition system.

3. Experimental Results

3.1. Datasets

It is important to decide which dataset to use for a study since the type and characteris-
tics of a dataset have a significant influence on the results. In particular, datasets containing
only physiological signals (not image-generated datasets) are required for emotion recogni-
tion through physiological signals. We required a dataset containing PPG and EMG signals;
thus, among the available datasets, we chose the DEAP dataset [12]. Moreover, we created
a dataset, EDPE, for more granular emotions (as used in a previous study [32]).

Emotions can be affected by many factors, and each emotion has fuzzy boundaries.
Therefore, it is ambiguous to quantify emotions or define them using objective criteria. Var-
ious models that define emotion have been developed, although most emotion recognition
studies use Russell’s circumplex theory [33], which assumes emotions are distributed in a
two-dimensional circular space with arousal and valence dimensions. Generally, arousal
is considered as the vertical axis and valence the horizontal, with the origin (circle center)
representing neutral valence and medium arousal level.

As shown in Figure 15, emotional states can be represented at any valence and arousal
level. For example, “Excited” has high arousal and high valence, whereas “Depressed” has
low arousal and low valence. Emotions can manifest in various ways, and current emotion
recognition systems are generally based on facial expressions, voice, gestures, and text.

3.1.1. Database for Emotion Analysis Using Physiological Signals (DEAP)

The DEAP dataset contains 32-channel EEG and peripheral physiological signals
(including PPG and EMG). Furthermore, these signals were measured from a total of
32 participants (16 male and 16 female) who watched 40 music videos and self-assessed on
five criteria (including arousal and valence). Each participant’s age was within the range of
19–37 years (average of 26.9 years), and self-evaluation was on a continuous scale from 1 to
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9, except for familiarity (which was a discrete scale from 1 to 5). Thirty-two participants
first put on a device that can collect the signals and started the device three seconds before
watching the video to measure the signals when they were in a calm state. After that, they
watched the videos and started the self-assessment after the video was finished. This step
was repeated to collect the signals. The signals were measured at 512 Hz and also the data
were downsampled to 128 Hz. Furthermore, the dataset is summarized in Table 1.

Figure 15. Russell’s circumplex model [33].

Table 1. DEAP dataset summary.

DEAP Dataset Experiment

Participants 32 (male: 16, female: 16)

Videos 40 music videos

Age Between 19 and 37

Rating categories
Arousal, Valence, Dominance, Liking,

Familiarity

Rating values Familiarity: discrete scale of 1–5
Others: continuous scale of 1–9

Recorded signals
32-channel EEG

Peripheral physiological signals
Face video (only for 22 participants)

Sampling rate 512 Hz (or downsampled to 128 Hz)

3.1.2. Emotion Dataset Using PPG and EMG Signals (EDPE)

The EDPE dataset has a total of 40 participants (30 males and 10 females) who watched
32 videos that evoked specific emotions and then self-evaluated their arousal and valence.
Each video lasted 3–5 min and the total duration of the experiment was 2.5–3.0 h. Each
participant’s age was within the range of 20–28 years and the self-assessment proceeded
with a four discrete step evaluation of −2, −1, +1, +2 in Arousal and Valence. Through

180



Electronics 2023, 12, 2933

these four-step self-assessments, emotions are classified into 16 areas expressed in Figure 16,
not four areas. This makes it more efficient to recognize emotions at the level of emotions
defined by adjectives. The overall experimental process is as follows. First, participants
attach a sensor and wait in a normal state for 10 min without measuring the signals. After
that, they watch videos corresponding to the four quadrants of Russell’s model while the
signals are measured. After each videos finishes, they start a self-assessment. The measured
signals are PPG and EMG, which are sampled and measured at 100 Hz, as summarized in
Table 2.

Figure 16. Proposed emotion plane (valence–arousal plane).

Table 2. EDPE dataset summary.

EDPE Dataset Experiment

Participants 40 (male: 30, female: 10)

Videos 32 videos

Age Between 20 and 28

Rating categories Arousal, Valence

Rating values Discrete scale of −2, −1, +1, +2

Proposed emotion states 16 emotions depicted in Figure 16

Recorded signals PPG, EMG

Sampling rate 100 Hz

3.2. Experimental Setup

The experiment was conducted by setting the single-pulse lengths to 86 and 140 data
points for the DEAP and EDPE datasets, respectively. Each sample was preprocessed
through MATLAB (R2020b), and learning was conducted using Tensorflow (2.6.0) and
Keras (2.6.0). In the fields of cognitive engineering, HCI (emotion engineering and medicine)
and BCI (perception of an individual’s emotional state) are very important. Hence, the
experiment in this study was not conducted in a subject-independent way. Therefore, 80%
randomly-selected samples from the DEAP dataset were used for training and 20% for
testing. Similarly, a randomly selected 80% of samples from the entire EDPE dataset was
used for training and 20% of the samples was used for testing.

In addition, the accuracy of each pulse number was measured to confirm how many
pulses from each dataset were suitable for recognizing emotions. Based on the appropriate
number of pulses (confirmed from the experiment), the performances of the algorithm
proposed in this study and other algorithms were compared. Finally, by learning each
of the 16 emotions classified by arousal and valence, an experiment was conducted to
determine how well they could be measured in the emotion class.
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3.3. Classification Results on Deap Dataset

Figure 17 shows the average accuracies of valence and arousal according to the number
of pulses in the DEAP dataset. When the DEAP dataset contained only a single pulse, the
accuracy was very low (47%). However, as the number of pulses increased from 1 to 10, the
accuracy increased rapidly, although, beyond 10 pulses, the accuracy remained the same.
In regard to the DEAP dataset, although the accuracy increased rapidly up to 10 pulses,
the ideal number of pulses in the DEAP dataset was set to 15, because this produced the
optimum performance (75%).

Figure 17. Classification accuracy of DEAP dataset according to pulse length.

Table 3 shows a comparison of the results of the emotion recognition using the DEAP
dataset. The proposed method exhibited an accuracy of 75.76% and 74.32% in arousal and
valence. Except for studies [10,34,35], it can be seen that the proposed method shows the
best performance and is also superior in terms of the recognition interval. Compared to the
proposed method, the study [34] performs poorly in valence, but outperforms in arousal.
Conversely, study [10] performs well in valence, but does not perform well in arousal. In
the case of study [35], it can be seen that both valence and arousal perform better than the
proposed method. However, it is difficult to make an appropriate comparison because the
three studies have a longer recognition interval than the proposed method.

Table 3. Comparison with other studies using the DEAP dataset.

Method Recognition Interval Signals
Accuracy

Arousal Valence

Naïve Bayes with
Statistical Features

(Koelstra, 2011) [12]
63 s

GSR, RSP, SKT,
PPG, EMG, EOG

57% 62.7%

CNN
(Martinez, 2013) [21]

30 s BVP, SC 69.1% 63.3%

DBN
(Xu, 2016) [36]

60 s EEG 69.8% 66.9%

Deep Sparse AE
(Zhang, 2017) [34]

20 s RSP 80.78% 73.06%

MEMD
(Mert, 2018) [37]

60 s EEG 75% 72.87%

SAE-LSTM
(Xing, 2019) [10]

60 s EEG 74.38% 81.1%

HOLO-FM
(Topic, 2021) [35]

60 s EEG 77.72% 76.61%

Proposed Method 15 s PPG, EMG 75.76% 74.32%

182



Electronics 2023, 12, 2933

Therefore, as shown in Table 4, the performance was compared again by matching
the recognition interval to the same 15 s as the proposed method. Study [10] used LSTM
to construct the model according to relatively long-term signals; thus, it seems that the
performance has decreased significantly compared to studies [34,35]. Therefore, when
comparing the proposed method and research [10,34,35] under the same conditions, the
proposed method shows the best performance.

Table 4. Re-comparison with the top-3 studies in Table 3 (with the recognition interval set to 15 s).

Method Recognition Interval Signals
Accuracy

Arousal Valence

Deep Sparse AE
(Zhang, 2017) [34]

15 s RSP 69.8% 70.67%

SAE-LSTM
(Xing, 2019) [10]

15 s EEG 54.46% 50.98%

HOLO-FM
(Topic, 2021) [35]

15 s EEG 70.54% 72.32%

Proposed Method 15 s PPG, EMG 75.76% 74.32%

3.4. Classification Results on the EDPE Dataset

Figure 18 shows the average accuracies of valence and arousal according to the number
of pulses in the EDPE dataset. When the EDPE dataset contained only a single pulse, the
accuracy was very low (46%). However, as the number of pulses increased from 1 to 10,
the accuracy increased rapidly, although, beyond that number, the accuracy decreased.
Therefore, for the EDPE dataset, the performance was optimum (85%) when it contained 10
pulses. Accordingly, the ideal number of pulses in the EDPE dataset was set to 10.

Figure 18. Classification accuracy of the EDPE dataset according to pulse length.

Figure 19 shows the confusion matrix of the arousal and valence results when the ideal
number of pulses in the EDPE dataset was set to 10. Figure 19 exhibits that many num-
bers were on the descending right diagonal where the predictions and answers matched,
indicating that the learning was successful. Items with relatively high numbers (except
for numbers on the diagonal) were <Very High–High> and <Very Low–Low>, and Very
High became High, High became Very High, or Very Low became Low and Low (which
refers to the case of confusion with Very Low). Even though there were cases of confusion,
the overwhelming majority of correctly predicted cases proved the excellent classification
performance of the method proposed in this study.

Experiments were also conducted with various deep learning models based on a
CNN and LSTM (commonly used in deep learning models) using the same EDPE dataset.
Although CNNs are one of the most-used deep neural networks for analyzing visual images,
they have frequently been employed in recent emotion recognition research by analyzing
patterns of adjacent physiological signals. Therefore, we compared the performance of
CNNs and models that combined a stacked autoencoder and a CNN or LSTM. Finally,
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the performance of the bimodal stacked sparse autoencoder [32] was compared. Table 5
summarizes the experimental results of emotion recognition.

(a) Confusion matrix—arousal (b) Confusion matrix—valence

Figure 19. Confusion Matrix of classification result—EDPE dataset.

As shown in Table 5, the performance was low when recognizing emotions using
LSTM. This result indicated that the data were not just time dependent but also more
complex. Therefore, this suggested that improved results could be obtained by analyzing
data patterns using a fully connected layer and a convolutional layer. As a result, our
proposed model outperformed the other deep learning models.

Table 5. Comparison with various deep learning models.

Model Dataset Recognition Interval
Accuracy

Arousal Valence

CNN

EDPE
dataset

10 s

70.24% 74.34%
Stacked Auto-encoder + CNN 71.47% 72.01%
Stacked Auto-encoder + LSTM 61.03% 59.25%

Bimodal-Stacked Auto-encoder [32] 75.86% 80.18%
Proposed Model 84.84% 86.50%

Recognizing the highs and lows of arousal and valence has a very different meaning
from recognizing emotion itself. Being able to recognize arousal well does not necessarily
mean that valence can also be recognized well, and vice versa. In other words, recognizing
emotions is a more complicated and difficult problem than recognizing high and low
levels of arousal or valence, in which both arousal and valence standards are applied
simultaneously, as shown in Figure 16. Therefore, to recognize emotions, we reconstructed
the EDPE dataset with data and labels for each of the 16 emotions in Figure 16, and
training and testing were conducted by dividing the sample into 80% for training and 20%
for testing.

Table 6 presents the recognition results for the 16 emotions, which displayed an
average recognition accuracy of 82.52%. Although this result was slightly lower than the
recognition accuracy for arousal and valence, it was sufficiently accurate to be applied
successfully in real-life scenarios, considering the difficulty of recognizing 16 emotions
compared to each recognition task for arousal and valence.

Table 6. Results of emotion recognition for sixteen emotions by the proposed model.

Quadrant Emotions

Astonished Convinced Excited Delighted
Quadrant I

(HVHA) 85.37% 87.09% 81.34% 80.20%
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Table 6. Cont.

Quadrant Emotions

Distress Disgust Annoyed Impatient
Quadrant II

(LVHA) 78.35% 80.97% 75.26% 82.97%

Sad Anxious Worried Bored
Quadrant III

(LVLA) 79.61% 82.89% 77.49% 90.04%

Confident Serious Pleased Calm
Quadrant IV

(HVLA) 85.08% 83.24% 86.87% 83.40%

HVHA: High Valence High Arousal, LVLA: Low Valence Low Arousal, LVHA: Low Valence High Arousal, HVLA:
High Valence Low Arousal.

4. Conclusions

This paper proposed a novel approach for real-time emotion recognition using physio-
logical signals (PPG and EMG) through the extraction of physiologically common features
via a CVCNN. The results indicated that the proposed approach achieved an accuracy of
81.78%, which is competitive with existing methods. Furthermore, we confirmed that the
recognition interval was significantly shorter than in other studies, rendering the proposed
method suitable for real-time emotion recognition.

The findings of this study suggest that the proposed approach has the potential
to be applied in various fields, such as healthcare, human–computer interactions, and
affective computing. Moreover, this study provides insights into the relationship between
physiological signals and emotions, which can further advance our understanding of the
human affective system.

While the proposed approach shows promise in real-time emotion recognition using
physiological signals, there are some limitations. Firstly, the concept of cross-subject
analysis, which involves analyzing data from multiple subjects, is not incorporated in this
study. This limits the generalizability of the findings to a broader population. Next, the
experiments were conducted in a controlled laboratory setting, which may not fully capture
the range of emotions experienced in real-life situations. Therefore, there is a need for
future research to address these limitations.

In light of these limitations, future research should consider conducting experiments
in wild environments to better understand the applicability of the proposed approach in
real-world scenarios. This would provide a more comprehensive understanding of how
emotions manifest in different contexts. In addition, by understanding the properties of
the matrix, which is the result of a STFT, it is possible to derive novel approaches such as
spectrograms [38] or graph transformer models [39,40]. Furthermore, it is important to
expand the scope of the investigation beyond short-term emotion recognition. Long-term
emotion recognition should be explored to gain insights into how emotions evolve and
fluctuate over extended periods of time.

Moreover, future research could focus on defining and recognizing personality traits
based on changes in emotions. By studying the relationship between emotions and person-
ality, we can gain a deeper understanding of the human affective system. This would not
only contribute to the field of affective computing, but also have practical implications in
various domains, such as healthcare and human–computer interactions.

In summary, by addressing the limitations related to cross-subject analysis and con-
ducting experiments in real-life settings, future research can enhance the applicability and
generalizability of the proposed approach. Additionally, exploring long-term emotion
recognition and its connection to personality traits would provide valuable insights into
the complex nature of human emotions.
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Abstract: To overcome the fault of convolutional networks, which can be over-smooth, blurred, or

discontinuous, a novel transformer network with cross-window aggregated attention is proposed.

Our network as a whole is constructed as a generative adversarial network model, and by embedding

the Window Aggregation Transformer (WAT) module, we improve the information aggregation

between windows without increasing the computational complexity and effectively obtain the image

long-range dependencies to solve the problem that convolutional operations are limited by local

feature extraction. First, the encoder extracts the multi-scale features of the image with convolution

kernels of different scales; second, the feature maps of different scales are input into a WAT module

to realize the aggregation between feature information and finally, these features are reconstructed

by the decoder, and then, the generated image is input into the global discriminator, in which the

discrimination between real and fake images is completed. It is experimentally verified that our

designed Transformer window attention network is able to make the structured texture of the restored

images richer and more natural when performing the restoration task of large broken or structurally

complex images.

Keywords: cross-window aggregated attention; detail feedforward networks; transformer

1. Introduction

Image inpainting is the process of filling the missing areas of an image with reasonable
content so that the inpainted image is semantically reasonable and visually realistic. It
is widely used in many practical scenarios, such as removing objects, restoring old pho-
tographs, image editing [1–3], etc. For image inpainting, it is crucial to be able to give
reasonable content to fill the target area based on the observed area and make the whole im-
age consistent. Traditional image inpainting methods usually match and copy background
patches to the missing areas or by propagating information from the boundaries around
the missing areas. These methods are very effective for images with only a small portion
of damage or repetitive patterns, but for images with large damaged areas or complex
structures, it is often difficult to generate semantically reasonable images because of the
lack of semantic understanding of the image.

Generative Adversarial Network (GAN) can improve the visual effect of network
generated images. Pathak et al. [4] applied GAN and designed a contextual compiler (CE)
as a repair method, which improved on the traditional convolutional neural network and
achieved significant repair results. However, this network has the limitation that it can only
repair masked images with fixed shapes, and its repair results are not satisfactory when per-
forming image repair tasks with random masks. For this reason, Iizuka et al. [5] achieved
image inpainting of arbitrary region breakage by reducing the number of downsamples
and used a null convolution layer instead of a fully connected layer [6]. Moreover, the
method uses global and local discriminators to ensure the overall consistency of the global
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discriminator, and the local discriminator achieves better restoration results by judging the
local consistency of small central regions. However, due to the limited neural telepresence
field output from the convolution operation, the feature information at a distance cannot
be utilized, which results in semantic connectivity inconsistencies in the generated informa-
tion. To cope with this problem, Yu et al. [7] proposed a feedforward generative network
model for image inpainting, which was solved using an attention mechanism [8–10]. The
model consists of two stages. First, an expanded convolutional network trained with
reconstruction loss is used for rough restoration. Second, a context-aware layer with a
spatial propagation layer is built using convolution to match the generated patches with
known context patches, which enhances the spatial consistency and achieves fine repair.
Song et al. [11] adopted a similar approach by introducing a “patch swapping layer” to
replace the patches in the region to be filled with the most pixel consistent patches on the
boundary.

In addition, Nazeri et al. [12] proposed a two-stage GAN model called “EC”, which
combines two stages of edge information prediction and image inpainting and first gener-
ates the edge map of the missing region as image inpainting guidance information to be
sent to the restoration network for restoration, and it achieves better restoration results.
Xiong et al. [13] showed a similar model that uses foreground object contours as a structural
prior, unlike EC that uses edges as information as a prior. Ren et al. [14] pointed out that
edge-preserving smoothed images provide better global structure due to capturing more
semantics, but these methods require higher accuracy for the structure (e.g., edges and
contours). To overcome this weakness, some researchers have addressed this problem by ex-
ploiting the correlation between texture and structure. Li et al. [15] designed a progressive
visual structure reconstruction network (PRVS) to progressively reconstruct the structure
and associated visual features. The reconstruction of visual structures and visual features
are entangled together to benefit each other by sharing parameters. Yang et al. [16] intro-
duced a multitasking framework to generate sharp edges by adding structural constraints.
Liu et al. [17] proposed a mutual encoding–decoding to simultaneously learn features
of convolution that correspond to different layers of structure and texture. However, a
single shared framework is difficult for modeling texture and structure. Therefore, to
effectively implement image structure and texture information restoration, Guo [18] et al.
proposed a new dual-stream network for image inpainting (CTSDG) to further enhance the
performance of image inpainting by dividing it into two subtasks, texture synthesis and
structure reconstruction. Since existing image inpainting techniques are outputting only
one restoration result for a broken image, but image inpainting is by nature an uncertain
task and its output should not be limited, Liu [19] et al. proposed a PD-GAN algorithm
based on this idea (that is, the closer to the center of the hole, the higher its diversity and
the stronger the diversity) and obtained good results.

When convolution is used to process image features, each convolutional layer shares
convolutional kernel parameters spatially. For a single image with both broken and normal
regions, the operation of assigning the same kernel to features that are valid, invalid, or
located on broken boundaries can easily lead to problems, such as structural distortion,
texture blurring, or artifacts. In addition, neural networks operating only within a local
window are inefficient in modeling images over long distances while in the processing of
image inpainting, appropriate information within the entire image needs to be utilized,
and sometimes information far from the damaged area needs to be acquired to repair the
broken area. Therefore, a Transformer-based cross-window aggregation attention image
inpainting method is proposed, and a rectangular window cross aggregation Transformer
module (WAT) is constructed to combine the respective advantages of the attention module
and convolution to complete the extraction of image features, which solves the restrictive
problem that convolutional operations can only extract local features. It is experimentally
verified that the Transformer window aggregation attention network designed in this
paper can make the structural texture of the restored images richer and more natural

189



Electronics 2023, 12, 2726

when performing the restoration task of large broken or structurally complex images. The
innovative work of this paper is as follows:

1. We propose a novel Transformer-based cross-window aggregated attentional image
restoration network, which improves the information aggregation between windows
by embedding WAT modules.

2. We effectively obtain the long-range dependence of images without increasing the
computational complexity and solve the problem that convolutional operations are
limited by local feature extraction.

3. Experiments on several datasets demonstrate the effectiveness of the proposed method
and outperform the current restoration methods.

2. Overall Model Design

In this paper, we proposed a Transformer-based window aggregation attention image
network. The overall design of the network model is shown in Figure 1, and the restora-
tion model consisted of three parts, including the generator, discriminator and window
aggregation attention. The encoder was a stack of convolutional layers with multiple
different convolutional kernels and was responsible for extracting multi-scale features
from the input image. In the encoder’s backbone of the generator, partial convolution
layers were employed to replace all the normal convolution in order to better capture
information from irregular boundaries since partial convolution [20] was conditioned only
on uncorrupted pixels, and in addition, jump connections produced more complex pre-
dictions by combining low and high level features at multiple scales. The decoder was
similar in structure to the encoder and was used to reconstruct the features into images.
The discriminator used a Markov global discriminator, which ensured the consistency of
the regional structure with the overall structure. The WAT module was introduced into
the partial convolution of the encoder to aggregate the multi-scale information extracted
by the encoder, and the powerful remote modeling capability of attention was exploited
to fully exploit the contextual information in the hierarchical features. In particular, the
WAT module could effectively obtain the image long-range dependencies and solve the
problem that the convolution operation was limited by local feature extraction. Figure 1A–C
represent the generator and discriminator structure diagram, the generator internal detail
diagram and the discriminator workflow diagram, respectively.
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Figure 1. Overall network model. (A) represents the generator and discriminator structure diagram,

(B) shows the internal details of the generator, and (C) shows the discriminator workflow diagram.
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3. Transformer-Based Window Aggregation Attention Image Inpainting Network

3.1. WAT Module

We improved a window aggregation module (R-MSA) based on the literature [21]
to replace the common multi-headed self-attention module and form a cross-window
aggregation Transformer (WAT) module. Our WAT used local window self-attention to
limit computational complexity and aggregated features across different windows to extend
the perceptual field and improve the aggregation of window information. The first layer
was a window aggregation module (R-MSA), and the second layer was a simple multilayer
perceptron (MLP). Around each of the two sublayers, an in-residual connection [22] was
used, followed by layer normalization [23]. This is presented in Figure 2.
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Figure 2. Structure of the WAT module.

The window aggregation module R-MSA, a key part of the WAT module, employed
a new attention mechanism and contained two novel designs: the rectangular window
self-attention mechanism (Rwin-MSA) and the local complementary module (LCM).

3.1.1. Construction of Rwin-MSA

The Rectangular window multi-head self-attention mechanism (Rwin-MSA), which
performs self-attention in a non-overlapping local window, significantly reduced the compu-
tational cost and computational complexity from O(H2W2C) to O(M2HWC), as depicted
in Figure 3.

tt

tt
tt

ff

N
orm

alization 
layer R-MSA MLP

N
orm

alization 
layer

tt
tt

tt
tt

2 2( ) 2( )

Pixel 
reduction 
sampling

 

2

Figure 3. Change in computational complexity.

Given a two-dimensional feature mapping X ∈ RC×H×W , where H and W were the
height and width of the mapping and C was the depth, X was decomposed into non-
overlapping windows of window size M × M and then, features and transposed features

Xi ∈ RM2×C were obtained from each window. Then, the features of each window were
self-attended. Suppose the size of the head number k was dk = C/k; then, the kth head
self-attention in the non-overlapping window could be defined as:

X =
{

X1, X2, . . . , XN
}

, N = HM/M2, (1)
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Yi
k = Attention(XiWQ

k , XiWK
k , XiWV

k ), i = 1, . . . , N, (2)

X′
k =

{

Y1
k , Y2, . . . , YM

k

}

. (3)

where WQ
k , WK

k , WV
k ∈ RC×dk were the queries, keys and values of the projection matrix

of the head number k, respectively. X′
k was the output of the kth head, and then, all

heads {1, 2, . . . , k} were connected for linear projection to obtain the final result. Inspired
by [24,25], the relative position encoding was applied to the attention module, so the
attention calculation formula could be reduced to the following:

Attention(Q, K, V) = So f tmax(
QKT

√
dk

+ B)V. (4)

where B was the relative position deviation. Compared with the global self-attention mecha-
nism, the window-based attention mechanism could significantly reduce the computational
cost. The computational complexity decreased from O(H2W2C) to O(M2HWC) for a given
feature mapping X ∈ RC×H×W .

3.1.2. Construction of LCM

Transformer could efficiently capture global information and model long-term de-
pendencies between pixels. However, CNNs can aggregate local features and extract the
underlying structure of an image (e.g., corners and edges) due to their translation invari-
ance and localization that occupy an indispensable position in image inpainting tasks. To
complement the local nature of the Transformer and to achieve global and local coupling,
we therefore added a separate convolution operation, the Local Complementary Module
(LCM), when computing the self-attentive mechanism using the Rwin-MSA module. The
LCM could complement the Rwin-MSA with local information, which operated on the
value (V) in parallel with the Rwin-MSA module, as demonstrated in Figure 4.
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Figure 4. Partial complementary module.

Using the LCM module, the convolution operation was performed directly on the
value (V) with the following formula:

Rwin − MSA(X) = (Concat(Y1
k , Y2

k , . . . , YM
k ) + Conv(V)WP (5)

where Y1
k , Y2

k , . . . , YM
k was the same as Equation (3), V ∈ RC×H×W was the value projected

directly from X without window aggregation, WP ∈ RC×C denoted the projection matrix
for feature aggregation and Conv(.) was the convolution operation with a convolution
kernel of 3. Compared to performing convolution sequentially or using convolution directly
on X, the operation in this paper had two features: (1) using convolution as a parallel
module enabled the Transformer module to adaptively choose whether to employ attention
or convolution operations, which was more flexible than sequential convolution execution.
(2) From Equation (4), we can see that self-attention can be considered a content-dependent
dynamic weight, and the convolution operation is equivalent to a static weight that can
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be learned. Therefore, the convolution operation on V was performed in the same feature
domain as the attention operation.

3.2. Discriminator Network

In the repair network of this paper, the discriminator was Markov discriminator [26]
(Patch-GAN), which mainly consisted of four convolutional layers and one fully connected
layer. Unlike other discriminator networks, the Markov discriminator first output an N × N
matrix and then calculated the mean of the N × N matrix as the final discriminator output,
which was fundamentally different from the traditional discriminator output of only one
true/false vector. Each position in the Markov discriminator output matrix could represent
a receptive field of the generated image, and each receptive field corresponded to a part of
the region in the generated image. Therefore, the Markov discriminator was used to more
accurately distinguish the differences between the images generated by the generator and
the real images and thus better adjust the network gradient.

To ensure that the discriminator focused on the structure of the whole image as much
as possible and to evaluate whether the generated image was consistent with the real
image, only the global discriminator was used as the discriminator for the whole network
in this paper. This was because the local discriminator woul only focus on the region
after network restoration when identifying the difference between the generated image
and the real image, which satisfied the consistency of the restored region but ignored the
global structure of the overall image, and the global discriminator could better ensure the
consistency between the regional structure and the overall structure so that the generator
could generate more realistic and vivid face images. Finally, to prevent a gradient explosion
in the training process of the generative network, Spectral Normalization [27] (SN) was
introduced in the discriminator to enable a stable training process as a way to improve the
training quality of the GAN network. Table 1 shows the discriminator parameters.

Table 1. Discriminator parameters.

Layers Convolution Kernels Step Lengths Activation Functions

1 4 2 LeakyReLu
2 4 2 LeakyReLu
3 4 2 LeakyReLu
4 4 1 LeakyReLu

Full Connection - - Sigmoid

3.3. Loss Function

In order to minimize the loss in the training session, the algorithm in this paper used a
semantic-based joint loss function, which consisted of four terms, including reconstruction
loss, perceptual loss, style loss and adversarial loss, to obtain a repair network that made
the repair network visually realistic and semantically reasonable.

(1) Reconstruction loss

Lre reconstruction loss was the value of the L1 parametric number that compensated
for the difference between the image Iout and the actual image Ig:

Lre =
∣

∣

∣

∣Iout − Ig

∣

∣

∣

∣

1
. (6)

(2) Perceptual loss [28]

Since the reconstruction loss was difficult to capture the high-level semantics, the
perceptual loss Lpere was introduced to evaluate the global structure of the image. The
perceptual loss measured the feature mapping between the real image Ig and the output
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image Iout, with L1 being the distance between the feature space Iout and Ig, and it was
calculated as follows:

Lpere = E[∑
i

1

N
||φi(Iout)− φi(Ig)||1]. (7)

where φi(·) denoted the activation mapping obtained for a given input image I through the
i-th pooling layer of VGG-16.

(3) Style loss

The style loss was further designed in order to ensure style consistency. Similarly, the
style loss calculated the L1 distance between feature maps, which was calculated as:

Lstyle = E[∑
i

∣

∣

∣

∣Φi(Iout)− Φi(Igt)
∣

∣

∣

∣

1
]. (8)

where, Φi(.) = ΦT
j
(.)Φj(.) denoted the Gram matrix from the activation mapping Φi.

(4) Adversarial loss [29]

The adversarial loss guaranteed the visual realism of the reconstructed image and the
consistency of texture and structure, where D was the discriminator. The adversarial loss
was introduced into the Markov discriminator to add a new regularization to the network
for discriminating the true and false images, which was calculated as:

Ladv = min
G

max
D

EIgt ,ggt
[log D(Igt, Egt)] + EIout,Eout

log[1 − D(Iout, Eout)]. (9)

In summary, the joint loss function is:

Lall = αLre + βLpere + γLstyle + λLadv, (10)

where α, β, γ and λ were hyper-parameters. In the experimental procedure of this paper,
we set α = 10, β = 0.1, γ = 250 and λ = 0.1.

4. Experimental Environment and Evaluation Index

The deep learning framework used for the experiments was pytorch, the computer
operating system was Windows 10, and the graphics card model was NVIDIA TITAN XP
with 12G of video memory.

Distortion metrics and perceptual quality metrics were used to quantitatively evaluate
model performance. Distortion metrics are used to measure the degree of distortion of the
results, including Peak Signal to Noise Ratio (PSNR) and Structural Similarity Index (SSIM).
Among them, PSNR was used to evaluate the error between the corresponding pixel points
in two images, and a larger value indicated less distortion. SSIM was used to evaluate the
overall similarity between two images in three aspects: brightness, structure and contrast,
and a result closer to 1 indicated a higher similarity. The perceptual quality metric was
used to represent the perceptual quality of the result, representing the subjective perceptual
quality of an image. Here, it was represented by Fréchet inception distance (FID), and its
lower value indicated better subjective perceptual quality.

4.1. Experimental Dataset and Pre-Processing

To verify and evaluate the robustness and generalization ability of the algorithmic
network, the CelebA [30] and Places datasets [31] were used to evaluate the method in
this paper, where the CelebA dataset used contains 165,000 face images in the training set,
19,500 face images in the test set and 19,400 face images in the validation set. We selected
six categories from the Places dataset, each with 5000 training images, 900 test images
and 100 validation images, and we used 30,000 images for training and 5400 images for
testing. Classification was performed in 10% increments for the size of the broken area of
the image. The model took about 7 days to train on CelebA and about 11 days to train on
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Places, and the fine-tuning was done in one day. Our method was compared with three
popular methods, which were CTSDG, BIFPN and DF-Net.

The mask datasets for the experiments all used irregular masks obtained from [20],
classified according to their hole size relative to the whole image in 10% increments, all
images and corresponding masks adjusted to 256 × 256 pixels, batch size processed to
16 sheets, training iterations 300,000 and optimized using the Adam optimizer [32] with
parameters set to β1 = 0.001, β2 = 0.9.

4.2. Qualitative Analysis

Our Transformer cross-window aggregated attention mechanism image restoration
model was visually compared with a representative model as illustrated in Figure 5. CTSDG
was basically able to repair the structure of the original image when the broken area
was small, but artifacts appeared when the broken area was large; for example, artifacts
appeared in the right eye of the female in the third row of the second column. The face of
the male in the second column of the last row showed a confusing structure and blurred
texture. BIFPN was able to repair the structure and texture of the broken image better, but
both showed masking artifacts. DF-Net performed better in small broken areas and also
showed structure confusion and texture blurring in large broken areas. DF-Net performed
better in small breaks and also showed structural confusion and texture blurring in large
breaks, such as in the fourth, fifth and sixth rows of the fourth column. In contrast, our
proposed method performed very well in both large-area and small-area breakage, and the
restored image had clear texture and continuous structure, generating an image that was
closer to the original image and more consistent with the visual effect of the human eye.

1 0.001 2 0.9
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tt
Figure 5. Qualitative comparison of experimental results of restoration on the CelebA dataset (zoom

in for a better view): (a) Damage map, (b) CTSDG, (c) BIFPN, (d) DF-Net, (e) Ours, (f) Real Images.

A visual comparison of the restoration model we used with the representative model is
presented in Figure 6. BIFPN was basically able to repair the structure of the original image
when the broken area was small, but artifacts appeared when the broken area was large;
for instance, the windows of the house in the third row of the second column appeared
distorted and deformed. CTSDG was able to repair the structure of the broken image better,
but both showed masking artifacts and blurred textures in the second row of the girl’s head
in the third column and in the windows of the house in the third row. DF-Net performed
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well in small areas of breakage and showed a lack of clear structure and blurred texture in
large areas of breakage, such as the three and four rows of the fourth column. Our proposed
method performed well in both large and small areas of breakage, and the restored images
had clear textures and continuous structures that were more consistent with the human
eye’s vision.

tt

 
(a) (b) (c) (d) (e) (f) 

tt
Figure 6. Qualitative comparison of experimental results of restoration on the Places dataset (zoom

in for a better view): (a) Damage map, (b) CTSDG, (c) BIFPN, (d) DF-Net, (e) Ours, (f) Real Images.

4.3. Quantitative Analysis

In addition to the qualitative comparison test, three objective evaluation indexes were
used for quantitative analysis in this paper, namely PSNR, SSIM and FID, and it can be seen
from Table 2 that this paper outperformed other methods in all indexes. The test results
of our method improved 1.42, 5.17 and 1.29 in PSNR metrics; 0.74%, 0.56% and 0.30% in
SSIM and 2.75, 3.16 and 1.12 in FID metrics over CTSDG, BIFPN and DF-Net algorithms,
respectively (the above contrasting values are calculated from the average values).

Table 2. Comparison of quantitative analysis results on CelebA.

Evaluation
Metrics

Mask
Category

BIFPN CTSDG DF-Net Ours

PSNR

10–20% 32.34 38.78 38.56 38.61
20–30% 31.82 37.75 38.63 38.71
30–40% 29.28 31.76 31.79 34.34
40–50% 26.13 29.30 29.12 31.25
50–60% 23.73 24.37 25.50 26.15

SSIM

10–20% 0.968 0.967 0.969 0.973
20–30% 0.963 0.962 0.965 0.967
30–40% 0.929 0.927 0.929 0.940
40–50% 0.858 0.855 0.861 0.865
50–60% 0.734 0.729 0.737 0.741

FID

10–20% 6.31 5.48 4.98 4.86
20–30% 8.51 7.69 7.80 7.67
30–40% 18.96 20.77 16.04 15.24
40–50% 22.36 21.18 18.98 17.74
50–60% 25.26 23.74 22.91 19.58
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As can be seen from Table 3, this paper outperformed other methods in all indicators.
The test results in this paper showed improvements of 3.40, 2.27 and 1.08 in PSNR; 1.62%,
1.02% and 0.65% in SSIM and 1.90, 4.42 and 0.76 in FID, respectively, compared with
CTSDG, BIFPN and DF-Net algorithms (the above comparison values are calculated from
the average values).

Table 3. Comparison of quantitative analysis results on Places.

Evaluation
Metrics

Mask
Category

BIFPN CTSDG DF-Net Ours

PSNR

20–30% 31.34 30.21 32.08 33.32
30–40% 29.85 28.53 30.97 32.79
40–50% 28.69 27.53 30.06 31.20
50–60% 28.20 27.29 29.68 29.76

SSIM

20–30% 0.954 0.958 0.957 0.961
30–40% 0.864 0.850 0.861 0.872
40–50% 0.847 0.835 0.849 0.854
50–60% 0.812 0.809 0.826 0.831

FID

20–30% 11.23 10.98 10.40 10.34
30–40% 19.61 20.70 15.26 15.13
40–50% 24.36 18.18 17.98 17.58
50–60% 26.27 21.74 21.30 19.92

4.4. Ablation Experiments

In order to analyze the contribution of the WAT module to the performance of the
image inpainting network, ablation experiments were therefore designed for this module.
Experiments were conducted with 300 randomly selected test sets from the CelebA and
Places datasets species, and similarly, 300 random masks with the different mask rate were
used for the ablation experiments. Ten randomly selected results from the test result plots
were analyzed for qualitative and quantitative comparisons, and the experimental results
are in Figures 7 and 8.

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

tt

tt

tt

Figure 7. Ablation experiments on CelebA (zoom in for a better view): (a) Broken graph, (b) No WAT

module, (c) Ours, (d) Real Images.

197



Electronics 2023, 12, 2726

In Figure 7, the facial information of the experimental results without the WAT module
in the first row could be basically kept intact, but when the broken area increased, blurring
and structural confusion appeared. The eyes and nose of the third row appeared to be
significantly blurred. The shape of the eyes in the fourth row appeared distorted, and the
eyes and mouth in the fifth row appeared structurally disorganized. The details of the
mouth and eyes in the third, fourth and fifth rows can be seen to be better restored by the
method in this paper. Especially for the repair of the human eyes in the third, fourth and
fifth rows, it can be seen that the method in this paper has a consistent color and better
detail repair of the eyes due to the introduction of the WAT module, which enhances the
ability of the repair network to capture long-distance dependent information. Therefore, it
can be visually seen that the WAT module helps to improve the restoration results.

tt

tt

tt

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

Figure 8. Ablation experiments on Places (zoom in for a better view): (a) Broken graph, (b) No WAT

module, (c) Ours, (d) Real Images.

In Figure 8, the overall information of the experimental results without WAT module
could be basically kept intact when the damage area was small, but when the damage
area increased, blurring and structural confusion appeared. The details of the trees in the
fourth row were not clear enough, and the structure of the house in the fifth row appeared
confused and blurred in terms of the details of the trees and houses in the fourth and fifth
rows. Looking at the details of the trees and houses in the fourth and fifth rows, we can
see that our method restores better. Therefore, the WAT module helped to improve the
restoration effect.

As indicated in Tables 4 and 5, the WAT model outperformed the no-WAT module in
all three evaluation metrics, indicating that the WAT module helped to improve the repair
performance, which was consistent with the results of the qualitative analysis.
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Table 4. CelebA ablation experiments.

Evaluation Metrics Mask Category No/WAT Ours

PSNR

10–20% 37.34 38.61
20–30% 36.82 38.21
30–40% 30.28 34.34
40–50% 26.13 31.25
50–60% 19.73 26.15

SSIM

10–20% 0.968 0.973
20–30% 0.961 0.967
30–40% 0.921 0.930
40–50% 0.848 0.865
50–60% 0.714 0.741

FID

10–20% 5.10 4.86
20–30% 8.72 7.67
30–40% 18.56 15.24
40–50% 22.10 17.74
50–60% 25.12 19.58

Table 5. Places ablation experiments.

Evaluation Metrics Mask Category No/WAT Ours

PSNR

10–20% 34.15 34.21
20–30% 32.72 33.21
30–40% 30.89 32.57
40–50% 28.13 30.39
50–60% 24.73 28.46

SSIM

10–20% 0.968 0.971
20–30% 0.956 0.963
30–40% 0.856 0.867
40–50% 0.839 0.850
50–60% 0.794 0.834

FID

10–20% 7.53 6.78
20–30% 11.02 10.29
30–40% 16.76 15.56
40–50% 20.10 17.51
50–60% 24.19 19.91

5. Discussion

The limitations of this study were that, similar to other restoration models, our model
still has difficulty in handling images with very high breakage rates, especially in im-
ages with very high breakage rates and complex patterns. Future research directions can
start from large broken area restoration using known features and training experience to
reconstruct images that are reasonable and not limited to the original image.

6. Conclusions

In this paper, we propose a Transformer-based cross-window aggregated attention
model for image restoration, which improves the information aggregation between win-
dows and effectively reduces the complexity of the network by embedding the cross-
window aggregated attention module (WAT) in the generator based on the generative
adversarial network image restoration. First, multi-scale features are extracted from the
input by the encoder, and the WAT module is introduced into the partial convolution of
the encoder to aggregate the extracted multi-scale information, and the powerful remote
modeling capability of attention is utilized to fully exploit the contextual information in
the layered features, which solves the restrictive problem that the convolution operation
can only extract local features and which enhances the network’s access to contextual infor-
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mation in image restoration capability. Second, the global discriminator is used to better
ensure the consistency between the regional structure and the overall structure so that the
generator can generate more realistic and vivid restored images. Finally, the experimental
results show that the restoration network proposed in this paper is better able to perform
the task of restoring images with blurred and large broken areas.
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Abstract: This paper focuses on one of the most prominent IPv6 transition technologies named

DS-Lite (Dual-Stack Lite). The aim was to analyze the security threats to which this technology might

be vulnerable. The analysis is based on the STRIDE method, which stands for Spoofing, Tampering,

Repudiation, Information Disclosure, and Elevation of Privilege. A testbed was built for the DS-Lite

topology using several virtual machines, which were created using CentOS Linux images. The testbed

was used to perform several types of attacks against the infrastructure of DS-Lite, especially against

the B4 (Basic Bridging Broadband) and the AFTR (Address Family Transition Router) elements, where

it was shown that the pool of source ports can be exhausted in 14 s. Eventually, the most common

attacks that DS-Lite is susceptible to were summarized, and methods for mitigating such attacks

were proposed.

Keywords: DS-Lite; 464XLAT; DNS; IPv4aaS; STRIDE; translation; encapsulation; spoofing; thc-ipv6

toolkit; port number exhaustion

1. Introduction

With the depletion of the public IPv4 address pool in 2011 [1], the integration of
IPv4 and IPv6 has become a pressing issue in the field of networking. Various transition
technologies have been proposed to address this challenge, but each comes with its own
set of drawbacks and vulnerabilities. In previous research work, a survey of the most
prominent IPv6 transition technologies was conducted [2], in which it was pointed out
that the combination of DNS64 [3] and NAT64 [4] could be a working solution for the
communication of IPv6 clients with IPv4 servers.

However, this technology still faces challenges in terms of IPv4 literals communications
and establishing connections from the IPv4 host side. To address these challenges, the
464XLAT technology has been developed to tackle some of the DNS64 + NAT64 issues [5].
464XLAT uses a double translation mechanism by deploying two separate translators:
CLAT (client-side translator) and PLAT (provider-side translator).

Several papers have been published regarding the 464XLAT transition technology.
In [6], a security analysis for 464XLAT using the STRIDE method was presented, which
highlighted the vulnerabilities and potential security threats of the technology. In [7],
a testbed of 464XLAT was built using Debian-based virtual machines to evaluate the
performance of the PLAT under a DoS (Denial of Service) attack, specifically testing the
CPU performance and the pool of source port numbers. In a subsequent paper [8], the
previous work was extended using a more powerful computer, allowing for an increase
in the number of attacking clients (virtual machines) from 1 to 8. The PLAT performance
was then tested after an attack using the hping3 command, ultimately demonstrating the
susceptibility of the PLAT to DoS attacks. These studies underscore the importance of
further investigating the potential security threats and vulnerabilities of 464XLAT and other
IPv6 transition technologies.
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On the other hand, DS-Lite (Dual-Stack Lite) has its own unique topology and applica-
tion. It is a promising technology that enables the ISPs (Internet service providers) to use
only IPv6 in their access and core network, while providing the users with fully functional
IPv4 Internet access, too. DS-Lite has the highest deployment rate among the five important
IPv4aaS (IPv4-as-a-Service) technologies (464XLAT, DS-Lite, Lw4o6, MAP-E, MAP-T) [9].
The literature is very scarce when it comes to security threat analysis for DS-Lite, which is
why the security analysis of DS-Lite was chosen as the topic of the current research.

The main target of this paper is to analyze the security threats that the DS-Lite IPv6 tran-
sition technology might face and to come up with mitigation methods for such attacks. The
goals of the research are intended to be accomplished through the following steps:

• Applying the STRIDE threat modeling technique to DS-Lite, where some of its poten-
tial security threats were examined at every inbound and outbound gateway within
the infrastructure;

• Building a testbed for the DS-Lite topology;
• Testing the real capabilities of DS-Lite under several kinds of attack scenarios;
• Coming up with potential mitigations of the tested attacks.

In Section 2, the related work is discussed. In Section 3, the operation of DS-Lite and
its structure is explained, while Section 4 is devoted to tunneling in general and its security
concerns. Section 5 discusses the operation of the STRIDE method, its elements, and how it
works. In Section 6, the STRIDE method is applied to the DS-Lite topology. In Section 7, the
testbed is built and its infrastructure, topology elements, attacking scenarios, and possible
mitigation methods are explained. In addition, Section 7 also points out the importance of
the research and narrows down potential areas for further research. In Section 8, the results
of the study are summarized and concluded. In the same section, the efficiency of DS-Lite
and its flexibility to deal with all connection scenarios are proven, especially when a private
IPv4 address client wants to communicate with a public IPv4 address server while there
is an IPv6 address island in the middle. Finally, the security analysis of DS-Lite and its
vulnerabilities and their mitigation methods are summarized.

2. Related Work

Very few experiments have been published regarding DS-lite and its security analysis.
Therefore, we seized the opportunity to take the lead in this uncharted territory. A survey
of the most prominent IPv6 transition technologies and their security analysis was carried
out in [9], where DS-Lite was mentioned, and its security analysis has been classified as
important but replaceable due to several issues mentioned by [10], such as the following:

• The need for two separate physical interfaces at the AFTR;
• The need for high scalability at the AFTR side due to the fact that many B4 routers

may be connected to the same AFTR [10];
• The location of deploying AFTR router within the ISP network and the trade-off it cre-

ates between the high operation cost and installing an extremely powerful AFTR [10].
The trade-off can be explained by dividing the issue at hand into two options:

o Deploying AFTR at the edge of the network to cover a small area serves few B4s
and requires less-powerful AFTR;

o Deploying AFTR at the core of the network to cover a big area covers more B4s
and requires extremely powerful AFTR (or even more than one AFTR);

• The complexity of deploying a proxy DNS resolver, which will proxy every DNS
query stemming from all IPv4 clients heading towards a DNS server that resides in an
IPv6 network [10].

Another work [11] conducted a security analysis for DS-Lite in terms of its MIB
(Management Information Base), and it consists of several objects. MIB is a module that
can be used to monitor the AFTR router within the DS-Lite infrastructure by leveraging
SNMP (Simple Network Management Protocol). According to [11], the most vulnerable
objects that are susceptible to attacks are:
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• Notification threshold objects: an attacker manipulating a threshold’s value to a very
low level, which will lead to a flood of useless alarms and thus disrupt the AFTR and
its monitoring mechanism, or the attacker sets it to a very high level that makes the
idea of setting the alarm literally useless:

o DsliteAFTRAlarmConnectNumber: The alarm is sent when the number of current
DS-Lite tunnels reaches the threshold, which means for every B4 router, the AFTR
has to have a separate tunnel for it;

o DsliteAFTRAlarmSessionNumber: An alarm will be sent when the threshold
of sessions per IPv4 user is reached. This metric goes hand in hand with RFC-
6333 [12], where AFTR has to be able to log softwire-ID, IP, ports, and protocol
(see Table 1) in order to keep track of user sessions;

o DsliteAFTRAlarmPortNumber: An alarm is to be sent when the threshold for the
number of ports used by a user is reached or even crossed;

• Table entry objects: An attacker can alter the content of such entries causing the drop
of legitimate entries or adding harmful and faulty ones:

o DsliteTunnelTable: Consists of mapping entries of B4 address to AFTR address;
o DsliteNATBindTable: Contains entries about the current active bindings within

the NAT table of the AFTR (see Table 1).

Table 1. Dual-Stack Lite Carrier-Grade NAT translation table [12].

Softwire-ID/IPv4/Protocol/Port IPv4/Protocol/Port

2001:db8:0:1::2/10.0.0.1/TCP/10000 192.0.2.1/TCP/5000

What makes these table entries a potential security threat is the possibility of an
attacker assessing the number of hosts being served by a single AFTR router, which reveals
sensitive information about the whole topology of DS-Lite [11]. A chance of an inside job
is also possible, where an internal employee can access the list of hosts that are in active
sessions, which will be a violation of the subscriber’s privacy [11]. Moreover, RFC-6334 [13]
referred to DS-Lite security briefly and recommended that an IP firewall be implemented in
order to avoid MitM (Man-in-the-Middle) attacks along the softwire connection of DS-Lite.

RFC-8513 [14] proposed another method to implement DS-Lite using the YANG
module, which is a schema that facilitates data assessment mechanisms through network
management protocols such as NETCONF and RESTCONF. This module allows the ad-
ministrator to add some features and add-ons to the B4 and AFTR interfaces such as
“b4-address-change-limit”, “Tunnel-MTU (Maximum Transmission Unit)”, etc.

Moreover, RFC-8513 [14] suggested a solution for the DoS attack by raising the “b4-
address-change-limit”. This value specifies the minimum time between two consecutive
changes in the IPv6 address of the B4 device. Setting it to a low value would enable the
attacker to send a higher number of attacking packets with different source addresses. The
recommended mitigation is to set its value to 30 min.

In RFC-8513 [14], the authors presented the security analysis of their DS-Lite architec-
ture, which emphasized that the main vulnerability is an attacker having access to either
B4 or AFTR router and undertaking several kinds of malicious activities:

• Manipulating the AFTR IPv6 address on the B4 tunnel endpoint, which will deceive
the B4 router and force it to forward the 4in6 traffic to the wrong recipient;

• Altering the value of the “b4-address-change-limit”, which gives the B4 more flexibility
in configuring the softwire. An attacker lowering this value will boost the possibility
of a DoS attack against the B4 router.

Similar research was conducted on vehicular network security, where the author
investigated the possibility of preventing a selfish or malicious user from occupying limited
resources in a mobile edge network and proposed a trusted deep reinforcement learning
(DRL) cybersecurity approach [15]. The author also presented the idea of a reputation record
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table, which contains a list of untrusted interference vehicle devices [15]. Furthermore,
another research work proposed a Truth Detection-based Task Assignment (TDTA) scheme
to assign micro-tasks to reliable workers and establish a credible task execution environment
for crowdsourced industrial Internet of Things (IoT) [16].

3. The Operation of DS-Lite

The general purpose of DS-Lite is to provide the home network with IPv4 connectivity
across an IPv6-only access network. DS-Lite was presented in RFC 6333 [12], where it
consists of two main parts (B4 and AFTR). Figure 1 illustrates the infrastructure of DS-
Lite and how it functions (with some simplification, please refer to the operation of the
AFTR below).
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Figure 1. Overview of the DS-Lite architecture [17].

3.1. B4 (Basic Bridging Broadband)

This router is responsible for encapsulating IPv4 packets into IPv6 ones and then
sending them over the IPv6 network until they reach the AFTR router. It also has another
vital role when it processes the returning packets from the AFTR toward the B4, where it
decapsulates the IPv6 packet and extracts the original IPv4 packet from the payload [12].
The tunnel that is created by the CPE (customer-provided equipment), which is the B4, is
called the softwire tunnel that connects the B4 with the AFTR.

Some facts about the B4 router that were mentioned by RFC-6333 [12]:

• B4 announces itself as the default IPv4 router, and this route is applicable for all
IPv4 clients sitting behind this B4 router;

• The B4 router should also announce itself as a DNS server in the DHCP (Dynamic
Host Configuration Protocol) option 6 [12];

• As for the operation side, it acts as a DNS proxy for all IPv4 clients who are willing to
connect with it and beyond, it forwards those requests to the DNS server of the ISP
(Internet Service Provider) [12];

• B4 also forwards native IPv6 packets to the AFTR without any intervention;
• The default structure of DS-Lite is as explained above (client → CPE → ISP). How-

ever, some devices (IPv4 clients) are connected directly to the ISP without the home
gateway. The reason behind this is that those devices have the ability to act as CPEs
themselves [12].

3.2. AFTR (Address Family Transition Router)

The AFTR decapsulates the 4in6 traffic that comes from the B4 router; then, it translates
the IPv4 packet into public IPv4, which is a function similar to the well-known stateful
NAT44 [12]. However, it is a more complex function than stateful NAT44, because here
the translation table contains also the Softwire-ID, which is the IPv6 address of the CE
device, as shown in Table 1. Of course, it also performs the reverse functions for the
returning packets.

The technology in general has two types of topologies (Gateway-based and Host-based
architecture), and each one has its own applications:
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• Gateway-based: Mostly based in residential broadband infrastructure, where the client
and the CPE are based in different but directly connected machines [12];

• Host-based: Designed for large-scale deployments and especially when the client is
directly connected to the service provider network, which means the IPv4 client and
the CPE are both mounted on the same device [12].

In this paper, the focus is on the Gateway-based architecture topology because this
topology is easier to build for testing purposes and a virtual environment. It is the most
represented topology in residential households; for example, IPv4 client >> router >> ISP.

The AFTR has two main interfaces (softwire interface and network interface), and
each one of them faces one end of the device:

• Softwire interface: Its main function is connecting B4 with AFTR and translating the
datagram of (softwire identifier + IPv4 + source port) to another source IPv4 and
source port. So, it decapsulates the IPv4 in the IPv6 datagram (for the packets coming
from B4 side), and performs the reverse by encapsulating IPv4 in the IPv6 datagram
(for the packets heading towards the B4 side);

• Network interface: Resides on the other side of the AFTR—the WAN (wide-area
network) side—and translates the decapsulated source IPv4 and source port into the
interface IP (192.0.2.1) and source port 5000 (for example purposes only). The interface
is also in charge of the translation in the reverse direction (IPv4 server → AFTR → B4),
where it translates the original packet’s destination IP and destination port (according
to AFTR’s Carrier-Grade NAT translation table) to the destination IP and destination
port of the softwire.

Figure 2 shows the outbound communication between B4 and AFTR. The NAT table
in this example is configured in a way that translates any incoming packet with the source
IP address 10.0.0.1 and source port number 10,000 to IP/port pair of 192.0.2.1:5000.
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Figure 2. Overview of the DS-Lite datagram path.

• Once Datagram 1 reaches the B4 router, it will be encapsulated into Datagram 2,
which is an IPv4 in IPv6 datagram, and then forwarded to the AFTR through the
softwire tunnel;
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• When the AFTR receives Datagram 2, it decapsulates it, extracts the IPv4 datagram
from it, and forwards it to the stateful NAT function, which performs the following
(according to its NAT table);

• The received datagram with source IP and port pair of 10.0.0.1:10000 should be trans-
lated to Datagram 3 with the following specifications:

o Source IP and port pair: 192.0.2.1:5000.

How does the AFTR translation table function?
The IPv6 address for the B4 router is called the softwire-ID. This ID is being shared

by every client that wants to connect with the B4 router and triggers the DS-Lite commu-
nication process. Every single client of those is equipped (by the B4 router) with a source
IPv4 address [RFC 1918] such as 10.0.0.1, and it is unique within its network.

When an embedded packet (source IP address: 10.0.0.1, source port number: 10,000) is
forwarded from B4 to AFTR through the softwire tunnel, AFTR combines the softwire-ID
with this packet’s details as one entry: softwire-id/IPv4/TCP/10000. In fact, this is only
half of the entry. The other half will be the IP address of the AFTR network interface, the
protocol identifier (e.g., TCP or UDP), and the source port number (192.0.2.1/TCP/5000), as
shown in Table 1. The reverse direction of the packet (IPv4 server > AFTR > B4 > IPv4 client)
functions in a similar manner:

• AFTR receives Datagram 4 through the network interface with a public IPv4 address,
then processes it by checking the internal NAT table and looking for matching entries.
In this case, Datagram 4 has the following details:

o IPv4 destination address: 192.0.2.1;
o Destination port: 5000;
o Protocol is TCP;

• The corresponding entry does exist in the NAT table (see Table 1); AFTR, therefore,
translates the IPv4 packet of Datagram 4 to IPv4 destination address 10.0.0.1 and TCP
destination port 10,000;

• AFTR then encapsulates the translated IPv4 packet into an IPv6 packet and sends
Datagram 5 over to the B4 router at 2001:db8:0:1::2 IPv6 address (which the AFTR
knows from the table entry itself as softwire-ID);

• B4 receives Datagram 5, decapsulates the embedded packet, extracts the original
IPv4 packet from the 4in6 Packet, and forwards it accordingly to the IPv4 client
(10.0.0.1:10000) as Datagram 6.

Table 2 lists all IP addresses and port numbers for the DS-Lite packet route for Data-
grams 1–6.

Table 2. DS-Lite datagrams.

Datagram Header Details

IPv4 Datagram 1

IPv4 Src: 10.0.0.1
IPv4 Dst: 198.51.100.1
TCP Src: 10000
TCP Dst: 80

IPv6 Datagram 2

IPv6 Src: 2001:db8:0:1::2
IPv6 Dst: 2001:db8:0:1::1
IPv4 Src: 10.0.0.1
IPv4 Dst: 198.51.100.1
TCP Src: 10000
TCP Dst: 80

IPv4 Datagram 3

IPv4 Src: 192.0.2.1
IPv4 Dst: 198.51.100.1
TCP Src: 5000
TCP Dst: 80
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Table 2. Cont.

Datagram Header Details

IPv4 Datagram 4

IPv4 Src: 198.51.100.1
IPv4 Dst: 192.0.2.1
TCP Src: 80
TCP Dst: 5000

IPv6 Datagram 5

IPv6 Src: 2001:db8:0:1::1
IPv6 Dst: 2001:db8:0:1::2
IPv4 Src: 198.51.100.1
IPv4 Dst: 10.0.0.1
TCP Src: 80
TCP Dst: 10000

IPv4 Datagram 6

IPv4 Src: 198.51.100.1
IPv4 Dst: 10.0.0.1
TCP Src: 80
TCP Dst: 10000

To understand the functionality of AFTR translation even more, please refer to RFC
6333 [12], where further details about the translation steps are explained.

4. Tunneling

4.1. Tunneling History

Tunneling goes back to the 1990s when PPTP (point-to-point tunneling protocol) was
presented by Microsoft engineers and some other vendors, where the original purpose
was to support Windows users with data encryption, which gained huge popularity
among small and medium-sized corporations later on and is in fact still being used to
some extent [18]. Since then, it has consistently faced scrutiny from critics. It was even
presented as an RFC [19] in 1999. PPTP functions at Data Layer 2 and uses general routing
encapsulation (GRE) as a packet creation system, where GRE encapsulates the original
packet inside another packet. Some vulnerabilities were discovered by Schneier [20]; he
showed that PPTP has several weak points such as its Challenge/Response authentication
protocol (CHAP), and he also presented the fact that PPTP uses a very low-security aware
hashing algorithm, where eavesdropping was also quite easy to implement. Schneier [20]
also emphasized that PPTP uses a low-security encryption standard called MPPE, which
has a key that could be easily broken.

Later, Microsoft presented another solution called MS-CHAPv1 [21] and then MS-
CHAPv2 [22], which is used as one authentication option in Microsoft’s implementation of
the PPTP protocol for virtual private networks [21].

The most secure tunneling is OpenVPN and it has proven to be very hard to crack [18].
In conclusion, there are alternatives to the regular PPTP such as the IKEv2 and a combina-
tion of IPsec and L2TP, which is used in the Microsoft VPN (virtual private network), and
it is safer and quicker than regular PPTP [18]. Tunneling in general can come in so many
forms such as MAP-E, 6over4, 6to4, Teredo, 6rd, DS-Lite, etc. [9]. It makes the connection
between two devices possible despite having a different IP version island in the middle, as
is the case in the DS-Lite tunnel example, though it brings some security threats with it.

4.2. Tunneling Issues and Solutions

The most serious issue with tunneling is that tunneled IP traffic does not go through
the same inspection process that the normal traffic (non-encapsulated packets) will be liable
to unless extra dedicated devices are installed on the premise to double-check the traffic as
deep packet inspection [23]. For instance, in the Teredo tunnel, the router will check the IP
and UDP layer normally. However, it cannot find out that there is actually another IP layer
encapsulated within the UDP payload.
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Another issue with tunneling is when the already encapsulated packet is targeting a
host that lies further beyond the tunnel endpoint. In this case, the machine will normally
forward the packet simply to the built-in next hop [23].

The tunneled data endpoints are aware of the tunneled data and the encapsulated
packets. The network devices in the middle are not, and that could be an issue [23].

A solution is proposed in [23], where in case IPv6 transition is required, native IPv6 is
the way forward in terms of connecting two sides with tunneling solutions, such as ISATAP,
6over4, etc. [24], in order to encapsulate traffic between a device and the router on the other
side that resides in the same network. The difficulties that come with inspecting the inner
content of the encapsulated packet make it a quite complicated process.

NAT process also presents another challenge when it comes to tunneling, opening
more doors for attacking possibilities on the incoming NAT interface. Therefore, it is
recommended that the NAT interface should not be configured by default and only used
when it is the last resort [23]. Another recommendation is to deactivate the interface itself
after its usage [23].

Furthermore, IP address guessing emerged as a potential risk to the tunnel endpoint,
where some protocols use a regular or a well-known IP address or range of IP addresses.
For instance, Teredo uses a specific IP address range in its infrastructure, which makes
the tunnel liable to IP address guessing attacks. Furthermore, sometimes guessing the IP
address gives an indication about which kind of OS is being used. For instance, Teredo
implies that the machine is most probably running Microsoft Windows. The solution is to
avoid those well-known IP address ranges and use random ones [23].

On the other hand, an adversary can have the ability to alter the tunnel’s server settings
on the client side while the client itself has no idea about it. One way to avoid such a
breach is to use authentication for tunnel endpoints such as https [23]. A second mitigation
method can be the use of secure ND (neighbor discovery) [24] whenever a client receives a
router advertisement packet. Tunnels, in general, are less secure than normal conventional
links due to the fact that an attacker can send an already encapsulated packet to the tunnel
end-node where it is supposed to be decapsulated [23]. This action might cause an injection
of the faulty packet into the decapsulator side. This threat might be avoided by turning
on a decapsulation check, which will drop such malicious packets [25]; it is also highly
discouraged to set the tunnel interface to reply by acknowledging the existence of a tunnel,
such as an “ICMP error message”, representing another valuable recommendation.

In general, [26] has mentioned two important general tunnel security points:

• There is no correlation between the amount of security regulations and procedures on
the tunnel packets and the level of security measures applied to the original packet
inside the tunnel (the payload) [26];

• The security header authentication (HA) or encryption security payload (ESP) param-
eters are the deciding factors for the three security pillars (integrity, authentication,
and confidentiality) of any tunnel endpoint [26].

4.3. Attack Scenarios

In [27], the attack possibilities were categorized into three types:

• Denial of Service (DoS): The act of sending too many requests to a specific device to
overwhelm its computation and processing power or bandwidth in order to force the
targeted machine to drop or not serve the useful requests;

• Reflecting DoS: Where the attacker will reflect the traffic from normal (innocent)
machines toward the targeted machine to inflict harm;

• Service theft: Gaining unauthorized access.

One of the most used types of tunnels is the well-known 6in4 [28], which has several
attacking scenarios. Each element within the IPv6 network sends an RA message to declare
that it is there and to allow other routers to update their table of existing IPv6 addresses.
An attacker might take advantage of this process especially when all routers are sitting
on the same network, which gives the possibility to attack the 6to4 router with a route
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advertisement (RA) message, by sending spoofed packets to the victim [27]. The second
type is spoofing, as explained by [28], where an attacker can take advantage of an existing
tunnel and spoof one side of the tunnel endpoint and attack the other side, as shown in
Figure 3. The reason for executing such an attack is that tunnels are not aware of what is
behind the requester due to the absence of authentication, so a specific tunnel endpoint
does not know which other endpoints reside in the same tunnel. The tunnel endpoint only
assumes that packets come from the other tunnel endpoint [29]. This lack of knowledge has
drawn the attention of attackers to exploit it, especially if the attacker’s packet is difficult
to trace. That means the attacker is able to conduct sniffing, spoofing, and DoS attacks by
leveraging this vulnerability.
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Figure 3. 6in4 tunnel attacking scenario [28].

IPv6 tunnels have some other weaknesses, being liable to password and “internet key
exchange” attacks [30]. The golden rule according to [31] is that the security of the tunnel
comes from the security of the tunnel endpoints themselves and the inner packets of the
tunnel. If they are secured, then the tunnel in general is secured. So, the attacks to which
tunnels are generally susceptible are as follows:

• Sniffing;
• Spoofing;
• DoS;
• Password and Internet key exchange.

4.4. Mitigation Methods

End-to-end secure communication systems such as IPsec [32] can help to protect the
tunnel endpoint nodes. Packet filters such as firewalls can also be helpful [32]. The only
drawback with this solution is the inability to see the content of the packet at the edge
firewall when applying the filtering method, which means the authentication and host
validation steps must be implemented.

Furthermore, some research works suggest the usage of separate firewall filters, one
for IPv4 packets and another for IPv6 packets, in order to make sure that every packet is
being filtered and examined [28]. Another method is to deny the IPv6 tunnel by blocking a
specific protocol and its associated ports [28]. In the case of a 6in4 tunnel, an attacker might
inject an already encapsulated packet within the tunnel, which is why firewalls should be
enabled to inspect tunneled packets and the firewall should also permit any 6in4 traffic
which is generated from the same segment or from outside it, to be able to filter traffic
behind the segment as well [28]. Finally, IPsec has the ability to block any traffic that did
not pass the authentication phase [28].

Another proposal was made by [33], which is based on the validation of the real source
IP address by using the IP trace-back method; by doing so, the tunnel endpoint can drop
any incoming spoofed IP packet. However, this technique comes also with its limitations:
it cannot trace the packet source IP address until the tunnel endpoint node due to the
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stateless IP routing, where a router can only see the next hop IP address, in which the
tunnel end-node cannot trace the incoming packet to its original sender, which means a full
end-to-end route knowledge is unachievable [33].

One more spoofing mitigation trial has been introduced by [34], which focuses on
preventing the spoofed packet at the network edge. The principle is based on using an
authentication algorithm by the sender, where every packet has a uniquely generated
signature attached to its extension header.

Finally, Lee [35] has presented his own spoofing mitigation method, where he tackles
sneaky packets that are trying to avoid filters by presenting a packet-filtering mechanism
using the well-known Linux Netfilter framework [36].

4.5. DS-Lite Tunnel Challenges

The literature is rich with attack scenarios regarding 6in4 tunnels. However, little is
known about the 4in6 tunnel in terms of security vulnerabilities. The concept might seem
the same, but the implementation might differ a bit, leading us to focus in this paper on
DS-Lite and its security analysis.

DS-Lite uses 4in6 tunneling. This type of tunneling was first presented in RFC 2473 [26],
where IPv6 tunneling basically creates a link (virtual one) between the two ends of the
tunnel. The IPv4 original packet will be sent as a payload encapsulated in the IPv6 tunnel
packet, as shown in Figure 4.
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Figure 4. 4in6 tunnel encapsulation overview [26].

The process begins by grabbing the original IPv4 packet and prepending it to another
IPv6 header (tunnel header) and sometimes the extension header, as it is an optional feature,
and then sending this encapsulated packet through the softwire tunnel to the other tunnel
end-point node, where the packet will be decapsulated and the original packet will be
extracted and forwarded according to its destination and routing table.

For a better understanding of 4in6 tunnel components, the below tunnel terminologies
are clarified [26]:

• Virtual link: Refers to the IPv6 tunnel itself;
• Original packet: The IPv4 packet that is supposed to be sent over the link, which

consists of two components: packet header and payload;
• Tunnel IPv6 header: Refers to the IPv6 tunnel header without the payload;
• Tunnel IPv6 packet: Refers to the whole IPv6 tunnel packet (tunnel IPv6 header +

original packet);
• Tunnel entry-point node: The node responsible for initiating the encapsulation process,

also called the “encapsulator node”. It is the source of the IPv6 tunnel packet;
• Tunnel exit-point node: The node responsible for receiving the encapsulated packet and

then decapsulating it, extracting the original IPv4 packet components (header + payload)
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and then forwarding the IPv4 packet to its destination, also called the “decapsulator
node”. It is the destination of the IPv6 tunnel packet;

• TTL (Time to Live) behavior: During the packet-forwarding process of the tunnel
IPv6 packet, the IPv4 header’s (the original packet header) TTL value decreases by 1.

Note: Both end-nodes are capable of encapsulation/decapsulation; the naming refers
only to the function of the process initiators. DS-Lite has an advantage when it comes to
DoS attacks from random public IPv4 addresses. This is due to the following process:

• AFTR receives an encapsulated packet, then decapsulates it;
• If the extracted packet payload has a source IPv4 address that is not private RFC 1918,

it will be immediately dropped;
• This built-in security feature gives DS-Lite the ability to stop DoS attacks stemming

from unauthorized IPv4 addresses [12].

DS-Lite, however, has a drawback because it uses stateful translation on the AFTR
side, which makes the machine liable to DoS attacks and limits its scalability in case of
expansion or the need in bigger projects, especially when there are numerous amounts of
B4s routers within the infrastructure [17].

5. STRIDE Methodology

STRIDE stands for Spoofing, Tampering, Repudiation, Information Disclosure, and
Elevation of Privilege. The method was explained in detail in [37], which summarized the
general attacks that any network system may be vulnerable to. Below is a brief description
of each attack:

• Spoofing: The claim to be someone you are not or the act of some malicious user who
pretends to be, e.g., a trusted website [37];

• Tampering: The changing in the actual data flow between two nodes [37];
• Repudiation: The ability of the sender to deny the fact that he did send a specific

packet or sign a specific document [37];
• Information Disclosure: The access to confidential information that one should not

have, such as the TTL value of a packet, or confidential data such as online banking
credentials or any other login credentials [37];

• Denial of Service: The process of overwhelming a specific server or network connection
with a huge number of useless queries or data in order to block the legitimate ones
from receiving a reply or even being processed [37]. In other words, DoS makes the
targeted machine unavailable for its original purpose;

• Elevation of Privileges: The access of a specific user to a certain level of sensitive data
which might be a strictly confidential file that is meant to be for upper management or
the root user, for instance [37].

According to [37], the best method to test the system’s vulnerabilities is to build a DFD
(data flow diagram) for the system and apply the STRIDE method to it. Table 3 shows the
different potential security threats for each DFD element.

Table 3. Vulnerability of different DFD elements to different threats [1].

Element Spoofing Tampering Repudiation
Information
Disclosure

Denial of
Service

Elevation
of Privilege

Data Flow � � �

Data Stores � � �

Processes � � � � � �

Interactors � �

6. Applying STRIDE to DS-Lite

The first step in applying the STRIDE method is to build the DFD of the examined
system and specify the potential attacking points at each element. Therefore, the DFD for
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DS-Lite was built as shown in Figure 5, which shows the spots (1–11). The security analysis
is divided into several groups such as the traffic between the client and B4, then between
B4 and the AFTR, etc.
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            ‐  Figure 5. Data flow diagram of DS-Lite.

6.1. IPv4 Client

1. Spoofing: A malicious user might spoof the IP address of the client and attack the
B4 router by sending many useless requests to the B4 and fully utilizing its computa-
tion power;

2. Repudiation: The request initiator might deny the fact that he made the request in the
first place. By doing so, a malicious user might attack the B4 router and then deny the
fact that he was the one who sent this specific request such as an echo request, DNS
resolution request, etc.

6.2. Data Flow from the Client to the B4 Router

1. Tampering: An adversary might tamper (change or modify) the content of the flow-
ing packets such as IP address, source port number, etc. The attacker might also
diverge the packet toward a fraudulent server which might cause an FoS (failure of
service) attack, which is the prevention of the legitimate requester from receiving a
response [1];

2. Information Disclosure: An attacker might get hold of confidential information such
as the TTL value of a packet, e.g., some sensitive information sent by the client as
plain text or the browsing habits of the client [1];

3. Denial of Service: An attacker sends too many useless requests to the B4 router and
blocks the legitimate requester from having his query processed.

6.3. Data Flow from B4 Router to IPv4 Client

1. Tampering: In this case, the potential victim is the client, who is vulnerable to an
attack at the application level, such as sending a TCP RST signal that will end the
already established TCP connection [6] and also a de-authentication attack [38] that
results in disconnecting the device from the router’s Wi-Fi, in addition to a plain-text
injection attack [38] that allows the B4 router to send misleading information to the
client, such as false routing details;

2. Information Disclosure: An attacker gaining access to sensitive information in a
malicious way, such as an important text sent back by the IPv4 server behind AFTR;

3. Denial of Service: Sending a high number of forged replies to overwhelm the client
and prevent the client from sending more requests to the B4.

6.4. B4 Router

1. Spoofing: Another machine presents itself as the legitimate B4 router and starts
communicating with the rest of the DS-Lite network elements, which puts everyone
that deals with this machine at high risk, such as a malicious device initiating a
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communication with the AFTR router and presenting itself as the B4 router, which
leads to whole traffic (from AFTR side) pouring in the wrong direction by changing
the destination IP address of the packet, which results in the original sender not
receiving a response to his request. Another consequence could be when the malicious
server starts recording the data passing through and using it for illegal activities such
as blackmailing;

2. Tampering: Modifying the current source and destination address of the 4in6 traffic
that is being processed within the B4 router in order to shift the traffic and prevent
it from being sent to the real AFTR, forwarding it to a malicious server. Another
possibility could be tampering with the IP address/port pair of the sender, which
eventually results in a different entry in the AFTR translation table, and therefore, the
packet reply will not return to the original sender;

3. Repudiation: In this case, when the B4 is spoofed, the malicious user will deny the
fact that he sent a specific packet even though he did. The obvious solution to this
issue is proper logging [6];

4. Information Disclosure: Attacker gaining access to sensitive data within the router
such as the client’s source IP address, TTL value, browsing data, etc.;

5. Denial of Service: Flooding the AFTR router with unnecessary requests in order to
overwhelm the AFTR and stop it from processing any further incoming packets (see
Section 6.2, item 3);

6. Elevation of Privileges: The attacker gains access to high-level (privileged) data, which
mainly occurs due to an inside job [1], when an employee is implicit in the act.

6.5. Data Flow from B4 to AFTR

1. Tampering: 4in6 traffic might be altered and the source IP address or port number is
liable to be modified by the attacker;

2. Information Disclosure: The access to confidential information in many ways (see
Section 6.2, item 2);

3. Denial of Service: The flood of useless queries exhausts the resources of the AFTR and
hinders its main job (see Section 6.2, item 3).

6.6. Data Flow from AFTR to B4

1. Tampering: Modifying the traffic details before it reaches the B4 router, such as the
source IP address or port number of the 4in6 flowing traffic;

2. Information Disclosure: The unauthorized access to sensitive data (see Section 6.2,
item 2);

3. Denial of Service: Flooding the B4 router with useless traffic (see Section 6.2, item 3).

6.7. AFTR Router

1. Spoofing: Attacker impersonates the AFTR and starts communicating with the rest of
the machines around him, such as the B4 router and IPv4 server, which might lead to
exchanging sensitive data with the wrong person (see Section 6.4, item 1);

2. Tampering: Changing the content of the 4in6 packet payload (see Section 6.4, item 2);
3. Repudiation: Hiding the packet sender identity (see Section 6.4, item 3);
4. Information Disclosure: The possibility of an attacker gaining access to confidential

data (see Section 6.4, item 4);
5. Denial of Service: Various types of attacks can be described in this section, such as

exhausting the AFTR with too many useless requests and hindering the process of
encapsulating the desired packet;

6. Elevation of Privileges: The act of unauthorized access to a very confidential data
center of a specific folder in a malicious way (see Section 6.4, item 6).
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6.8. Internal Connection Tracking Table of the AFTR

1. Tampering: An attacker can manipulate the connection tracking table of the AFTR
router that saves the incoming 4in6 traffic packet with its source address and port
number and maps it with a destination IPv4 device according to the stateful NAT rule
within the router (see Table 1). So, the manipulation can cause a faulty destination
address and disturb the encapsulation process and result in a packet loss;

2. Denial of Service: Flooding the connection tracking table with too many unneces-
sary entries (false connections) might overwhelm the table beyond its capabilities
and cause it to flush its data or saturate the AFTR itself, which means the AFTR
will no longer be able to process any incoming packet, or it will at least lose some
legitimate connections.

6.9. Data Flow from AFTR to IPv4 Server

1. Tampering: The destination IP of the traffic might be altered and redirected to a
malicious server instead of being directed to the legitimate IPv4 server;

2. Information Disclosure: Unauthorized access to sensitive data of the IPv4 traffic;
3. Denial of Service: Overwhelming the host with too many requests (see Section 6.3,

item 3).

6.10. Data Flow from IPv4 Server to AFTR

1. Tampering: The IPv4 packets might be altered in terms of the IP source address or
port number, which will definitely change the corresponding 4in6 traffic details;

2. Information Disclosure: Unauthorized access to IPv4 traffic before it reaches the AFTR
router, which might leak the confidential browsing habits of the client;

3. Denial of Service: Exhausting the AFTR and its main encapsulation function (see
Section 6.2, item 3).

6.11. IPv4 Server

1. Spoofing: An attacker impersonates the IPv4 server and initiates communication with
AFTR and the rest of DS-Lite topology;

2. Repudiation: The host (IPv4 sever) might hide his identity, perform all sorts of
malicious acts, and then deny any responsibility for them. For example, in the
previous point of spoofing, the attacker might spoof the IPv4 server, perform an attack
against AFTR, and then deny the fact that he initiated the communication in the
first place.

7. DS-Lite Testbed

7.1. Testbed Topology and Specifications

As shown in Figure 6, the testbed consisted of five machines (IPv4 client, B4, AFTR,
IPv4 server, and the attacker). They were all based on VMware workstation VMs and built
upon CentOS-7 images. Every machine had the following specifications:

• RAM: 3 GB;
• Hard disk: 20 GB;
• CPU: 1 core.

The host PC that hosted the whole testbed had the following specifications:

• OS: Windows 10 Pro;
• RAM: 16 GB;
• Hard disk: 1 TB;
• CPU: Intel-Core i7, 4 physical cores.

The IPIP6 tunnel was built between B4 and AFTR, which took care of encapsulating
the IPv4 packet inside the IPv6 packet and then decapsulating it. For the NAT process on
the AFTR side, the iptables rule was configured to masquerade the source IP address to
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the AFTR’s network interface (ens35). As for the tunnel between B4 and AFTR, a shell
script was executed on the B4 machine, which consists of the following commands:

ip link add name ipip6 type ip6tnl local 2001:db8:0:1::2\
remote 2001:db8:0:1::1 mode any dev ens39

ip link set dev ipip6 up

ip route add 198.51.100.0/24 dev ipip6

It is noted that an important simplification is contained in the above setup compared
to Table 1: the Softwire-ID is missing from the connection tracking table. It was observed
that the experiments were not influenced by this change, but rather the set-up of the testbed
was simplified: iptables could be used instead of a real AFTR implementation.
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Figure 6. DS-Lite testbed (attack Scenario 1).

7.2. Attack Scenarios

7.2.1. Spoofing Attack from within VMnet-11 (an Inside Job)

The proposed attack shown in Figure 6 is spoofing the ingress tunnel endpoint (ens39),
which is the softwire tunnel interface of the B4 router, and then sniffing/logging traffic or
performing MitM attack against the egress tunnel endpoint (AFTR).

The attack was based on the “thc-ipv6” toolkit [39], which has several tools within
it. One powerful tool was chosen to perform the attack (four2six). It manually creates a
crafted packet of IPv4 inside IPv6 (encapsulated packet) and sends it over the channel to
the victim (AFTR).

This crafted packet is actually a spoofed one, imitating that it was sent by the B4 router,
having the same specifications as a genuine B4-originated packet:

• IPv6 Src: 2001:db8:0:1::2;
• IPv6 Dst: 2001:db8:0:1::1;
• IPv4 Src: 10.0.0.2;
• IPv4 Dst: 198.51.100.2.

In fact, the spoofed attack went through AFTR and then to the end receiver (IPv4 server),
and a series of ICMP echo requests and replies had been exchanged between the attacker
and victim. In more detail, what happened is:

• The AFTR received the malicious packet;
• The AFTR saw the packet as a 4in6 packet, and therefore decapsulated the packet;
• The AFTR then forwarded the extracted IPv4 packet with the source address of

198.51.100.1 towards the IPv4 server (198.51.100.2);
• IPv4 server sent ICMPv4 echo reply back;
• The AFTR saw the later packet and encapsulated it in an IPv6 packet;
• The echo reply from the AFTR, which is an IPv6 packet with an IPv4 packet in its

payload, was sent back to its destination IPv6 of address 2001:db8:0:1::2;
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• Figure 7 shows three different terminals: the top one is the incoming packets at the
attacker interface, the one in the middle is the B4 incoming traffic from the AFTR side,
and at the bottom is the incoming traffic at the IPv4 client;

• B4 received the IPv6 packet carrying an IPv4 packet with ICMP echo reply because it
is the legitimate owner of the 2001:db8:0:1::1 IPv6 destination address;

• The attacker saw the same reply because its NIC runs in promiscuous mode;
• The interesting thing here is illustrated by the IPv4 client receiving an ICMP4 echo

reply for a request that he did not request in the first place, which was issued by the
attacker initially;

• Echo replies in Figure 7 are circled in red.
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Figure 7. Spoofed packet echo reply.

7.2.2. Attack from within VMnet-10 (Compromised B4 Network)

It is also worth mentioning that B4 by design is also capable of routing native IPv6 pack-
ets, which takes us to Figure 8, where the IPv6 address was added to interface ens38 at the
B4 machine in order to process and forward incoming IPv6 packets.
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Figure 8. DS-Lite testbed (attack Scenario 2).

A real-life spoofing scenario could also be stopped before reaching the internal network
of AFTR (VMnet-11 in the current example). Therefore, another attacking scenario was
proposed in Figure 8, where the attacker is not sitting directly in the AFTR network, but
outside it. The idea behind such an attack is that an attacker has access to the home router
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network, which gives him direct contact with the CPE. This access allows the attacker to
send a crafted packet with a spoofed IPv6 address of a B4 router or any other IPv6 address
from the internal network of AFTR (VMnet-11 in the current example).

Fortunately for the user, the attack did not go through—the B4 router was always
dropping any incoming packet from the attacker-2 machine that has an IP address (a
spoofed one) from the pool of (VMnet-11). The reason for that is simple: there was no
route configured on the B4 router to forward the crafted IPv6 packet to the AFTR router.
The tunnel was hardcoded in the B4 machine by creating an ipip6 tunnel interface to
forward any IPv4 packet (heading towards 198.51.100.0/24 network) to the ipip6 tunnel
interface which has been configured. However, the attacker packet has no route to the
tunnel interface, and that is why it was dropped.

7.2.3. Source Port Exhaustion Attack from within VMnet-10

At first, the attack was conducted using the same platform, a regular specs Windows-
based computer; however, the results were not stable and not reproducible due to limited
cores on the host PC. Therefore, the decision was made to use the resources of NICT
StarBED, Japan. A “P” series node [40] was used, which is a Dell PowerEdge 430 server
with the following specifications: two Intel(R) Xeon(R) CPU E5-2683 v4 @ 2.1 GHz CPUs
having 16 cores each and 348 GB 2400 MHz DDR4 SDRAM.

Windows 10 Pro operating system was installed, and the same process was repeated
by building the testbed using VMware workstation player and CentOS-7-based virtual
machines. The specifications for each machine were as follows:

• RAM: 4 GB;
• Cores: 4 cores, except for AFTR having 6 cores;
• Disk: 20 GB.

Before disclosing the attack details, it is important to explain the mathematical sense
behind it.

In the networking world, ports are counted based on a 16-bit standard. The 16 bits
were chosen when the TCP and UDP standards were designed [41]. As a result, the
maximum number of ports equals 216 = 65,536. This number applies to TCP and UDP ports.
In this experiment, the focus was on the UDP ports and how to exhaust them by sending
too many queries (UDP requests) in a short period of time. However, not all ports in the
range are usable for establishing new connections, because ports between 1 and 1024 are
called well-known ports and they are reserved for specific functions such as FTP, HTTP,
DNS, etc.

Therefore, the total range of ports that the NAPT (Network Address and Port Transla-
tion) device can use as UDP source port numbers equal 65,536 − 1024 = 64,512 ports.

Figure 9 shows the attacking Scenario 3 of sending too many AAAA queries from
“IPv4 Client-1” and “IPv4 Client-2” machines. In order for the attack to function, a few files
must be correctly configured:

• /sys/module/nf_conntrack/parameters/hashsize: The hash size is actually the
size of the hash table storing the lists of conntrack entries [42], which is better as a base
of 2, which means that hash size could be 214 = 16,384;

• /proc/sys/net/netfilter/nf_conntrack_max: It represents the maximum number
of allowed conntrack entries that netfilter can keep running simultaneously. It was
set to hashize × 8 = 16,384 × 8 = 131,072. This number will have a significant impact
when the attack is run later so that the NAT table does not get full easily;

• /proc/sys/net/netfilter/nf_conntrack_udp_timeout: This timeout means that
after 30 s, the already used UDP ports are ready to be re-assigned by the kernel, and
the default value of 30 s was left as it is;

• /etc/security/limits.conf: This file controls the number of maximum open files
at the same time, where the below line was added: root hard nofile 1000000.
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Figure 9. Attacking Scenario 3 (AAAA queries).

To perform this kind of attack, another tool can be used, where a huge number of
DNS queries can be sent to the target machine (AFTR), which is called “dns64perf++” [43]
(described in [44]). When all parameters (on the attacking machine side) are set correctly
(number of requests, the delay between requests, etc.), the AFTR pool of source ports will
be exhausted, and the machine will not be able to process incoming packets anymore until
the UDP timeout (port allocation timeout in AFTR machine) is up. The below command
was used on each of the attacking clients:

/dns64perf++v4 198.51.100.2 53 0.0.0.0/5 60000 1 1 60000 400000 0.1

This command sends 60,000 queries from each client. For two clients, this number
reaches 120,000 queries, which is still under 131,072 (nf_conntrack_max). As a result, the
NAT table will not be overfilled with packets that exceed its capacity. Another interesting
fact in the command is the delay of 400,000 nanoseconds between queries, resulting in
2500 queries per second, which means that for two clients, a total of 5000 queries per second
can be sent.

The attack was executed by an automated script from client 1, carrying out the following:

• Accesses AFTR remotely (via ssh) and runs tshark (traffic monitoring software) and
captures the traffic at the ens35 interface;

• Runs the attack from IPv4-client-1 (the same machine);
• Accesses IPv4 client-2 remotely (via ssh) and runs the same attack with the

same parameters;
• Waits until attacks are finished on both clients;
• Accesses AFTR remotely (via ssh) and stops tshark;
• Sends the tshark results as a pcap file to the host machine, so it can be read in the

Wireshark software.

Figure 10 shows the exhaustion of the source ports clearly to prove that a total
of 64,512 sent queries must be visible, which comes from subtracting the well-known
1024 ports from the total of 65,536 ports. Figure 10 shows that AFTR processed only
64,536 packets at the ens35 interface. After digging deeper, more packets embedded within
Wireshark results were found, such as 20 ICMP and 4 ARP packets. As a result, the
remaining packets are 64,536 − 20 − 4 = 64,512, which is exactly the anticipated number.
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                     Figure 10. Last lines for Wireshark capture at ens35 on AFTR.
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In principle, 60,000 queries were sent from each client (120,000 in total), and AFTR was
able to process no more than 64,512 packets and ran out of ports in around 14 s. This failure
of service is supposed to last until the UDP session timeout at AFTR is over and new source
ports are available to be reallocated. Moreover, Figure 11 shows the interaction between all
nodes of DS-Lite topology, where the port exhaustion process at AFTR is clearly illustrated
with a sequence of packets and when exactly the pool of ports is exhausted.
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Figure 11. Illustration of port exhaustion at the AFTR.

7.3. Mitigation Method

Several IDS and IPS (intrusion detection and prevention systems) were tested in order
to identify and drop the spoofed packet from the legitimate one. The process proved to
be quite hard to implement, especially when the attacker machine is located inside the
access network of the ISP (VMnet-11). Therefore, a workaround had been put in place and
iptables rules were emplaced to perform the job.

7.3.1. First Attack Mitigation

An ip6tables rule was configured at AFTR in order to allow the incoming traffic at
the ens34 interface of the AFTR only under the condition that the incoming packet’s source
MAC address belongs to the B4 ens39 interface (see Figure 6).

ip6tables -A INPUT -i ens34 -s 2001:db8:0:1::2 -m mac ! –mac-source 00:

0c:29:67:14:14 -j DROP

On the other hand, such a mitigation method will not be effective if the attacker clones
the “00:0c:29:67:14:14” MAC address to bypass the iptables filtering rule.

7.3.2. Second Attack Mitigation

Despite the fact that this attack did not go through and the spoofed packet had been
dropped, a proposed solution is presented here in case of building the topology using
another machine (different Linux distribution for instance), where such an attack could be
prevented at the B4 router side with the following rules:

iptables -A FORWARD -i ens38 -s 10.0.0.0/24 -j ACCEPT

iptables -A FORWARD -i ens38 -j DROP

The first rule accepts packets with source addresses from the private IPv4 address
network (10.0.0.0/24), while the second one drops every packet that approaches the ens38 in-
terface and needs to be forwarded. These two rules take care of a malicious packet as it
reaches the B4 side and before it heads toward the AFTR (see Figure 8).

However, restricting access to the private IP address network of VMnet-10 (10.0.0.0/24)
will not fully protect from DoS attack, because the attack might be originated from a
machine that resides within the network of the IPv4 client (an inside job).
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7.3.3. Third Attack Mitigation Method

One of the ways to mitigate this attack or at least reduce its impact is by adding two (or
more) IP addresses to the AFTR ens35 interface (see Figure 9), where the whole calculation
will be double (or triple, depending on how many IP addresses were added) due to the
fact that extended NAT works by binding the IP/port pair together. The fact that ens35 has
two IP addresses now gives the AFTR more flexibility by having one additional pool of
exactly the same port numbers of 64,512 ports, but they will be coupled with another source
IP address. In case two IP addresses were not enough to mitigate the attack, the system
administrator can easily add a third, fourth, or more as needed. On the practical side,
two extra IP addresses were added to the ens35 interface on AFTR. As a result, the AFTR
was able to process all incoming 120,000 packets, unlike last time, when it stopped after
64,512 packets.

Another mitigation method is possible through the rate-limiting process, which limits
the number of packets per second that can be sent and received by the NIC (network
interface card) [45]; it also enables the administrator to assign bandwidth restrictions to
specific traffic such as ICMP, UDP, etc. Some research works [46,47] have proposed the rate-
limiting mitigation mechanism after noticing the difference and the asymmetry between
incoming and outgoing traffic in the designated network.

7.4. Summary

As the testbed for DS-Lite investigated in a topic that has rarely been discussed and
analyzed, valuable results were collected based on the attacking scenarios, which can be
used to enhance the security around DS-Lite infrastructure’s vulnerable spots and, therefore,
provide a more secure network infrastructure. Therefore, researchers are encouraged to
invest more effort in analyzing the potential security threats that face IPv6 transition
technologies, especially DS-Lite. It is recommended that the focus be placed on DoS attacks
and source IP address spoofing, as it was found through analysis that these attacks are
the most common. As for mitigation methods, a sophisticated IDS and IPS tool is highly
recommended, such as SNORT [48] or Suricata [49].

8. Conclusions

In this paper, we have demonstrated the significance of transition technologies, specif-
ically through the tunneling method, and how practical they can be. Our testbed effectively
simulated a DS-Lite topology and uncovered its security vulnerabilities. The findings show
that the IPv4 client did not need a public IPv4 address to communicate with an IPv4 server.
On the other hand, every element within the DS-Lite topology is vulnerable to various
types of attacks, including DoS, tampering, and spoofing. As such, further analyses and
addressing vulnerabilities are crucial for the successful implementation of IPv6 transition
technologies that use tunneling. Our work has benefited from the “thc-ipv6” toolkit, which
provided us with a range of tools and attacking possibilities. These tools can be used in
future research to better understand the weaknesses and threats associated with DS-Lite
and other transition technologies.

Overall, our study highlights the importance of thorough analysis and vulnerability
testing when implementing IPv6 transition technologies that use tunneling. Our findings
can benefit network administrators, policy makers, and researchers who seek to enhance
the security of their networks and prevent attacks.
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Abstract: This article introduces the utilization of the ZED 2i depth sensor in a robot-based automatic

electric vehicle charging application. The employment of a stereo depth sensor is a significant

aspect in robotic applications, since it is both the initial and the fundamental step in a series of

robotic operations, where the intent is to detect and extract the charging socket on the vehicle’s body

surface. The ZED 2i depth sensor was utilized for scene recording with artificial illumination. Later,

the socket detection and extraction were accomplished using both simple image processing and

morphological operations in an object extraction algorithm with tilt angles and centroid coordinates

determination of the charging socket itself. The aim was to use well-known, simple, and proven

image processing techniques in the proposed method to ensure both reliable and smooth functioning

of the robot’s vision system in an industrial environment. The experiments demonstrated that the

deployed algorithm both extracts the charging socket and determines the slope angles and socket

coordinates successfully under various depth assessment conditions, with a detection rate of 94%.

Keywords: robotic applications; automotive applications; CCS2 electric vehicle charging socket;

image processing; object detection; ZED 2i; depth map

1. Introduction

The recent spread of electric vehicles is an ongoing trend that can be observed all over
the world. According to current analyses, electric vehicles will appear in larger numbers
on the roads in the near future. A main limitation considered for the greater propagation of
electric vehicles is their battery, since there has not yet been a fundamental breakthrough in
their development, given that the capacity and the lifetime of currently used batteries are
very limited, and it results in a short driving range of the electric vehicles themselves. In
order to overcome these limitations, the development of specific fast chargers is in progress,
as well as the development of new charging methods of electric vehicles. Today, automotive
consumers expect products tailored to their mobile information and entertainment needs,
and these products should be tightly integrated in novel automotive applications such as
autonomous electric car charging applications, automatic vehicle washing applications,
etc. [1–4].

Expedited development of electric vehicles will increase the need for applications
related to them in the future [4–6]. Certainly, one of the basic and most momentous opera-
tions is charging the batteries of electric vehicles and why there is a need for applications
related to this purpose. Since the charging of electric vehicles takes a certain amount of
time, there is a need on the part of users and operators to automate this process in order to
meet the needs of customers. Thus, after parking the vehicle at the charging station, the
user would have no further work on charging, except for opening the charging door, as
the process would be fully automated by robots and the user would be free to perform
various tasks during the charging time [7,8]. Hence, the concept of comfort electric vehicle
charging, where no human intervention is required, is very interesting to customers, and
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many companies have started research related to this topic. Further, automated charging
will become even more pertinent in the future due to progress in autonomous car driving
and driverless parking applications. In these situations, a robot will take over the whole
charging process when the vehicle is parked autonomously without any human interven-
tion. Using automation technology will indicate that the manual charging process as we
currently know it will no longer be required. Naturally, the specific problems related to
this application should be analyzed and solved, such as the requirement of precise parking,
robot movement around the parked vehicle, the illumination conditions demanded for
cameras used for charging socket detection, urgent interruption of the charging process
and disconnection of the plug, etc.

This paper represents initial research within an industrial project whose goal is to
develop a robotic application for the automatic charging of electric vehicles using image
processing techniques. As a result, a new approach for automatic electric vehicle charging
socket detection using the ZED 2i depth sensor will be proposed.

The main research task of this industrial project is the deployment of a simple image
processing method supported by information from a depth sensor, and the investigation of
the capabilities of the ZED 2i depth camera in the application of the automated position and
tilt detection of the Combined Charging System 2 (CCS2) socket of electric vehicles. The
socket extraction procedure is based on intensity transformations, simple image processing
operations, and a series of morphological operations. This project is part of the 2020-
1.1.2-PIACI-KFI-2020-00173 industrial project related to the development of robot-based
applications for autonomous electric vehicle charging. The main demand of the project is
to use well-known, already proven, and reliable image processing operations and methods
to provide the smooth and dependable operation of the robot [9–12]. The generated depth
map and the recorded point cloud of the scene model serve as resources for the robot to
determine the exact position and the slope angles of the charging socket on electric vehicles.
It should be noted that later the Universal Robot 10e (UR10e) with an included force torque
sensor will be used as a robotic arm during the deployment of an autonomous charging
application [1–3].

The specific requirement of the project client was the deployment of a vision system
that records the image from one position and, later, the socket region must be extracted
with a much simplified, but reliable, image processing technique [13,14]. The ZED 2i depth
sensor was embedded in the Robotic Operating System (ROS) framework via its ROS
wrapper. This wrapper ensures the obtainment of real-time measurements on multiple
ROS topics. A detailed description of the robot and its work is outside the scope of this
paper; it will be fully depicted in a future research paper.

In the end, using the strict instructions about the simplicity and reliability of the
project, a novel image processing procedure was developed for the automatic electric
vehicle charging CCS2 socket detection and extraction. Thus, this initial research entirely
fulfilled the aim of the project, and in the near future the testing will be extended on real
electric vehicles with a camera mounted on the robot’s arm.

The contribution of this study in terms of an industrial research project is the develop-
ment of a simplified and reliable image processing algorithm for the detection of a CCS2
charging socket position and its tilt angles with a depth sensor for the automated electric
vehicle charging application. The utilization of well-known and common image processing
operations for charging socket detection purposes is not yet published in the scientific liter-
ature, as well as in papers related to industrial research with the aim of the charging socket
detection. Thus, this is a novel and, at the same time, a proven approach for solving the
problem of the electric vehicle charging socket detection for a future industrial application.

The paper can be summarized as follows. The first section is the Introduction, the
second section is the literature overview, and the third section introduces the ZED 2i sensor
in brief. Section four describes the proposed method, section five shows the experiments
and results, and section six provides the conclusion followed by suggested future works.
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2. Related Work

Object detection and extraction are general problems in robotic vision systems [15–26].
This operation can be determined in specific applications where it is necessary to both dis-
tinguish and extract some shapes from the background scene. There are various procedures
to execute this separation task. Notably, there is a small volume of research and solutions
for electric vehicle charging socket detection in the literature, and this section will give a
brief overview of the related works in this field.

Pan et al. [27] proposed a charging socket detection method with three steps: recogni-
tion, localization, and inlay. For the charging socket localization, a convolutional neural
network-based (CNN) method is used. The MER-125-30UM/C industrial camera was
utilized for recording. In the socket localization process, an adopted pose solving method
was used based on circle features. In the insertion step, an AUBO-i3 robotic arm was
employed. The authors reported an accuracy rate of 98.9%. Zhang and Jin [28] introduced
a new procedure built on machine vision for electric vehicle charging socket detection and
localization, with a goal to solve the low efficacy and space restrictions in the artificial
charging operation for electric vehicles. A special image segmentation method is proposed
based on the Hue Saturation Intensity (HSI) color model to extract the properties of the
charging socket targeting the subpixel precision. Moreover, the image segmentation pro-
cedure involves thresholding in the Hue component of the input image, morphological
operations, and edge detection using the Canny edge operator. The HALCON computer
vision platform is used for development. The authors claim that experiments show that
their algorithm can successfully detect and locate the charging socket position with a 100%
accuracy rate. Mišeikis et al. [29] presented an automatic robot-based car charging applica-
tion using 3D computer vision. The system is based on a 3D vision system, an UR10 robot,
and a charging station. A shape-based matching process is used for identification and exact
pose determination of the charging socket. A similar approach is utilized for camera–robot
system calibration. Finally, a three-step robot motion planning process is used for charger
plug-in. Based on experiments, the proposed method works in laboratory conditions under
indoor lighting with a custom-made charging socket holder. Quan et al. [30] proposed
an automatic system for the recognition and positioning of charging sockets of electric
vehicles. The system is split into two parts: the coarse and the precise positioning. The
coarse positioning is based on the Hough circle and Hough line transformations, and
it locates the position information of the charging socket itself. The precise positioning
step uses the Canny edge operator to determine the contour information of the input and
gradient images, respectively. In the end, the Perspective-n-Point (PNP) algorithm is used
to find the pose information of the charging socket. The AUBO-i10 6-DOF (degree of
freedom) articulated robot is utilized to test the recognition and inlay accuracies in different
conditions and environments. The authors reported that the average detection rate of
the coarse positioning is 97.9%, while the average success rate is 94.8%. Quan et al. [31]
introduced a set of effective and accurate procedures for determining the pose of an electric
vehicle charging connector. The method is divided into two steps: the search stage and
the aiming stage. In the search stage, the feature circle procedure is used to fit the ellipse
information to acquire the pixel coordinates of the feature point. In the aiming stage, the
contour matching and logarithmic assessment indicators are used in the cluster template
matching algorithm introduced in their research to determine the matching position of
the socket itself. Finally, the efficient Perspective-n-Point algorithm is employed to obtain
the pose information of the charging socket. The reported plug-in success rate is 95%.
Lou and Di [32] presented a 4-DOF cable-guided automatic-charging robot consisting of
a 3-DOF cable-guided serial manipulator with a moving platform. In their design, the
3-DOF cable-guided serial manipulator is actuated by six cables being routed alongside five
disks fixed to the manipulator’s rigid links. The end-effector of the robot is an elastic plug
that has the capability to resist negligible elastic deformation. The control algorithm and
the plugging–unplugging strategy were developed to answer various parking situations,
with or without yaw fault. The pose detection method measured the pose of the charging
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port. In their experiments, the authors demonstrated the achievability and the effective-
ness of using the cable-guided automatic-charging robot to realize an automated charging
application for electric vehicles. Lin et al. [33] proposed a model-independent collision
detection and classification algorithm for cable-guided serial manipulators. Firstly, relying
on the dynamic features of the manipulator, datasets of terminal collision were realized.
Later, the collected datasets were enforced to build and train a collision localization and
classification model, which consisted of a double layer CNN and a Support Vector Machine
(SVM). The authors claim that, compared to preceding works, the developed procedure
can extract properties without manual intervention and can deal with collisions when the
contact superficies is irregular. The simulated experiments and results showed the validity
of their method with promising prediction accuracy. Li et al. [34] proposed a low-cost, high-
precision procedure to detect and localize the charging connectors based on Scale-Invariant
Feature Transform (SIFT) and Semi-Global Block Matching (SGBM) algorithms. The feature
extraction procedure based on SIFT was adjusted to yield the Difference of Gaussians
(DOG) algorithm for scale space construction, and the feature matching algorithm with
nearest-neighbor search was employed to yield the set of matching points. The disparity
determination has been conducted with a semi-global matching (SGM) algorithm to obtain
high-precision positioning results for the charging socket position. The feasibility of the
method was verified using OpenCV and MATLAB platforms. Chablat et al. [35] proposed
a robot with parallel structure for automatic electric vehicle charging, where the charging
socket of the vehicle is at its front side. Kinematic models are deployed to design the robot
for a given workspace that matches the car’s plug placements. They employed a QR code
stuck next to the plug-in order to locate the port on the vehicle. When the robot moves, the
QR code seen by the vision sensor is utilized to tune the trajectory before starting the inlay
of the socket. A prototype of the robot was successfully realized as a concept related with
the patent demand. The authors reported that the development of the robotic charging
system will be continued. The robust overview of the previously presented and cited
references, with their possible issues, are summarized in Table 1.

Table 1. Summary of related works, with an emphasis on proposed methods and their possible issues.

References Proposed Methods Possible Issues

Pan et al. [27]
Adopted pose solving method based on

circle features
Problems with the positioning accuracy

caused by the pixel extraction process error

Zhang and Jin [28]
HSI model-based segmentation and edge

detection
Inappropriate illumination

Mišeikis et al. [29] 3D shape-based matching
Poor illumination in template matching process and

positional error due to the calibration

Quan et al. [30]
Hough circle and Hough line transform

followed by PNP algorithm
Low recognition accuracy due to the

uneven illumination

Quan et al. [31] Cluster template matching algorithm
Recognition errors caused by weather conditions

(overcast, sunlight)

Lou and Di [32] Pose measurement Positioning error caused by the used vision sensor

Lin et al. [33] CNN and SVMA-based algorithm Signal variation and parking offset

Li et al. [34] SIFT and SGBM-based algorithm
Distance measurement error caused by the

illumination conditions and binocular
camera properties

Chablat et al. [35] QR code-based localization
Error caused by the camera during the trajectory

adjustment of the plug

In the end, it should be mentioned that there are several demonstration videos on the
Internet with robots developed for autonomous electric vehicle charging presented by com-
panies and personal developers, however, without any published official and appropriate
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scientific and technical documentation related to the proposed solutions. Therefore, these
demonstrations will not be cited in this paper.

3. ZED 2i Depth Sensor

The following section will introduce the technology and some of the most significant
properties of the ZED 2i depth sensor, along with its working principle in brief.

Fundamentally, the ZED 2i depth camera is a passive stereo camera without an active
ranging appliance. This stereo device utilizes a binocular camera to generate 3D scene data,
retrieves the disparity of the object and scene using a stereo matching algorithm, and in
the end determinates the depth map according to the sensor parameters in millimeters
(mm) [36–40].

The new ZED 2i depth camera shown in Figure 1 shares some features with other
Stereolabs ZED depth cameras; nevertheless, the new ZED 2i sensor owns several important
improvements [36].

 

Figure 1. ZED 2i depth sensor (courtesy of Stereolabs) [36].

ZED 2i is the first stereo depth sensor that employs artificial neural networks (ANN)
to reproduce and imitate human vision, taking stereo image perception to a new level [36].
It has a neural network mechanism that notably enhances the recorded depth map, or
depth video stream. This ANN is linked with the image digital signal processor (DSP), and
jointly they yield to creating the best possible depth information [36]. Furthermore, the
ZED 2i sensor possesses an embedded shape detection framework. This framework detects
both objects and shapes with spatial context. It integrates artificial intelligence (AI) with
3D localization to create spatial cognizance in the image [36]. Moreover, the embedded
skeleton tracking option is included in ZED 2i, which employs 18× body principal points
for tracking applications. This method detects and tracks human body skeletons in real-
time. The tracking outcome is represented via a bounding box and according to the
documentation, the algorithm works up to a 10 m range.

Furthermore, the ZED 2i depth sensor possesses an improved positional tracking
algorithm that is a pertinent improvement convenient for robotic applications [12,36]. This
benefit comes from a wide 120◦ angle field of view (FOV), advanced sensor stack, and ther-
mal calibration for considerably enhanced positional tracking precision and accuracy [36].
The ZED 2i depth sensor also has an embedded inertial measurement unit (IMU), barometer,
temperature sensor, and magnetometer. All these sensors supply extraordinary potentials
of simple and precise multi-sensor recording. These sensors are factory calibrated on
9-axis with robots [36]. All these sensors with its characteristics designate that the ZED
2i depth sensor is convenient for the deployment of autonomous and industrial robotic
applications [20–25].

Figure 2 presents the accuracy graph of the ZED 2i depth sensor depending on the
distance of an object from the depth sensor. As can be seen in the diagram, the depth
resolution, i.e., the depth precision, decreases with the increasing distance [36].

One of the most significant attributes of the ZED 2i is the ultra-sharp 8-element all
glass lenses capable of grabbing video and depth with up to 120◦ field of view (FoV), with
optically compensated distortion and a wider ƒ/1.8 aperture which permits the capture
of 40% more light [36]. Further, the ZED 2i optionally can use a polarizer. The embedded
polarizing filter contributes to the highest-possible image quality in various applications
outdoors. This special polarized lens helps decrease glare and reflections and also augments
color depth and quality of the recorded images [36]. Moreover, the ZED 2i stereo sensor
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offers two lens options: the 2.1 mm focal length lens for a wide field of view or a 4 mm focal
length lens for enhanced depth and image quality at long range [36]. These are the major
characteristics related to stereo cameras since the lens, aperture, and light notably affect the
image quality of any camera, not only the stereo depth camera. These properties enable the
obtaining of a high-quality depth map [36]. Further, the ZED 2i can be cloud linked, and
this option provides a possibility to monitor and control the depth camera remotely. Using
a particular cloud platform, depth map recording and analyzing the 3D data is possible
from anywhere in the world [36,37].

 

′′

Figure 2. The accuracy graph of the ZED 2i depth sensor (courtesy of Stereolabs) [36].

Finally, based on the features of the ZED 2i sensor and its availability, the project’s
management decided to acquire this sensor and use it in the initial research study of this
industrial project.

The essential properties of the ZED 2i depth sensor are summarized in Table 2 [36].

Table 2. Features of ZED 2i depth sensor (courtesy of Stereolabs) [36].

Features ZED 2i

Size and weight
Dimensions:

175 × 30 × 33 mm
Weight: 166 g

Depth
Baseline: 120 mm

Format: 32 bits
Range: 0.3–20 m

Image sensors
Size: 1/3′′

Pixel Size: 2 µ pixels
Format: 16:9

Lens

Field of View: 120◦

f/1.8 aperture
Wide-angle 8-element all-glass dual lens with

optically corrected distortion
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Table 2. Cont.

Features ZED 2i

Individual image
and depth resolution in pixels

HD2K: 2208 × 1242 (15 fps)
HD1080: 1920 × 1080 (30, 15 fps)
HD720: 1280 × 720 (60, 30, 15 fps)

WVGA: 672 × 376 (100, 60, 30, 15 fps)

Connectivity and working temperature
USB 3.0 (5 V/380 mA)
−10 ◦C to +45 ◦C

SDK system
minimal requirements

Windows or Linux
Dual-core 2.3 GHz CPU

4 GB RAM
Nvidia GPU with compute capability > 3.0

Additional sensors

Gyroscope
Barometer

Magnetometer
Accelerometer

Temperature sensor

Software enhancements
Built-in object detection

Depth perception with neural engine

4. Proposed Method

In the following section, the proposed algorithm will be described with the corre-
sponding digital image processing operations.

The block diagram of the proposed method is given in Figure 3. The system has two
inputs, the Red–Blue–Green (RGB) color image and the original depth image with 32-bit
depth resolution. Since the image with 32-bit resolution cannot be visibly displayed, only a
dark image can be seen [36]. The main operation in this vision system is the application
of the intensity transformation using the Gamma function and contrast stretching on the
grayscaled input image [13]. This is a crucial action in the algorithm because it will remove
most of the unwanted surrounding image components around the CCS2 connector region.
This step is followed by the median filtering in order to remove the noise from the remained
surrounding elements around and inside the charging socket itself [14]. Further, a series of
morphological operations are implemented in order to obtain the binary mask of the socket
area and the centroid coordinates of the socket itself [13]. After the binary mask is formed,
the CCS2 socket region is detected combining logical image operations on the thresholded
and binarized RGB images with the previously obtained binary mask. Next, using the
detected socket from the RGB image, the CCS2 socket area is extracted from the original
depth map using logical operations [14]. Finally, based on the detected CCS2 socket from
the depth image with the corresponding depth information, and using the binary mask of
the socket, the tilt angles of the socket in all three planes (XY, XZ, and YZ) were determined.
Later, the obtained information would be forwarded to the UR robot’s control system in
order to automatically, without human interaction, plug-in the charging plug [9–12].

 

Figure 3. Block diagram of the proposed algorithm.
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A detailed explanation of the robot and control system is not within the scope of this
article and is not possible at this time. The robot’s construction and the control system will
be entirely described in a future research paper.

Further, the digital image processing algorithm will be described in detail through
image processing examples. The recording environment and the illumination conditions
will be explained later in the experiments section. It should be noted that, for the research
and testing purposes, a vehicle body model was used with a built-in CCS2 socket. In
the presented example, the car body model was covered with aluminum foil in order
to increase the illumination reflection and artefacts appearance, which in reality would
certainly appear on all vehicles due to the paintwork and environment illumination. In
this way, the developed algorithm will have certain robustness to various disturbances and
noise to the captured input images [9–11].

In the beginning, it should be noted that the dimensions of the input images are
2208 × 1242 pixels [36]. After the RGB and depth images are captured with the ZED 2i
depth sensor, the second step is the conversion of the color image to a grayscale image. The
reason for this conversion lies in the fact that the grayscaled image is the most suitable for
processing using most image processing operations [13]. Figure 4a shows the captured
RGB image. It is highly noised and contains artefacts and illumination reflection. The CCS2
connector is very poorly visible since its surrounding is very dark, as well the socket also. It
is obvious from the shown RGB image that the socket detection is not a trivial task, because
its textures are not visible and the surrounding regions are highly reflective and shadowed.
Figure 4b shows the grayscale version of the original input depth map converted to 8-bit
resolution in order to make visible the image itself, since the original depth map in 32-bit
resolution is not visible on common monitors, because only a completely black image
without any details would be seen [36]. As can be seen, the measured and generated
depth map contains measured depth values in the socket region; however, due to the small
difference between the depth values in the socket area, the socket is displayed in white
shades and melted into its surrounding white area. Obviously, due to the impossibility
of discerning the socket from its environment, the CCS2 socket cannot be distinguished
and detected based only on the depth map itself [11,12,36]. Thus, the socket extraction
algorithm uses both the RGB and depth images for the socket detection and tilt angles
determination, as it is presented with the block diagram in Figure 3 and explained later in
the paper.

  
(a) (b) 

Figure 4. (a) RGB image and (b) original input depth map converted to 8-bit depth resolution.

In order to enhance the contours of the connector, the input RGB image has been
converted to grayscale image, and next the grayscale dilation operation is performed on the
grayscaled input image [13]. Basically, the grayscale dilation is a local-maximum operation,
where the maximum is taken over a set of pixel neighbors defined by the spatial shape of
the elements with value 1 in the domain of the structuring element (SE) [14].
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The grayscale dilation of a grayscale image f by SE B, denoted by f ⊕ B, is defined as:

( f ⊕ B)(x, y) = max
{

f
(

x − x′, y − y′
)

+ B
(

x′, y′
)

|
(

x′, y′
)

∈ DB

}

, (1)

where DB is the domain of SE B and f (x, y) is assumed to be −∞ outside the domain of
f [13]. Basically, this expression executes a process similar to spatial convolution [14]. An
important difference between convolution and grayscale dilation is that, in the latter, DB is
a binary matrix that determines which locations in the neighborhood are included in the
maximum operation. In convolution, the corresponding matrix is not binary [13]. Hence,
this local-maximum calculation via grayscale dilation yields in stronger textures in the
resulting image, as shown in Figure 5a. The grayscale dilation was performed using a disk-
shaped structuring element. It should be noted that the sizes of SEs in all morphological
operations depend on the image size, and in this algorithm, the dimensions of all the SEs
are determined empirically [14]. In the resulting image, the contours of the socket are more
visible and the surrounding area is slightly blurred.

  
(a) (b) 
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Figure 5. (a) Grayscale dilation result and (b) intensity transformation result.

In the next step, the main operation of the algorithm is performed: the intensity
transformation. The transformation is executed jointly with an application of the Gamma
function, followed by contrast stretching [14]. The use of the Gamma function in the
literature is commonly named as gamma correction, gamma encoding, or power-law
gamma transformation [13]. To explain this operation in the spatial domain, a simple
expression is introduced:

g(x, y) = T[ f (x, y)], (2)

where f (x, y) is the input image, g(x, y) is the output image, and the T is an operator on f
determined over a defined neighborhood around point (x, y) [14]. The simplest version of
the transform T is when the neighborhood in image is a single pixel of size 1 × 1. Thus,
the value of g output at point (x,y) relies only on the intensity of f input image at that
point and T becomes an intensity transformation function [14]. Since the output of the
intensity transformation function relies only on the intensity value at a point and not on a
neighborhood of points, the expression is frequently simplified as:

s = T(r), (3)

where r denotes the intensity of f and s the intensity of g, both at the same coordinates (x, y)
in the input and output images [13].

The power-law gamma transformations are defined as follows:

s = crγ, (4)

where γ and c are positive constants [14]. This gamma correction-based intensity trans-
formation with fractional values of γ maps a straight range of dark input values into
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a wider range of output values, with the opposite mapping for higher values of input
intensity levels. Parameter γ defines the shape of the transformation curve that maps the
intensity values from input f to output g [14]. If γ is less than 1, the mapping is weighted
toward higher output values, while if γ is greater than 1, the mapping is weighted toward
lower output values [13]. The intensity transformation is performed jointly with contrast
stretching, where the narrow interval of input intensity values is expanded into a wider
interval of output values [14]. In this algorithm, the value of γ is 0.001. This value of γ

eliminates the brighter background of the CCS2 socket and retains the dark socket compo-
nents and textures in the image. As shown in Figure 5b, almost the whole area around the
charging socket is eliminated. The remained connector elements contain noise that will be
suppressed later with additional processing.

In the next step, a noise removal operation is performed using median filtering. The
median filter is a well-known noise eliminating operation, and it is a very simple and
efficient procedure [14]. Basically, this is an order-statistic filter in image processing which
substitutes the value of a pixel by the median of the intensity levels in a predetermined
neighborhood of the corresponding pixel. The median filtering operation is defined as:

f̂ (x, y) = median
(r,c)∈Sxy

{g(r, c)}, (5)

where Sxy denotes a subimage centered on point (x, y), f̂ is the noise-reduced image, r
and c are the row and column coordinates, respectively, of the pixels in neighborhood Sxy,
and g represents the corrupted image with noise [14]. Median filters are highly favored
because, for certain types of random noise, they yield outstanding noise reduction abilities,
with noticeably less blurring than linear smoothing filters with a similar size. Moreover,
median filters are specifically effective in the existence of both bipolar and unipolar impulse
noise [13]. In the algorithm, the empirically determined size of the employed median filter
is 9 × 9, with the result of the median filtering shown in Figure 6a. As can be seen, the noise
from the image is removed and the CCS2 socket area is sharp and clear. It should be noted
that the dimensions of the median filter depend on the dimensions of the input image, and
it can be easily adopted during the experiments [14]. However, there are several remaining
components around the connector. These components will be removed via morphological
filtering in further processing steps of the algorithm.

𝐴 ⋅ 𝐵 𝐴⨁𝐵 ⊖𝐵

𝑋௞ 𝑋௞ିଵ⊕𝐵 ⋂𝐼௖ 𝑘𝑋௞
𝐼௖

  
(a) (b) 
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Figure 6. (a) Result of the median filtering and (b) result of the sequence of morphological processing

and filling operation.

The next step in the algorithm is the binary morphological processing preceded by
the simple thresholding operation. After the binarization is accomplished, a series of
morphological dilations with plus-shaped structuring elements were performed in order to
thicken the components in the connector area. Dilation is one of the main operations in
morphology, together with erosion [13]. Basically, dilation grows, or thickens, the objects in
the binary image, thus making their textures more filled without small holes. Hence, one of
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the primary applications of dilations is for bridging holes in the image. The method and
the extent of the thickening is controlled by the shape and the size of the used SE. Basically,
the result of all morphological operations depends on the utilized SEs [14]. The dilation
operation of A by SE B, where A and B are sets in integer space Z2, is determined as:

A ⊕ B =
{

z
∣

∣

∣
[(B̂)z

⋂

A] ⊆ A
}

, (6)

where z denotes a translation in image space and B̂ denotes the reflection of SE B about its
origin [13]. Unlike dilation, which is a thickening operation, erosion shrinks, or thins, the
shapes in a binary image. The erosion of A by B is determined as:

A ⊖ B = {z|(B)z ⊆ A}, (7)

where A is a set of foreground pixels, B is a SE, and z represents the foreground values.
Simply, based on Equation (7), the erosion of A by B is a set of all points z such that B,
translated by z, is contained in set A [13].

The dilation operations in the algorithm are followed by the morphological closing
operation with disk-shaped SE. It should be noted that since dilation and erosion are
elementary operations in morphology, all the other morphological algorithms are based
on these two principal operations [14]. The closing operation tends to smooth sections
of contours in the image; however, it generally fuses straight breaks and long thin gulfs,
eliminates small cavities, and fills gaps in the contour of a shape in a binary image. The
goal of the closing operation is to fuse small breaks of the CCS2 socket in a dilated image.
The closing of A by B simply is a dilation of A by B, accompanied by erosion of the result
by SE B [13]:

A·B = (A ⊕ B)⊖ B. (8)

Next, a morphological filling operation is performed in order to fill the socket area,
with a goal to form the binary mask of the CCS2 socket. The morphological hole-filling al-
gorithm is based on dilation, complementation, and intersection operations. The following
process fills all the holes with 1 s surrounded by values of 1 in a binary image:

Xk = (Xk−1 ⊕ B)
⋂

Ic k = 1, 2, 3, . . . , (9)

where B is the symmetric SE, k is an iteration step, Xk is the object inside the binary image
that contains all the filled holes, c denotes the complementation operation, and I is the
binary image [13]. The dilation in Equation (9) would fill the complete region of the image,
but the intersection at each step with Ic limits the result to inside the area of interest. This
algorithm is an example presenting the possibilities of a simple morphological operation to
develop an efficient procedure in order to meet a desired property and result. Figure 6b
presents the result of the morphological filling operation. As can be seen, the whole CCS2
socket area is filled with binary 1 values. The small image components around the connector
area will be eliminated in morphological post-processing in order to determine the binary
mask of the socket.

Finally, the binary mask is obtained by the sequence of morphological closing and
opening with disk-shaped SEs. The opening operation also smooths the contour of a shape;
however, as opposed to closing, it breaks narrow isthmuses and eliminates thin protrusions.
The opening of A by SE B is expressed as:

A ◦ B = (A ⊖ B)⊕ B, (10)

where the equation states that the opening of A by B is the erosion of A by B, accompanied
by dilation of the result by SE B [13]. Figure 7a shows the formed binary mask of the CCS2
socket, while Figure 7b displays the binary mask overlapping the original RGB image in
order to present the accuracy of the detected mask. The pink surface represents the binary
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mask that overlaps the socket region in the input RGB image. As can be seen, the obtained
binary mask is very accurate, and it completely masks the connector area.

  
(a) (b) 

Figure 7. (a) The binary mask of the CCS2 socket and (b) overlapped image of the RGB image with

the binary mask of the CCS2 socket.

To this point, the upper part of the image processing procedure is explained from
Figure 3. Further, the remaining steps of the algorithm will be explained. The following
task is the extraction of the CCS2 socket shape from the RGB image using the extracted
binary mask. This is accomplished with a simple logical image multiplication of the binary
mask with the binarized image of the previously obtained result after median filtering, as
shown in Figure 8a. The resulting connector contains small gaps and holes that will be post-
processed again with a sequence of morphological operations. This series of operations
involves dilation, closing, opening, and erosion with small-sized, plus-shaped, and disk-
shaped SEs. The reason for the usage of several operations with small SEs lies in the fact
that it is mandatory to keep all the vital components of the socket, without a possible cutoff
in it. The obtained result of the morphological post-processing is shown in Figure 8b, with
the corresponding bounding box around the CCS2 socket itself.

  
(a) (b) 

Figure 8. (a) Result of the extraction with logical image multiplication and (b) result of the sequence

of morphological post-processing.

Figure 9a shows the accuracy of the CCS2 socket detection, where the extracted socket
from the RGB image overlaps the input RGB image. Again, the pink surface that overlaps
the charging socket region represents the extracted socket. It can be seen that the obtained
contours and textures of the derived charging socket area fit well on the original image.
In Figure 9b, the centroid coordinate of the detected socket region is marked as a yellow
cross in the input image. This coordinate will serve as crucial information for the robot’s
control system during the positioning of a charger plug, before its connection to the CCS2
socket [5–11].
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(a) (b) 

Figure 9. (a) Overlapped image of the extracted CCS2 socket and (b) marked centroid coordinate of

the CCS2 socket in the original input image.

After the centroid coordinate of the socket is determined, the next step is to extract
the socket area from the original 32-bit depth resolution depth map in order to calculate
the tilt angles of the socket relative to the ZED 2i camera position in space. Basically, the
depth image is a projection of Z measured distance values on the XY plane of the image.
These distance values will be used for the determination of tilt angles in the XZ and YZ
planes, while the previously obtained binary mask will be used for the determination of
the orientation angle in the XY plane of the image. The angle in the XZ plane represents
the slope angle in the horizontal direction, while the angle in the YZ plane represents the
slope in the vertical direction relative to the stereo camera position. The socket extraction is
accomplished again with a simple logical image multiplication of the previously extracted
and post-processed binary CCS2 socket image with the original input depth map. Thus,
the resulting image contains only the original depth values that belong to the CCS2 socket.
Figure 10a shows the result of the multiplication operation, where the binary image of
the detected socket from the RGB image (Figure 8a) is multiplied with the original input
depth map in 32-bit depth resolution. Since the binary image is multiplied with the input
depth map in 32-bit depth resolution, the content of the image cannot be displayed on
common displays [36]. Figure 9a is included for the generality of the presentation of the
procedure. In Figure 10b, the resulting image is converted to 8-bit depth resolution in order
to be visible, and the accuracy of the detected CCS2 socket from the original depth map can
be observed relative to the input RGB image. The pink surface region is the extracted CCS2
socket from the original depth map, and here it overlaps the input RGB image in order to
highlight the accuracy of the detection.

  
(a) (b) 

Figure 10. (a) Extracted CCS2 socket in 32-bit depth resolution and (b) extracted CCS2 socket from

the original depth map converted to 8-bit depth resolution.

It is desirable that the extracted socket from the depth map has the same or a similar
quality as the extracted socket from the RGB image for the better tilt angle calculation of

237



Electronics 2023, 12, 912

the socket; however, it also depends on the measured depth map quality. If the depth map
does not contain sufficient information related to the socket region, even the appropriate
socket detection from the input RGB image will not extract the socket from the depth
map properly.

Finally, the determination of the tilt angles remained. First, the orientation angle in
the XY plane of the input image is obtained via measuring image region properties and
ellipse fitting procedure of the obtained binary mask [38]. The calculated XY plane angle
in this particular example is 6.4733 degrees. The two other angles are determined using
simple trigonometry [41] and using the known dimensions of the real socket itself. The first
step is the cropping of the extracted CCS2 socket from the 32-bit depth resolution depth
map using the previously obtained bounding box around the socket itself. Then, if the
furthermost upper and furthermost lower rows with stereometry-calculated distances in
the cropped socket area are averaged, the results will be the averaged farthest and nearest
distances in vertical direction from the depth sensor’s plane in millimeters. Thus, using
the known height (H) in millimeters of the CCS2 socket, the tilt angle of YZ plane can be
determined as:

ϕYZ = sin−1 zupper − zlower

H
(11)

where zupper and zlower are the averaged distance values in the vertical direction.
Similarly, if the furthermost left and right columns of the determined distances in the

cropped socket are averaged, the results will be the averaged farthest and nearest distances
in the horizontal direction from the depth sensor’s plane in millimeters, and using the
known width (W) in millimeters of the CCS2 socket, the tilt angle of XZ plane can be
obtained as:

ϕXZ = sin−1
zle f t − zright

W
, (12)

where zleft and zright are the averaged distance values in the horizontal direction.
Naturally, the resulting angles can have an ancestor of + or −, depending on the

averaged distance values. In practice, this manifests itself as a slope of the top or bottom
parts of the connector forward or backward, or as a slope of the left or right parts of the
connector forward or backward. In this particular example, the angles are ϕYZ = 9.7721
degrees and ϕXZ = 6.4733 degrees. It is obvious that the determination of these angles
depends on appropriate and high-quality CCS2 socket extraction from the original 32-bit
depth map, as well on the generated high-quality depth map by the depth sensor.

Finally, all the determined angles and the detected centroid coordinate of the connector
position will be forwarded to the UR robot’s controlling system, and based on these
parameters, the robot will be able to connect the charger plug to the charging CCS2 socket.

In the end it should be noted that when the UR robot arrives, the depth sensor will
be installed on the robot’s arm and the testing will be conducted live in real time on the
vehicle body model with built-in CCS2 socket and with electric vehicles. Later, when the
system is verified, the testing will be expanded to other available electric vehicles.

5. Experiments and Results

In this section, the experiments and their results are explained in detail. As it was
mentioned in the Introduction, the goal and the main demand of the project is to use only
proven and well-known digital image processing operations during the development of
the socket detection algorithm. The algorithm was tested on artificial vehicle body models
with a built-in CCS2 connector. Various backgrounds and illumination conditions were
tested in order to analyze and determine the potentials and limitations of the deployed
object detection algorithm based on common image processing methods.

One of the key factors in the development of the image processing algorithm is
the generation of a high-quality, usable input image. In addition to the use of high-
quality capturing devices, the main requirement is the formation of an appropriately
illuminated environment without disturbing effects, which can ensure the repeatability
of a quality image capturing. Thus, it should be noted that an artificial white lighting
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Light Emitting Diode (LED) illumination is used with paper shadowing during the image
capturing in experiments to ensure the needed diffuse lighting conditions for the ZED 2i
camera [36]. This illumination source was proposed by Stereolabs’ engineering team during
the consultations. The power of LED lights separately is 1.5 W, and they are connected to
a 12 V voltage source. The intensity of LED lights is controlled with a simple regulation
circuit presented in Figure 11a. The LED lights are mounted in the same plane in a line with
the ZED 2i, to an approximate 35 cm distance left and right from the depth sensor, and they
provide directly diffuse illumination both to the car body model and to the CCS2 socket.
Despite the lights’ regulation possibility, almost all the measurements were conducted with
the maximum light intensity, since the visibility of the charging socket area is very poor due
to its darkness. Moreover, it is possible to mount more LED sources or increase the intensity
of the illumination; however, it is not shown to be the best solution, since too much light
can cause reflection and it will simply blind the depth sensor, and the stereo device will
not be able to generate an appropriate depth map [36], while it could also spoil the RGB
image. In contrast to highly intense lighting, if the lighting is insufficient, the details in the
images of the left and right cameras will be insufficiently visible; thus, the stereo-matching
algorithm will not have enough useful information to be able to generate a correct and
accurate depth map [36]. This is a commonly known issue when passive depth sensors are
used in various applications, where the light source is close to the camera [11,36]. The depth
sensor is mounted on a tripod together with the LED illumination sources and shadowing
elements, as shown in Figure 11b. The experiments were conducted at daylight, sunlight,
shadow, under room lighting, and in a complete dark environment.

  
(a) (b) 

Figure 11. (a) LED lights regulation circuit and (b) experiment setup.

Further, since the aim was to examine the ultimate capabilities of the developed
algorithm, the colors and shades of the vehicle body model are chosen so that the glare,
noise, and artefacts are as pronounced as possible, or that the complete socket surrounding
will be very dark to absorb light and thus spoil the input RGB and depth images. The
socket and the surrounding where it is mounted are very dark (on real vehicles also) and,
thus, they absorb light and the socket looks dark in the presented examples. Additionally,
it should be noted that the vehicle body model is tilted a little to reflect the real situation,
because real vehicles also narrow in a truncated pyramid shape in the upward direction
around the socket position, and that is the reason why the presented examples will look
like they are being captured from above slightly. Hence, the socket is observed from in front
with minor displacements, and that will also be the intent in the real application. The depth
sensor was positioned approximately 20–22 cm from the vehicle body model; thus, the
CCS2 socket was approximately 24–28 cm from the camera. It should be mentioned that the
minimal working distance of ZED 2i is 20 cm, since according to Stereolabs’ documentation,
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the dead zone of the sensor is starting from 19 cm [36]. This means that this depth sensor
cannot generate a depth map below this distance. Further, the proposed capturing distances
were determined empirically in consultation with Stereolabs, since this problem is very
specific due to the very dark and textureless CCS2 socket that should be detected with its
tilt angles. Moreover, starting with the 30 cm distance, the depth sensor cannot generate
an adequate and quality depth map with sufficient details of the socket area; hence, the
proposed capturing distance [36] was kept in all experiments. Later, when the UR robot
will be involved in testing, a quality ultrasonic distance sensor will be utilized to bring
the robotic arm with the stereo camera to the desired distance from the vehicle body. The
electric vehicles will be properly positioned with physical borders and signs on a parking
lot; knowing the model of the electric vehicle and the position of the charger socket on the
specified vehicle, the robot will, with the help of these known parameters, position the
robotic arm with the camera and distance sensor in front of the CCS2 charging socket at the
proper distance and position.

Lastly, the goal of this research is to develop and examine the possibilities of the object
detection algorithm with the ZED 2i depth sensor in challenging image recording situations.

Finally, since the ZED 2i device requires appropriate hardware which supports a
Graphical Processing Unit (GPU), in experiments, an Intel i7-10700 2.90 GHz processor
with 16 GB RAM memory and the NVidia GeForce GTX 1650 SUPER GPU is used. The
proposed procedure is developed in Matlab [41]. In future, the algorithm will be connected
to the UR robot’s control system via ROS and Node-RED. Node-RED is a programming
tool for wiring together various hardware devices inside the deployed system [42].

Next, several examples will be presented with the main emphasis on the image
processing results, without serving the numerical data for angles and coordinates, because
the slope angles and centroid coordinates can be easily determined based on the extracted
CCS2 socket. Thus, the determination of the angles and coordinates itself is affected by
the efficiency of the algorithm in addition to the quality input RGB and depth images.
In all figures, the pink surface in overlapped images will represent the region of the
formed binary mask and the extracted socket, respectively, in order to visibly present the
obtained results. Finally, it should be noted that in all experiments, the RGB image obtained
from the left image sensor of the ZED 2i is used, since the built-in software of the depth
sensor automatically aligns the generated depth map with the left RGB image of the depth
camera [36].

In Figure 12a, a white vehicle body model is shown, where the image recording was
performed at daylight. The white nuance of the body model is slightly matted, while the
socket area is very dark and poorly visible due to the shadow from the right side. This is
also a common situation in the real world, since the socket area will always be very dark,
almost black, and its textures will always be hardly noticeable in all images.

  
(a) (b) 

Figure 12. Cont.
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(c) (d) 

Figure 12. (a) Input RGB image, (b) result of the intensity transformation, (c) obtained binary mask,

and (d) detected CCS2 connector.

The LED lights were on full power, and that is the reason for sufficient scene illumina-
tion. Figure 12b displays the result of the applied intensity transformation with gamma
correction. As can be seen, the socket area is well retained in the resulting image, with a
small number of surrounding components and noise. After executing the median filtering
and morphological processing, as explained in the previous section, the binary mask of
the socket region is obtained with high accuracy, as shown in Figure 12c. Finally, using the
binary mask and the previously proposed post-processing procedure, the CCS2 socket area
from the original depth image is determined, as shown in Figure 12d. The contours of the
socket are slightly deficient; however, they contain sufficient information for appropriate
slant calculation. Hence, the detected and extracted charging socket shape with its corre-
sponding depth information will serve for the determination of tilt angles of the socket
itself. Naturally, after the binary mask of the socket is derived, its centroid coordinate is
also appropriately determined.

In the next example, a matted black vehicle body is chosen. As can be seen, the
whole surrounding and the background of the socket is similarly dark. The LED lights are
again fully turned on and the car body model with the socket is adequately illuminated.
The image recording was conducted at daylight, with small shades visible from both
sides of the socket area, as shown in Figure 13a. The second image displays the effect
of the intensity transformation. As shown in Figure 13b, the CCS2 socket region is well
highlighted; however, some surrounding image components remained from both sides
of the socket, and there are some small black gaps inside the targeted object. Following
the performed noise removal and morphological operations, the aimed binary mask of the
socket is detected with high fidelity, as shown in Figure 13c. The mask completely overlaps
the socket in the original input image. In the end, after the final processing is accomplished,
the connector is successfully detected and derived from the input depth map. The result
of this extraction is presented in Figure 13d. Due to the darkness and poor visibility of
the input RGB image, the stereometric algorithm generated a low-quality depth map, and
that is the reason for the damaged, torn-look socket textures in the resulting image. It
is generally known that the main requirement of stereometry is the adequate visibility
of all details in the left and right camera images in order to generate a depth map with
adequate quality [36]. However, despite the given low-quality depth map, the detection
was successful and all the desired angles and coordinates were appropriately determined.
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(a) (b) 

  
(c) (d) 

Figure 13. (a) Input RGB image, (b) result of the intensity transformation, (c) obtained binary mask,

and (d) detected CCS2 connector.

In the next experiment, in Figure 14, a highly reflective yellow–gold-colored vehicle
body model with bright small patterns was tested. The intensity of LED lights is maximal,
and the reflection due to the illumination is very expressed near the connector region, as
shown in Figure 14a. The image was captured in the evening. The second example shows
the outcome of the performed intensity transformation. The socket is highly distinguishable
from the background, and only a small number of surrounding components remained.
All those components are successfully removed with the proposed median filter [41]
and morphological filtering. As a result, in Figure 14c, the binary mask is formed with
high accuracy. Finally, executing the suggested post-processing operations, the CCS2
socket is detected and extracted, as shown in Figure 14d. Again, the extracted connector
contains small cracks; however, it is considered to be a satisfactory result and all the needed
parameters are determined.

  
(a) (b) 

Figure 14. Cont.
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(c) (d) 

Figure 14. (a) Input RGB image, (b) result of the intensity transformation, (c) obtained binary mask,

and (d) detected CCS2 connector.

In the next example, a highly reflective red–gold-colored vehicle body model with
bright small patterns was examined. Once more, the intensity of LED lights is maximal,
and the reflection due to the illumination is very expressed close to the connector region,
as shown in Figure 15a. The image was captured at night. Figure 15b shows the result
of the execution of intensity transformation. The connector is highly visible and only a
small number of image components remained; however, the upper left part of the socket is
damaged slightly. After the noise removal and morphology operations are executed, the
small image components are successfully removed, and a binary mask is obtained. The
third example displays the binary mask overlapping the input image. As can be seen, the
mask entirely covers the socket region with sufficient accuracy. Finally, performing the
post-processing operations, the CCS2 socket is extracted, as shown in Figure 15d. Again,
the obtained socket contains small holes, it is ripped, and damaged slightly; however, all
the required angles and coordinates are determined properly, since the extracted socket
region provided sufficient depth information.

  
(a) (b) 

  
(c) (d) 

Figure 15. (a) Input RGB image, (b) result of the intensity transformation, (c) obtained binary mask,

and (d) detected CCS2 connector.
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The final example presents a highly reflective blue–silver-colored car body model with
bright small patterns. The LED lights intensity were fully on, and the reflection due to the
illumination is very high in the connector region, as shown in Figure 16a.

  
(a) (b) 

  
(c) (d) 

Figure 16. (a) Input RGB image, (b) result of the intensity transformation, (c) obtained binary mask,

and (d) detected CCS2 connector.

The image was captured in the evening with low intensity room lights turned on. The
right part of the image is highly shadowed. In Figure 16b, the outcome of the intensity
transformation is shown. The connector is well noticeable, although a large number of
image components remained in the right part of the image. After the median filtering and
morphological processing were performed, all the remaining unwanted components were
eliminated and the binary mask was formed successfully. Figure 16c presents the binary
mask surface. As can be seen, the mask overlaps the socket area with notable accuracy.
In the end, executing the post-processing actions, the CCS2 socket is detected, as shown
in Figure 16d. Again, the extracted socket contains small gaps and its texture is slightly
uneven; nevertheless, all the demanded tilt angles and centroid coordinates are calculated
suitably, since it supplied adequate depth values from the extracted socket region.

In the end, it should be noted that the SEs in the morphological operations were
defined empirically during the algorithm development. These SEs are size-dependent
matrices, which means that they can be simply tuned depending on the size of the objects
in the image, where the size of the shapes in the image depends on the model of the depth
sensor, as well as on the range of the depth sensor from the object itself [12,36]. These
modifications are very frequently made throughout the reproduction of this procedure.
Additionally, the high-quality lens produces less dispersion when mapping the depth
of the scene, and in the case of a poor-quality depth sensor with low quality lens, the
socket detection and extraction cannot be successfully performed. This is because the
determination of the Z distance values could be deficient, and this could result in missing
the sufficient and accurate depth values in the socket surface that represents the CCS2 socket
in the depth map. In this situation, the detection and extraction cannot be established.

Based on the experiments, the main limitations of the algorithm arise from inappropri-
ate illumination conditions and artefacts caused by various influences such as shadows,
light reflection, poor visibility, etc. All these issues can be solved with a proper illumination
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source that will provide a quality illuminated environment to the depth sensor, which will
result in an adequately generated depth map.

The evaluation of the algorithm was performed on six previously presented vehicle
body models with the mounted CCS2 socket under various lighting and capturing condi-
tions. The successful detection rate was 94% based on 150 depth image measurements and
the recorded corresponding RGB images. All the failed detections related exclusively to
inadequate illumination conditions that deteriorated the appropriate socket detection and
the proper generation of the depth map.

A comparison with other methods is very difficult, since all the proposed methods
in the literature deal with the detection of Asian-type charging sockets, which have a
different shape and content compared to the CCS2 socket. The CCS2 socket is a combined
socket with two charging ports, with AC (Alternating Current) and DC (Direct Current)
charging options. The Asian-type sockets contain only one charging port [27–35]. Further,
the presented procedure in this paper is using well-known, common image processing
operations, and only the methods proposed by Zhang and Jin [28] and Quan et al. [30],
where the reported success rates were 100% [28] and 94.8% [30], respectively, could be
compared with it in some parts; however, the number of tested images/examples is not
listed in the paper by Zhang and Jin. Overall, the proposed methods in the literature deal
with the qualitative analysis without numerical results, or incomplete numerical results
are reported without the listed image numbers in testing sets [27–35]. However, due to
the generality of the presentation, Table 3 presents a comparison of the proposed method
compared to other methods from the literature. As can be seen, the procedure presented in
this paper achieved similar results regardless of the fact that only common and well-known
image processing techniques were used in the algorithm development. It is expected that by
improving the illumination quality of the scene and working in an industrial environment,
the successful detection rate will be higher, hopefully near 100%.

Table 3. Comparison with other methods.

Methods Number of Images Success Rate

Proposed method 150 94%

Pan et al. [27] 30 98.9%

Zhang and Jin [28] not available 100%

Mišeikis et al. [29] not available 90%

Quan et al. [30] 180 94.8%

Quan et al. [31] 100 95%

Lin et al. [33] not available 94.12%

Further, the qualitative comparison of the proposed method will be presented, compar-
ing it to the Circular Hough Transform-based method proposed by Quan et al. [30], since
the testing conditions of their procedure is similar to the testing conditions in this research.
A very important feature of the Asian-type socket is the regular circle-shaped frame around
the electrical contacts; therefore, the Circular Hough Transform is very convenient for
the detection of the Asian-type of sockets [30]. The results of this detection approach are
the coordinates of the circle centers with the corresponding radiuses. Moreover, as was
noted, the Asian-type of charging socket has a different shape, content, size, and only
one charging option. Thus, this comparison does not fully reflect the reality, since the
compared algorithms are designed for different types of sockets that are not comparable in
any matter. Further, in [30], all the experiments were executed on only one dark vehicle
body model (black panel) with the mounted Asian-type socket under various illumination
conditions, while six differently colored vehicle body models were tested with the proposed
algorithm in this study. Figure 17 shows two examples from the comparison. The Circular
Hough Transform is applied in the algorithm to specifically detect the circle-shape electrical
contacts inside the socket body [30], and the detection results are marked with green circles
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in the images. Figure 17a presents an example of correct detection of the charging socket
contacts, while the second image shows the result when one electric contact of the socket
is not detected. The detection rate with the Circular Hough Transform is 90.7%; however,
it should be noted that the comparison would be complete and appropriate if it was per-
formed on the Asian-type of socket, since the Circular Hough Transform-based approach is
developed specifically for that socket due to its circle-shaped frame [30] around the electric
contacts. Nevertheless, a meaningful comparison on the Asian-type of socket would also
require an adaptation of the proposed algorithm due to the different shape of the socket,
and that is outside the scope of this research.

  
(a) (b) 

Figure 17. Results of the comparison with Circular Hough Transfom: (a) Correct detection, (b) in-

complete detection.

Finally, this initial study entirely fulfilled the goal of the project, and the automatic de-
tection of the charging socket with well-known image processing operations was achieved.
The practical application of the obtained results will be tested in the future, where the
experiments will be conducted with a robot on electric vehicles with adequate industrial
illumination equipment. The future managerial implications are the rent of a certain num-
ber of electric vehicles for testing purposes and the construction of an adequate real-world
parking space for experiments with the robot in an industrial environment.

6. Conclusions

Herein, both the working concepts and the characteristics of an algorithm for the
detection and extraction of the CCS2 charging socket for the automatic electric car charging
application were introduced. The main steps of the charging socket extraction process were
presented, i.e., intensity transformation, median filtering, binarization, and the series of
morphological operations. The aim of this industrial research project was to develop a
simple robot vision system with well-known and dependable image processing techniques
to secure the trustiness of the robot’s running process. Suitable experiments were con-
ducted on certain vehicle body models with a built-in CCS2 socket. All experiments were
accomplished successfully and the developed algorithm showed considerable accuracy,
as well as an adequate robustness and resistance to adverse illumination conditions and
poor capturing conditions. Based on the experiments, the main limitations of the algo-
rithm in terms of inadequate lighting conditions were determined, and in the future, they
will be avoided with a special illumination source on the constructed charging station.
The inadequate illumination caused artefacts and various influences such as shadows,
light reflection, poor visibility, etc., that resulted in a corrupted input RGB image and its
corresponding depth map. All these problems are expected to be avoided with proper
illumination equipment that will provide an adequate illumination to the depth camera.
During the deployment of the image processing system, all the project requirements and
instructions were accompanied. As a result, the project’s aim was utterly achieved, and
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further development of the system will be continued with an installed UR10e robot and
various electric vehicles on the appropriately constructed and illuminated parking lot.

7. Future Works

In future, a high-quality stereo camera with an industrial illumination source and a
special 3D scanner mounted on a UR robot should be acquired and utilized for further
research in the field of robotic vision for automotive applications related to autonomous
electric vehicle charging robot development. The use of industrial illumination equipment
is expected to solve the limitations of the algorithm in terms of the unsuited lighting
conditions of the scene with the charging socket. Moreover, new experiments will be
conducted on available electric vehicles with a UR10e cobot.
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