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Abstract

Since rolling bearing is of great significance to ensure the safe and stable operation of rotating machinery, bearing fault
feature extraction then demonstrates a hot topic of general interest in industry. In this work, we applied Multipoint Opti-
mal Minimum Entroy Deconvolution Adjusted preprocessing algorithm to deal with the large amount of background
noise containing in the collected bearing fault original signal. Then, the Wood-Saxon stochastic resonance nonlinear
system model is adopted to solve the bearing fault feature extraction problem, which avoids the frequency interval and
system parameters disadvantages in bistable stochastic resonance system. Furthermore, the parameter step and scale
transform factor in the Wood-Saxon stochastic resonance nonlinear system is optimized adaptively by Cuckoo Search
algorithm, in which way the output signal-to-noise of bearing fault signal is improved significantly. Therefore, the bearing
fault feature can be extracted more effectively compared with the classical bistable stochastic resonance system model.
Simulation and examples demonstrated that the proposed method can effectively reduce the noise in the signal and
enhance the weak feature in bearing fault signal, so as to realize the accurate early bearing fault diagnosis.

Article Highlights

1 The output SNR of the weak fault signal can be improved significantly, thus we can detect the machinery fault as
early as possible.

2 The fault feature characteristic frequency can be extracted efficiently and accurately, which carries out a technical
reference for industrial applications.

3 This work gives out a solid foundation for the subsequent bearing fault type pattern recognition.

Keywords Bearing - MOMEDA - Wood-Saxon stochastic resonance - Weak fault - Signal-to-noise ratio

1 Introduction

Bearings and gear boxes are very critical parts for rotating machinery, and once failure occurs, it will cause various losses
such as production line shutdown and casualties [1]. Therefore, monitoring and early fault diagnosis of rolling bearing
and gear box operation process is of great significance to ensure the safe and stable operation of rotating machinery.
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There are many methods for early fault diagnosis by monitoring weak signals, but most of them are extracted by
eliminating background noise and highlighting characteristic signals. Random resonance uses noise to detect charac-
teristic signals to achieve the purpose of searly bearing fault diagnosis [2]. Stochastic resonance was first proposed by
Italian scholar Benzi [3], etc. Professor Hu Niaoging [4] from National University of Defense Technology expanded the
application range of stochastic resonance and introduced stochastic resonance into early fault enhancement detection
of rotating machinery systems. At present, the most widely studied system of stochastic resonance is the classical bistable
stochastic resonance model. However, the classical bistable stochastic resonance has some problems such as limitations
in processing modulated signals and insufficient optimization of system parameters [5]. In 2015, Professor Leng Yong-
gang from Tianjin University constructed a tri-stable function based on the equilibrium point parameters, proposed a
tri-stable system model driven by weak signal and noise, and studied the effects of damping ratio and equilibrium point
parameters on the stochastic resonance of the system [6]. In 2015, Zhang et al. from Chonggqing.

University of Posts and Communications combined Levy noise with power function monostable stochastic resonance
system to study the phenomenon of stochastic resonance under Levy noise excitation, and proposed a fault diagnosis
method of multi-stable stochastic resonance bearing optimized by social simulation algorithm [7]. In 2017, Xie Yong et al.
from Xi‘an Jiaotong University studied the stochastic resonance of overdamped workboard potential system under the
combined action of deterministic signal and Gaussian white noise.

Under the weak deterministic signal limit, a moment method for calculating the linear response of the system was
proposed by combining linear response theory and perturbation expansion method [8]. In 2018, Chi Kuo [9] from Shi-
jiazhuang Campus of Army Engineering University conducted a study on the application of Cuckoo algorithm to the
optimization of stochastic resonance parameters. In 2019, Chi Kuo [10] et al., from Shijiazhuang Campus of Army Engi-
neering University, proposed a fault diagnosis strategy based on Wood-Saxon in order to effectively detect bearing
faults. In 2021, Xu Pendfei et al. [11] from Shanxi Agricultural University derived the system response amplitude and
power spectrum amplification factor applicable to the general multistable model for the periodic potential system with
multistable characteristics, and proposed the stochastic resonance of the periodic potential system with memory damp-
ing function under the joint excitation of external deterministic signal and internal noise. In addition, in 2016, Feng Yi
et al. pointed out that the stochastic resonance system is effective for strengthening all frequency components near the
optimal resonance frequency [12], but the processing effect is not very good for the optimal resonance frequency of small
frequencies. For the envelope signal of small frequencies, the bistable stochastic resonance model is only effective for
the frequency components with modulation characteristics. The author has made a comparative analysis in the previous
literature, and MOMEDA is selected as the pre-processing filtering method in this paper. MOMEDA is a filtering method
proposed by McDond [13] in 2017 to solve the problem of noise reduction effect by obtaining infinite pulse sequences
as the target to solve the optimal filter.

On the basis of the above literatures, in addition to the bistable stochastic resonance (BSR) model, the Wood-Saxon sys-
tem stochastic resonance model is used to extract the fault signal feature. A method combining CS adaptive Wood-Saxon
stochastic resonance and MOMEDA was proposed to study bearing fault diagnosis, aiming at improving the output
SNR(signal-to-noise ratio), and providing reference for effectively extracting the bearing fault signals detected in practice.

2 Wood-Saxon stochastic resonance system model and scaling transformation
2.1 Wood-Saxon stochastic resonance model

The formula of the bistable stochastic resonance potential function is given in the literature [4]. This section mainly
discusses the establishment of the Wood-Saxon stochastic resonance model, and the bistable stochastic resonance
model is no longer listed.

The WS potential function is defined as [10]:
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Fig. 1 Influence diagram of three parameters of WS single potential well

The shape and performance of WS single potential well are determined by three parameters: depth of potential well
(m), radius of potential well (r) and steepness of potential well (g), and all three parameters are greater than 0.

Figure 1 shows the influence diagram of WS single potential well parameters. It can be seen from Figure (a) that the
depth of potential well, the radius of potential well and the steepness of potential well interact and influence each other.
When the radius and steepness of the potential well are certain, the width of the potential well does not change, but
the depth gradually becomes shallow. The shape of the potential well can be determined by adjusting the parameters.

According to literature [10], U,,,/(0) does not appear, so it is assumed that U,,/(0) = 0. Substitute formula (1) into
Langevin equation (LE) to get the following formula:

dx m x| —r [x| =r 2
— = ——sgn(x) exp <—><1 + exp <—>> + S(t) + N(t) (2)
dt q q q
where
1, x>0
sgnx)=3 0, x=0
-1, x<0

S(t) + N(t) is a random signal entering the system.

2.2 Wood-Saxon stochastic resonance scaling

Wood-Saxon stochastic resonance scaling continues to use normalized scaling for signal conversion [4, 10].
The Wood-Saxon stochastic resonance normalization scaling is as follows:
Suppose z = VKxz = Vt then Eq. (2) become

dz _ Vszs n(z) ex 12| — VKr X 1+ex 12| = VKr N
dr = VKg ¢ P\ " Vkg P\ " Vkg

+K(s(7) +n (7))
v v
where K and V are scale transform factors and amplitude transform factors respectively.

Equation (3) can be solved by the fifth-order Runge-Kutta algorithm (Eq. (4)) [10].The discrete signal S(t) obtained in
engineering practice is equal to the characteristic signal F(t) plus noise N(t), that is, S(t) = F(t) + N(t).
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Here the step sizeisH = a/f, f.is the sampling frequency, s, is the n-th point of the input signal, and z, is the n-th point
of the stochastic resonance output.

2.3 CS optimization algorithm for parameter optimization of Wood-Saxon stochastic resonance model

Adaptive stochastic resonance problem is a multi-dimensional and multi-parameter continuous optimization of sto-
chastic resonance effect due to automatic adjustment of system parameters under the same input signal. In 2021, An
improved cuckoo search algorithm is proposed to solve the problem of task assignment and path planning for multiple
robots. The path planning method can effectively realize the task assignment and path planning of multi-robot, and
provide scientific basis for the endurance energy of multi-robot [14]. In 2020, Wang Haiyang of Shanghai University of
Engineering Technology proposed a method for predicting the remaining life (RUL) of lithium batteries by using the
improved Cuckoo algorithm (ICS) to optimize the correlation vector machine (RVM). Practical experiments and a series of
error indicators verified that the ICS + RVYM method proposed in this paper has higher accuracy in predicting the RUL of
lithium batteries. It provides a reference for life prediction of rolling bearing [15]. In 2018, Chi Kuo [9] from Shijiazhuang
Campus of Army Engineering University conducted a study on the application of cuckoo algorithm to the optimization
of stochastic resonance parameters.

Cuckoo algorithm [16] has brought many applicable effects in the research of medical treatment, measurement,
electronic information, aerospace and other fields. Aiming at the problems such as uncertainty of adaptive stochastic
resonance parameters, poor calculation accuracy, multi-dimensional and multi-parameter continuous optimization,
the characteristics of various algorithms were analyzed by reading relevant literature, and considering the influence
of parameter optimization on stochastic resonance effect, the paper proposed the use of SNR as a fitness function of
Cuckoo algorithm, is more conducive to fault feature extraction by optimizing the matching effect between adaptive
stochastic resonance parameters. Stochastic resonance is to fix the values of parameters a and b or fix parameters a(b),
adjust parameters b(a), and ignore the effect of interaction between parameters such as step size and scale change factor.
Wood-Saxon stochastic resonance is no exception. In this section, the Wood-Saxon stochastic resonance parameters are
adjusted to coordinate the parameters with the system and noise intensity, so as to achieve the best effect of stochastic
resonance output. The parameter Settings of CS algorithm are shown in Table 1.

Considering the influence of the interaction between parameters on the output of stochastic resonance, CS algorithm
was used to calculate the interaction matching of the step size H, scale transform factor K and amplitude transform
factor V of the stochastic resonance parameters of the Wood-Saxon system, and the best matching values of the three
parameters with the largest output SNR were found to facilitate the extraction of the output characteristic frequency of
stochastic resonance.

According to the three rule assumptions of CS algorithm [17] and the steps of calculation, CS algorithm is used to
search and optimize parameters H, K and V. According to the calculation of literature [10], when the amplitude trans-
formation factor is constant and VV=0.3209, the influence chart of Wood-Saxon stochastic resonance parameters H, K
and output SNR shows that the output SNR increases with the decrease of H and K values. The best matching diagram
of parameters H, K and V is shown in Fig. 2.

In the Wood-Saxon system stochastic resonance model, when the amplitude transform factorV =0.3209, CS algorithm
continuously optimizes and adjusts the parameter step H and scale transform factor K until the three parameters reach
the best matching value.
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Table 1 Parameter values of

. Parameter class Param-
Cuckoo Search Algorithm oter
value
Local search radius 0.05
The number of columns and columns in a self-learning structure 25
The number of self-learning times 1
Invariance probability 0.7
The probability of strategy 1 0.6
The crossover probability in strategy 2 0.5
Foreign discovery rate 0.25
Number of nests 36
Fig.2 Optimal matching dia-
gram of H,K and V parameters
0.4

3 MOMEDA pre-processing filtering analysis in the sense of Wood-Saxon stochastic
resonance

The stochastic resonance of classical bistable systems has some problems, such as the limitation of processing the original
signal and insufficient optimization of system parameters [5]. According to the research in literature [12], it is effective
for the stochastic resonance system to strengthen all frequency components near the optimal resonance frequency, but
the processing effect is not very good for the optimal resonance frequency of small frequency. For the envelope signal
of small frequency, only the frequency components with modulation characteristics are output effectively by using the
bistable stochastic resonance model.In view of the above problems, the Wood-Saxon stochastic resonance model of the
adaptive Wood-Saxon system is selected and compared with the bistable stochastic resonance model in filtering effect.
According to the results of the author’s previous filtering effect analysis, although the effect of extracting weak fault
characteristic frequency by using MOMEDA as stochastic resonance pre-processing filter is not very obvious compared
with the traditional time—frequency algorithm, and there are interference pulse components, the signal-to-noise ratio
is increased by 58.76%, which is suitable for the analysis of low signal-to-noise ratio fault signals. Therefore, the filtering
algorithm in this section continues to adopt MOMEDA algorithm.

3.1 Optimization and selection of MOMEDA parameters

The parameter selection of MOMEDA algorithm directly affects the filtering calculation. In order to obtain the best match-
ing value of filtering length, test period and multi-point peak value to the filtering effect of MOMEDA, the parameters
of MOMEDA are calculated, analyzed and selected in this section. The rolling bearing vibration fault data set collected
by Dr. Eric Bechhoefer [18] on behalf of MFPT was used for the parameter selection of MOMEDA algorithm. The calcu-
lation data of bearing inner ring wear fault were intercepted with 5000 sampling points, the optimal filtering length
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Table 2 Parameter calculation

and analysis Test cycle R Multipoint peak-Murt  SNR;, SNR,ut1 SNR,u»
50 0.1685 -53.8765 -16.2215 -36.1570
60 0.2796 -54.9975 -15.2585 -21.1634
70 0.3461 -50.0498 -15.3177 -20.3746
80 0.2087 -43.6438 -17.0235 -34.5347
920 0.1863 -47.5598 -17.5544 -30.0384
Fig.3 Influence of R on Murt 040
0.3461
035 |

030 +

025 +
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005 ~
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50 60 70 80 90

was selected L=1000, and 5 groups of test cycles were selected for MOMEDA parameter calculation and analysis. The
calculation results are shown in Table 2:

The selection of filtering length, test period and other parameters directly affects the filtering effect of MOMEDA. In
order to select appropriate parameters, achieve the best filtering effect and better extract the feature frequency. Given
a certain filtering length, this section studies the influence of the test period on the filtering effect of MOMEDA and
the influence on the SNR of the output of the objective function in an example. The multi-point peak value is normally
distributed in the range of 50-90 test cycles (See Fig. 3).

SNR,,:;and SNR,,, are the output curves of the Wood-Saxon system and the bistable system respectively.As shown
in Fig. 4, when the input signal-to-noise ratio is certain, the test period R is equal to 50-90, and the variation range of
SNR,,+is about 15%. The variation amplitude of SNR,,., is about 80%. It can be seen that the selection of parameter test
period values has a great influence on the output of the Wood-Saxon system’s stochastic resonance SNR. When R=70,
the output SNR is the largest and the output of the stochastic resonance is the best.

As can be seen from Fig. 5, when the input signal-to-noise ratio is certain, the multi-point peak Murt ranges from
0.1685-0.1863, and the variation range of SNR,,, is about 15%. The variation amplitude of SNR,;, is about 80%, indicat-
ing that the selection of parameter test period values has a great influence on the output of the Wood-Saxon system'’s
stochastic resonance SNR. It can also be seen from Fig. 5 that when the multi-point peak Murt=0.3461, the output SNR
is the largest.

Through the calculation and analysis of the example, when the parameter test period of MOMEDA algorithm R=70
and the multi-point peak Murt=0.3461, the filtering effect of MOMEDA is the best, and the output SNR of the two dif-
ferent stochastic resonances is the largest.

3.2 Simulation and analysis of MOMEDA pre-processing filter in the sense of Wood-Saxon stochastic
resonance

Suppose an input signal model is S = S, + S,, where S; = Asin (2zf,t), bearing weak fault signal S, is simulated by adding
white noise. The signal parameters are as follows: amplitude A = 1, fault frequency f; = 50Hz, noise intensity D= 30V,
sampling frequency f, = 10000 Hz.

A large amount of noise is added to the analog signal to simulate the bearing fault signal (Fig. 6), and the fault
frequency of 50Hz cannot be extracted from the noise. The Wood-Saxon stochastic resonance method proposed in
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this paper is used to process the signal. After the simulated fault signal is processed by MOMEDA, high-frequency
components with amplitudes exceeding 0.6 are effectively filtered out, and a series of obvious impact components
conducive to feature extraction appear in the time-domain diagram in Fig. 7. After the signal is processed by MOMEDA
filter, the signal is greatly improved and a series of periodic pulses appear, but the fault characteristic frequency is
difficult to extract due to the influence of noise. Filtering not only removes high-frequency noise, but also provides
matching noise intensity for stochastic resonance.

In order to verify the advantages and disadvantages of the bistable stochastic resonance and the Wood-Saxon stochas-
tic resonance, the filtered signals were input into two kinds of stochastic resonance models respectively for characteristic
frequency extraction. (Figs. 8, 9).
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With SNR as the objective function, the filtered signal is fed into the Wood-Saxon stochastic resonance model. As can
be seen from Fig. 8, the system model, noise intensity and parameters achieve a synergistic effect, and the fault charac-
teristic frequency is effectively extracted from the signal spectrum diagram after the Wood-Saxon stochastic resonance
processing. It can be seen from Fig. 9 that the impact pulse signal with an obvious peak value of 139.9Hz appears in the
spectrum diagram, and the fault frequency is not obvious. Compared with the impact pulse signal of 139.9Hz, the fault
frequency is in the harmonics of the peak signal 139.9, which is difficult to extract. As can be seen from the comparison

@ Discover



Discover Applied Sciences (2024) 6:41 | https://doi.org/10.1007/542452-024-05662-2 Research

Fig. 10 Bearing inner race
failure

Table 3 Test bearing technical

parameters Parameters Indicators Parameters Indicators
Rolling diameter d=5.969mm Load 50lbs
Pitch diameter D=31.623mm Gyration frequency 25Hz
Number of rolling elements n=87 Sampling frequency f, =16276 Hz
Contact Angle a=0°C Sampling number 6000
Bearing inner ring fault character- f; = 116 Hz Bearing outer ring fault char-  f, = 81Hz
istic frequency acteristic frequency

of spectral graphs in Figs. 8 and 9, the Wood-Saxon stochastic resonance model is more effective than the bistable sto-
chastic resonance model when extracting weak fault signals with low SNR in the calculation and analysis of simulation
periodic signals.

4 Application of the proposed method for the fault diagnosis of rolling bearings

In the vibration signal of rotating machinery bearing fault, due to the different kinds and strengths of faults, the faults
are coupled with each other, especially in the early signal of bearing fault, the impact component is weak in the signal,
and it is easy to appear the problem of missing diagnosis or diagnosis error. This example uses the adaptive Wood-Saxon
stochastic resonance model with weak dependence on noise characteristics to process the fault signal. By comparing the
spectrum diagram of the classical bistable model and the Wood-Saxon model, it provides a new idea for the selection
of stochastic resonance noise reduction model. This section proposes a bearing fault diagnosis method based on the
combination of MOMEDA and CS adaptive Wood-Saxon stochastic resonance [4, 9, 18].

Now, the feature extraction and analysis of common bearing inner ring wear faults (as shown in Fig. 10 and Table 3)
are carried out for further research. The experimental data of bearing inner ring wear failure were obtained from the
bearing failure data set collected by Dr. Eric Bechhoefer, chief engineer of NRG system, on behalf of MFPT [19]. The work-
ing conditions of bearings are shown in Table 3. Bearing load conditions: load 50 pounds, input shaft speed of 25Hz.

The technical process of fault feature extraction for adaptive stochastic resonance bearing based on MOMEDA
and Wood-Saxon is shown in Fig. 11.

As is shown in Fig. 11, the input fault signal is firstly transformed to envelop signals by Hilbert transformation.
Then, MOMEDA method is applied to preprocess and filter the envelop signals in order to improve the SNR of the
input signal. Next, with the attempt to extract the fault feature of rolling bearing effectively, CS algorithm is adopted
by optimizing the key factors (H, K, V) in the Wood-Saxon stochastic resonance (Wood-Saxon SR). Meanwhile, by
comparison with BSR, fifth-order Runge-Kutta algorithm is used to obtain a more precise result for the Wood-Saxon
SR model, then a more higher output SNR of the fault signal. Finally, the bearing fault characteristic frequency can
be extracted by the proposed CS-optimized Wood-Saxon SR method.
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Fig. 11 Computational flow
of CS-Wood-Saxon stochastic The input signal
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4.1 Filter analysis of bearing inner ring fault signal

Figure 12 shows that obvious periodic impact components are distributed in 1000-2000Hz, 2000-4000Hz, and 4000-
5000Hz frequency bands respectively. Due to the presence of a large amount of noise, the time-domain waveform
is relatively complex and the amplitude is large.

In this section, measured signals in three frequency bands of 1000-2000 Hz, 2000-3000 Hz, and 4000-5000 HZ
are respectively selected for Hlibert envelope spectrum analysis. Through calculation, analysis and comparison, it
is found that there are few irrelevant spectrum lines in the time-domain diagram and spectral diagram of the 2000-
3000Hz frequency band, and the fault characteristic frequency is not annihilated. Therefore, signals in the 2000-3000
Hz frequency band are selected for further research. As shown in Fig. 13.
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Fig. 13 Hlibert envelope spectrum of 2000-3000 frequency band

After Hlibert envelope spectrum analysis, frequencies in the range of 0-1000 Hz are intercepted. In the low fre-
guency range of 200 Hz, there are two obvious impact signals, 37.98 Hz and 78.67 Hz respectively, and there are strong
noise interference components distributed in the range. Further analysis is needed to extract the fault spectrum.
In order to eliminate the influence of large pulses on stochastic resonance in the low frequency range, MOMEDA is
used to filter the signal. Through the parameter optimization and numerical selection in Sect. 2.1, this paper analyzes
the influence of the MOMEDA algorithm test period and multi-point peak value on the SRR output. According to the
data analysis results, the optimal parameters of the calculation and analysis are input into the M-WS-SR (MOMEDA-
Wood-Saxon-Stochastic Resonance) system.

As can be seen from Fig. 14, after MOMEDA filtering, the bearing fault signal is clearer and more obvious than the
original figure. Within the range of 0-200 Hz, the 37.98 Hz and 78.67 Hz pulse signals shown in Fig. 12 are filtered out,
and the spectral lines change periodically.

4.2 Comparative analysis of Wood-Saxon adaptive stochastic resonance

In this chapter, a bearing fault diagnosis method based on the combination of MOMEDA and Wood-Saxon adaptive
stochastic resonance is proposed by comparing two kinds of stochastic resonance spectra of classical bistable model
and Wood-Saxon model.
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Fig. 14 M-WS time domain waveform and spectrum after MOMEDA filtering

As can be seen from the iterative convergence curve (a) in Fig. 15, at the initial stage of stochastic resonance optimi-
zation by Cuckoo algorithm (CS), the iterative curve in the Wood-Saxon system is approximately linear and converges
when the number of iterations is equal to 4. In Fig. 15b for the bistable stochastic resonance system, the iteration curve
isirregular and relatively steep. When the number of iterations is equal to 5 and the output signal-to-noise ratio is about
-33, the local optimal solution appears, and when the number of iterations is equal to 10, the solution converges. It can
be seen from the analysis that under the same conditions, the convergence speed of CS optimization parameters in the
Wood-Saxon system is improved by nearly 20%.

The fault frequency of the bearing inner ring is fzpr; = 117 Hz. After the collected signal is pre-processed and filtered by
MOMEDA, it is input into two different stochastic resonance models. The calculated results are shown in Fig. 16. It can be
seen from the two figures that both kinds of stochastic resonance systems can enhance the low-frequency pulse signal.

With further analyzed the result of SNR,,;, for Wood-Saxon SR model|, it is illustrated that the proposed method can
increase the output signal SNR by 70% as for the case of R=70. In this way, the fault characteristic frequency component
is significantly improved and then the fault characteristic frequency of bearing inner ring is extracted effectively.
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Fig. 15 Iterative convergence curve
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Fig. 16 BSR-WSSR models output time domain waveforms and spectrograms

Moreover, compared with BSR model, the output SNR of the bearing fault signal in Wood-Saxon SR model is increased
significantly. And also, during R=30-60, there is a linear increasing relationship between the test cycle R and the increased
SNR (30-60%). The increasing percent is obtained by the SNR;, and SNR, ..

To be honesty, in order to obtain a higher output SNR and more precise fault feature frequency, CS algorithm and fifth-
order Runge-Kutta algorithm are combined in the proposed method, which require a sufficient random-access memory
of the computer and also more computing time is needed during the solving process of the Wood-Saxon SR model.

5 Conclusion

In this paper, Wood-Saxon stochastic resonance model is used for signal processing, and a method of bearing fault
feature extraction combining Wood-Saxon adaptive stochastic resonance and MOMEDA is proposed. By comparing the
spectrum diagram of stochastic resonance signals of classical bistable model and Wood-Saxon model, the signal-to-noise
ratio can be effectively improved, and the characteristics and advantages of weak fault characteristic frequency can be
easily extracted accurately compared with bistable stochastic resonance, and a new idea is provided for the selection of
stochastic resonance noise reduction model.

1. The results show that when the parameter test period of the MOMEDA algorithm is R=70 and the multi-point peak
Murt=0.3461, the filtering effect of MOMEDA is the best, and the output SNR of the two different stochastic reso-
nances is the largest.

2. The Wood-Saxon stochastic resonance model is more effective than the bistable stochastic resonance model in
extracting weak fault signals from the simulation period signal calculation and analysis.

3. Under the same conditions, the convergence rate of CS optimization parameters is improved by nearly 20% in the
Wood-Saxon system stochastic resonance calculation.
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