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The weak signal detection method based on stochastic resonance is usually used to extract and identify the weak
characteristic signal submerged in strong noise by using the noise energy transfer mechanism. We propose a novel compos-
ite multistable stochastic-resonance (NCMSR) model combining the Gaussian potential model and an improved bistable
model. Compared with the traditional multistable stochastic resonance method, all the parameters in the novel model have
no symmetry, the output signal-to-noise ratio can be optimized and the output amplitude can be improved by adjusting
the system parameters. The model retains the advantages of continuity and constraint of the Gaussian potential model and
the advantages of the improved bistable model without output saturation, the NCMSR model has a higher utilization of
noise. Taking the output signal-to-noise ratio as the index, weak periodic signal is detected based on the NCMSR model in
Gaussian noise and & noise environment respectively, and the detection effect is good. The application of NCMSR to the
actual detection of bearing fault signals can realize the fault detection of bearing inner race and outer race. The outstanding
advantages of this method in weak signal detection are verified, which provides a theoretical basis for industrial practical

applications.
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1. Introduction

With the rapid development of science and technol-
ogy, weak characteristic signal detection has been widely
used in many fields, such as communication,!!! seismic
survey,? acoustics,?! biomedical signal processing,*! image
processing,®! and mechanical fault diagnosis.[®”! As a com-
prehensive technology, weak signal detection integrates math-
ematics, electronics, nonlinear science, computer technology,
and signal processing,'®~13! forming a new technology for ex-
tracting useful signals from strong noise. Due to the impor-
tance and universality of this problem, researchers continue to
study the theory and method of weak signal detection to de-
tect weak signal under strong noise background more quickly
and accurately under certain constraints, or enhance the use-
ful signal which is very weak in detection itself. At present,
weak signal detection has developed into an important branch
in the field of signal processing. The weak signal detection
under strong noise mainly includes linear and nonlinear de-
tection methods.!!*!1>! The linear method damages the useful
signal while suppressing noise, resulting in loss of signal, so
researchers have paid more attention to the nonlinear detection
method. As a nonlinear method, stochastic resonance (SR)
breaks the original idea that noise is always harmful. It uses
the potential function of a nonlinear system to convert part of
the noise energy into useful signal energy, thus using the noise
to enhance detection of weak signals.[16’17] At the same time,

fCorresponding author. E-mail: gaorui @bjwlxy.edu.cn
© 2023 Chinese Physical Society and IOP Publishing Ltd

DOI: 10.1088/1674-1056/aca4bd

the SR method can realize weak signal detection by apply-
ing noise or adjusting system parameters. Therefore, SR has
been developed rapidly and has achieved many achievements.
The detection effect of the SR method has a great relation-
ship with the nonlinear model. The early research on the SR
model mainly revolves around the classic bistable stochastic
resonance (CBSR) model. With the continuous deepening of
theoretical and application research of the CBSR, it was found
that the output of the CBSR model is easy to be saturated
and the potential barrier of the potential function is high.[!®!
Zhao et al. proved that the CBSR system has the character-
istic of output saturation.!'’! Gosak et al. proposed a piece-
wise nonlinear bistable stochastic resonance (PNBSR) model
for SR saturation which achieved certain results, but did not
break the output saturation characteristic of CBSR.[?"! Jiao
et al. proposed an SR-based novel potential well (NPWSR)
model, compared with the traditional model, this model has
a lower potential barrier height, and the potential well wall
is linearized. Under the same conditions, the NPWSR model
solves the problems of high potential barrier and output satu-
ration of the CBSR model, and the output signal-to-noise ra-
tio (SNR) curve is higher than that of the CBSR method.>!]
The Gaussian potential (GP) model is a special single poten-
tial well structure, which has the advantages of continuity and
confinement. The depth and width of the potential well can
be adjusted independently.?>) Combined with the bistable and
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tristable models, it forms a tristable model with better perfor-
mance stable and composite multistable systems. Zhang et al.
proposed a tristable system model by combining GP model
with bistable system, and verified that the detection result of
this system for weak signals is better than that of a bistable
system.!?3! Jiao et al. proposed composite multistable SR on
the basis of traditional tristable SR combined with GP, and
proved that the performance of composite multistable SR is
better than that of traditional tristable SR.[>*! He et al. ana-
lyzed the characteristics of tri-stable stochastic resonance un-

e.>! To further improve the weak signal de-

der Levy nois
tection performance of the system, we can make full use of
the advantages of the GP model and the improved bistable SR
model to build a better system model to make it easier for par-
ticles to transition. Therefore, the GP model and the piecewise
linear models are combined to build a novel composite mul-
tistable SR (NCMSR) model, and based on this model, it is
the most representative for Gaussian noise>>?’! and « stable
noise (also known as Levy noise),[?®?°! the SR phenomenon
was studied in a noisy environment, and the outstanding ad-
vantages of the new method in weak signal detection were
verified.

The rest of this paper is organized as follows. In Sec-
tion 2, a novel composite multistable SR model is proposed,
and the detection performance of the novel model SR system is
analyzed. In Section 3, the effect of system parameters on the
output effect of SR driven by periodic signal is analyzed with
the output SNR as the output measurement indicators, and the
detection of weak periodic signal under Gaussion noise and
« noise environment is realized and applied to bearing fault

detection. Conclusions are drawn in Section 4.

2. The system model
2.1. The GP model

The GP model is generally used to describe the scattering,
and its expression! is
2
Ua(x) = —vexp (- ). M
where v is the depth, r is the width potential well. Figure 1
shows the shapes of the GP model under the action of differ-
ent parameters when v = 1 and when r = 1.
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Fig. 1. The Ug(x) under different parameters: (a) Ug(x) for different r
when v = 1, (b) Ug(x) for different v when r = 1.

2.2. The improved segment potential well model

The potential function expression of the improved seg-
ment model®! is given as
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where a and b are model parameters, m = \/c%, U, =

a’/4b, A, =1-A., 0 <1< 1. Figure 2 shows the potential
function diagram of the segmented model. It can be seen in-
tuitively from Fig. 2 that compared with the classical bistable
model, the potential barrier height of this model is lower, and
the potential well wall is linearized.
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Fig. 2. The improved segment potential well model.

2.3. The NCMSR system

Combining the above-mentioned improved segmented
model and the GP model, a novel type of the CMSR model is
formed. The new model maintains the advantages of the two
models, which reduces the potential barrier and is beneficial to
the transition of particles. Its potential function is described in
the following. Whena=2,b=1,1=0.5,v=0.06, r =0.1,
the NCMSR potential well is shown in Fig. 3. At this time, we
can adjust v and r, and locally adjust the potential function,
so that the particles can achieve multi-step transitions, and we
can fully convert the noise energy into useful signal energy.

Whena=2,b=1,1=0.5 v=0.06, and r = 1, the
NCMSR potential function U(x) under the action of differ-
ent v is shown in Fig. 4. The segment model is changed into
a multistable model by adding the GP model, the reduction
of potential barrier is conducive to the transition of particles.
In Figs. 4(a) and 4(b), when v = 0.03, the depth of the inter-
mediate potential well becomes smaller, and when v becomes
larger, that is, when v = 0.06 and 0.08, it changes from trista-
bility to multi-stability.
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Fig. 3. The NCMSR potential well model.

The Langevin equation is a typical model describing an
SR system under the joint action of weak periodic force and
noise. It is derived from the collision mechanism of Brownian
particle motion. The expression is given as follows:

dx

5 = U@ s+ ), )
where x is the output of the SR system, U(x) is the poten-
tial function of the SR, s(¢) is a periodic (aperiodic) signal,
n(t) = v2DE(t), () represents noise. Substituting Eq. (3)

2U

V2 0+A + exp<
2

ax — bx? —I—Ap—&-gexp
r

dr 2
ax — bx® —Ap+ %exp

- V22U
m

Equation (5) is solved by fourth-order Runge Kutta algo-
rithm to obtain the output of the SR system of the NCMSR
model,3?! the obtained x is the output signal of the NCMSR

system.

2.4. System parameter optimization algorithm

In this paper, the differential variation brain storming op-

timization (DBSO) algorithm is used to synchronously opti-

2vx
—_A - _
p+ ) exp(

Fig. 4. U(x) for fixed b = 5: (a) U(x) for different values of v, (b)
three-dimensional profile of U (x) versus v and x.

into Eq. (4) yields

+s([)+n(t)v X< —m,
2

)-i—s(t)—l—’r](t), -m<x<0,
2 )
L) 0@, 0<x<m
2
2>—i—17(t)7 x>m

mize multiple system parameters in a NCMSR system. Com-
pared with other algorithms, the algorithm can give better con-
sideration to both local and global search, and is not easy
to fall into local optimization, thus effectively improving the
performance of the algorithm. When the noisy signal is sent
into the NCMSR system, the DBSO algorithm is used to syn-
chronously optimize the structural parameters of the system.

In order to match the optimal resonance model, the algorithm
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takes the output SNR as the objective optimization function.
When the SNR reaches the maximum value, a set of corre-
sponding system parameters are obtained. Therefore, in the
NCMSR system, the adaptive detection of weak signals is re-
alized by adjusting parameters. The algorithm flow is shown

Population initialization

in Fig. 5.

N
>
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1

Cluster and take the best individual of each type as the
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l

| Mutation produces new individuals

1
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The maximum number of iterations

Output system optimal parameters
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Fig. 5. Flow chart of adaptive NCMSR based on DBSO algorithm.

3. System simulation and engineering applica-
tion
3.1. Performance analysis of the NCMSR system
To further study the performance of the NCMSR system,

the influence factors of NCMSR on periodic signals in Gaus-
sian noise and « stable noise environments are studied by tak-
ing the output SNR as a measurement index. Take periodic
signal s(r) = Asin(2wf1)A =0.1, f =0.01 Hz, N = 4096, f, =
4.08 Hz, u =0, and o = 1 for Gaussian noise, @ = 1.5, § =0,
o =1, and p = 0 for « stable noise. Figure 6 shows the curves
of output SNR of the SR system versus D. The results shown
are the average values of 10 experiments, the parameters of
the two systems are (a,b,l,v,r) = (0.5,0.3,0.5,0.06,0.1) and
(a,b,c) = (0.5,0.3,0.5), respectively. Gaussian noise inten-
sity range is [0,4] and « noise intensity range is [0, 1]. In
Fig. 6, the output SNR of the NCMSR system is generally
higher than that of the traditional tristable SR system in the two
noise environments as a whole. This is because the NCMSR
system can locally change the shape of the potential function
by adjusting the parameters to achieve good synergy between

the system, noise and input signal, and fully realize the trans-
formation from noise energy to signal energy, so as to high-
light the characteristics of the signal to be measured.

(a)

—o6—New composite multistable system
—A—Traditional tristable system A

—6—New composite multistable system |
—a—Traditional tristable system

0 0.2 0.4 0.6 0.8 1.0

Fig. 6. Curves of SNR versus D: (a) variation curve in Gaussian noise
environment, (b) variation curve in o stable noisy environment.

3.2. Performance analysis of the NCMSR model under
Gaussian noise

In order to study the applicability of the NCMSR system
to the detection of different periodic signals, periodic signals
are used in the simulation, and the Gaussian noise and & noise
are used as the noise in simulation detection environment to
analyze the parameter-induced SR driven by different periodic
signals. Fixed Gaussian noise intensity D = 1.2, the number
of sampling points N = 4096, the low frequency signal sam-
pling frequency f; = 4.08 Hz, the high-frequency signal sam-
pling frequency f; = 40.8 kHz, the NCMSR system parameter
optimization range is set to a € (0,10], b € (0,10], [ € (0,1],
v € (—0.5,3], and r € (0,3].

3.2.1. Single low frequency

Take the periodic signal to be measured as s(t) =
Asin(2zft), A = 0.1, f = 0.01 Hz. The signal and noise
are mixed to obtain a noisy signal with an input SNR of
—25.1025 dB. The time-domain diagram and power spec-
trum diagram of noisy signals are shown in Figs. 7(a) and
7(b), the noisy signal passes through the NCMSR system, us-
ing the DBSO optimization algorithm, the system optimiza-
tion parameters can be obtained as a = 0.0675, b = 0.0276,
[ =0.5433, v = —0.4999, and r = 0.536, the system output
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SNR of system is —5.3018 dB, which is 19.8007 dB higher
than the input SNR. The NCMSR system output time-domain
diagram and power spectrum diagram are shown in Figs. 7(c)
and 7(d).
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Fig. 7. Detection of single low frequency signal: (a) time domain diagram,
(b) power spectrogram, (c) time-domain diagram, (d) power spectrogram.

3.2.2. Multiple low frequencies

The adaptive NCMSR driven by multiple low-frequency
periodic signals is studied, the signal to be measured is s(z) =
A sin(2mfit) + Axsin(2mfor) + Azsin(2n fat), A = 0.1f; =
0.01f, = 0.02, f53 = 0.04, the signal and noise are mixed to
obtain a noisy signal with an input SNR of —26.8176 dB.
Its time-domain diagram and power spectrum diagram are
shown in Figs. 8(a) and 8(b). The noisy signal passes through
the NCMSR system, using the DBSO optimization algorithm,
the system optimization parameters can be obtained as a =
0.3998, b =0.2367,1 =0.2983, v = —0.3365, and r = 0.2879,
when the output SNR is —8.862 dB, which is 17.9556 dB
higher than the input SNR. The NCMSR system output time-
domain diagram and power spectrum diagram are shown in
Figs. 8(c) and 8(d).
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Fig. 8. Detection of multiple low frequency signals: (a) time-domain
diagram, (b) power spectrogram, (c) time-domain diagram, (d) power
spectrogram.

3.2.3. Single high frequency

In the actual mechanical fault signal detection, it is often
a high-frequency signal, so it is of great significance for detec-
tion of high-frequency weak signals. In this paper, parameter
compensated SR and adaptive NCMSR are combined to detect
high-frequency signals. The signal to be measured is s(r) =
Asin(2nft), A= 0.1, f = 100 Hz, and we mix the high fre-
quency with noise to obtain a noisy signal with an input SNR
of —24.0777 dB. The time-domain diagram and power spec-
trum diagram are shown in Figs. 9(a) and 9(b), the noise signal
is fed into the NCMSR system, using the DBSO optimiza-
tion algorithm, the system optimization parameters can be ob-
tained as a = 0.0969, b = 0.0248, [ = 0.8369, v = —0.192,
and r = 0.4366. At this time, the output SNR is —1.6369 dB,
which is 22.4408 dB higher than the input SNR. The NCMSR
system output time-domain diagram and power spectrum dia-

gram are shown in Figs. 9(c) and 9(d).
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Fig. 9. Detection of single high frequency signal: (a) time domain dia-
gram, (b) power spectrogram, (c) time-domain diagram, (d) power spec-
trogram.

3.2.4. Multiple high frequencies

When studying the SR driven by multiple high-frequency
periodic signals, the signal to be measured is s(f) =
A sin(2rfit) + Axsin(2mfot) + Aszsin(2n f3r), A= 0.1, fi =
100, f, =200, and f3 = 400, the signal and noise are mixed to
obtain a noisy signal with an input SNR of —25.1161 dB. Fig-
ures 10(a) and 10(b) are the time-domain diagram and power
spectrum diagram, the noisy signal is sent to the NCMSR sys-
tem, using the optimization algorithm of DBSO, when the
system optimization parameters are obtained as a = 0.0181,
b =0.0182, I = 0.9531, v = —0.3539, and r = 1.0606. At
this time, the system output SNR is —9.8461 dB, which is
15.27 dB higher than the input SNR. The NCMSR system
output time-domain diagram and power spectrum diagram are
shown in Figs. 10(c) and 10(d).
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Fig. 10. Detection of multiple high frequency signals: (a) time domain
diagram, (b) power spectrogram, (c) time-domain diagram, (d) power
spectrogram.

From the time-domain diagrams (a) of Figs. 7-10, it can
be seen that the periodic signal has been overwhelmed by
noise, and the periodic waveform cannot be identified, the
frequency corresponding to the periodic signal cannot be ob-
served in the power spectrum (b). The output time-domain
diagram (c) shows that after the noisy signal passes through
the NCMSR system, the waveform of the output signal will be
distorted to a certain extent, and it will no longer strictly fol-
low the trajectory of the input signal, but in the output power
spectrum diagram (d), the frequency close to the input signal
frequency can be clearly observed, and the frequency has a
higher spectral peak than the surrounding spurious spectrum,
indicating that the SR system, signal and noise have achieved
good matching, the periodic signal detection of single low fre-
quency, multiple low frequencies, single high frequency and
multiple high frequency is completed under Gaussian noise.

3.3. Performance analysis of the NCMSR model under o

noise

The periodic signal in the Gaussian noise environment is
tested above, and it is verified that the NCMSR has better per-
formance, but the o stable noise generated by the simulation
has the characteristics of spikes in the actual noise, so the o
stable noise is compared with Gaussian white noise, it can de-
scribe the actual noise environment well and is closer to the
practical application. Here, & noise fixed intensity D = 0.3,
the number of sampling points N = 4096, the low-frequency-
signal sampling frequency f; = 4.08 Hz, the high-frequency-
signal sampling frequency f; =40.8 kHz, the NCMSR system
parameter optimization range is set to a € (0,10], b € (0,10],
1€(0,1],ve (—0.5,3], and r € (0,3].

3.3.1. Single low frequency

In o stable noise environment, the influence of the
NCMSR system on the periodic signal is analyzed by using the
SNR as a measure. Take the periodic signal to be measured as
s(t) = Asin(2nft), A= 0.3, f = 0.01 Hz, and mix the signal

with the noise to obtain a noisy signal with an input SNR of
—26.02 dB. The time-domain diagram and power spectrum
diagram are shown in Figs. 11(a) and 11(b), the noisy sig-
nal is sent to the NCMSR system, using the DBSO optimiza-
tion algorithm, the system optimization parameters can be ob-
tained as a = 0.4105, b = 0.0878, [ = 0.0018, v = —0.5, and
r = 1.0029, the output SNR is —1.0527 dB, an improvement
of 24.9673 dB compared with the input SNR. The NCMSR
system output time-domain diagram and power spectrum dia-
gram are shown in Figs. 11(c) and 11(d).
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Fig. 11. Detection of single low frequency signal: (a) time domain
diagram, (b) power spectrogram, (c) time-domain diagram, (d) power

spectrogram.

3.3.2. Multiple low frequencies

When studying the SR driven by multiple low-frequency

periodic signals, the signal to be tested is selected as s(r) =
Aj Sin(ZTL’fll) + A sin(27rf2t) + Az sin(27rf3t), A=03, f1i=
0.01, f» =0.02, f3 = 0.04, the signal and noise are mixed to
obtain noisy signals with an input SNR of —26.8215 dB, the
time-domain diagram and power spectrum diagram are shown
in Figs. 12(a) and 12(b).
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Fig. 12. Detection of multiple low frequency signals: (a) time domain dia-
gram, (b) power spectrogram, (c) time-domain diagram, (d) power spectro-
gram.
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The noisy signal is sent into the NCMSR system, us-
ing the DBSO optimization algorithm, the system optimiza-
tion parameters can be obtained as a = 0.3261, b = 0.0742,
[ =0.0001, v =—0.5, r = 0.7842, and the output SNR is
—4.6466 dB, which is 22.1849 dB higher than the input SNR.
The NCMSR system output time-domain diagram and power
spectrum diagram are shown in Figs. 12(c) and 12(d).

3.3.3. Single high frequency

The actual mechanical fault signals are all high-frequency
signals, a single high-frequency signal is taken as the research
object under noise. Take the periodic signal to be measured
as s(t) = Asin(2mft), A = 0.3, f = 100 Hz, and mix the sig-
nal with noise to obtain a noise-containing signal with an in-
put SNR of —26.02 dB. The time-domain diagram and power
spectrum diagram are shown in Figs. 13(a) and 13(b). Send
the noisy signal into the NCMSR system, using the DBSO
optimization algorithm, the system optimization parameters
can be obtained as a = 0.0439, b = 0.0184, [ = 0.853, v =
—0.2089, and r = 0.0037. The output SNR is —1.2018 dB,
the SNR is increased by 24.8182 dB compared with the input
signal. The NCMSR system output time-domain diagram and

power spectrum diagram are shown in Figs. 13(c) and 13(d).

200 300
(a) (b)
g |, <
Z 0 frip T e E 200
a a
g —200 g 100
< <
—400 0
0 0.05 0.10 0 500 1000 1500 2000
t(s) f (Hz)
10 6000 [
c d
3 ©) K X: 99.61 (@
= £ 4000( | ¥ 5745
£ 2000
< <
—10 ( dwtd
0 0.05 0.10 0 500 1000 1500 2000
t(s) f (Hz)

Fig. 13. Detection of single high frequency signal: (a) time domain
diagram, (b) power spectrogram, (c) time-domain diagram, (d) power
spectrogram.

3.3.4. Multiple high frequencies
When studying the SR driven by multiple high-frequency

periodic signals, the signal to be tested is selected as s(f) =
Apsin(2xfit) + Ay sin(2mfot) + Az sin(2m fat), A = 0.3, fi =
100, f> = 200, and f3 = 400, the signal and noise are mixed
to obtain a noisy signal with an input SNR of —26.8215 dB.
The time-domain diagram and power spectrum diagram are
shown in Figs. 14(a) and 14(b), and the noisy signal is sent
into the NCMSR system, using the DBSO optimization al-

gorithm, the system optimization parameters can be obtained

as a = 0.3501, b = 0.0744, | = 0.0001, v = —0.5537, and
r = 0.8841, when the output SNR is —4.6368 dB, which is
22.1947 dB higher than the input SNR. The NCMSR system
output time-domain diagram and power spectrum diagram are
shown in Figs. 14(c) and 14(d).
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Fig. 14. Detection of multiple high frequency signals: (a) time domain
diagram, (b) power spectrogram, (c) time-domain diagram, (d) power
spectrogram.

It can be seen that the periodic signal has been submerged
by noise, and the periodic waveform cannot be identified from
the time-domain diagrams (a) of Figs. 11-14, the frequency
of the periodic signal cannot be observed in the power spec-
trum diagram (b). The output time-domain diagram (c) shows
that after the NCBSR system, the waveform of the output sig-
nal will have a certain distortion and no longer strictly fol-
low the trajectory of the input signal, but in the output power
spectrum diagram (d), the frequency close to the input signal
frequency can be clearly observed, and the frequency has a
higher spectral peak than the surrounding spurious spectrum,
indicating that the signal, noise and SR system have achieved
good matching, and the single low frequency under o noise
has been completed, multiple low frequency, single high fre-
quency, multiple high frequency periodic signal detection.

3.4. Comparison with traditional tristable SR model

To more clearly show the advantages of the NCMSR
model in weak signal detection, take the single low periodic
signal with extremely small amplitude as an example for de-
tection, given Gaussian noise, take the weak signal amplitudes
as 0.1, 0.01, 0.001, and 0.0001, the comparison results of the
two system are shown in Table 1. It can be seen that the SNR
output of the NCBSR system is greater than that of the tra-
ditional tristable system. It shows that the NCMSR system
is superior to the traditional tristable system in detecting low

frequency weak signals with very small amplitude.
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Table 1. Output SNR comparisons of different systems.

Signal Input System parameters Output Increase
- System type

amplitude v SNR (dB) a b 1 v r SNR (dB) (dB)

! 01 _30.64 NCMSR 0.46 0.14 0.02 -0.32 0.30 -2.67 27.97
Traditional tristable 0.68 1.06 0.57 —4.36 26.28

) 0.01 30.89 NCMSR 5.85 3.07 0.21 0.92 1.49 -5.22 25.67
Traditional tristable 1.65 1.92 13.01 -5.31 25.58

3 0.001 2989 NCMSR 0.38 1.90 0.82 1.03 1.79 -6.04 23.85
Traditional tristable 0.69 4.34 69.68 -6.45 23.44

4 0.0001 2980 NCMSR 5.68 4.11 0.01 1.69 0.44 -5.60 242
Traditional tristable 0.77 4.21 64.10 -6.62 23.18

3.5. Engineering application

The actual bearing fault data is from XJTU-SY Bearing
Datasets of Xi’an Jiaotong University. The data set includes
the complete operation failure data of 15 rolling bearings from

the bearing test bench.[*3! Select the fault signal of bearing
drive end as the signal to be tested. The test bearing model
selected in this paper is LDK UER204 rolling bearing.3*! Ta-

ble 2 shows the main parameters of the bearing.

Table 2. LDK UER204 bearing parameters.

Inner ring Outer ring Middle diameter of Ball Number of Contact angle
diameter d; (mm) diameter d, (mm) bearing D (mm) diameter d (mm) balls, n a(®)
29.30 39.80 34.55 7.92 8 0

The sampling frequency is set as f; = 25.6 kHz, the bear-
ing speed is r = 2400 r/min (frequency conversion f. = 39.29).
In the case of bearing failure, the theoretical values of the fault
characteristic frequency of the inner and outer rings are calcu-
lated by Egs. (1) and (2).3%!

fi=r/60x1/2xn(1+d/D xcosa) = 196.68 Hz, (6)
fo=r/60x1/2xn(l—d/Dxcosa) =123.32Hz. (7)

3.6. Fault diagnosis of bearing inner race

The time-domain diagram and power spectrum diagram
of the sampled bearing inner race fault data are shown in
Fig. 15(a), N = 8000, the input SNR of bearing inner race fault
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signal is —35.4473 dB. Input the fault signal after high pass fil-
tering into the NCMSR system, and obtain a group of system
parameters through DBSO algorithm as follows: a = 4.9334,
b =0.1435, ¢ =0.0043, v =2.2763, and r = 3.0000. The out-
put SNR is —16.3941 dB, the system output signal is shown
in Fig. 15(b), the time-domain diagram shows that the output
signal waveform has certain periodicity. In its power spec-
trum, a peak with amplitude significantly greater than that of
the surrounding clutter spectrum is observed at f = 195.48 Hz.
There is a small error of 1.2 Hz with the theoretical value
f =196.68 Hz, and the fault characteristic frequency can be
identified.

[ [~}
[} [=}
(=} [=}
(=) o

6000

0O 100

200 300

f (Hz)

400 500

Fig. 15. Inner ring fault signal detection: (a) inner ring fault signal, (b) output signal of NCMSR.

3.6.1. Fault diagnosis of bearing outer race

The time-domain diagram and power spectrum diagram

of the sampled bearing inner race fault data are shown in

Fig. 16(a), N = 8000, the input SNR of bearing inner race
fault signal is —15.1889 dB. The filtered fault signal is input
into the NCMSR system, and a group of system parameters are
obtained through DBSO algorithm optimization: a = 3.3792,

050202-8



Chin. Phys. B 32, 050202 (2023)

b = 0.0765, ¢ = 0.0001, v = 1.7951, and r = 2.2730. The
output SNR is —8.6922 dB, the output signal through the
NCMSR system is shown in Fig. 16(b). The time-domain dia-
gram system output signal has certain periodicity, in its power
spectrum, a peak with amplitude significantly greater than the

g
N W
[=X=]

10} [

|
=
Soo
=

Amplitude o

I
w
=)

0.1 0.2 0.3

N2
—
S vt o

n

Amplitude &

|
o

I
—
&)

0.1 0.2 0.3
t(s)

Fig. 16. Outer ring fault signal detection: (a) outer

4. Conclusion and perspectives

This paper focuses on an NCMSR model which solves
the shortcomings of traditional bistable SR, such as high bar-
rier and easy saturation, and the shortcomings of the traditional
tristable method that the intermediate parameters are not easy
to adjust. This model combines GP with the improved piece-
wise bistable. The NCMSR system can adaptively adjust the
structural parameters of the nonlinear system according to the
different signals to be measured with noise, so as to detect
weak useful signals submerged in strong noise. There are four
research results: (1) The NCMSR model is constructed on the
basis of the GP model and the improved segment model, the
NCMSR system driven by periodic signal can generate SR by
the parameter-induced method, and the influence of NCMSR
noise intensity on system output SNR is analyzed. (2) In the
environment of Gaussian noise and o noise, the NCMSR sys-
tem detects single low frequency, multiple low frequencies,
single low frequency, and multiple high frequency periodic
signals, and has good output detection effect. (3) The experi-
mental results show that the NCMSR model has better system
performance than the traditional tristable SR model. (4) The
application of NCMSR to the actual detection of bearing fault
signals can realize the fault detection of bearing inner race and
outer race. Based on the above analysis, the NCMSR system
can enhance the detection effect of weak signals, and has bet-
ter weak signal processing ability. In the next step, this model
can be applied to the detection of non periodic signals, image
enhancement, and medical ECG signal detection. The models
and methods studied in this paper further enrich the SR the-
ory and provide more possibilities for the detection of weak

characteristic signals in practical engineering fields.

surrounding clutter spectrum is observed at f = 124.8 Hz,
and the fault characteristic frequency can be identified, but
there is a small error of 1.48 Hz with the theoretical value of
J1 = 123.32 Hz. Therefore, the NCMSR system realizes the
detection of the fault signal of the bearing outer ring.

Amplitude (103)

4000 6000

f (Hz)

Amplitude (10%)

A o A
0 100 200 300 400 500
f (Hz)
ring fault signal, (b) output signal of NCMSR.
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