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Adaptive multi-stable stochastic resonance assisted by neural
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Stochastic resonance can utilize the energy of noise to enhance weak frequency characteristic. This paper proposes an
adaptive multi-stable stochastic resonance method assisted by the neural network (NN) and physics supervision (directly
numerical simulation of the physical system). Different from traditional adaptive algorithm, the evaluation of the objective
function (i.e., fitness function) in iteration process of adaptive algorithm is through a trained neural network instead of the
numerical simulation. It will bring a dramatically reduction in computation time. Considering predictive bias from the
neural network, a secondary correction procedure is introduced to the reevaluate the top performers and then resort them in
iteration process through physics supervision. Though it may increase the computing cost, the accuracy will be enhanced.
Two examples are given to illustrate the proposed method. For a classical multi-stable stochastic resonance system, the
results show that the proposed method not only amplifies weak signals effectively but also significantly reduces computing
time. For the detection of weak signal from outer ring in bearings, by introducing a variable scale coefficient, the proposed
method can also give a satisfactory result, and the characteristic frequency of the fault signal can be extracted correctly.
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1. Introduction

Stochastic resonance (SR) represents a rather counterin-
tuitive phenomenon. Typically, in engineering applications,
noise is conventionally regarded as having adverse or harm-
ful effects. However, under specific circumstances, SR has
the remarkable ability to generate positive and beneficial out-
comes from noise.!'! Within nonlinear systems, SR brings
about advantageous effects via mechanisms such as noise-
enhanced stability,”! noise-induced phase transitions,"! reso-
nance activation,* and stochastic resonance.® After decades
of continuous development and in-depth research, SR has been
extensively investigated and applied across a diverse range

of fields, including physics,[® biological neuroscience,!’”-8!

(9101 and mechanical engineering.!'!) The

chemical reactions,
theory and application of SR remain highly active and promi-
nent research topics, attracting significant attention and efforts
from the scientific community.

In recent years, the research on SR has witnessed a re-
markable transformation from mono-stable systems to multi-
This shift has led to the manifestation of

more elaborate and diverse dynamic characteristics, accom-

stable systems.

panied by substantial enhancements in performance. Dykman
et al.'"?! delved into SR within over-damped mono-stable sys-
tems by leveraging linear response theory. Lindner et al.!'’]
probed into the aspects of coherence and SR in bi-stable sys-
tems. Liu et al.'¥ adopted the signal-to-noise ratio (SNR) as

an index for signal quality and explored the phenomenon of

TCorresponding author. E-mail: xuming @cjlu.edu.cn

CSTR: 32038.14.CPB.adbd28

symmetric tri-stable SR under Lévy distributed noise. Liao
et al.'">) pioneered the introduction of a logic stochastic res-
onance (LSR) system predicated on quad-stable nonlinearity
with the aim of augmenting noise robustness and output qual-
ity. The outcomes of their study indicated that the quad-stable
LSR could endure a maximum noise intensity that surpassed
that of the tri-stable LSR. Gong et al.!'®! scrutinized the SR in
a five-stable configuration energy harvesting system, thereby
augmenting the energy harvesting performance in random ro-
tational environments. These research findings undeniably
confirm that multi-stable systems have obvious advantages in
signal amplification and noise immunity, thus promoting the
development of SR theory in complex and intricate environ-
ments.

The parameters of the potential function in a nonlinear
system can influence the structure of the potential function and
consequently the output of SR. Simultaneously, noise intensity
also impacts the output of SR. However, it is challenging to
select a set of parameters that match the noise intensity. The
adaptive stochastic resonance (ASR) theory!!”! addresses the
issue of matching the parameters of a nonlinear system with
the input signal and noise intensity. ASR is founded on a se-
ries of intelligent optimization algorithms and adaptively ad-
justs system parameters to enhance signal detection capability.
Liu et al.!"8! proposed a method to adjust SR for different op-
erating conditions by optimizing system parameters using the
artificial fish swarm algorithm. Lei e al.!' also proposed
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a similar approach. Li et al.l*! introduced an ASR method
based on a sliding window, which has been successfully ap-
plied in the gearbox fault diagnosis of the finishing mill for
hot strip steel.

In the field of bearing fault detection, SR has demon-
strated significant potential, particularly in enhancing weak
fault features in low SNR environments. Hu er al.[*!l ap-
plied an SR model to detect early rotor rubbing and friction
faults, validating the reliability of the method. Guo et al.[*!
proposed an improved cascading SR for detecting weak fault
signals in bearings, effectively enhancing multi-frequency sig-
nals by segmenting the input signals. Li et al.[>’) introduced a
novel ASR method based on coupled bi-stable systems, further
improving the detection performance of weak signals. Jin et
al.?*23) optimized multi-stable SR parameters using quantum
particle swarm optimization and achieved promising results in
bearing fault detection. Nevertheless, in practical bearing fault
detection, high sampling frequencies are often employed to
approximate real data, resulting in a large number of signal
samples. Computing the response of each sample point using
numerical computation methods can be time-consuming.

Although existing ASR methods have shown great poten-
tial in weak signal detection, they still exhibit certain limita-
tions. For instance, SR methods utilizing genetic algorithms
often face slow convergence rates, while particle swarm op-
timization struggles with balancing the global and local op-
tima effectively. Traditional ASR methods typically require
numerical computations for each sampling point, which leads
to a significant increase in computational complexity, espe-
cially with high sampling frequencies. To tackle the complex-
ity of numerical computation, this paper proposes an adaptive
multi-stable stochastic resonance based on a neural network
and physics supervision (ASR-PSNN). The evaluation of the
fitness in iteration process of adaptive algorithm is done by the
PSNN model instead of the complex numerical calculations.

The remainder of this paper is organized as follows: Sec-
tion 2 introduces the principles of multi-stable stochastic res-
onance (MSR), which forms the foundation for subsequent re-
search based on the structure of the potential function. Sec-
tion 3 presents a novel ASR algorithm by using a neural net-
work and physics supervision. Section 4 presents the results
of weak signals detection using the proposed method. Finally,
Section 5 concludes the paper.

2. Multi-stable stochastic resonance

Consider a first-order overdamped SR system, the motion
equation is expressed as follows:
x=-U'(x)+Apsin(2mfot) + vV2DE(t), N
(§(1)) =0,(5(2),(£(0))) = 6(0),
where Ay is the amplitude of the input signal, fy is the fre-
quency of the input signal, &(¢) is unit Gaussian white noise,

2D is the noise intensity and U (x) is the potential function of
the system. The symbol “’” denotes the differential with re-
spect to x and “-” is the differential with respect to time ¢. The
form of the potential function used in the paper is shown in
Eq. (2),1232%1 where U (x) has four stable points x1, x2, X3, X4,
and three unstable points xg, xs, x5. The potential function is
illustrated in Fig. 1.

1 1 1 1
Ulx)= ——ax® + —bx*t — — xS+ = dib. @

2 4 6 8
Substituting the potential function into Eq. (1), we obtain
the following form

X =ax—bx’ +cx’ —dx’ +Asin(2nft) +V2DE(r).  (3)

By adjusting the parameters a, b, ¢, d in the potential
function, different stable states can be generated. The potential
function may form a quad-stable status with different potential
well depths, as shown in Fig. 2(a). Further adjustment of the
potential function parameters can transform the system into a
bi-stable status as shown in Fig. 2(b). Therefore, in the opti-
mizing SR procedure, the optimal SR system is seleced from
sets of various quad-stable and bi-stable situations.

By rewriting Eq. (3) in the following form, the SR model
for a small parameter input signal can be expressed as

dx

T = apx — box3 + c0x5 — d0x7

+Agsin(27 fot) + /2DoE (1), )

where ay, by, ¢y, dy are the system parameters of the potential
function, Ay is the amplitude of the input signal, fj is the fre-
quency of the input signal, v/2Dy€ (¢) represents the Gaussian
white noise term with noise intensity 2Dy.

2
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x

Fig. 1. A schematic diagram of the potential function U (x

0.4
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Fig. 2. Potential function curves under various system parameters: (a) the
quad-stable status, (b) the bi-stable status.
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When the input signal is a high-frequency signal (f > 1),
the SR system is shown as follows:

% = ax —bx* +¢ex’ —dx’ +Asin(2xnfr) +V2DE(1), (5)

the parameters in Eq. (5) are much larger than those in Eq. (4).
Classical SR theory, based on the adiabatic approximation

27281 and linear response theory derivations,!**! is suit-

theory!
able for cases where the input signal consists of small param-
eters. If a high-frequency signal is directly input into a non-
linear system, the theory suggests that SR cannot be obtained.
Therefore, parameter scaling transformation is required to sat-
isfy small parameter condition. The transformation is intro-

duced as follows: 30!

x(t) =z(7), T=m, (6)
where m is the scaling factor. Substituting Eq. (6) into Eq. (5),
we obtain
d 1
S 2 (ax— bx® +cx° —dx’ 4+ Asin (27tf‘r>>
dt m m

/225 0

Denote a; = a/m, by =b/m,cy =c/m,dy =d/m, fi = f/m,
substituting these into Eq. (7), we get

d A
£ aix—b1 x> +cx —d1x7+—sin(27rf1’v)
m

dt
/2e () ®)

Here, the large parameters a, b, ¢, d have been transformed
into small parameters aj, b1, c1, di. However, the amplitude
of the signal A and the noise intensity D have been reduced, so
they need to be multiplied by m to restore their original level.
After rearranging, we get

d
d7i = aix— b1x3 —|—c1x5 — d1x7 +Asin(27rf1 )

+V2DE(7). 9)

At this point, all terms in Eq. (9) meet the small parame-
ter conditions for SR. To achieve stochastic resonance with
large parameters, all terms need to be unified as large parame-
ters, which requires amplifying the input signal amplitude and
noise intensity by a factor of m to match all parameters

d
dif — gxfbx3+cx5 —dx7+mASin(277:ft)

+V2Dmé (1). (10)

3. Adaptive MSR using neural network and
physical supervision

In this section, we propose an ASR procedure that com-
bines physical supervision and neural network (ASR-PSNN).

This method modifies the traditional genetic algorithm (GA)
to optimize the improved signal-to-noise ratio (ISNR),[>*! and
alter the fitness value in GA process by introducing a neural
network and physical supervision, which enhances computa-
tional efficiency and keeps the optimizing accuracy.

3.1. Selection of GA operators

GA is a classical intelligent optimization algorithm based

(311 capable of optimiz-

on the principle of natural selection,
ing multiple parameters.[>?! It has been widely applied as
an effective optimization tool to solve various engineering
problems. 33!

There are multiple selection methods for genetic op-
erators in GA. In this paper, binary encoding is adopted.
Single-point crossover and bit mutation are applied to chro-
mosomes composed of binary-encoded genes, and the tour-
nament method is used for individual selection, as shown in
Fig. 3. In GA, binary encoding is performed for n parame-
ters, and the length [ of each segment of the code needs to
be determined based on the parameter’s range of values and
the required precision.?*! Suppose the range of a parameter
is [my, my), then the length of each segment is determined as
follows:

l=my—my, 2% '<i/p<2m, (11)

where [ is the length of the parameter’s value range, p is the
required precision of the parameter, and #; is the length of the
sub-encoded string. Based on this, the length of each sub-
encoded string can be determined.

01110 Parent_1

-

s daliaid q 010 Par
Initialization ——> Parent population P‘“_C“t—Q

i 10111 Parent_.N

Parent Offspring
11010 il |l | at g

Crossover

I |
I |
I |
| I 100111 10010
v I
| Mutation 10111 = 101 01
| v :
: Selection | OMWO-m @
- | Selection [}
O mmE

New population

Fig. 3. Schematic diagram of the GA with operator selection.

3.2. Stochastic resonance measurement index

Parameters a, b, ¢, d of the potential function in MSR
system (3) or (10) are optimized using GA, where the fitness
function is selected as ISNR and its expression is

ISNR = 10log;, (

() =X/(X())), 1<i<kk<,

s (f) )’
Bu(f) —Ps(f) (12)
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where Ps(f) represents the power at the characteristic fre-
quency f, and Py(f) is the total power of the local background
noise near frequency f, X (k) is the Fourier transform of the
input signal’s time series, and i and j define the length of the
signal used for calculating the local total power.

3.3. Neural network (NN) prediction and physical super-
vision
The main procedure of ASR-PSNN is similar to the tra-
ditional ASR process, as shown in Fig. 4. One key difference
is that the fitness function evaluation is replaced by the NN

Initialization

model instead of using the fourth-order Runge—Kutta method
(RK4). First, within the specified range [/, /] for each dimen-
sion of the potential function’s parameters, points are taken
at intervals of Ax. This results in (/, —/;)/Ax points for
each dimension. Let n be the dimensionality of the poten-
tial function parameters, and use RK4 to generate the dataset
Tisnk = ((I, —11)/Ax)". The dataset Tisnr is then integrated
with the n-dimensional parameters, and the data are standard-
ized to facilitate subsequent training. The dataset Tigng is di-
vided into a training set and a test set with a ratio of r; = 0.8.

The trained NN model is saved for the following prediction.

Optimal
parameters
of the
system

Neural network
rrediction

Correction of neural network prediction results

Characteristic
frequency spectrum

Fig. 4. ASR-PSNN process flow diagram.

The accuracy of the NN model maybe not so good that
deviates from the results calculated by RK4, when the input
data falls outside the range of the training samples or the train-
ing data is not enough. Such deviation may send an incor-
rect information to the iteration process, and the optimization
process fails. To suppress the influence of prediction errors
from the NN model, a physical supervision method for sec-
ondary validation is introduced to correct the results, as shown
in Fig. 5. This represents the second difference from the tradi-
tional ASR. In GA, high-fitness individuals need to be retained
as part of the next generation population. In the process of
predicting the fitness values of the offspring population using
an NN, a retention rate r is set, such that the top P X r indi-
viduals with the highest fitness are selected and preserved as
X' (top performers). Subsequently, the chromosomes cor-
responding to these X** individuals are decoded, individuals
are decoded. As the physical supervision, the RK4 method
is employed to compute the fitness values of top performer
individuals X*"* and then re-ranked when the order does not
coincide with those from NN model. This secondary verifi-
cation serves to decrease the deviation from error in the NN
predictions, thereby ensures the accurate ranking of X*"* and
guaranteeing the preservation of the elite individuals for the

subsequent generation. The detailed steps are as follows.

Prepare: Define the ranges for a, b, ¢, d as [I1, ] with
an interval of Ax. Use the RK4 results to generate NN dataset
Tisnr, which consists of the ISNR values corresponding to the
different parameter combinations. Divide Tignr into a training
set and a test set. Use training set to train the NN and save the
trained model as fNN.

Step 1 Initialization of the GA: Determine the popula-
tion size N, number of generations G, crossover probability
pc, and mutation probability pp,, and initialize the population
Py.

Step 2 Fitness value (ISNR) calculation: Decode the in-
dividuals Xo (Xo = {x1,x2,...,xn}) within the initial popula-
tion Py. Input the decoded potential function parameter values
into the NN model fyn to obtain the predicted fitness values
F(Xp). These predicted values F (Xp) = fnn(Xo) serve as the
fitness scores for each individual.

Step 3 GA evolution: Perform selection, crossover, and
mutation operations on each individual in the parent popula-
tion B, (where 7 € [1,G]) to generate a new offspring popula-
tion Py .

Step 4 Fitness evaluation and update: Evaluate the fitness
of the evolved population F; 1, rank the individuals X; | based

050203-4
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on their fitness values F (X, 1), and retain the individuals X; 1
with the top ISNR values using a retention rate r. Record the
selected individuals X,‘:‘j‘f and their corresponding fitness val-
ues F(X®'®) as a subset of NN-predicted results, awaiting sec-
ondary verification.

Step 5 Physical supervision of the optimal individual:
Sort the individuals X*'® by fitness values F (X)) in descend-
ing order. Decode the ranked individuals to obtain their poten-

tial function coefficients, substitute these parameters into the

:> Dataset Tisnr

physical model to recalculate ISNR. Retain the individual x?flt
with the highest ISNR as the optimal solution in the new pop-
ulation.

Step 6 Termination condition check: Verify if the pre-
determined generation G is reached or if fitness values F (X;)
show no significant improvement. If neither condition is met,
retain the optimal individual and return to Step 4 for the next
round of evolution. If the conditions are met, terminate the

process.

Initial GA

Method: lit rati Input: Parent
RK4 Split ratio ry | system parameters population Py
-In ut signal
NN model C l P
rossover
Output: mutation and Highpass filter
ISNR’s predicted value selection Signal

Fitness calculation

preprocessing <~ Hilbert
l transform

— Multi-stable SR

RK4 recalculate
fitness

Select top
individuals Xsub

system

Preserve top
performers

Physical supervision
New
population
P

parameters

Optimal

Output spectrum

Fig. 5. ASR-PSNN program flowchart.

Algorithm ASR-PSNN algorithm

Prepare: Define the ranges for a, b, ¢, and d as [I1, l;] with an interval of Ax. Use the RK4 results to generate NN dataset
TisNr, and divide Tignr into a training set and a test set. Train the NN model and save it as fNN.

Input: The NN trained model fnn, signal awaiting detection

Output: The ASR-PSNN solution

1: Set the GA parameters N, G, pc, pm, and r, initialize population Py

2:fort=1,2,3,...,G

3: Decode individuals X; get the fitness value:

F(Xt) :fNN(Xt)

4: Update population B by selection, crossover, and mutation operations:
P < b
5: Evaluate the fitness F (X;11) = fNN(X;+1), Sort the individuals in X; | based on F (X;41), and retain the top r = 0.1

of them. Record the subset as X% and F (X3%)

6: Recalculate ISNR of subset by the physical model and retain the highest xS

7: Condition check, if G or F (X;) reached, stop

8: return results

t+1

4. Numerical simulation and experiment

4.1. Small parameter input signals simulation using ASR-
PSNN

In this section, small parameter signal simulations are
used to verify the effectiveness of the proposed method. Let
the input signal be s (1) = Acos(27fyt) and N (1) = /2D (t),
where the amplitude of the input signal is A = 0.1, the charac-

teristic frequency is f, = 0.02 Hz. The sampling frequency
is set to fg = 5 Hz, and the number of sampling points is
N =2000. The range of the potential function parameters is
set to [0.001, 5], and according to Subsection 3.1, the length of
the sub-encoded string is n; = 13 (i = 1, 2, 3, 4), meaning the
binary encoding length for the four parameters of the potential
function is 52 bits. The parameters of the GA are initialized as
listed in Table 1.

050203-5
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Table 1. The GA parameters.

. . Maximum number of Tournament Crossover Mutation
Population size . . .- .
generations selection probability probability
100 160 4 0.7 0.05
(a) 2 hibit a considerable deviation from the theoretical values, and
= 0 the final optimized system parameters fail to induce a satisfac-
w
9 tory SR phenomenon, emphasizing the importance of physical
0 100 tQ(()O) 300 400 supervision for accurate system parameter optimization and
S
© 0.10 reliable signal detection.
T 7|0.02 Hz
5 —-5.5
2. 0.05 “ 1 “\ m W (a)
5 { | I I f —5.6
0
0 05 10 15 20 25 o —5.7
f (Hz) e
5 —5.8
(b) 2 2
—~ E —59
s 0 <
@ —6.0
-2
0 100 200 300 400 —6.1
t(s) —6.2
=== 0 50 100 150
° o M “I — Iteration
o Ik, | Detail enlargement
g 0.05 02 FE’T!\*‘,A'U “\WI (b) 1
T :
= 0
ER T 2
0 05 1.0 1.5 20 25 1
[ (Hz) 0 100 200 300 400
t
Fig. 6. Time—frequency diagram of simulated signal (a) after adding ()
white noise and (b) after bandpass filtering. 0.5 B'\O.[B Hz
Q
Set the training set ratio to 0.8, and input the training set >3
into the network to obtain the trained NN model, which will 0

be used for subsequent ISNR value prediction. The time—
domain and frequency—domain diagrams of the signal s()
with added white noise are shown in Fig. 6. It can be observed
that the characteristic signal frequency f, cannot be identi-
fied in either the time or frequency domain, with the ISNR
being —26.1816 dB. To attenuate noise outside the frequency
band of interest, a band filter was applied. This process iso-
lates the frequency components around the characteristic fre-
quency f,, making it more distinguishable and improving the
overall signal quality. After filtering, the ISNR improves to
—24.1782 dB. After initializing the potential function param-
eters, the signal and potential function parameters were opti-
mized using ASR-PSNN, yielding the following parameters:
a=0.8752, b =1.000, c = 0.1258, d = 0.5004. At this point,
the ISNR value is 4.974 dB. The simulation results of the small
parameter input signal are shown in Fig. 7, where a distinct
peak can be observed at 0.02 Hz in the output signal spectrum.
The code runtime decreased from 23 s to 10 s compared to the
traditional ASR method, demonstrating that the ASR-PSNN
method is effective in detecting small-parameter signals em-
bedded in Gaussian white noise. Figure 8 illustrates the itera-
tive results and spectrum obtained using the ASR-NN method
without physical supervision. The ISNR predicted values ex-

0 02 04 06 08 1.0
f (Hz)

Fig. 7. ASR-PSNN result diagram of simulated signal (a) iteration
curve and (b) output time—frequency.

(a) 2.2
2.0

0 10 20 30 40 50 60

Iteration

0 100 200 300 400

t (s)
\

0.02 Hz

X(f)
°

Qo A,
0 02 04 06 08 1.0
f (Hz)

Fig. 8. ASR-NN result diagram of simulated signal (a) iteration curve
and (b) output time—frequency.
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4.2. Detection of outer ring fault in bearings using ASR-
PSNN

4.2.1. Test bench and bearing information

To verify the feasibility of the ASR-PSNN method in en-
gineering applications, this section uses data from the experi-
mental platform provided by Case Western Reserve University
(CWRU).

Fig. 9. CWRU test bench.

The experimental platform, as shown in Fig. 9, consists
of a 1.5-kW motor (on the left), a torque sensor (in the center),
a power meter (on the right), and a control electronic device
(not shown in the figure).

The outer ring fault signal of the SKF6205 bearing on the
drive end of the test bench is selected as the large parameter
input signal. The sampling frequency is 12 kHz, the bearing
speed is 1797 r/min, and the motor load is 0. The bearing
specifications are listed in the table below.

During the operation of the rolling bearing, the outer
ring of the bearing remains stationary, while the inner ring
rotates around the axis. By substituting the rotational speed
n = 1797 r/min into the formula for calculating the outer ring
fault characteristic frequency of the bearing, the characteristic
frequency is found to be f, = 107.36 Hz.

n dcosa
f°_2><60(1_ Dy, > (13)

Table 2. Schematic diagram of the GA with operator selection.

Inner ring Outer ring Bearing contact Rolling element Pitch Number of rolling
diameter r; (mm) diameter r, (mm) angle o (°) diameter d (mm) diameter Dy, (mm) elements Z
25 52 0 7.94 39.04 9

4.2.2. Detection of outer ring fault signals in bearings

Unlike small parameter SR, some signal processing is re-
quired before applying the bearing fault signal to the SR sys-
tem.

0 02 04 06 08 10
t (s)

108 Hz

4000
f (Hz)

2000 6000

4000 6000

2000
f (Hz)

Fig. 10. Time—frequency diagram of the bearing outer ring input signal
(a) without white noise and (b) with white noise.

Figure 10(a) shows the time—domain and frequency-
domain plots of the experimentally collected signal for an

outer ring fault in the bearing. It can be observed that there
is significant high-frequency interference in the signal spec-
trum, with the ISNR at —44.0585 dB. To simulate the noise
conditions in practical scenarios, Gaussian white noise N () =
V2D§(t) was artificially added. Figure 10(b) illustrates the
signal after the addition of Gaussian white noise.

To improve the accuracy of feature extraction, appropri-
ate signal preprocessing is required for the experimental sig-
nal s(¢). The bearing fault signals collected in experiments or
from field measurements are typically modulated signals. 3!
In this study, the experimental signal with an outer ring fault
frequency is found to be very weak after modulation, which
adversely affects fault feature extraction. The prerequisite for
bearing fault diagnosis is to extract the fault characteristic fre-
quency from the modulated signal, which requires demodu-
lation of the experimental signal. In rolling bearing diagno-
sis, the Hilbert transform is commonly used to demodulate
vibration signals,3! while band-pass filtering can attenuate
frequency components outside the passband, thereby reducing
part of the noise. Mathematically, the Hilbert transform of a
real signal s(7) is essentially the output §(¢) of the linear time-
invariant system with an impulse response of 1/(7r), that is

— s(t)* (1/m1) = 1/00 ) g, (14)

TJ)-owl—T

The signals §(¢) and s(¢), form the analytic signal z(¢) =
s5(t) +5(¢). Consequently, the envelope of the real signal s(¢)
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can be obtained as
Envelope (7) =

(see Fig. 11). By further analyzing the envelope signal, the
fault characteristic frequency can be extracted.

Modulated
real signal

Envelope signal

s(t)? +5(t)?

Hilbert
transform a(t)

s(t)
| )

Fig. 11. Principle of the Hilbert transform.

A 4

Analytic signal

Figure 12(a) shows the time-domain and frequency-
domain plots of the signal after applying the Hilbert trans-
form. As seen in the figures, the envelope provides a clearer
representation of the signal’s amplitude modulation, and the
frequency-domain plot reveals reduced noise interference after
the transformation. The results after applying bandpass filter-
ing to the envelope signal are shown in Fig. 12(b), where the
high-amplitude DC component in the spectrum is removed,
further focusing the vibration signal within the passband.

(a)
g 5
2
E
< 0 Mhummmmmm mmmm

t (s)
L 2} 108'Hz '
=
R
Y
< ol ) .
0 2000 4000 6000
(b) f (Hz)
] T
|
=
x
2,
£
<
t (s)
B . .
108 H
£ 02 z
2,
g
< 0 v
0 2000 4000 6000
f (Hz)

Fig. 12. Time—frequency diagram of the bearing outer ring input signal
(a) after the Hilbert transform and (b) after band-pass filtering.

Subsequent to the signal preprocessing, the vibration sig-
nal requires further scale transformation. Specifically, the am-
plitude of the envelope signal is amplified to ensure compati-
bility with higher-frequency signal, thereby facilitating the oc-
currence of stochastic resonance. Based on the scaling theory
from Section 2, a scaling factor m = 1000, is introduced to

perform an equivalent transformation on the SR model for the
large parameter input signal. The amplitude of the input sig-
nal and the noise intensity D are amplified by a factor of m.
The sampling frequency is set to f; = 12 kHz, and the num-
12000. The range of the
potential function parameters a, b, c, d is set to [0.001,5], and
these parameters also need to be amplified by a factor of m.
Similarly, the length of the sub-encoded string is calculated as
n; =13 (i=1,2,3,4), resulting in a binary encoding length of
52 bits for the four parameters of the potential function. The
The
higher-frequency signal and the potential function parameters

ber of sampling points is set to N =

remaining process is similar to that in Subsection 4.1.

optimized by are input into the SR system, and the resulting
output is as shown. As observed from the evolution graph of
the GA, convergence is achieved, with the code running time
decreasing from 280 s to 32 s. Furthermore, the output spec-
trum in Fig. 13 exhibits distinct peaks at 108 Hz, demonstrat-
ing the effectiveness of this method in detecting the charac-
teristic frequency of large parameter signals. After optimiza-
tion, the system parameters achieve optimal matching with the
signal and noise intensity, resulting in an improvement of the
ISNR to —0.1890 dB.

(a) 3.0
2.0/
1.5]

ISNR

1.0}
050
Or

—0.5 - - ‘
0 50 100 150

P

02 .
t(s)

\ 108 Hz

(b) 1

S H
—-0.5

0.5

y(t)

4000

Hz

0 2000 6000

Fig. 13. ASR-PSNN result diagram of the bearing outer ring input sig-
nal (a) iteration curve and (b) output time—frequency.

Figure 14 presents the iterative results and the spectrum
obtained using the ASR-NN method. As shown in the figure,
due to the failure to achieve optimal parameter matching, the
amplitude of the characteristic frequency in the spectrum is
much lower than that in Fig. 13, and the results show a low
ISNR level, preventing the effective fault identification.
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(a) 14

12

11+

ISNR

10

0 50 100 150

Iteration
(b) 1
= o}
D

T bt ) J ) .
200 400 600 800 1000
f (Hz)

Fig. 14. ASR-NN result diagram of the bearing outer ring input signal
(a) iteration curve and (b) output time—frequency.

4.3. Discussion

From the two case studied above, it can be observed that
compared to traditional ASR methods, the ASR-PSNN ap-
proach significantly reduces computational costs and enhances
code efficiency by replacing numerical computation steps in
the iterative process with a neural network (NN). This advan-
tage becomes particularly evident when dealing with compu-
tationally intensive tasks.

Secondly, the application of physical supervision com-
pensates for the shortcomings of NN predictions, ensuring the
integration of ASR and NN even in scenarios where a large
amount of training data is not available to support NN predic-
tion accuracy. This enables the method to achieve both high
speed and sufficient accuracy.

In summary, the ASR-PSNN method proves to be effec-
tive in practical applications for complex computational tasks
in fault signal detection, providing a fast and accurate detec-
tion solution. However, certain limitations remain when deal-
ing with tasks that demand extremely high precision. In the
future, further research can be conducted on small-sample NN
prediction to reduce initial training costs while improving the
prediction accuracy of the neural network.

5. Conclusion

This paper presents an efficient and practical detection
method, ASR-PSNN, which leverages an SR system with a
multi-stable potential function to enable the effective detec-
tion of both small and large parameter input signals. First,

the multi-stable potential function was analyzed, and a set of
different potential function parameters could change the num-
ber of stable states. Second, the improved signal-to-noise ratio
(ISNR) was used as the fitness function of the optimization al-
gorithm, making it more effective in detecting the characteris-
tic frequency of large parameter signals. The traditional fitness
value calculation was replaced by predictions from the trained
NN model, which improves the solving speed. Additionally, a
secondary correction of the best individual predicted by phys-
ical supervision in each generation was introduced, ensuring
ASR algorithm convergence and solution accuracy. This con-
stitutes the proposed ASR-PSNN method. Finally, the model
was applied to detect the characteristic frequency of a small
parameter simulation signal with a frequency of 0.02 Hz and
the experimental bearing outer ring fault signal with a theoret-
ical characteristic frequency of 107.36 Hz. The experimental
results show that the proposed method is feasible for charac-
teristic frequency detection.

While the ASR-PSNN method offers promising results,
several areas for further improvement were identified. Fu-
ture research could focus on optimizing NN training to reduce
costs and improve prediction accuracy, particularly for scenar-
ios with limited data. Additionally, the application of higher
stable states in SR systems warrants further investigation to
enhance adaptability in more complex environments. The inte-
gration of physical supervision into neural networks also high-
lights potential for reducing computational demands, suggest-
ing broader applicability of the method in other domains.

In summary, ASR-PSNN provides a novel and efficient
approach to signal detection, addressing key challenges in
computational efficiency and detection accuracy. With further
refinement, this method could find wide-ranging applications
in various fields requiring advanced signal analysis.
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