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ABSTRACT

Accurate fault diagnosis of rolling bearings is hindered by the weak nature of
early fault signals and the limited availability of labeled data, especially under
small-sample conditions. To overcome these challenges, this paper proposes
a novel method combining golden jackal optimization (GJO) with improved
variational mode decomposition (VMD), enhanced feature extraction, and op-
timized classification. First, GJO is used to optimally determine the key de-
composition parameters of VMD, thereby improving the accuracy of vibration
signal decomposition. A comprehensive discrimination factor algorithm then
selects fault-sensitive intrinsic mode functions, and the signal is reconstructed
to enhance fault characteristics. Multiscale fuzzy entropy is calculated from
the reconstructed signals at multiple scales to build distinct state feature vec-
tors. These vectors are fed into a back-propagation neural network optimized
via the golden sine subtraction-average-based optimizer for precise fault clas-
sification. The method’s effectiveness is verified through simulation and ex-
perimental data. Compared with conventional approaches, it shows superior
performance in extracting weak fault features and maintaining high diagnostic
accuracy under small-sample scenarios. This integrated framework presents a
robust solution for rolling bearing fault diagnosis.
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1. Introduction

Rolling bearings used in today’s machinery
are essential components, especially for rotat-
ing machines such as motors, automobiles, and
aircraft.1,2 As key load-bearing elements, the op-
erational status of rolling bearings has a direct im-
pact on the performance and service life of the ma-
chinery. Failure in these bearings can lead to a de-
cline in equipment performance, increased energy
consumption, and even severe mechanical fail-
ures or safety incidents.3,4 Therefore, research on

rolling bearing fault diagnosis is not only theoret-
ically significant but also highly valuable in prac-
tical engineering applications. Recurring faults in
rolling bearings include fatigue spalling and lo-
calized damage on inner/outer rolling elements.
The mechanical system generates abnormal vi-
bration signals when a bearing failure occurs,
carrying critical information that reflects fault
characteristics.5 The extraction of fault features
from complex vibration signals and their accurate
fault diagnosis and prognostics have become a hot
research topic. The vibration signal analyses can
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be used for the exact identification of fault fea-
tures of rolling bearings.

Traditional signal processing methods, such
as the Fourier transform6 and wavelet transform,7

are effective in extracting frequency-domain char-
acteristics of fault signals. However, these meth-
ods have limitations when dealing with nonlin-
ear, non-stationary signals and lack adaptability.8

Consequently, researchers have developed new
signal processing methods, such as empirical
mode decomposition (EMD)9 and ensemble EMD
(EEMD),10 and have achieved certain successes.
For example, Zhou et al.11 employed EMD to
filter noise from signals and selected sensitive
intrinsic mode functions (IMFs) for reconstruc-
tion, achieving fault diagnosis of the bearing’s
inner race. Yao et al.12 applied EMD with an
auto-regression model (AR) spectrum analysis for
bearing fault diagnosis. Likewise, Qin et al.13

developed dynamic models for different bearing
faults and extracted joint time–frequency entropy
features from EMD-decomposed signals for fault
classification using machine learning techniques.
Zhang et al.14 proposed a new method using
EEMD and box dimension analysis, where de-
noised signals are decomposed, and relevant fea-
tures are used in a probabilistic neural network for
fault identification. Similarly, Damine et al.15 ap-
plied a kurtosis-based median absolute deviation
method to directly identify sensitive IMF com-
ponents, demonstrating the effectiveness of this
approach for bearing fault detection.

The performance of these methods in pro-
cessing nonlinear, non-stationary signals has also
been established. EMD suffers from mode-
mixing issues, while EEMD, though able to miti-
gate these issues, introduces white noise that re-
quires extensive averaging, impacting decompo-
sition accuracy.16 To address these issues, varia-
tional mode decomposition (VMD),17 the adap-
tive signal decomposition method, has arisen as
a prominent technique. VMD decomposes com-
plex signals into a series of IMFs while effectively
avoiding mode mixing and providing good fre-
quency resolution. Since its introduction, VMD
has been widely applied in rolling bearing fault
diagnosis.

The choice of the decomposition number (K )
and the quadratic penalty parameter (α) has a
strong effect on the decomposition performance
of VMD, which significantly influences the re-
sults. Relying on empirical or prior knowledge
to set these parameters may lead to inaccurate
decomposition, reducing VMD’s efficiency and

ignoring the interrelationship between parame-
ters. Researchers have explored intelligent opti-
mization algorithms, such as the grey wolf op-
timizer (GWO),18 the grasshopper optimization
algorithm,19 and cuckoo search,20 to determine
optimal values for K and α. Among these, golden
jackal optimization (GJO)21 has demonstrated
faster convergence and a stronger ability to avoid
local optima, making it more suitable for opti-
mizing VMD parameters for better decomposition
outcomes.

However, despite the effectiveness of signal de-
composition and reconstruction, capturing fault
characteristics under complex operating condi-
tions remains challenging. Entropy measures,
such as multiscale fuzzy entropy (MFE), effec-
tively quantify signal regularity and detect subtle
changes, offering advantages like reduced sensitiv-
ity to parameter variations and high convergence
accuracy.22 This makes MFE capable of distin-
guishing different fault types. Therefore, in the
field of rotating machinery fault diagnosis, it is
often used as a signal feature for fault pattern
recognition.1

To further enhance diagnostic accuracy, effec-
tive classification models are needed for different
types of bearing faults. The back-propagation
(BP) neural network,23 a classic machine learn-
ing algorithm, is widely applied in fault classifica-
tion. It minimizes error by adjusting weights and
biases and mapping input data nonlinearly. How-
ever, traditional BP networks are prone to local
minima and sensitive to initial parameters, reduc-
ing classification performance. To overcome this,
a hybrid optimization approach combining GWO
and simulated annealing, termed the golden sine
subtraction-average-based optimizer (GSABO), is
introduced. GSABO effectively optimizes BP
neural network parameters, avoiding local minima
and improving classification accuracy and stabil-
ity.

Aiming at the challenge of effectively extract-
ing early fault characteristics of rolling bearings
and achieving reliable diagnosis results with small
samples, this paper proposes a novel fault di-
agnosis method. The signal feature information
is extracted using VMD combined with MFE,
while the fault-diagnosis result is achieved using
a GSABO–BP neural network. The major contri-
butions of this paper, compared to existing meth-
ods, are the following:

(i) The GJO algorithm is employed to jointly
optimize the two key decomposition pa-
rameters of VMD—K and α. This ap-
proach effectively eliminates the reliance
on manual parameter selection, which
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typically demands extensive prior experi-
ence and incurs high computational costs,
thereby reducing the influence of human
subjectivity. Moreover, by integrating a
comprehensive evaluation factor method,
the IMFs’ features that are most sensitive
to signals can be reliably selected, ensuring
the accuracy of subsequent feature extrac-
tion.

(ii) The MFE is capable of capturing the com-
plexity of a signal across multiple scales by
computing its fuzzy entropy at each scale.
When applied to VMD-reconstructed sig-
nals, MFE benefits from the effective sup-
pression of noise and irrelevant compo-
nents, enhancing the precision of entropy
calculation. The integration of VMD and
MFE thus significantly improves the ro-
bustness and accuracy of signal feature ex-
traction.

(iii) The MFE values computed at designated
scale factors are used as quantitative
feature parameters and are subsequently
input into a Bo–XGBoost classification
model. This hybrid framework enables ac-
curate classification of rolling bearing fault
types. Compared with conventional fault
classification models and signal decompo-
sition techniques, the proposed method
demonstrates superior diagnostic perfor-
mance, even under small-sample condi-
tions.

In the following section, the basic theory is
explained in Section 2, the framework of the pro-
posed method is provided in Section 3, and Sec-
tion 4 validates the performance of the GJO–
VMD in signal decomposition and correct selec-
tion of IMF components using the evaluation fac-
tor algorithm. In Section 5, the proposed method
is further applied in a real-world rolling bear-
ing fault detection application. To conclude the
study, in Section 6, the main findings are summa-
rized.

2. Basic theory

2.1. Variational mode decomposition
algorithm

The VMD algorithm models the signal as a varia-
tional problem and iteratively updates each com-
ponent to obtain an optimal solution, extend-
ing the classic Wiener filter to multiple adap-
tive bands. The signal is decomposed into
IMF components with different center frequen-
cies and bandwidths, iteratively repeating the
center frequency and bandwidth for each modal

component, thereby facilitating adaptation. For
more information, please refer to the article by
Dragomiretskiy and Zosso.17

2.2. Selection of key decomposition
parameters for variational mode
decomposition based on golden jackal
optimization

Based on the social interaction behavior and hunt-
ing behavior of golden jackals, a population intel-
ligence optimization method, GJO (also known
as Asian jackals), has been derived. The algo-
rithm mimics the process of individuals working
together and competing to discover the best an-
swer during golden jackals’ eating and hunting
activities. The article by Chopra and Ansari21

provides a thorough description of the theory of
GJO.

2.2.1. Determining the fitness function

The fitness function plays a critical role in guid-
ing the parameter optimization process of the
VMD algorithm through artificial intelligence-
based search algorithms. This function measures
the effectiveness of the VMD in the current pa-
rameter settings and subsequently updates the
parameters based on these results to enhance
overall effectiveness. Envelope entropy evaluates
the degree of disorder in the signal and effectively
reflects the proportion of random components. A
higher envelope entropy indicates a greater pres-
ence of random components, while a lower en-
velope entropy suggests a more ordered signal
structure.24

In the case of rolling bearing faults, periodic
impacts generated by faults make the signal more
orderly, leading to a reduction in envelope en-
tropy. Compared to other fitness functions, en-
velope entropy is an optimal choice due to its
stronger global search capability and robustness,
making it better suited to adapt to complex and
changing environments while also offering higher
optimization efficiency.25 The envelope entropy is
determined to be the fitness function in this study,
as it not only ensures the proper combination of
VMD parameters to achieve fidelity and reliabil-
ity of the decomposition results but also enhances
the robustness of the algorithm.

E(m) = −
M∑

m=1

[pn(n) log 2pn(m)] (1)

pn(m) = an(m)/

M∑
m=1

an(m) (2)
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In this context, n represents the IMF compo-
nent index; m represents the index of the equal-
length interval used in calculating the envelope
entropy; pn(m) is the probability of the n-th IMF
component falling within the m-th equal-length
interval; and an(m) is the count of points from
the n-th IMF component within the m-th inter-
val.

The steps for optimizing VMD using the GJO
algorithm are as follows:

a. Initialize GJO parameters: Begin by set-
ting the parameters for the GJO algorithm
and defining the range for the VMD pa-
rameters K and α.

b. Calculate fitness values: Assess the suit-
ability of every member within the group.
The two jackals are selected among the
elite as the best-fit individuals with the
highest fitness, serving as both the jackal
pair and the prey.

c. Update prey position through exploration,
encirclement, and attack: The golden jack-
als update the prey’s position by exploring
and approaching it, surrounding it, stimu-
lating it, and finally attacking it.

d. Replace individuals based on prey position
updates: Update the positions of the best
and second-best individuals by replacing
them with the positions of the current prey.

e. Repeat Steps b–d: Iterate the process until
the maximum number of cycles is reached.
Should the termination criterion be met,
the algorithm outputs the optimal param-
eter combination [K, α]. If the expected
optimal effect is not achieved, the process
returns to Step b and repeats the whole
process until the preset termination condi-
tions are met. This procedure allows for an
effective optimization of VMD parameters
by leveraging the cooperative and compet-
itive dynamics within the GJO framework.

Figure 1 illustrates the key parameters of the
VMD algorithm employing the GJO method.

2.3. Sensitive intrinsic-mode-function
selection algorithm based on
comprehensive evaluation factors

Effectively identifying informative components
from the IMF decomposition of VMD is critical
for the efficacy of signal processing. Conventional
methods for excluding and reconstructing false
IMFs often fall short, particularly when analy-
ses are confined to either the time domain or the
frequency domain alone. Such approaches tend to
overlook the signal’s combined time–frequency at-
tributes, leading to the loss of critical information.

To rectify this deficiency, this study presents a
comprehensive evaluation factor-based algorithm
for identifying sensitive IMF components.26

The correlation coefficient is an effective met-
ric for assessing the similarity between signals.
Therefore, computing the correlation coefficient
in the frequency domain can effectively suppress
noise interference and improve calculation accu-
racy. In addition, frequency-domain analysis re-
veals the characteristics of signals across different
frequencies, providing richer information for sig-
nal processing and feature extraction. Moreover,
when a rolling bearing experiences a fault, the
probability density of high-amplitude vibrations
increases, causing the amplitude distribution to
deviate from a normal distribution. This results
in skewness or dispersion in the normal curve and
an increase in kurtosis.

To identify sensitive components that effec-
tively represent signal characteristics, this study
computed both the frequency-domain cross-
correlation coefficients and the kurtosis for each
mode component resulting from VMD. By apply-
ing a weighted factor to these values, the IMFs
that optimally capture the signal’s key features
were selected. This method provides a more ro-
bust approach to IMF selection, ensuring that im-
portant diagnostic information is retained.

Under the action of the Coati Optimization
Algorithm (COA)–VMD, the vibration signal of
the rolling bearing (x[t], t = 1, 2, . . . , n) is de-
composed into IMF components (K; ui[t], i =
1, 2, . . . ,K). The global criterion function con-
stitutes the kernel of the sensitive IMF discrimi-
nation algorithm, enabling accurate computation.

(i) Compute the frequency-domain cross-
correlation coefficient (ρ) for each IMF
component relative to the original signal.

ρi =

∫ fa
0 (Gui − Ḡu)(Gxi − Ḡx)df√∫ fa

0 (Gui − Ḡu)
2
df ·

√∫ fa
0 (Gxi − Ḡx)

2
df

(3)
In this equation, Gu and Gx represent

signal power spectra ui(t) and x(t), respec-
tively; Gu and Gx denote the correspond-
ing mean power spectra; and fa indicates
the analysis frequency.

(ii) Calculate the kurtosis of each IMF compo-
nent:

kuri =
E[ui(t)− ū(t)]4

σ4
(4)

In the given equation, ū(t) and σ rep-
resent the mean values of the i-th IMF
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Figure 1. A flowchart illustrating the optimization of key parameters of variational mode decomposition
(VMD) using the golden jackal optimization

component, where E[] represents the an-
ticipated value of the variable.

(iii) Use the subsequent formula to compute the
time–frequency domain weighting value λi:

λi = β · ei + γ · kuri (5)

In this equation, β and γ serve as weight-
ing coefficients, subject to the constraint
that their sum equals. Given that the sig-
nal’s representation in the frequency do-
main is more resistant to noise and various
disturbances, it was set that β = 0.6 and
γ = 0.4.

(iv) Calculate the comprehensive evaluation
factor (δi):

δi =
λi −min(λ)

max(λ)−min(λ)
(6)

(v) Compute the overall assessment fac-
tor (δi) to reorder the weights of the
time–frequency domain of each subcarrier
in descending sequence and form a vector
({δ} = {δ1, δ2, . . . , δK}).

(vi) Measure how far off the complete evalua-
tion criteria are between adjacent compo-
nents.

di = δi − δi+1 (7)

(vii) The largest dissimilarity index (m) should
be defined. The first m entries of the re-
ordered set ({δ}) under the comprehen-
sive judgment criterion represent the sensi-
tive mode fragments conveying the primary
data information of the signal.

The invention relates to an efficient algo-
rithm, which is specially used for distinguishing
and identifying IMF components. The algorithm
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is based on the evaluation criteria in the time–
frequency domain, and its core is to ensure that
the unique characteristics of each IMF component
are fully reflected and identified in the time do-
main. At the same time, the algorithm also takes
into account the relationship between these com-
ponents and the original signal in the frequency
domain, thus ensuring the comprehensiveness and
accuracy of the analysis. Through this method, a
complex signal can be effectively decomposed into
a series of IMF components with physical signif-
icance, providing a more accurate tool for signal
processing and analysis.

This procedure enhances the discrimination
by mitigating any impact of the interfering factors
and facilitating the identification of spurious IMF
components that do not embed fault information.
Additionally, it mitigates the impacts of unrelated
modal components on fault information and min-
imizes the influence of human factors associated
with the setting of threshold values, thereby en-
hancing the accuracy of fault feature extraction.

2.4. Multiscale fuzzy entropy algorithm

By mapping the original signal into a high-
dimensional space, describing the signal’s com-
plexity using high-dimensional vectors within the
amplitude tolerance, and defining the similar-
ity between the signals using a fuzzy function,
fuzzy entropy produces more accurate and real-
istic computation results. Nevertheless, the con-
ventional fuzzy entropy only uses one scale to de-
scribe the signal complexity, which could result in
the loss of crucial signal information and compro-
mise the precision of fault feature extraction. By
extracting the signal’s fuzzy entropy value from
several scales, MFE can more thoroughly capture
the signal’s characteristic information, increasing
the precision of defect diagnosis.22

The specific calculation process of MFE is as
follows22:

Coarse-graining of the original sequence. For
the original time series (Xi = {x1, x2, ..., xN}) of
lengthN , under the condition that the embedding
dimension (m) and the similarity tolerance (r) are
given in advance, the coarse-grained processing of
the series is carried out. The new coarse-grained
vector is:

yj(τ) =
1

τ

jτ∑
i=(j−1)τ=1

xi, 1 ≤ j ≤ N

τ
(8)

Let τ denotes the scale factor. When τ = 1,
yj(1) represents the original time series. For non-
zero values of τ , the original sequence is seg-
mented into coarse-grained vectors yj(τ), each
with a length of N/τ .

The fuzzy entropy of the sequence is then
computed at each scale τ , and the resulting values
are referred to as the MFE.

MFE(x, τ,m, n, r,N) = FuzzyEn(yτ ,m, n, r,N τ )

(9)
Due to the high complexity of vibration sig-

nals in rotating machinery and the diversity of
fault types, a single-scale fuzzy entropy is insuffi-
cient to capture the full extent of the fault-related
information. The complexity and richness of fault
characteristics cannot be effectively represented
at a single scale, leading to incomplete feature
extraction. Therefore, this study employs MFE
as the method for signal feature extraction.27 By
analyzing the signal over multiple scales, MFE ef-
fectively overcomes the limitations of single-scale
approaches and provides a more comprehensive
characterization of the signal complexity under
various operating conditions.

2.5. Golden sine
subtraction-average-based
optimizer–back-propagation neural
network

2.5.1. Subtraction-average-based optimizer
algorithm

An intelligent optimization technique based
on mathematical principles is the subtraction-
average-based optimizer (SABO) algorithm. Its
fundamental idea is that the subtraction average
of the group members is responsible for updat-
ing the locations of fellow group members within
the search space. In addition to reducing reliance
on a particular candidate, the algorithm success-
fully avoids settling into local optima, enhanc-
ing its global search capability and optimization
effectiveness.28

2.5.2. Golden sine subtraction-average-based
optimizer

The SABO algorithm updates particle positions
using the subtraction average method. To avoid
getting trapped in local optima, this study en-
hanced the SABO algorithm by leveraging the
advantages of the golden sine algorithm in global
optimization. In instances where the fitness val-
ues of particles were stable across iterations in the
SABO algorithm, the golden sine algorithm is in-
voked to adjust particle positions. The precise
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formula utilized by the chosen golden sine opera-
tor is delineated as follows:

Xi(t+ 1) =Xi(t) |sinR1|+R2 sin(R1) |aXbest

− bXi(t)
(10)

In this context, R1 is a random number rang-
ing from 0 to 2π, which determines the step size
for updating the position of individual i in the
next generation; R2 is a random number ranging
from 0 to π, which dictates the direction of the
next update for individual i ; and the parameters
a and b are the golden section coefficients that
influence the search space of the particles, facil-
itating a more optimal selection that guides the
particles toward superior values. The formula for
the calculation is presented as follows:{

a = −π(1− τ) + πτ

b = −πτ + π(1− τ)
(11)

In this equation, τ represents the golden ratio,

with a value of
√
5−1
2 .

The GSABO is the outcome of combining the
golden sine and SABO. Every time an iteration
occurs, all particles’ positions and velocities are
updated, and the objective function values for
their new locations are computed. Each parti-
cle’s individual best location is updated by com-
paring these new values with the previously saved
individual best values. In the end, the algorithm
determines which particle is in the optimal place
globally.

2.5.3. Back-propagation neural network

The fundamental attributes of the BP neural net-
work encompass the forward propagation of sig-
nals and the subsequent back propagation of er-
rors, defining its structure as a multilayer feed-
forward neural network. The network uses a non-
linear transformation of the activation function
and a weighted summation of the input data to
generate an output signal. When the actual out-
put deviates from the expected output, the error
backpropagation process is triggered. During this
process, the algorithm adjusts the weights and
thresholds to minimize the error, thereby improv-
ing the model’s acuracy.23

2.5.4. Golden sine subtraction-average-based
optimizer–back-propagation neural
network

The selection of an appropriate fitness function
is crucial for optimizing the parameters of the
BP neural network through the application of ar-
tificial intelligence search methods. This func-
tion allows for parameter adjustments targeted

at improving overall performance by quantifying
the BP neural network’s performance under the
present parameter configuration. In order to bal-
ance training and generalization to improve model
resilience, the fitness function in this study was
defined as the sum of the recognition error rates
on the training set and the test set. The following
is the definition of the fitness function:

F = TrE + TeE (12)

In the equation, TrE and TeE represent the
recognition error rates of the training and testing
sets, respectively.

The steps for optimizing the BP neural net-
work with the GSABO algorithm are as follows
(Figure 2):

• Step 1: Set the initial weight, threshold, and
parameters of the GSABO algorithm of the BP
neural network.

• Step 2: Calculate the fitness value for each par-
ticle.

• Step 3: Check to determine whether the fitness
has altered. If a change occurs, update the par-
ticle’s position immediately; if not, apply the
golden sine method.

• Step 4: Modify the BP neural network’s param-
eters.

• Step 5: Check if the maximum iteration stop-
ping condition is met. If it is met, output the
optimal parameters. If not, revert to Step 2
for additional iterations, continuing this process
until the termination criteria are met.

3. Fault diagnosis method based on
GJO–VMD, MFE, and GSABO–BP
neural network

The steps of the proposed fault diagnosis method
are as follows (Figure 3):

• Step 1: Utilize a rolling fault simulation test
bench to acquire vibration signals from rolling
bearings across varying operational conditions.

• Step 2: Utilize the envelope entropy as a fitness
criterion. The VMDmethod has been improved
with the GJO algorithm. The fault signal is
then subjected to decomposition into a series
of IMFs by implementing VMD with these op-
timized parameters.

• Step 3: Apply a fine-grained IMF part separa-
tion algorithm, which is built on a comprehen-
sive judgment index in the time–frequency do-
main. This step identifies the IMF components
that are sensitive to signal characteristic infor-
mation, and these components are then used to
reconstruct the signal.
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Figure 2. A flowchart illustrating the golden sine subtraction-average-based optimizer (GSABO)–back-
propagation (BP) neural network

• Step 4: MFE is used to extract features from
reconstructed signals and construct feature sets
representing different states.

• Step 5: With the state feature set learned in
Step 4, the GSABO–BP neural network classi-
fier can be guided during the classification pro-
cess. This structured approach enhances fault
diagnosis accuracy by leveraging the strengths
of the GJO for parameter optimization, VMD
for signal decomposition, MFE for feature ex-
traction, and GSABO–BP neural network for
feature classification.

4. Simulation analysis

To validate the effectiveness of the VMD method,
an early fault signal for rolling bearings was es-
tablished, as shown in Equation (13):


y(t) = x(t) + n(t)

x(t) =
∑
i

e−2πfngt0 ·A0 sin[2πfn
√
(1− g2) · t0]

(13)
where n(t) is Gaussian white noise, and x (t)

is the periodic impact signal produced by rolling

bearing failures. The following are the parame-
ters: sampling frequency fs = 1200 Hz, number
of sample points N = 6000, fault impact dura-
tion T = 0.01 s, fault characteristic frequency f
= 1/T = 100 Hz, natural frequency fn = 3000
Hz, displacement constant A0 = 5, and damping
coefficient g = 0.1.

Figure 4 illustrates the simulated signal’s
time-domain waveform. The noise obscures the
rolling bearing’s periodic impact characteristics,
inevitably diminishing the accuracy of the subse-
quent signal feature extraction process.

The most popular and user-friendly technique
for diagnosing rolling bearing faults is the enve-
lope spectrum approach. Figure 5 presents the
envelope spectrum obtained from the simulated
signal.

In order to diagnose the rolling bearing fault,
the simulated signal y(t) must be processed to re-
move interference components and enhance the
accuracy of fault feature extraction. As illus-
trated in Figure 5, background noise causes the
spectral line at the fault characteristic frequency
in the envelope spectrum to be less prominent.
With significant interference present, identifying
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Figure 3. A flowchart illustrating the steps in the proposed fault diagnosis method
Abbreviations: BP: Back propagation; GJO: Golden jackal optimization; GSABO: Golden sine
subtraction-average-based optimizer; IMF: Intrinsic mode functions; VMD: Variational mode decomposition.

Figure 4. Time-domain waveform of the simulated signal y(t)

the fault characteristic frequency proved challeng-
ing. Therefore, the VMD method was employed
to decompose the aforementioned signal.29

During the VMD decomposition process, the
key parameters—K and α—were optimized using

the GJO algorithm. Specifically, the search range
for K was set to [2, 7], and for α, it is set to [100,
5000]. Envelope entropy was adopted as the fit-
ness function to guide the optimization of both
parameters.
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Figure 5. Envelope spectrum of the simulated signal y(t)

Figure 6. Fitness iteration curve
Abbreviations: GJO: Golden jackal optimization; GWO: Grey wolf optimizer; WOA: Whale optimization
algorithm.

To demonstrate the superior search perfor-
mance of GJO, two other algorithms—GWO and
whale optimization algorithm (WOA)—were em-
ployed for comparative analysis. In the experi-
ments, the population size for each optimization
algorithm was set to 50, and the maximum num-
ber of iterations was fixed at 10. Each algorithm
was applied to optimize the VMD parameters
for the simulated signal shown in Figure 4. The
corresponding fitness convergence curves and op-
timization results are presented in Figure 6 and
Table 1.

Table 1. Optimization results of variational mode
decomposition parameters using different algorithms

Intelligent search [K, α] Fitness
algorithms value
GJO [6, 2922] 7.82522
GWO [5, 1748] 7.84541
WOA [6, 4000] 7.84544
Abbreviations: GJO: Golden jackal optimization;
GWO: Grey wolf optimizer;
WOA: Whale optimization algorithm.

As shown in Figure 6, with the increase in
the number of iterations, the fitness value gradu-
ally decreases, indicating that the decomposition
results are steadily approaching an optimal solu-
tion under the guidance of optimized parameters.

The stabilization of the fitness curve further con-
firms that the optimal parameter values have been
successfully identified. Although the GWO and
WOA algorithms demonstrate relatively fast con-
vergence speeds, their fitness values remain sig-
nificantly higher than those obtained by the GJO
algorithm. As evidenced in Table 1, the GJO al-
gorithm achieves the best fitness value, highlight-
ing its superior capability in accurately determin-
ing optimal decomposition parameters. There-
fore, the VMD parameters optimized using GJO
were applied to decompose the simulated signal
shown in Figure 4. The resulting time-domain
waveform and frequency spectra of the extracted
IMF components are presented in Figure 7.

With each IMF component’s frequency dis-
persed from low to high frequencies and each com-
ponent focused around its center frequency, the
signal decomposition findings are reasonable, as
illustrated in Figure 7. There is no discernible
frequency overlap, suggesting that modal aliasing
is not present. The total evaluation factor for
each IMF component is computed, as illustrated
in Figure 8, to effectively choose the IMF compo-
nents that are sensitive to signal characteristics.

As shown in Figure 8, it is easy to identify
that IMF4 and IMF2 have the largest difference.
Therefore, IMF4 was chosen as the sensitive IMF
component for envelope demodulation. Figure 9
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Figure 7. Variational mode decomposition (VMD) results of the simulation signal. (A) Intrinsic mode
function (IMF) components obtained from the VMD of the simulated signal. (B) Frequency spectra of the
IMF components obtained from the VMD

Figure 8. A complete verification of each intrinsic mode function (IMF) component obtained by variational
mode decomposition
Abbreviation: CDF: Comprehensive discriminant factor.

Figure 9. Envelope spectrum of the sensitive component IMF4, obtained from variational mode
decomposition

displays the computed envelope spectrum; the re-
maining IMF components were regarded as itera-
tion error or noise interference components. Ac-
curate fault detection is made possible by the
clear identification of the simulated signal’s fault
frequency and its harmonics in Figure 9.

When the simulation signal y(t) was decom-
posed using the EMD and EEMD methods, white
noise with a standard deviation ε0 = 0.2 was

added to the signal during the EEMD decompo-
sition process, and the total average number of
iterations (I ) was 100. Following decomposition,
the numbers of IMF components obtained from
EMD and EEMD are presented in Figures 10 and
11, respectively. To make comparisons easier and
to provide clarity, the time-domain waveform and
frequency spectra of the first six IMF components
are shown in Figures 10 and 11.
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Figure 10. The first six intrinsic mode function (IMF) components (A) and their corresponding frequency
spectra (B) obtained from the empirical mode decomposition of the simulated signal

Figure 11. The first six intrinsic mode function (IMF) components (A) and their corresponding frequency
spectra (B) obtained from the ensemble empirical mode decomposition of the simulated signal

Comparing the spectra in Figures 7, 10, and
11, it can be observed that the decomposition re-
sults of EMD and EEMD are not ideal. The IMF
components obtained from both methods exhibit
varying degrees of mode mixing, with the IMF1
component being the most significant. The fre-
quency spectrum of IMF1 shows a highly chaotic
pattern, with spectral lines scattered across all
frequency ranges. This influences the accuracy of
the features extracted from the signal.

However, it is necessary to select the IMF
components that effectively represent the signal
characteristics in EMD and EEMD. The compre-
hensive evaluation factor for each IMF component
was calculated (Figure 12).

The largest difference between EMD and
EEMD occurs between IMF1 and IMF2, as seen
in Figure 12. Therefore, IMF1 was chosen as the
sensitive IMF component, and its envelope was
demodulated. Figure 13 presents the resulting en-
velope spectrum.

As shown in Figure 13, the envelope spectra
of the sensitive IMF1 component obtained from
EMD and EEMD are both chaotic. Although
spectral lines exist at the fault frequency, there
are many interference components, and the spec-
trum does not exhibit regular variations. As a re-
sult, the fault frequency could not be accurately
identified, and the required valid information was
not obtained, thus complicating the fault diagno-
sis process. The primary reason for this issue is
that the EMD method suffers from mode mix-
ing due to its inherent algorithmic limitations.
While the EEMD method can address this is-
sue to some extent, the white noise added to the
signal cannot be completely neutralized, signifi-
cantly affecting the accuracy of the decomposition
method.

Based on the above analysis, it can be con-
cluded that GJO–VMD can adaptively determine
the most suitable key decomposition parameters
according to the characteristics of the signal.
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Figure 12. Comprehensive evaluation factors of each intrinsic mode function (IMF) component obtained by
empirical mode decomposition (A) and ensemble empirical mode decomposition (B) methods
Abbreviation: CDF: Comprehensive discriminant factor.

Figure 13. Envelope spectrum of the sensitive IMF1 component obtained from empirical mode
decomposition (A) and ensemble empirical mode decomposition (B) methods

Combined with the comprehensive evaluation fac-
tor method, it effectively selects the IMF com-
ponents that are sensitive to signal features, en-
suring accurate identification between signals of
different states for subsequent analysis.

5. Experimental study

The rolling bearing signal used in the experiment
was selected from the bearing dataset supplied by
Case Western Reserve University. Data were col-
lected from the vibration test rig, primarily com-
posed of a three-phase induction motor, coupler,
accelerometer, encoder, power meter, and other
equipment (Figure 14). Figure 15 illustrates an
overview of the test rig.

A 6205 2RSJEM bearing (SKF Group, Swe-
den) was used in the experiment, with the bearing
specifications presented in Table 2. At a motor
speed of 1797 rpm and a sampling frequency of
12 kHz, the acceleration signal from the bearing
at the drive end was recorded. To replicate lo-
calized single-point flaws, electrical spark erosion
was used to form pits on the test bearing’s inner
ring, outer ring, and rolling elements, measuring
0.18 mm in diameter and 0.28 mm in depth. Sixty
samples, each containing 3000 data points, were
gathered for every fault state.

Table 2. Specifications of the rolling bearing

Parameter Value
Rolling diameter (mm) 8
Pitch diameter (mm) 39
Inner diameter (mm) 25
External diameter (mm) 52
Number of rolling elements 9
Contact angle (◦) 0

A randomly selected inner race fault (IRF)
signal is presented in Figure 16. This signal
exhibits a significant level of noise interference,
which can be attributed to the absence of a noise-
filtering mechanism in the data acquisition equip-
ment. If the features extracted from this noisy
signal are used directly, it becomes difficult to ac-
curately diagnose the rolling bearing’s operating
condition and fault type. Therefore, noise filter-
ing of the recorded vibration signal is essential to
enhance its features.

The IRF signal in Figure 16 was decomposed
using the VMD approach. Prior to decomposi-
tion, optimization of α andK was required. Using
10 iterations and a population size of 50, the GJO
parameter optimization approach was applied. K
and α have search spaces that fall between [100,
5000] and [2, 7], respectively. Figure 17 presents
the search results. The fitness value steadily de-
clines as the number of iterations rises. After two
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Figure 14. Rolling bearing fault simulation test rig

Figure 15. An illustration of the test rig used in the experiment

Figure 16. Time-domain waveform of the inner race fault signal

iterations, the ideal parameters were determined,
with K and α values of (5, 550).

Figure 18 demonstrates the IMF components
and their frequency spectra after the IRF signal662
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Figure 17. Fitness iteration curve for inner race fault signal

Figure 18. Intrinsic mode function (IMF) components (A) and their frequency spectra (B) obtained from
the golden jackal optimization–variational mode decomposition of the inner race fault signal

was decomposed using the ideal parameters. Each
IMF component was focused around its center
frequency, as shown in Figure 18B, with no fre-
quency overlap. This result suggests that the de-
composition parameters selected were appropri-
ate and successfully addressed the issue of modal
aliasing. As seen in Figure 19, by calculating the
complete assessment factors of each IMF com-
ponent, the sensitive IMF component containing
IRF feature information could be easily identified.

As shown in Figure 19, the largest difference
in the comprehensive evaluation factors occurs be-
tween IMF1 and IMF2. Consequently, IMFX was
identified as the sensitive component, and its cor-
responding signal was reconstructed (Figure 20).

By comparing the signals in Figures 16 and
20, it is evident that the signal’s impact charac-
teristics have become more prominent and that
the noise components have been successfully fil-
tered. These impact features represent fault-
characteristic data that was previously obscured
by noise. Using the previously described proce-
dures, the normal, outer race fault, and rolling
element fault signals were reconstructed. Table
3 summarizes the key decomposition parameters
for the GJO–VMD.

Table 3. Key decomposition parameters for the
golden jackal optimization–variational mode
decomposition method

Rolling bearing Key parameters
condition K α
Normal 3 2796
REF 6 2970
ORF 4 1259
Abbreviations: ORF, outer race fault;
REF, rolling element fault.

The MFE values of the reconstructed signals
were calculated, and a randomly selected set of
MFE curves for rolling bearing signals under dif-
ferent states are presented in Figure 21. Due to
the elimination of interference factors, these MFE
values exhibit excellent overall distinguishability
despite some overlaps occurring at certain scale
factors. This result indicates that, following the
GJO–VMD and the elimination of the IMF false
parts, noise interference and other irrelevant fea-
tures of the signals were effectively suppressed. As
a result, the similarity between signals from differ-
ent states was reduced, and the signal state char-
acteristics were effectively highlighted. The MFE
values of the signals, after the GJO–VMD and
reconstruction, are used to construct state fea-
ture vectors, which serve as the diagnostic basis
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Figure 19. Comprehensive evaluation factors of the intrinsic mode function (IMF) components obtained
from the golden jackal optimization–variational mode decomposition
Abbreviation: CDF: Comprehensive discriminant factor.

Figure 20. Reconstructed signal of the inner race fault

Figure 21. Multiscale fuzzy entropy (MFE) curves of reconstructed signals for rolling bearings under
different states
Abbreviations: IRF: Inner race fault; Nor: Normal; ORF: Outer race fault; REF: Rolling element fault.

for determining the working condition of rolling
bearings.

A maximum of 1000 iterations was set for net-
work training, with a learning rate of 0.01 and
a target minimum error of 0.0001. Forty state
feature vectors from each condition of the rolling

bearings were randomly chosen as training sam-
ples to train the classifier; the state feature vec-
tors were used as testing samples to assess the
classifier’s performance. The fitness function was
the sum of the error rates for the training and
testing sets. The GSABO population was set at
50, with a chaotic coefficient of 2, a maximum of
10 iterations, and threshold weight limits of [−3,
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Figure 22. Fitness curve of the golden sine subtraction-average-based optimizer.

3]. The BP neural network’s initial thresholds and
weights were both set to 1. Figure 22 illustrates
the resulting fitness curve.

The ideal value was discovered following four
GSABO repetitions, as illustrated in Figure 22.
The threshold value was 0.92, while the optimum
weights for the BP neural network were 1.08. The
K-nearest neighbor (KNN), support vector ma-
chine (SVM), random forest, decision tree, and
BP neural network classifiers were used to com-
pare the classification efficacy of the GSABO–BP
neural network. This allows the effectiveness of
each classification method to be validated. The
Euclidean distance served as the distance metric
between samples in the KNN classifier. A grid
search approach was employed to determine the
optimal k value. The model was trained using
multiple values: {3, 5, 7, 9, 11, 13}, and three-fold
cross-validation was used to evaluate performance
for each setting. A decision tree classifier was
used, with entropy selected as the splitting pa-
rameter.

In the planning and design of gardens or na-
ture reserves, efforts should be made to ensure
that the tree density is appropriate and that the
maximum rooting depth—the deepest extent tree
roots can reach—is maximized within the bound-
aries of ecology and geography. This approach
enhances ecosystem stability, improves soil and
water conservation, and promotes biodiversity.
In the random forest classifier, the number of
trees and the maximum depth of the trees are op-
timized using the grid search method within the
ranges of {120, 200, 300} and {5, 8, 15}, respec-
tively. At the same time, 3-fold cross-validation
is combined to evaluate the performance of each
parameter combination, thereby selecting the best
parameters. The parameters of the SVM and BP
neural network are set to default values, and the
SVM kernel function is set to the linear kernel
function. Each classifier is run five times, and the
average value of the five runs is taken as the final

diagnostic result. The results are shown in Table
4.

Table 4. Fault diagnosis accuracy of different
classification methods

Methods Accuracy rate (%)
KNN 98.75
SVM 99.38
Random forest 99.07
Decision tree 97.50
BP neural network 97.33
GSABO–BP neural network 100.00
Abbreviations: BP: Back propagation;
GSABO: Golden sine subtraction-average-based
optimizer; KNN: K-nearest neighbor;
SVM: Support vector machine;
SVM: Support vector machine.

As indicated in Table 4, all classification ap-
proaches exhibited varying degrees of misdiagno-
sis, except for the GSABO–BP neural network,
which reached a 100% diagnosis accuracy. This
discrepancy is primarily attributed to the small
number of training samples. Classifiers such as
KNN, SVM, random forest, decision tree, and BP
neural network require larger datasets to ensure
robust performance and generalization. In con-
trast, the classification performance and diagnosis
accuracy are markedly enhanced by the GSABO–
BP neural network with the optimal network pa-
rameters.

To further verify the accuracy and robustness
of the GSABO–BP neural network, all classifica-
tion methods were tested using training sample
sizes ranging from 10 to 50, and testing sample
sizes decreased correspondingly from 50 to 10.
For each method, the average diagnostic accuracy
over five runs was calculated and used as the eval-
uation metric. The results are summarized in Ta-
ble 5.

Table 5 illustrates how the diagnostic accu-
racy of all approaches steadily increases as the
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Table 5. Diagnostic accuracy of various classification methods under different conditions

Classification Diagnostic accuracy under varying testing sample sizes (%)
method 50 (10) 40 (20) 30 (30) 20 (40) 10 (50)
KNN 93.50 96.25 99.17 98.75 100.00
SVM 97.50 97.50 99.38 99.38 100.00
Random forest 97.00 97.50 98.00 99.07 99.38
Decision tree 96.00 96.25 97.50 97.50 100.00
BP neural network 84.50 95.63 97.50 97.33 97.50
GSABO–BP neural network 99.00 100.00 100.00 100.00 100.00
Note: ( ) represents the number of training samples.
Abbreviations: BP: Back propagation; GSABO: Golden sine subtraction-average-based optimizer;
KNN: K-nearest neighbor; SVM: Support vector machine.

number of training samples rises. In all cases, the
GSABO–BP neural network achieved 100% diag-
nostic accuracy, except in the scenario with 50
testing samples and 10 training samples, where
misclassification took place. In contrast, other ap-
proaches exhibit misdiagnoses due to limitations
in training sample size and the configuration of as-
sociated parameters. These results highlight that
the proposed fault diagnostic approach, based on
GJO–VMD, MFE, and GSABO–BP neural net-
work, is capable of achieving optimal diagnostic
performance even under limited training sample
conditions.

Additionally, the validity of the GJO–VMD
method is demonstrated by comparing it with
signal decomposition methods such as EMD
or EEMD. The comprehensive evaluation factor
technique was used to reconstruct signals, and the
state feature vectors were created by calculating
the MFE values of the reconstructed signals. The
GSABO–BP neural network’s diagnostic results,
averaged over five trials, are presented in Table 6
based on various signal decomposition techniques.

As indicated in Table 6, the diagnostic accu-
racy based on the GJO–VMD approach achieved
100% in all circumstances, except in the scenario
with 50 test samples and 10 training samples,
where misdiagnosis took place. This suggests that
the proposed approach is capable of efficiently re-
moving a signal’s interference components and ob-
taining IMF components that are responsive to
the signal features—these components are then
utilized for feature extraction. Conversely, under
various test sample settings, the EMD and EEMD
techniques showed differing degrees of misclassifi-
cation. Compared to GJO–VMD, the overall di-
agnostic accuracy was lower. This is primarily be-
cause the EMD approach experiences modal alias-
ing during signal decomposition, which compro-
mises decomposition accuracy and prevents the
complete elimination of interference components.
Although EEMD can effectively suppress modal

aliasing by adding white noise, it is unable to fully
remove the introduced noise, resulting in higher
similarity in MFE values between signals of dif-
ferent states. Consequently, this leads to reduced
diagnostic accuracy.

6. Conclusion

To address the challenges of extracting fault fea-
tures from rolling bearings and the unsatisfactory
diagnostic performance of conventional classifica-
tion models under small-sample size conditions,
this study proposes a fault diagnosis method that
integrates GJO–VMD and MFE with a GSABO–
BP neural network.

Through the analysis of both simulated and
real-world rolling bearing fault signals, as well
as comparative evaluation against traditional ap-
proaches, the following conclusions are drawn:

• The signal processing method based on GJO–
VMD, combined with the comprehensive eval-
uation factor strategy, effectively decomposes
nonlinear and non-stationary signals, determin-
ing IMF components that are sensitive to fault
characteristics. This approach successfully sup-
presses background noise, environmental inter-
ference, and irrelevant components. Compared
to EMD and EEMD, the GJO–VMD method
offers more accurate and meaningful signal de-
composition, thereby ensuring the reliable ex-
traction of fault features.

• The MFE curves derived from GJO–VMD-
reconstructed signals can effectively capture the
characteristic differences among various rolling
bearing operating states. When coupled with
the GSABO–BP neural network, this approach
achieves reliable fault diagnosis performance
even in scenarios with limited sample sizes.

• The GSABO–BP neural network, once opti-
mized, demonstrates robust parameter selec-
tion. Except for a single misclassification at
the 50-sample level, it achieves a diagnostic ac-
curacy of 100% for all other test sample sizes
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Table 6. Diagnostic accuracy of different signal decomposition methods under varying conditions

Signal decomposition Diagnostic accuracy under varying testing sample sizes (%)
method 50 (10) 40 (20) 30 (30) 20 (40) 10 (50)
EMD 95.50 96.88 96.67 98.75 100.00
EEMD 88.00 86.67 85.56 86.67 93.33
GJO–VMD 99.00 100.00 100.00 100.00 100.00
Note: ( ) represents the number of training samples.
Abbreviations: EEMD: Ensemble empirical mode decomposition; EMD: Empirical mode decomposition;
GJO–VMD: Golden jackal optimization–variational mode decomposition.

ranging from 40 to 10. Compared with other
commonly used classifiers, such as KNN, SVM,
random forest, decision tree, and standard BP
neural networks, the proposed method exhibits
superior diagnostic accuracy and robustness.

In this study, the rolling bearing vibration sig-
nals were investigated. It is anticipated that the
proposed method will also perform well when ap-
plied to other signals. In future work, this method
should be extended from rolling bearings to other
types of rotating machinery, such as gears and ro-
tors, to enhance the universality of diagnosis. At
the same time, by integrating the method with
real-time monitoring systems, it will be possible
to develop fault diagnosis technologies suitable for
online monitoring, thereby addressing the grow-
ing demand for real-time monitoring and rapid
diagnosis in industrial applications.
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