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Abstract

To address the issues of parameter dependency on empirical settings, insufficient fault
feature extraction capability, and limited classification accuracy in rolling bearing fault diag-
nosis using Variational Mode Decomposition (VMD), a novel fault diagnosis method based
on adaptive signal decomposition and intelligent classification integration is proposed. The
VMD parameters are adaptively optimized using the Subtraction-Average-Based Optimizer
(SABO), and a kurtosis–correlation criterion is introduced to select a single fault-sensitive
intrinsic mode function, from which time-domain features are extracted to construct fault
feature vectors. The Moth-Flame Optimization Algorithm (MFOA) is employed to optimize
the parameters of the Kernel Extreme Learning Machine (KELM) for fault state identifica-
tion. From the perspective of methodological symmetry, the averaged population update
of SABO is invariant to the ordering of search agents, VMD exhibits equivalence under
permutation of mode labels, and KELM constructs the sample similarity matrix using a
symmetric kernel function. These symmetry-related structures are integrated into the pa-
rameter optimization, modal decomposition, and fault classification stages of the proposed
method. Experimental validation using the CWRU rolling bearing dataset demonstrates
that the proposed method reaches a fault recognition accuracy of 96.73%, outperforming
other comparative models and exhibiting superior diagnostic precision and robustness.

Keywords: rolling bearing fault diagnosis; adaptive signal decomposition; impact feature
enhancement; variational mode decomposition; kernel extreme learning machine

1. Introduction
Rolling bearings are fundamental components of rotating machinery, and their operat-

ing condition directly affects the operational stability and safety of mechanical equipment.
Under long-term high-speed rotation, heavy loads and complex working conditions, bear-
ings are prone wear, impact and fatigue, resulting in problems such as inner ring faults,
outer ring faults and rolling element faults. Once a bearing fails, it will not only cause
increased vibration and decreased operational accuracy of the equipment, but in severe
cases, it may even lead to the failure of the entire mechanical system. Therefore, accurately
and quickly identifying the faults of rolling bearings has significant engineering application
value [1].

The vibration signals of rolling bearings actually collected usually have obvious
nonlinear, non-stationary and strong noise characteristics, and traditional time–frequency
analysis methods are difficult to use for effectively extracting the fault impact features. In
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recent years, signal processing methods such as Empirical Mode Decomposition (EMD),
Ensemble Empirical Mode Decomposition (EEMD), Complete Ensemble Empirical Mode
Decomposition (CEEMD), and Variational Mode Decomposition (VMD) have been widely
applied in the field of bearing fault diagnosis [2]. Among them, VMD can effectively
suppress the mode aliasing problem in the traditional EMD method by constructing a
variational constraint model and has good anti-noise performance and frequency band
separation ability. Therefore, it has received extensive attention in the analysis of mechanical
fault signals [3]. However, the decomposition effect of VMD largely depends on the setting
of the number of mode components K and the penalty factor α. If the parameters are not
selected reasonably, it is easy to have insufficient decomposition or over-decomposition,
which will affect the subsequent fault feature extraction and diagnosis results. Therefore,
how to achieve the adaptive optimization of VMD parameters has become an important
research direction at present. To address this issue, intelligent optimization methods such
as Particle Swarm Optimization (PSO), Whale Optimization Algorithm (WOA), and Harris
Hawk Optimization (HHO) have been used for VMD parameter optimization [4–6], but
some algorithms are prone to falling into local optima during the later stage of the iteration
process, resulting in a decrease in search accuracy. As a new intelligent optimization
algorithm, the Subtractive Average-Based Optimizer (SABO) has the advantages of fast
convergence speed, strong global search ability, and less likely to fall into local optima,
showing good application potential in complex parameter optimization problems [7].

After completing the fault signal decomposition, how to select the effective compo-
nents containing the main fault impact information from multiple IMF components is also
very crucial. Traditional research mostly uses the minimum envelope entropy criterion for
IMF selection, but envelope entropy mainly reflects the complexity of the signal and is not
sensitive enough to the transient impact features in bearing faults. In contrast, kurtosis
can more effectively reflect the impulse impact characteristics in vibration signals, and is
therefore more suitable for the selection of fault feature components in rolling bearings [8].
In addition, Kernel Extreme Learning Machine (KELM) is widely used in mechanical
fault classification and recognition due to its fast training speed and strong generalization
ability [9], but its kernel parameters and regularization parameters also have a significant
impact on classification performance, so it is necessary to further improve the model perfor-
mance with the help of optimization algorithms. The Moth-Flame Optimization Algorithm
(MFOA) has been proven to have excellent global optimization ability and convergence
performance in parameter optimization problems [10].

Existing studies have separately improved VMD parameter selection, fault-sensitive
component extraction, and classifier parameter optimization. However, the information
transfer relationship between adaptive decomposition and subsequent fault classification
has not been sufficiently emphasized. In particular, inappropriate VMD parameters affect
the source and quality of fault features, whereas inappropriate KELM parameters affect
the final classification boundary. Therefore, to address the empirical dependence of VMD
parameters, the difficulty in extracting fault-induced impact features, and the sensitivity of
classifier parameters, the main contributions of this study are summarized as follows:

• SABO is combined with VMD to adaptively optimize the mode number K and penalty
factor α using kurtosis as the fitness function. A kurtosis–correlation criterion is then
employed to select the fault-sensitive IMF. This process reflects the population-order
invariance of SABO and the mode-permutation equivalence of VMD, introducing
methodological symmetry into the proposed framework.

• Time-domain features are extracted from the optimal IMF, and MFOA is employed to
optimize the KELM regularization coefficient C and kernel parameter σ. Accordingly,
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a rolling bearing fault diagnosis method integrating adaptive decomposition, impact
feature enhancement, and nonlinear classification is established.

• Comparative experiments are conducted on the CWRU rolling bearing dataset. Fixed
data partitions, 20 repeated runs, comparison with seven diagnostic methods, con-
fusion matrix analysis, and computational-time evaluation are used to assess the
diagnostic performance and run-to-run variability of the proposed method.

The remainder of this paper is organized as follows: Section 2 reviews relevant research
on rolling bearing fault diagnosis, signal decomposition, feature extraction, and intelligent
classification; Section 3 presents in detail the proposed fault diagnosis framework for
rolling bearings based on adaptive decomposition and impact feature enhancement fusion,
including the overall framework, adaptive decomposition method, and impact feature
enhancement strategy; Section 4 introduces the experimental dataset and validates the
effectiveness of the proposed method from aspects such as signal preprocessing results and
fault diagnosis performance; finally, Section 5 summarizes the entire work.

2. Related Work
In the field of rolling bearing fault diagnosis, vibration signals usually exhibit non-

linear, non-stationary, and noise-contaminated characteristics under varying load–speed
operating conditions. Therefore, many researchers have focused on signal decomposi-
tion, feature extraction, and intelligent classification methods. In signal decomposition,
Huang et al. [11] proposed empirical mode decomposition (EMD), which can adaptively
decompose nonlinear and non-stationary signals into several intrinsic mode functions. Li
et al. [12] proposed a VMD-FRFT-based rolling bearing fault diagnosis method to improve
fault feature extraction in the early fault stage. Miao et al. [13] developed an improved
VMD method for bearing fault diagnosis, which enhanced the ability to extract weak fault
information. To solve the problem of VMD parameter selection, intelligent optimization
algorithms have been introduced in recent studies. Fu et al. [14] proposed a kurtosis-based
global VMD optimization method to extract weak bearing fault features under heavy noise.
Wang et al. [15] proposed an SSA-optimized VMD and gray wolf optimization extreme
learning machine model, which improved the diagnostic accuracy of rolling bearings.
These studies indicate that optimization algorithms can improve VMD performance, but
many existing fitness functions, such as envelope entropy and sample entropy, mainly
measure signal complexity and may be insufficiently sensitive to transient impact features.

In terms of fault classification, the kernel extreme learning machine (KELM) has been
widely used due to its fast training speed and strong nonlinear mapping ability. Li et al. [16]
proposed a rolling bearing fault diagnosis method based on VMD and an improved KELM,
achieving good classification performance. In addition, swarm intelligence algorithms have
been used to optimize classifier parameters. Zhang et al. [17] employed a kurtosis-criterion-
based VMD and a modulo square threshold to enhance bearing fault feature extraction
under noisy conditions. However, the classification performance of KELM still depends on
kernel parameters and regularization coefficients, and improper parameter settings may
reduce model stability. More recently, several studies have further investigated the integra-
tion of adaptive signal processing and intelligent fault feature extraction. Koca et al. [18]
combined VMD-based noise suppression with Transformer-based feature representation
and rCCA-enhanced correlation modeling for bearing fault classification. Ren et al. [19]
proposed a CEEMDAN-IAWT method to suppress noise interference and preserve useful
fault information in rolling bearing vibration signals. Xia et al. [20] developed a hybrid
diagnosis model combining optimized VMD with fuzzy dispersion entropy to improve
nonlinear fault feature representation. Tian et al. [21] introduced an improved PSO-VMD
method with multidimensional evaluation indices for bearing fault diagnosis in a crane
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amplitude-changing mechanism. Liu et al. [22] combined SSA-VMD with MCKD to en-
hance periodic impulsive components and improve rolling bearing fault feature extraction.
These studies demonstrate that adaptive decomposition, component evaluation, and impact
enhancement can improve fault diagnosis performance, but most methods mainly focus
on one processing stage and do not fully establish the information-transfer relationship
between front-end signal decomposition and back-end classifier optimization.

In addition to methods combining signal decomposition with shallow classifiers, ap-
proaches that learn fault-sensitive representations directly from raw signals or time–frequency
representations have received increasing attention. Mallat et al. [23] proposed the wavelet
scattering transform, which constructs multiscale signal representations with translation
stability through cascaded wavelet convolutions; however, its fixed filter structure limits its
adaptability to different data distributions. Vincent et al. [24] developed stacked denois-
ing autoencoders to learn robust nonlinear latent features from noise-contaminated data,
although the reconstruction objective is not completely consistent with the fault classifi-
cation objective. Hochreiter et al. [25] proposed the LSTM network, which can effectively
capture long-term temporal dependencies in vibration sequences, but it generally requires
more training data and computational resources and provides limited interpretability.
Tasdemir et al. [26] compared statistical-feature-based machine learning methods with a
raw-waveform CNN–Attention model and demonstrated that direct waveform learning
can preserve dynamic information, although the model and training procedures are more
complex. Yilmaz et al. [27] combined continuous wavelet transforms with CNN, BiGRU, a
state-space model, and an autoencoder for UAV vibration anomaly detection, improving
the joint learning of multiscale time–frequency and temporal features at the expense of
increased computational complexity. Altunkaya et al. [28] integrated a semi-analytical
model, a machine learning surrogate, and intelligent optimization, demonstrating the
advantages of mechanism–data integration, although their study was not concerned with
rotating-machinery fault diagnosis. Konar et al. [29] compared MLP, 1D-CNN, LSTM, and
attention-based models and showed that different architectures have different capabilities
for learning nonlinear and temporal features, while their performance remains sensitive to
data size and parameter settings.

More recently, researchers have continued to investigate the coordinated integration of
adaptive signal decomposition and intelligent feature learning. Li et al. [30] introduced the
Newton–Raphson-Based Optimization algorithm to optimize the key parameters of VMD
and developed a WDCNN–Informer dual-branch architecture to fuse local impulsive fea-
tures with global temporal dependencies. This method improves the completeness of fault
representation and the diagnostic capability under noisy conditions; however, the multi-
branch deep network increases model complexity and computational cost, while its internal
decision process remains difficult to interpret. Liu et al. [31] proposed a Levy–Cauchy
Optimized Sparrow Search Algorithm to adaptively determine the VMD mode number and
penalty factor and subsequently employed a CNN–BiLSTM model to extract local patterns
and long-term temporal information from the decomposed signals. The method improves
the adaptability of VMD parameter selection and the robustness of fault classification, but
its performance remains dependent on the selected fitness function, network architecture,
training-data scale, and hyperparameter configuration. These recent studies show that
rolling bearing fault diagnosis is developing toward adaptive decomposition, multilevel
feature fusion, and intelligent classification. Nevertheless, several challenges remain, in-
cluding the stable optimization of decomposition parameters under varying load–speed
and noise conditions, the reliable selection of fault-sensitive modes, the effective transfer
of information between front-end signal decomposition and back-end classification, and
balancing diagnostic accuracy, robustness, interpretability, and computational cost.
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In summary, existing bearing fault diagnosis methods can be broadly divided into
decomposition-based interpretable methods and automatic feature learning methods.
Decomposition-based methods provide explicit signal-processing stages and physically
meaningful fault indicators, but they are sensitive to decomposition and classifier parame-
ters. Learned-feature approaches can automatically extract multiscale, nonlinear, or tempo-
ral representations, but their performance is often affected by model architecture, training
data, and computational cost. To address these issues, this study establishes a unified
framework that combines SABO-VMD adaptive decomposition, kurtosis–correlation-based
fault-sensitive IMF selection, nine-dimensional time-domain feature construction, and
MFOA-KELM classification, thereby incorporating these symmetry-related structures into
parameter optimization, modal decomposition, and fault classification.

3. Methods
3.1. Overall Framework of the Proposed Method

To improve the extraction of fault-related information from nonlinear and non-
stationary vibration signals and enhance fault identification performance, a rolling bearing
fault diagnosis method based on adaptive decomposition and impact feature enhancement
fusion is proposed. The proposed framework integrates adaptive signal decomposition,
impact feature enhancement, feature fusion, and intelligent fault classification into a uni-
fied diagnostic scheme. The population update of SABO is invariant to the ordering of
search agents, VMD exhibits equivalence under permutation of mode labels, and KELM
constructs the sample similarity matrix using a symmetric kernel function. These symmetry-
related properties provide structural consistency among parameter optimization, modal
decomposition, and fault classification. By combining parameter-adaptive decomposition,
fault-sensitive feature enhancement, and symmetry-related algorithmic structures, the
proposed method can effectively improve the representation capability of fault features
and the accuracy of rolling bearing fault diagnosis. The overall framework of the proposed
method is shown in Figure 1.

Figure 1. Overall Framework of the Proposed Rolling Bearing Fault Diagnosis Method.
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The overall framework of the proposed rolling bearing fault diagnosis method based
on adaptive decomposition and impact feature enhancement fusion is illustrated in Figure 1,
and the detailed procedure can be summarized as follows.

(1) Different types of rolling bearing fault signals are first input into the adaptive
decomposition framework. Taking kurtosis as the fitness evaluation index, the SABO
algorithm is employed to optimize the key parameters of VMD, including the penalty
factor and the number of decomposition modes, thereby obtaining the optimal parameter
combination [α, K].

(2) The optimized parameter combination is then introduced into VMD to adaptively
decompose the original fault signal into multiple IMF components. The kurtosis values
and correlation characteristics of each IMF component are subsequently evaluated, and
the component containing the most significant impulsive fault information is selected to
achieve impact feature enhancement.

(3) Based on the selected optimal IMF component, representative time-domain features
are extracted, including the mean value, variance, peak value, kurtosis, root mean square,
crest factor, impulse factor, waveform factor, and margin factor. These features are fused to
construct the rolling bearing fault feature vector set.

(4) To further improve fault identification performance, the MFOA is employed to op-
timize the kernel parameter and regularization coefficient of the KELM classifier. Through
iterative search, the optimal classifier parameters are obtained, enhancing both classification
accuracy and generalization capability.

(5) The constructed fault feature vector set is divided into mutually independent
training, validation, and testing subsets. The training subset is used to train candidate
KELM classifiers, whereas the validation subset is used to calculate the MFOA fitness value
and determine the optimal KELM parameters. After parameter optimization, the training
and validation subsets are combined to retrain the final KELM classifier. The independent
testing subset is used only for final fault state identification and performance evaluation.

3.2. Adaptive Decomposition Method

Rolling bearing vibration signals usually exhibit strong nonlinearity, non-stationarity,
and noise interference under varying load–speed operating conditions. Directly extracting
fault features from raw signals often leads to information loss and reduced diagnostic
accuracy. Therefore, an adaptive decomposition method is adopted to separate fault-
related components from complex vibration signals and enhance the representation of
fault characteristics.

In the proposed framework, Variational Mode Decomposition (VMD) is employed
to decompose the original vibration signal into several intrinsic mode functions (IMFs)
with different frequency characteristics. Since the decomposition performance of VMD
is highly dependent on the penalty factor and the number of decomposition modes, the
Subtraction-Average-Based Optimizer (SABO) is introduced to adaptively optimize these
key parameters. By combining SABO with VMD, the optimal decomposition results can
be obtained while effectively reducing mode mixing and over-decomposition. The overall
adaptive decomposition process is illustrated in Figure 1.

To better describe the proposed adaptive decomposition framework, the principles of
VMD [3] and SABO [7] are introduced in the following subsections.

First, the original signal s(t) is analytically decomposed into K finite-bandwidth modal
functions through the Hilbert transform to obtain the single-sideband spectrum uk(t). An
exponential term containing the center frequency wk(t) is introduced to modulate uk(t),
thereby shifting the frequency spectrum of uk(t) to the baseband.
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Second, the bandwidth of uk(t) is estimated by calculating the gradient L2-norm of the
modulated signal, and the variational model with constraints is constructed by Equation (1).

min{uk},{ωk}

{
∑
k

∂k

∥∥∥∥[(δ(t) +
j

πt

)
∗ uk(t)

]
e−jωkt

∥∥∥∥2

2

}
s.t.∑

k
uk = s(t)

, (1)

where {uk} and {wk} represent the modal component set and the center frequency set,
respectively; ∂t is the partial derivative operator; and “∗” denotes the convolution operator.
δ(t) is the unit impulse function.

Third, by introducing the Lagrange multiplier λ(t) and the quadratic penalty term a,
the augmented Lagrange expression can be obtained by Equation (2).

L({uk}, {ωk}, λ) = a∑
k

∂k

∥∥∥∥[(δ(t) +
j

πt

)
∗ uk(t)

]
e−jωkt

∥∥∥∥2

2
+∥∥∥∥ f (t)− ∑

k
uk(t)

∥∥∥∥2

2
+

〈
λ(t), f (t)− ∑

k
uk(t),

〉 (2)

Fourth, the alternating direction multiplier method is employed to iteratively update
the modal component set and the center frequency set until the optimal solution of the
variational model is obtained, thereby realizing the decomposition of the original signal s(t).

After the VMD is completed, in order to extract the most impactful information
components, this paper uses the kurtosis–correlation coefficient criterion [32] to evaluate
each IMF component. Kurtosis can reflect the strength of the impact components in the
signal, and it can be defined by Equation (3).

K =
1
N

N

∑
i=1

(
s(i)− µ

σ

)4

, (3)

where µ is the mean value, s(i) is the vibration amplitude corresponding to the discrete
point of the time-domain waveform sequence, N is the number of discrete sequence points,
and σ is the standard deviation.

According to the kurtosis formula, when the standard deviation σ of the signal de-
creases, that is, when the fluctuation or dispersion degree of the signal decreases, the
kurtosis value correspondingly increases. When the kurtosis value approaches 3, it indi-
cates that the distribution of the vibration signal is close to a normal distribution, which
means that the operating unit is in a normal operating condition without faults. Once
impact or abnormal signals appear in the signal, the overall distribution of the vibra-
tion signal deviates from the normal distribution, thereby causing the kurtosis value to
increase significantly.

Because kurtosis is sensitive to abnormal impacts, the correlation coefficient R is
introduced as an index to quantify the degree of correlation between the IMF component
and the original signal. It can be calculated by Equation (4).

R =

N
∑

i=1
(xi − x)(s(i)− s)√

N
∑

i=1
(xi − x)2 N

∑
i=1

(s(i)− s)2

, (4)

where x and s are the expectations of x and s, respectively. The closer the absolute value of
R is to 1, the stronger the correlation between the variables. After VMD, the correlation
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coefficient is first used to evaluate the degree of information preservation between each
IMF and the original vibration signal. Kurtosis is then employed to characterize the
impulsiveness of each IMF. By jointly considering the two indicators, the single IMF
component with the best comprehensive performance is selected as the fault-sensitive
component for subsequent feature extraction and fault classification. The selected IMF
index is determined using the training data and is then fixed for the validation and testing
sets to prevent testing information from influencing feature selection.

This paper uses SABO to optimize the VMD parameters. SABO is a mathematical
behavior-based optimization algorithm that updates the spatial positions of group members
using the subtractive average value. It has a fast convergence speed and strong optimization
ability. The specific optimization process is as follows:

Firstly, each optimization problem has a search space, which is a subset of the di-
mensional space, and the dimension d is equal to the number of decision variables of
the given problem. Based on its position in the search space, the algorithm search agent
determines the values of the decision variables. Therefore, each search agent contains
information about the decision variables. The population is randomly initialized according
to Equations (5) and (6).

X =


X1

X2
...

XN


N×n

=


x1,1 . . . x1,d . . . x1,n

x2,1 . . . x2,d . . . x2,n
...

. . .
...

. . .
...

xN,1 . . . xN,d . . . xN,n


N×n

, (5)

xi,d = lb,d + ri,d(ub,d − lb,d), (6)

In Equation (5), X is the SABO population matrix, Xi is the i-th search agent (pop-
ulation member), and xb,d is the dimensional decision variable in the search space. N is
the number of search agents, m is the number of decision variables, and r is a random
number within [0, 1]. ub,d and lb,d represent the upper and lower bounds of the decision
variables, respectively.

The objective function of each search agent represents a candidate solution of the
decision variables, and the objective function is expressed by Equation (7).

F =


F1

F2
...

FN


N×1

=


F(X1)

F(X2)
...

F(XN)


N×1

, (7)

In Equation (7), F is the vector of objective function values, and Fi is the evaluation
value of the objective function based on the i-th search agent.

The SABO algorithm can effectively avoid falling into local optimal solutions, which
is defined by Equation (8).

A − vB = sign[F(A)− F(B)](A − v ∗ B), (8)

In Equation (8),
→
v is a vector with dimension m, and “∗” represents the Hadamard

product of two vectors. F(A) and F(B) are the objective function values of A and
B, respectively.
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In the algorithm, the updated position Xnew
i of each search agent Xi is obtained by

averaging the v-subtraction operation. The update formula is expressed by Equation (9).

Xnew
i = Xi + τi ·

1
N

N

∑
j=1

(Xj − Xi), i = 1, 2, . . . , N, (9)

For the update of Equation (9), the updated candidate position of Xi can be obtained
by Equation (10). when the condition is satisfied, one update is completed; otherwise, the
result is discarded, and one iteration is completed.

Xi =

Xnew
i , Fnew

i < Fi

Xi, else
, (10)

The decomposition performance of VMD is jointly affected by the mode number K and
penalty factor α. Inappropriate parameter settings may lead to under-decomposition, over-
decomposition, or mode mixing, thereby affecting the extraction of impulsive characteristics
from rolling bearing fault signals. To reduce the dependence of VMD parameters on
empirical selection, the Subtraction-Average-Based Optimizer (SABO) is employed to
jointly optimize K and α. The kurtosis of the decomposed IMF components is used as the
fitness criterion so that the optimized decomposition can emphasize the transient impacts
generated by localized bearing faults. The SABO-based VMD parameter optimization
procedure is summarized in Algorithm 1.

Algorithm 1: SABO-Based Optimization of VMD Parameters

Input:
Training vibration signal s(t)
Search ranges K ∈ [3, 10] and α ∈ [100, 1500]
Population size N = 20
Maximum number of iterations T = 20

Output:
Optimal VMD parameters (K*, α*)
IMF set {u1, u2, . . . , uK∗}

1: Initialize the SABO population Xi = [Ki, αi], i = 1, 2, . . ., N
2: for t = 1 to T do
3: for i = 1 to N do
4: Round Ki to the nearest integer
5: Apply boundary constraints to Ki and αi

6: Decompose s(t) using VMD with [Ki, αi]

7: Calculate the kurtosis of each IMF component
8: Evaluate the kurtosis-based fitness of Xi

9: end for
10: Record the current optimal solution
11: Update the population using the SABO subtraction-average strategy
12: end for
13: Output the optimal parameter combination (K*, α*)
14: Decompose s(t) using VMD with (K*, α*)
15: Obtain the optimal IMF set {u1, u2, . . . , uK∗}
16: return (K∗, α∗) and {u1, u2, . . . , uK∗}
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The specific steps for optimizing the VMD parameters using SABO are as follows:
(1) Obtain the original vibration signals from the rolling bearing training set, initialize

the SABO population, and determine the search ranges of the VMD parameters, namely
K ∈ [3, 10] and α ∈ [100, 1500].

(2) Each search agent represents a candidate VMD parameter combination [K, α]. The
different candidate parameter combinations are successively substituted into VMD to de-
compose the rolling bearing vibration signals and obtain the corresponding IMF components.

(3) Calculate the kurtosis of each IMF under every candidate parameter combination
and determine the fitness of the candidate solution according to the kurtosis evaluation.
A larger kurtosis indicates that the corresponding decomposition result contains more
prominent transient impact characteristics.

(4) Update the search agents according to the subtraction-average position-update
mechanism of SABO. The updated value of K is rounded to the nearest integer, and
boundary constraints are applied when K or α exceeds the predefined search range.

(5) After each iteration, update and retain the current optimal fitness value and its
corresponding parameter combination. The VMD, fitness evaluation, and population
update processes are repeated until the maximum number of iterations is reached.

(6) Output the optimal parameter combination [K∗, α∗], and substitute it into VMD to
decompose the rolling bearing fault signal into K∗ IMF components. The kurtosis and corre-
lation coefficient of each IMF are then calculated, and a single fault-sensitive IMF is selected
for nine-dimensional time-domain feature extraction and subsequent fault classification.

In this study, the SABO population size and maximum number of iterations are
both set to 20 to balance parameter-search capability and computational cost. The search
ranges of the VMD mode number K and penalty factor α are set to 3–10 and 100–1500,
respectively. Since K is a discrete parameter, it is rounded during each iteration, whereas α

is continuously updated according to the SABO position-update results. The final optimal
parameter combination is consistently applied to the training, validation, and testing signals
to ensure that all data subsets follow the same signal-decomposition procedure.

3.3. Impact Feature Enhancement Method

In this paper, the Moth-Flame Optimization Algorithm (MFOA) is employed to jointly
optimize the regularization coefficient C and kernel parameter σ of KELM [9]. MFOA [10]
simulates the spiral flight behavior of moths around flames, in which the position of
each moth represents a candidate KELM parameter combination [Ci, σi], whereas the
flame represents a high-quality solution obtained during the current optimization process.
Through iterative fitness evaluation and position updating, MFOA searches for the optimal
parameter combination and thereby improves the fault classification performance of KELM.

To prevent the testing set from participating in model selection, the training set is used
to train KELM under each candidate parameter combination, whereas the validation set is
used to evaluate the corresponding classification performance. The validation classification
error is employed as the MFOA fitness value. The independent testing set is not involved
in fitness calculation or parameter optimization and is used only for the final evaluation of
the optimized classifier.

1. Initialize the moth population. The moth population can be represented using the
matrix of Formula (11).

M =


m11 m12 · · · m1d

m21 m22 · · · m2d
...

...
. . .

...
mn1 mn2 · · · mnd

, (11)
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In the Formula (11), n represents the population size of moths; d represents the
dimension of the input data [10];

2. Conduct fitness evaluation for the moth population. The fitness value vector can be
expressed by Formula (12).

OM =


OM1

OM2
...

OMn

, (12)

3. Repeat the following process until the stopping criterion is met:
(1) Adaptively update the number of flames n. When the iteration count is 1, the

number of moths is equal to the number of flames;
(2) Sort the fitness of the moth population and select the n moths with the better fitness

as the flames;
(3) Update the search parameters of the moths;
(4) Update the positions of the moths based on the corresponding flames and the flight

parameters of each moth. The moth position matrix can be expressed by Formula (13).

F =


F11 F12 · · · F1d

F21 F22 · · · F2d
...

...
. . .

...
Fn1 Fn2 · · · Fnd

, (13)

The equation for the mechanism of updating the position of each moth relative to the
flame can be expressed by Formula (14).

Mi = S(Mi, Fj) , (14)

where Mi represents the i-th moth, Fj represents the j-th flame, and S denotes the spiral
function, it can be expressed by Formula (15).

S(Mi, Fj) = Di · ebt · cos(2πt) + Fj , (15)

where Di represents the distance between the i-th moth and the j-th flame; b is a constant
defining the logarithmic spiral shape; and the path coefficient t is a random number within
[−1, 1]. The expression of Di is given by Formula (16).

Di =
∣∣Fj − Mi

∣∣, (16)

4. Output the obtained optimal solution (flame).
Kernel extreme learning machine is a machine learning algorithm that combines the

kernel method with the extreme learning machine. Extreme learning machine is a fast
single-hidden-layer feedforward neural network, characterized by randomly generating
the weights and biases of the hidden layer and then using the least-squares method to
solve the output weights. The kernel extreme learning machine introduces the idea of
kernel function on this basis, thereby improving the generalization ability of the algorithm
and its ability to handle nonlinear problems. The kernel extreme learning machine can
enhance the prediction performance of the model while retaining the advantages of extreme
learning machine. This paper uses the optimized kernel extreme learning machine as a
fault diagnosis model to diagnose and predict faults.

In the extreme learning machine (ELM), the weights w and biases b of the hidden
neurons are randomly generated. The connection weight β from the input layer to the
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output layer is solved by the least-squares method. The activation function of the hidden
layer is denoted as g(·) , and the linear transformation from the input layer to the hidden
layer is expressed by Formula (17).

hi = g(wi · x + bi), (17)

where wi is the weight vector from the input layer to the i-th hidden neuron, and bi is the
bias of the i-th hidden neuron.

For N samples, the hidden layer output can be represented by Formula (18).

H = [h(x1), h(x2), . . . , h(xN)]
T , (18)

The objective of ELM is to obtain the output weight β by minimizing the output error.
KELM introduces a kernel function K(xi, xj) on the basis of ELM to directly calculate the
similarity between samples. The kernel matrix can be defined by Formula (19).

K(xi, xj) = h(xi) · h(xj) , (19)

Therefore, the kernel matrix K can be gained by Formula (20).

K = HHT , (20)

After obtaining the kernel matrix K, the output weight β can be calculated by
Formula (21).

β =

(
K +

I
C

)−1
Y , (21)

where I denotes the identity matrix, and C is the regularization coefficient used to balance
model complexity and generalization ability.

For a new input sample xnew, the prediction result is obtained by calculating the
kernel similarity between the new sample and the training samples, it can be gained by
Formula (22).

ŷnew = K(xnew, Xtrain)β , (22)

The setting of the penalty coefficient C and the kernel function σ directly affects the
diagnostic results of KELM. Reasonable setting of the value of C will reduce the randomness
of the model, and σ will influence the scope of action of the kernel function. MFOA is
introduced to optimize the regularization coefficient C and kernel parameter σ of KELM,
aiming to obtain a KELM model with the optimal parameter configuration and improve
the accuracy of fault diagnosis. The optimization process is shown in Figure 1. MFOA is
introduced to optimize the regularization coefficient C and kernel parameter σ of KELM.

The regularization coefficient C is used to balance the fitting error and model com-
plexity, whereas the kernel parameter σ determines the effective mapping range of the
radial basis kernel function. Therefore, MFOA is introduced to jointly optimize these two
parameters. The optimal parameter combination obtained by MFOA is assigned to KELM
to improve its classification performance for different rolling bearing fault states.

The fault diagnosis of rolling bearings based on the optimized KELM is divided into
5 steps:

(1) Determine the structure of the KELM classifier and initialize the MFOA parameters,
including the moth population, maximum number of iterations, and the search ranges
of the regularization coefficient C and kernel parameter σ.

https://doi.org/10.3390/sym18081282

https://doi.org/10.3390/sym18081282


Symmetry 2026, 18, 1282 13 of 25

(2) Initialize the moth population. Each moth represents a candidate KELM parameter
combination [Ci, σi]. For each candidate solution, the training feature set is used to
train the corresponding KELM classifier.

(3) Evaluate the classification performance of each candidate KELM model using the
validation feature set. The validation classification error is used as the fitness value.
The moths are then sorted according to their fitness values, and the better moth
positions are selected as flames.

(4) Calculate the distance between each moth and its corresponding flame, and update
the moth positions according to the logarithmic spiral search mechanism. Repeat the
fitness evaluation and position update until the maximum number of iterations is
reached, and output the optimal regularization coefficient C∗ and kernel parameter σ∗.

(5) After the optimal parameters are obtained, combine the training and validation feature
sets to retrain the final KELM classifier. The independent testing feature set is then
used for final fault classification and performance evaluation, and the corresponding
rolling bearing fault category is output.

3.4. Adaptive Decomposition and Impact Feature Enhancement Fusion Method

The proposed adaptive decomposition and shock feature enhancement fusion
method in this paper consists of four modules: SABO-VMD adaptive decomposition,
kurtosis–correlation IMF filtering, nine-dimensional time-domain feature fusion, and
MFOA-KELM classification. SABO optimizes VMD parameters by leveraging the subtrac-
tion average relationship among search individuals, and its overall update result is not
affected by the order of individual arrangement; VMD is equivalent under modal number
permutation; and KELM constructs the sample similarity matrix using a symmetric kernel
function. These symmetric correlation structures correspond to the damage of the approxi-
mate periodic response of healthy bearings caused by localized faults, thereby integrating
adaptive decomposition, shock feature enhancement, and intelligent classification into
the same diagnostic framework. To better illustrate the implementation process of the
proposed adaptive decomposition and impact feature enhancement fusion method, the
complete fault diagnosis procedure is shown in Algorithm 2 and Figure 2.

Figure 2. Specific process of the fault diagnosis method.
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Algorithm 2: Adaptive Decomposition and Impact Feature Enhancement
Fusion Method

Input:
Training signals Str and labels Ytr

Validation signals Sval and labels Yval

Testing signals Ste and labels Yte

VMD parameter ranges K ∈ [Kmin, Kmax] and α ∈ [αmin, αmax]

SABO population size Ns and maximum iterations Ts

KELM parameter ranges C ∈ [Cmin, Cmax] and σ ∈ [σmin, σmax]

MFOA population size Nm and maximum iterations Tm

Output:
Predicted fault labels Ŷte

Optimal parameters (K*, α*, C*, σ*)
1: Initialize the SABO population

Xi = [Ki, αi], i = 1, 2, · · · , Ns

2: for t = 1 to Ts do
3: for i = 1 to Ns do
4: Round Ki to the nearest integer and apply boundary constraints
5: Decompose Str using VMD with candidate parameters (Ki, αi)
6: Obtain IMF set Ui =

{
ui,1(t), ui,1(t), · · · , ui,Ki (t)

}
7: Calculate the kurtosis-based VMD fitness Ji

8: end for
9: Record the current optimal parameter combination
10: Update Xi using the SABO subtraction-average strategy
11: end for
12: Obtain the optimal VMD parameters (K*, α*)
13: Decompose Str, Sval, and Ste using VMD with (K*, α*)
14: Obtain IMF sets Utr, Uval, and Ute

15: for k = 1 to K* do
16: Calculate the kurtosis Kuk of the k-th training IMF
17: Calculate the correlation coefficient Rk of the k-th IMF and the original training
signal
18: end for
19: Select the single fault-sensitive IMF index K*

according to the kurtosis–correlation criterion
20: Fix K* for the training, validation, and testing sets
21: Obtain utr,K∗ , uval,K∗ and ute,K∗

22: Extract nine time-domain features from each selected IMF:
f = [Mean, Variance, Peak, Kurtosis, RMS, Crest Factor, Impulse Factor, Waveform

Factor, Margin Factor]
23: Construct the feature sets Ftr, Fval, and Fte

24: Initialize the moth population
Mi = [Ci, σi], i = 1, 2, 3, · · · , Nm

25: for t = 1 to Tm do
26: for i = 1 to Nm do
27: Train a candidate KELM using Ftr, Ytr, Ci, and σi

28: Calculate the validation accuracy Accval,i using Fval

29: Calculate the MFOA fitness: Fi = 1 − Accval,i

30: end for
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Algorithm 2: Cont.

31: Sort the moths according to Fi and determine the flame positions
32: Update Mi using the logarithmic spiral search mechanism
33: Record the current optimal KELM parameters
34: end for
35: Obtain the optimal KELM parameters (C*, σ*)
36: Combine Ftr with Fval and combine Ytr with Yval

37: Retrain the final KELM using (C*, σ*)
38: Predict the testing labels Ŷte using Fte

39: Evaluate the final fault diagnosis performance using Ŷte and Yte

40: return Ŷte and (K*, α*, C*, σ*)

From the Algorithm 2 and Figure 2, it is not difficult to find that the adaptive decom-
position and impact feature enhancement fusion method involves three steps. First, SABO
jointly optimizes the VMD mode number K and penalty factor α using kurtosis as the fitness
criterion, and the fault signal is decomposed using the obtained optimal parameters. Sec-
ond, a single fault-sensitive IMF is then selected according to kurtosis and correlation, from
which nine time-domain features are extracted to construct the fused feature vector. Final,
MFOA optimizes the KELM regularization coefficient C and kernel parameter σ using the
validation classification error as the fitness value, and the optimized KELM is employed for
final fault identification. The fault-sensitive IMF and fused feature vector connect front-end
representation optimization with back-end classification optimization, forming a complete
diagnostic chain of adaptive decomposition, impact feature enhancement, feature fusion,
and fault identification.

4. Experiments
4.1. Dataset Description

The experimental data used in this study were obtained from the Case Western Re-
serve University (CWRU) rolling bearing dataset. The 12 kHz drive-end vibration signals
collected from the SKF6205 bearing were selected. Four load–speed operating conditions
were considered: 0 hp at approximately 1797 r/min, 1 hp at approximately 1772 r/min,
2 hp at approximately 1750 r/min, and 3 hp at approximately 1730 r/min. Under each
operating condition, the data included the normal condition, inner-race fault, outer-race
fault, and rolling element fault. The inner-race, outer-race, and rolling element faults each
contained three fault diameters of 0.1778 mm, 0.3556 mm, and 0.5334 mm. Therefore, ten
bearing-health categories were considered under each load–speed condition, including one
normal category and nine fault categories.

To ensure the completeness of the data construction procedure and prevent adjacent
or overlapping signal segments from appearing in different data subsets, the original
continuous vibration signals were first divided chronologically into mutually exclusive
training, validation, and testing intervals. A guard interval containing no fewer than
1024 sampling points was retained between the training and validation intervals and
between the validation and testing intervals. The samples within the guard intervals
were not used for data construction. Sliding-window segmentation was then performed
separately within the three data intervals. Each signal sample contained 1024 consecutive
sampling points, corresponding to approximately 0.0853 s at a sampling frequency of
12 kHz. The sliding-window stride was set to 512 points, resulting in a 50% overlap
between adjacent windows. Window overlap occurred only within the same data subset.
No window crossed the boundary of the training, validation, testing, or guard intervals,
and no adjacent or overlapping windows were shared among the three data subsets.
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For each fault category, 72 training samples, 18 validation samples, and 30 testing
samples were generated, resulting in 120 samples per category. A total of 1200 samples
were constructed for the ten categories, including 720 training samples, 180 validation
samples, and 300 testing samples. The dataset partitioning was completed before signal de-
composition, IMF evaluation, feature extraction, and classifier optimization and remained
fixed throughout all experiments. The training set was used for model fitting, the validation
set was used for parameter selection, and the independent testing set was used only for
final performance evaluation. All comparison methods employed exactly the same original
signal intervals, window length, window stride, sample sizes, subset partitions, and class
labels to ensure a fair comparison.

In order to further analyze the differences in vibration characteristics of rolling bearings
under different operating conditions, this paper conducted time-domain and frequency-
domain analyses of the vibration signals under normal and faulty conditions. The corre-
sponding results are shown in Figures 3 and 4. Compared with the vibration signals under
normal conditions, the vibration amplitude of the faulty signals significantly increases, and
the waveform periodic characteristics also undergo significant changes. As can be seen from
Figures 3 and 4, there are obvious differences in the time-domain and frequency-domain
characteristics between the normal equipment signals and the faulty equipment signals. In
the time-domain waveform, the normal signals are generally stable overall, with relatively
small vibration amplitudes and a relatively stable periodic change pattern, and no obvious
impact vibration phenomenon is observed. In contrast, the vibration amplitude of the
faulty signals significantly increases, the waveform fluctuation is more intense, and there
are also strong random impact components, indicating abnormal mechanical vibrations
during equipment operation. In the frequency-domain characteristics, the frequency energy
of the normal signals is mainly concentrated in the low-frequency region, and the spectral
distribution is relatively simple; while the faulty signals have obvious frequency peaks near
the fundamental frequency, and there are also more frequency components and wide-band
energy aggregation phenomena in the medium- and high-frequency regions, indicating
that the vibration signals contain strong impact modulation characteristics.

Figure 3. Time- and Frequency-Domain Representations of an IR007 Inner-Race Fault Signal at 0 HP
and 1797 r/min.
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Figure 4. Time- and Frequency-Domain Representations of a Normal Bearing Signal.

4.2. Signal Preprocessing Results Based on Adaptive Decomposition

The decomposition effect of VMD is jointly influenced by the penalty factor and
the number of modal components. Inappropriate parameter settings can easily lead to
modal aliasing or over-decomposition, thereby affecting the effect of fault feature extraction.
To improve the adaptive ability of VMD parameter selection, this paper uses SABO to
optimize the VMD parameters [α, K]. Specifically, the search range for the number of
modal components K is set to [3, 10], the search range for the penalty factor α is set to
[100, 1500], the population size is set to 20, and the maximum number of iterations is set
to 20. Parameter optimization is carried out. Figure 5 presents the SABO-based VMD
parameter optimization process for the IR007 inner-race fault signal under the 0 HP and
1797 r/min operating condition. As shown in Figure 5, the kurtosis-based fitness value
converged to 7.71693 after four iterations. The optimal VMD parameters obtained were a
mode number of K = 4 and a penalty factor of α = 725.

Figure 5. SABO-VMD Optimization Curve for IR007 at 0 HP and 1797 r/min.

To analyze the influence of different operating conditions on the VMD perfor-
mance, the 0.007-inch inner-race fault (IR007) signals were selected as the research ob-
jects. The vibration signals under four load–speed conditions, namely 0 HP–1797 r/min,
1 HP–1772 r/min, 2 HP–1750 r/min, and 3 HP–1730 r/min, were decomposed using VMD.
The corresponding frequency-domain decomposition results for K = 3, K = 4 and K = 5 are
shown in Figures 6, 7 and 8 respectively.
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Figure 6. VMD frequency-domain decomposition results with K = 3 under four load–speed operating
conditions: (a) 0 HP and 1797 r/min; (b) 1 HP and 1772 r/min; (c) 2 HP and 1750 r/min; and (d) 3 HP
and 1730 r/min.

Figure 7. VMD frequency-domain decomposition results with K = 4 under four load–speed operating
conditions: (a) 0 HP and 1797 r/min; (b) 1 HP and 1772 r/min; (c) 2 HP and 1750 r/min; and (d) 3 HP
and 1730 r/min.
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Figure 8. VMD frequency-domain decomposition results with K = 5 under four load–speed operating
conditions: (a) 0 HP and 1797 r/min; (b) 1 HP and 1772 r/min; (c) 2 HP and 1750 r/min; and (d) 3 HP
and 1730 r/min.

From the VMD frequency-domain decomposition results of the IR007 fault signals
under four different load–speed operating conditions and with different numbers of modes,
as shown in Figures 6–8, it can be seen that when K = 3, the frequency band division of each
IMF component is relatively broad, and there is a significant overlap of some frequency
components, indicating that the VMD is insufficient at this time and that the fault features
are still coupled to some extent with other frequency components; when K = 5, although
the frequency separation ability is further enhanced, the frequency bands of some IMF
components are too close, resulting in the dispersion of fault frequency energy, indicating
that there is a certain over-decomposition problem at this time. In contrast, when K = 4, the
frequency distribution of each IMF component is clearer, and the different frequency bands
have better independence. It can not only effectively separate the low-frequency vibration
components but also relatively completely retain the medium- and high-frequency impact
features, and the modal aliasing phenomenon is significantly reduced.

Based on the analysis of the SABO optimization results, it can be seen that when K = 4,
the IMF4 component has the largest kurtosis value, indicating that this component has the
most obvious impact characteristics and can more effectively represent the periodic impact
information generated by the rolling bearing fault. From the spectral graph, it can also be
observed that IMF4 has a relatively obvious energy concentration and characteristic peak
in the high-frequency region, suggesting that this component contains more abundant fault
feature information. Therefore, considering the modal separation effect, the band indepen-
dence, and the kurtosis feature analysis, after VMD using the optimized parameters, IMF4
was identified as the fault-sensitive component according to the joint kurtosis–correlation
evaluation. and uses it for subsequent fault feature extraction and classification diagnosis.

The kurtosis values and correlation coefficients of each IMF component calculated
are shown in Table 1. The correlation coefficient reflects the similarity between the IMF
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component and the original signal. The larger the correlation coefficient, the more complete
the original fault information retained by the IMF component. As can be seen from Table 1,
the kurtosis values and correlation coefficients of different IMF components show signifi-
cant differences. Among them, the correlation coefficient of IMF4 reaches 0.7816, which
is the maximum among all IMF components, indicating that this component has a high
similarity with the original fault signal and can retain the original vibration information
more completely. Further analysis of the kurtosis values reveals that the kurtosis value
of IMF4 reaches 4.0826, also the maximum among all IMF components, indicating that
the shock characteristics in this component are the most obvious and can better reflect the
transient shock information generated by the rolling bearing fault. Based on the above
analysis results, it can be concluded that when K = 4, the VMD can effectively highlight
the fault shock characteristics while ensuring modal independence. Therefore, this paper
finally selects IMF4 as the best IMF component and conducts subsequent feature extraction
and fault classification analysis on it.

Table 1. Kurtosis Values and Correlation Coefficients.

Modal Component IMF1 IMF2 IMF3 IMF4

Kurtosis Value 3.1247 3.2861 3.5174 4.0826
Correlation Coefficient 0.3142 0.4875 0.6528 0.7816

4.3. Impact Feature Enhancement and Intelligent Fault Identification Results

After the original signal preprocessing based on SABO-VMD was completed, this
paper used the MFOA optimization algorithm to optimize the penalty coefficient C and
the kernel function σ of KELM. The number of optimization iterations was set to 50, the
population size was 10, and the upper and lower bounds were [0, 1000]. The best IMF
component was selected and 9 time-domain features were extracted to form a feature
vector. For each candidate parameter combination, the training feature set was used to train
KELM, whereas the validation classification error was used as the MFOA fitness value. The
independent testing set was used only for final performance evaluation. The fitness curve
of MFOA optimizing KELM is shown in Figure 9.

Figure 9. MFOA-KELM Fitness Curve.

As shown in Figure 9, after 4 iterations, the algorithm fell into a local optimal solution
state, and the fitness value at this time was 0.08750; at the 10th iteration, it broke out of
the local optimal solution and obtained the best solution found during the optimization
process, and the fitness value at this time was 0.00633.
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To further evaluate the average diagnostic performance and run-to-run variability of
different rolling bearing fault diagnosis models, seven methods, including KELM, VMD-
KELM, SABO-VMD-KELM, WS-KELM, SAE-KELM, LSTM, and the proposed SABO-VMD-
MFOA-KELM, were evaluated over 20 independent runs. All methods were tested using
the same training, validation, and testing datasets and the same random seeds to ensure a
fair comparison. The classification accuracy distributions obtained from the 20 independent
runs are presented in Figure 10, while the average classification accuracy, corresponding
standard deviation, and computational time of each method are summarized in Table 2.

Figure 10. Classification Accuracy of Different Fault Diagnosis Methods over 20 Independent Runs.

Table 2. Performance comparison of different rolling bearing fault diagnosis models over 20 indepen-
dent runs.

Model Accuracy (%) Time (s)

KELM 82.37 ± 1.84 1212.43 ± 18.67
VMD-KELM 88.41 ± 1.39 1418.73 ± 21.46

SABO-VMD-KELM 93.29 ± 0.96 1525.81 ± 24.37
WS-KELM 90.87 ± 1.12 1476.29 ± 20.83
SAE-KELM 92.14 ± 1.07 1589.62 ± 26.41

LSTM 94.08 ± 0.89 1664.27 ± 28.93
SABO-VMD-MFOA-KELM 96.73 ± 0.61 1731.47 ± 31.26

As shown in Figure 10, the classification accuracies of all methods exhibit different
degrees of fluctuation over the 20 independent runs. Since all methods used the same
fixed training, validation, and testing sets, these fluctuations mainly resulted from the
stochastic initialization and parameter optimization processes rather than random data
partitioning. Among the compared methods, KELM obtained the lowest average classifica-
tion accuracy of 82.37% ± 1.84%, indicating that directly applying KELM to the original
fault features was insufficient to fully distinguish different bearing fault states. After in-
troducing VMD for signal decomposition, the average accuracy of VMD-KELM increased
to 88.41% ± 1.39%, demonstrating that signal decomposition improved the representation
of fault-related information. The WS-KELM and SAE-KELM methods achieved average
accuracies of 90.87% ± 1.12% and 92.14% ± 1.07%, respectively, showing that multiscale
feature representation and nonlinear latent-feature learning can further enhance fault
classification performance. By employing SABO to optimize the VMD parameters, SABO-
VMD-KELM achieved an average accuracy of 93.29% ± 0.96%, indicating that adaptive
parameter optimization improved the quality of VMD. LSTM achieved an average accuracy
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of 94.08% ± 0.89%, reflecting its ability to learn temporal fault characteristics directly from
vibration sequences.

The proposed SABO-VMD-MFOA-KELM method achieved the highest average classi-
fication accuracy of 96.73% ± 0.61%. Compared with KELM, VMD-KELM, SABO-VMD-
KELM, WS-KELM, SAE-KELM, and LSTM, the average diagnostic accuracy was improved
by 14.36, 8.32, 3.44, 5.86, 4.59, and 2.65 percentage points, respectively. Moreover, the
proposed method obtained the smallest standard deviation among all compared methods,
indicating lower performance fluctuation over the 20 independent runs. As summarized
in Table 2, the average computational time of the proposed method was 1731.47 ± 31.26 s,
which was higher than that of the comparison methods because SABO and MFOA were
employed to optimize the VMD and KELM parameters, respectively. Nevertheless, the
improvement in diagnostic accuracy and the reduction in performance fluctuation demon-
strate that the proposed method achieves an effective balance between classification per-
formance and computational cost. Therefore, the integration of SABO-VMD adaptive
decomposition, fault-sensitive IMF selection, time-domain feature fusion, and MFOA-
KELM classification can effectively improve the fault identification performance of rolling
bearings under the investigated operating conditions.

However, the overall accuracy alone cannot fully reflect the classification capability of
different models for individual fault categories. Therefore, the confusion matrices of the
four models are further analyzed to evaluate the recognition accuracy and misclassification
relationships of each fault type. The corresponding confusion matrix results are shown in
Figure 11.

From the confusion matrix results, it can be seen that using only the KELM model has
obvious misclassification, and the identification confusion between some fault categories
is relatively serious. After introducing VMD for signal decomposition, the classification
accuracy of the VMD-KELM model improved to a certain extent, indicating that VMD can
effectively extract fault feature information. Further optimization of the VMD parameters
using SABO has significantly improved the classification performance of the SABO-VMD-
KELM model, and most fault categories achieved relatively high identification accuracy,
with the misclassification phenomenon significantly reduced. The SABO-VMD-MFOA-
KELM model proposed in this paper has achieved the highest classification accuracy, with
only a very small number of samples misjudged, indicating that optimizing VMD parame-
ters using SABO and the KELM parameters using MFOA, it can more effectively extract
the impact characteristics of rolling bearing faults and improve the model’s classification
ability, thereby verifying the effectiveness and superiority of the proposed method for
rolling bearing fault diagnosis.

Overall, the proposed method constructs a unified fault diagnosis procedure by
integrating SABO-based parameter optimization, VMD-based adaptive decomposition,
kurtosis–correlation-based fault-sensitive IMF selection, and MFOA–KELM classification.
Its main advantage is that VMD can separate fault signals with overlapping frequency
bands and similar characteristics, while the joint kurtosis–correlation criterion emphasizes
fault components with strong impulsiveness and relatively complete information preser-
vation. The subsequent fusion of nine time-domain features and MFOA-based classifier
optimization further improves the representation of stochastic fault information under
complex operating conditions, reduces the misclassification of similar fault categories, and
provides an effective approach for rolling bearing condition monitoring and fault detection.
However, because the proposed method integrates parameter optimization, signal decom-
position, feature selection, and classifier optimization, its computational time is higher than
that of some comparison methods, although it achieves higher fault recognition accuracy
and lower observed run-to-run variability under the current experimental setting.
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Figure 11. Confusion matrix results of different rolling bearing fault diagnosis models: (a) KELM;
(b) VMD-KELM; (c) SABO-VMD-KELM; (d) SABO-VMD-MFOA-KELM.

5. Conclusions
This paper proposes a rolling bearing fault diagnosis method based on adaptive

signal decomposition and intelligent classification fusion. The method was experimen-
tally validated using the CWRU rolling bearing dataset, and we obtained the conclusion
as follows:

(1) SABO was employed to optimize the mode number and penalty factor of VMD, re-
ducing the dependence on empirical parameter selection and improving the decomposition
of fault-related vibration components.

https://doi.org/10.3390/sym18081282
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(2) Kurtosis and correlation coefficients were jointly used to select a single fault-
sensitive IMF component. Nine time-domain features were then extracted to construct the
fault feature vector for subsequent classification.

(3) MFOA was used to optimize the regularization coefficient and kernel parameter
of KELM. Over 20 independent runs, the proposed SABO-VMD-MFOA-KELM method
achieved the highest classification accuracy of 96.73% ± 0.61%, outperforming KELM,
VMD-KELM, SABO-VMD-KELM, WS-KELM, SAE-KELM, and LSTM. Although its com-
putational time increased to 1731.47 ± 31.26 s, the proposed method obtained the highest
accuracy and the smallest standard deviation, demonstrating its effectiveness and relatively
stable diagnostic performance under the investigated operating conditions.
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