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Abstract: The issue of insufficient multi-scale feature extraction and difficulty in accurately
classifying fault features in rolling bearing fault diagnosis is addressed by proposing a
novel diagnostic method that integrates stochastic convolutional neural networks (SCNNs)
and a hybrid kernel extreme learning machine (HKELM). First, the convolutional layers
of the CNN were designed as multi-branch parallel layers to extract richer features. A
stochastic pooling layer, based on a Bernoulli distribution, was introduced to retain more
spatial feature information while ensuring feature diversity. This approach enabled the
adaptive extraction, dimensionality reduction, and elimination of redundant information
from the vibration signal features of rolling bearings. Subsequently, an HKELM classifier
with multiple kernel functions was constructed. Key parameters of the HKELM were
dynamically adjusted using a novel optimization algorithm, significantly enhancing fault
diagnosis accuracy and system stability. Experimental validation was performed using
bearing data from Paderborn University. A comparative study with traditional diagnostic
methods demonstrated that the proposed model excelled in both fault classification accu-
racy and adaptability across operating conditions. Experimental results showed a fault
classification accuracy exceeding 99%, confirming the practical value of the method.

Keywords: stochastic pooling; hyperparameter optimization; hybrid kernel extreme
learning machine

MSC: 68T10

1. Introduction

Bearings are essential components in modern industrial transmission systems, with
their operational status directly influencing the safety and service life of critical equip-
ment [1-3]. However, as the operating time increases, rolling bearings inevitably en-
counter issues such as wear and fatigue, leading to various failure modes. These faults
can significantly reduce system efficiency and potentially result in catastrophic down-
times. Thus, achieving real-time, accurate fault diagnosis of bearings has become a critical
challenge [4-6].

Traditional model-based approaches, while offering clear physical interpretations,
encounter difficulties in establishing accurate models in the presence of the nonlinear
dynamics commonly found in real-world engineering applications. Knowledge-based
methods, which rely on expert experience, historical fault data, and rule databases, face
difficulties in handling unknown fault modes. As fault complexity increases, these methods
often fail to adapt to dynamically changing systems [7].
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With the rapid advancements in artificial intelligence and big data technologies, data-
driven methods have demonstrated notable advantages in machinery fault diagnosis. This
emerging paradigm paves new avenues for fault diagnosis research by uncovering hidden
patterns within operational data [8,9].

Data-driven fault diagnosis techniques involve the deployment of various sensors to
collect operational status information of equipment. Subsequently, advanced signal analy-
sis methods are employed to extract features from the raw data [10,11]. Time—frequency
analysis techniques (such as wavelet decomposition), adaptive signal decomposition meth-
ods (such as variational mode decomposition), and fast Fourier transform (FFT) are widely
used to extract fault characteristics from vibration signals [12,13]. Finally, machine learn-
ing algorithms, such as Bayesian classifiers [14], random forest (RF) [15], support vector
machines (SVMs) [16,17], and artificial neural networks (ANNSs) [18], are utilized for fault
feature classification and recognition.

While these shallow machine learning methods have yielded certain research advance-
ments, with the advent of the big data era, fault diagnosis of rolling bearings is increasingly
characterized by numerous monitoring parameters, high sensor sampling frequencies, long
equipment failure cycles, and large data volumes. Traditional machine learning meth-
ods exhibit clear limitations when handling large-scale monitoring data. These methods
struggle to capture high-order nonlinear features and often fail to generalize effectively.
Furthermore, they typically rely on complex signal preprocessing steps and domain-specific
prior knowledge. The central challenge in current research revolves around developing
new methods that can automatically extract key bearing status features and in establishing
intelligent recognition systems capable of accurately classifying these features.

Deep learning algorithms, with their deeper network architectures, are more adept
at handling high-dimensional and complex data. They are capable of identifying intricate
fault patterns that are difficult to capture using traditional methods [19,20]. Commonly
used deep learning approaches with strong performance include deep belief networks
(DBNs) [21,22], long short-term memory (LSTM) networks [23], convolutional neural
networks (CNNs), and autoencoders (AEs) [24,25]. CNNSs, as a prominent deep learning
architecture, have achieved significant success in computer vision and pattern recognition.
Through their multi-layered feature extraction capabilities, CNNs can automatically learn
effective feature representations from data, eliminating the need for manual feature design,
particularly when dealing with high-dimensional data [26]. Most researchers exploit the
powerful feature extraction capabilities of diagnostic models. For example, Huo et al. [27]
effectively utilized convolutional neural networks (CNNs) for feature extraction, achieving
superior fault diagnosis performance.

The synergistic optimization of feature extraction and classification decisions is crucial
in the development of intelligent diagnostic models. This study leveraged the advanced
capabilities of the kernel extreme learning machine (KELM), which performs nonlinear
modeling by mapping features into high-dimensional space through kernel mapping.
Compared to traditional support vector machines (SVMs), the KELM offers faster training
speeds and enhanced generalization ability [28]. As confirmed by the studies of He et al. [29]
and Gong et al. [30], the KELM achieves an average accuracy rate exceeding 99.8% in
bearing fault diagnosis. However, industrial applications face two primary challenges: first,
conventional pooling strategies lose subtle spatiotemporal correlations of faults; second, the
single-kernel structure of standard KELM struggles to handle multimodal fault features. To
address these challenges, this paper proposes an innovative fusion architecture combining
a stochastic convolutional neural network (SCNN) with an enhanced hybrid kernel extreme
learning machine (HKELM). This approach refines classification through the multi-scale
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convolution and Bernoulli random pooling of the SCNN, integrated with an optimization
algorithm-driven HKELM.

Although the feature space generated by the SCNN demonstrates class separation in
simplified visual analyses, the inherent complexity of industrial diagnostics still necessitates
the use of advanced classification strategies: (1) feature degradation under operational
disturbances (noise interference can cause early fault features to overlap with normal
state distributions) and (2) the need for finer sub-classification within similar fault types
demands more robust classification models.

In response, this study proposes a rolling bearing fault diagnosis method based on
SCNN-NGO-HKELM. The primary innovations of this approach are highlighted in the
following three aspects:

(1) In the feature extraction layer, an SCNN architecture with multi-scale perceptual
capabilities is designed. The parallel convolution paths and probabilistic sampling
pooling mechanism significantly enhance the completeness of feature representation.

(2) In the classifier design, an adaptive kernel function space combination strategy is
proposed, and an improved northern goshawk optimization algorithm is introduced to
intelligently select hyperparameters, thereby constructing an optimal HKELM model.

(3) By organically integrating the feature extraction advantages of SCNN with the classi-
fication capabilities of HKELM, an end-to-end intelligent diagnostic system is estab-
lished, achieving accurate mapping from raw data to fault categories.

The structure of this paper is as follows: Section 2 presents the relevant theoretical
foundations, Section 3 elaborates on the design principles and implementation methods of
the diagnostic model, Section 4 validates the model’s performance through comparative
experiments, and Section 5 summarizes the research findings and discusses future directions
for development.

2. Related Technologies
2.1. Stochastic Convolutional Neural Networks

This study introduces a novel stochastic convolutional neural network (SCNN), which
significantly improves the convolution and pooling layers in traditional CNNs. A multi-
branch parallel convolution layer and a Bernoulli-based stochastic pooling layer are pro-
posed. First, an innovative multi-branch parallel convolution layer is designed, which
extracts more diverse features using different convolutional kernels. The multi-branch
parallel convolution layer can be represented as follows:

F; = ReLU(BN(X-W1)),W; € RO4x1x128 1
F, = ReLU(BN(X~W2)),W2 c R32x1x64 )
F; = ReLU(BN(X~W3)),W3 c R16x1x64 3)

The selection of the number of convolution kernels and filters in the SCNN is based on
the physical characteristics of the equipment’s vibration signals. The size of the convolution
kernels is carefully aligned with the fault characteristic frequency bands of the equipment.
A 64 x 1kernel is used to match features in the 0-500 Hz range, a 32 x 1 kernel is used for
features in the 500-2000 Hz range, and a 16 x 1 kernel is used for features above 2000 Hz.
The low-frequency path is set with 128 filters to model complex wear patterns, while the
medium/high-frequency paths each use 64 filters to capture transient features.

Therefore, this study introduces an innovative Bernoulli-distribution-based stochastic
pooling layer. By applying Bernoulli sampling, it effectively filters out irrelevant features
while retaining important ones, enhancing the model’s ability to suppress noise interference.



Mathematics 2025, 13, 2004

40f17

With the inclusion of the stochastic pooling layer, the network performed more randomized
sampling during training, enabling a more comprehensive and balanced learning of diverse
sample features.

Assuming the input is X € RAXBxC (A, B, and C represent the height, width, and
number of channels of the feature map, respectively), and the pooling window size is k x k,
the Bernoulli random pooling operation is defined as follows:

For each pooling window P;; C X (feature map position (i, j), size k X k x C), the
sampling probability matrix is

M;; ~ Bernoulli(P) 4)

where M,; ; represents a binary mask matrix, with elements taking values of 0 or 1, following
a Bernoulli distribution. P denotes the probability of selection for each position, calculated
using softmax normalization:

p= exp(Xijc) -
Z(x'y)epi,j eXp(Xi,j,C)
where X; ; - represents the eigenvalue of the c-th channel at (x, y).
The pooling output can be obtained as
Z(x,y)epi ' Mi,j(xl ]/) 'Xx,y,c
Yi,j,C = d (6)

Z(x,y)EPi,]' Mi,j(x/ y) +e

where } (. )e P, M; j(x,y)-Xy,y,c represents the weighted sum of the selected feature values
within the window, and } ;)¢ P, M; j(x,y) + & denotes the number of selected features (a
small constant is added to prevent division by zero).

2.2. Northern Goshawk Optimization
2.2.1. Prey Identification and Attack

In the global search phase, the goshawk randomly selects a prey from the entire space
to engage in hunting, aiming to quickly identify the optimal hunting area. The behavior
during this phase is described by Equations (7)—(9).

P1=Xk,Z=1,2,,N,k:1,2,,l—1,l—|—1,,N (7)
& x;;+q(xij — Epij), Fp, > F;

new,py; new,pq :

e {szi, Ff“i"” > ; ’ ©
where N represents the population size; X denotes the northern goshawk population; k is a
random natural number within the range [1, N]; P; indicates the hunting position of the i-th
goshawk; x; ; and xz;zo,p ! represent the solution and the new solution of the i-th goshawk in
the j-th dimension; X; and X?ew’pl refer to the initial and new initial solutions of the i-th
goshawk, respectively; and Fp, F;, and Finew’p ! correspond to the fitness values of P;, the

i-th solution, and the current optimal solution, g € [0,1], E =1 or 2.

2.2.2. Pursuit and Escape

Once pursued, the prey begins to flee. However, the northern goshawk, with its agile
movements and rapid speed, is capable of successfully hunting under extreme conditions.
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The local search capability of the NGO is inspired by this biological behavior, and this
phase can be described as follows:

xZ;w’pz =Xj + R(ZT — 1)xi,j (10)

t
R=002(1~ =) (11)

new,pz new,pz .
X =%k, Sf (12)
X, F; > F
where T represents the initial iteration count, ¢ denotes the iteration termination count, and
R indicates the hunting range.

2.3. Hybrid Kernel Extreme Learning Machine

The main innovation of the extreme learning machine (ELM) [29] lies in its ability to
achieve higher time efficiency while maintaining learning accuracy. Due to its exceptional
pattern recognition capability, the ELM has become one of the commonly used models in
fault detection.

The generalized structure of the ELM is shown in Figure 1. The input layer of the
ELM, as depicted, contains d inputs, the hidden layer consists of L nodes, and the output
layer has m outputs. The input weights w and biases b between the input and hidden layers
are randomly generated. The expected output of the ELM network is represented as

L
Y Big(wi-aj+b;) = oj (13)
i=1

where ¢(-) represents the activation function, w; is the weight matrix, f; is the output
matrix, and b; is the bias of the i-th hidden layer node.

Figure 1. Generalized structure diagram of ELM.
During the network training process, it is possible to approach the training samples
N
with zero error, ie., ¥ ||oj — t]" | = 0, represented as
j=1
T=Hp (14)

where T is the model output, B is the weight between the hidden layer and the output layer,
and H is the output matrix of the hidden layer.
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B is represented as in ELM:
7\ !
p=HT (HHT + ) T (15)

where T is the input sample label vector matrix, C is the penalty coefficient, and I is the
identity matrix.

KELM replaces the mapping of original ELM hidden layer nodes with a kernel func-
tion, and the output is then given by

-1
y = ker(x)HT (HHT + é) T (16)

Selecting the radial basis function as the kernel function for KELM:

Ixi = %]
ker(x;, x;) = exp (M (17)
where x; is the input of the training set, x; is the input of the test set, and ¢ is the width
parameter of the kernel function.

From this, the output of KELM is obtained:

ker(x, x1) .
v=| ¢ |ur(eeTe ) T (18)

ker(x, xy)

where 7 is the dimension of the input vector.

Once the kernel function ker(x;, x;) is determined, the prediction results are generated.
Hence, the choice of kernel function significantly impacts the prediction accuracy. Common
kernel functions include the Poly kernel, RBF kernel, and Lin kernel, with their respective
expressions given as follows:

Kpoly (xi, %) = (x,%; + c)’ (19)

i —
Krpr(x;, x) = exp B — (20)
Kiin(x;,%)) = x"x; (21)

where c; and b represent the kernel parameters of the Poly kernel, while o denotes the
kernel parameter of the RBF kernel.

A linear combination of these three kernel functions is applied to obtain a new mixed
kernel function:

Kuxeim (%3, %)) = c2Kpoly (%;, %) + c3Krpr (%, %;) + c4KLin (%, %)) (22)

where ¢y, c3, and ¢4 represent the weighted coefficients of the kernel functions, with values
in the range [0, 1], with the condition that

cp+c3t+cys=1 (23)
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The hybrid function in the HKELM combines the advantages of both global and local
kernels. Under different parameters, it not only demonstrates strong local search capability
but also enhances its global search ability.

3. Model Design and Implementation

The proposed fault diagnosis model is primarily composed of feature extraction,
feature selection, and fault pattern recognition. Initially, raw vibration data is input to the
SCNN, where deep feature extraction is performed through the convolutional layers of
the SCNN to capture potential fault features of rolling bearings and accurately identify
key characteristics. Next, a Bernoulli-distribution-based stochastic pooling operation is
employed to retain more spatial information and ensure feature diversity.

After feature extraction and selection, NGO is introduced to optimize key parameters
that influence the performance of the mixed HKELM. With NGO, the hyperparameters
of the HKELM are dynamically adjusted to achieve optimal classification and recognition
performance.

3.1. Construction of NGO-HKELM Classification Model
3.1.1. Discussion on the Performance of NGO Algorithm

To validate the advantages of the NGO algorithm employed in this study, the Step (F1),
Sphere (F2), Rastrigin (F3), and Quartic (F4) functions (each with 30 dimensions) are selected
for testing. The performance of NGO is compared with that of particle swarm optimization
(PSO), genetic algorithm (GA), grey wolf optimizer (GWO), sparrow search algorithm
(SSA), multi-objective jellyfish search algorithm (MOJS), and Harris hawks optimization
(HHO). Specific experiments were conducted to demonstrate the rationale and effectiveness
of using NGO for network parameter optimization. The parameter settings for the six
selected comparison algorithms are shown in Table 1.

Table 1. Six optimization algorithm parameter settings.

Algorithm Parameter Setting Population Number =~ Number of Iterations

PSO Learning factor ¢; = 1.2; c; = 1.2; inertia weight 50 50
w=0.68

CA Selection probability PI = 0.6; cross probability 50 50
PC=05

The coefficient vector component a linearly
GWO decreases from 1 to 0; the coefficient vector c is 50 50
randomly taken as 0 or 1
SSA Cross-validation f(()ilci 26 z 5; discoverer ratio 50 50
Distribution coefficient « = 0.3;
J5 coefficient of motion ¢y = 0.2 50 50
HHO Random numbers with proportional coefficients 50 50

between 0 and 2

Figures 2-5 show the convergence curves for the function tests conducted with seven
algorithms, with the maximum number of iterations set to 50 for all algorithms. The
figures clearly demonstrate that the performance of NGO exceeded those of the other
algorithms across all metrics. Table 2 presents the specific performance indicators for
the seven optimization algorithms, using minimum, mean, and variance as criteria for
evaluating optimization capability. NGO achieved highly satisfactory results, significantly
outperforming the other algorithms.
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Table 2. Specific performance indicators of the algorithm.
Algorithm Performance Indicator F1 F2 F3 F4

Minimum 3218 x 107 9.872x 107 4926 x 10712 2981 x 10~
NGO Mean 0.6824 0.4976 0.9538 0.0382
Variance 3.0157 2.3641 5.8923 0.1947

Minimum 0.014892 1.327 x 10~* 1.086 x 1073 5.873 x 10712
PSO Mean 4.9263 13.458 2.6749 0.1528
Variance 7.8923 30.147 8.7624 0.3275

Minimum 3.892 x 1074 4673 x 107° 5327 x 1073 2.108 x 10713
GA Mean 2.3276 20.458 11.327 0.1843
Variance 7.2159 41.327 21.458 0.7924

Minimum 1.0843 6.327 x 10~* 1.892 x 1073 1.542 x 10~°
GWO Mean 2.0157 32.458 7.2159 0.0973
Variance 7.8923 49.327 22.458 1.3276

Minimum 1.2157 8.762 x 1074 1.327 x 1073 9.327 x 1077
SSA Mean 4.3276 44.892 20.327 0.2427
Variance 8.4582 59.327 25.015 0.5893
Minimum 1.0427 1.8923 1.2157 0.0628
JS Mean 4.8923 2.3276 1.4582 0.8927
Variance 8.3276 2.0427 0.0582 1.0427

Minimum 1.2157 8.458 x 10~* 1.892 x 1074 9.458 x 1077
HHO Mean 2.0427 26.458 8.8923 2.3276
Variance 5.8923 30.015 23.458 2.8923

The proposed method was tested in a Windows 11 environment with an Intel i9-
12900H CPU, an NVIDIA RTX 3060 GPU, and 16GB of RAM. The simulations were con-
ducted using MATLAB 2024b.

As shown in Table 3, the NGO algorithm significantly outperformed other algorithms
in terms of computational efficiency. It exhibited the shortest training times across all test
functions (F1-F4) and maintained a stable testing time of 0.001 s, demonstrating excellent
convergence speed and real-time performance. Algorithms such as PSO, GWO, SSA, and
HHO showed moderate performance, while the GA and JS algorithms had relatively lower
computational efficiency, likely due to the increased complexity introduced by their global
search mechanisms. Based on this comprehensive comparison, the NGO algorithm was
selected for optimization in this study.

Table 3. Comparison of optimization algorithm calculation efficiency.

Algorithm Step (F1) Sphere (F2) Rastrigin (F3) Quartic (F4)
Training (s)  Test(s) Training(s) Test(s) Training(s) Test(s) Training(s) Test(s)
NGO 0.85 0.0011 0.87 0.001 0.82 0.0012 0.79 0.0013
PSO 1.23 0.0015 1.25 0.0019 1.22 0.0014 1.31 0.0017
GA 3.51 0.0023 3.61 0.0033 3.55 0.0039 3.58 0.0034
GWO 1.05 0.0018 1.12 0.0017 1.07 0.0018 1.04 0.0013
SSA 1.12 0.0019 1.15 0.0018 1.18 0.0015 1.21 0.0015
JS 2.86 0.0024 2.93 0.0022 2.87 0.0027 2.83 0.0026
HHO 1.15 0.0018 1.24 0.0013 1.23 0.0013 1.19 0.0012
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3.1.2.
HKELM significantly enhances its data-fitting capability by incorporating multiple

Optimizing HKELM Using NGO

kernel functions. However, the introduction of multiple kernels inevitably increases the

number of parameters, and the values of these critical parameters can significantly impact

model performance. Therefore, this study employed NGO to optimize five key parameters
c1, ¢3, 0,d, and C within HKELM.

The construction process of the NGO-HKELM model is as shown in Figure 6.

A 4

No

Set NGO parameters Initialized data
. ¢ A
Using the MSE of -
HKELM as the fitness [€— Data preprocessing
function
v ¥
Calculate fitness and Set the range of
evaluate the optimal parameter values to be
individual optimized
Y v
Hunting and
identification of prey HKELM mo del
+ construction
Pursuit and Escape +
NGO-HKELM model

construction

v

Evaluate model
performance

Whether the
initial setting
sqnditions are me

A

Output optimal

— Output result
parameters

Figure 6. NGO-HKELM fault diagnosis flow chart.

)

@)

®G)
@)

©)

(6)

The population size of the northern sparrowhawlk, fitness function, number of iter-
ations, and other parameters are set, and the initial positions of the sparrowhawk
individuals are generated.

The value ranges for the parameters to be optimized in the HKELM network are set,
and the HKELM model is constructed. The mean squared error (MSE) of the HKELM
is used as the fitness function for NGO.

The fitness values are calculated, and the optimal northern sparrowhawk individual
at the current moment is evaluated.

The sparrowhawk state is updated according to Equations (1)—(6), continuing the
process of prey search and recognition, pursuit, and escape.

It is determined whether the initial set conditions are met. If so, the current optimal
three-dimensional values corresponding to the northern sparrowhawk individual are
output; otherwise, step (3) is repeated to continue the optimization process.

The optimal parameters are obtained, and the NGO-HKELM model is constructed.
The model’s performance is evaluated, and the prediction results are output.

3.2. SCNN and NGO-HKELM Model Network Structure

This research focuses on rolling bearings, with vibration signals represented as one-

dimensional data. To accommodate the input characteristics of these one-dimensional
vibration signals, the convolutional and pooling layers of the constructed model are de-

signed with one-dimensional structures. Compared to traditional CNNSs, the following

improvements are made:
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)

@

®)

This study innovatively designs a multi-scale feature extraction architecture that
overcomes the limitations of traditional CNNs, which typically rely on a single convo-
lution kernel size. The architecture includes three parallel feature extraction pathways:
the first pathway employs a large 64 x 1 convolution kernel to focus on extracting
low-frequency features that reflect the long-term operational state of the equipment;
the second pathway utilizes a medium-sized 32 x 1 convolution kernel to capture
transitional features at intermediate time scales; the third pathway uses a compact
16 x 1 convolution kernel specifically for detecting transient impact signals. The
outputs of these pathways are fused by concatenating along the channel dimension,
followed by a 1 x 1 convolution for feature compression and dimensionality reduc-
tion. This multi-scale collaborative processing mechanism significantly enhances the
model’s ability to perceive fault features across different frequency bands.

A residual learning mechanism is incorporated into the deep neural network archi-
tecture, effectively addressing the gradient vanishing problem in deep networks by
constructing cross-layer connection pathways. This design not only ensures the ef-
fective flow of gradients during the backpropagation process but also substantially
improves the model’s feature representation capability.

A Bernoulli-distribution-based random pooling operation is proposed, which better
captures underlying changes in the data and preserves the spatial structure informa-
tion of feature maps as much as possible.

Figure 7 illustrates the SCNN-NGO-HKELM hybrid network architecture proposed

in this study. The model adopts an end-to-end design, enabling direct processing of raw

vibration signal inputs. A hierarchical feature extraction strategy is employed, wherein

alternating convolution operations and nonlinear pooling progressively build multi-level

fault feature representations. Notably, a cross-layer connection mechanism is introduced

in the deeper layers of the network, effectively enhancing gradient propagation efficiency.

In terms of network optimization, batch normalization units are integrated after each

convolution operation, significantly improving the model’s training stability.

Residual connection - - _

64 x 1 convolution

128 filters

NGO-HKELM

v

| BatchNorm1+RelLU |-

32 x 1 convolution
|ﬂpi“’ 64 filters

v

| BatchNorm2+RelL. U

16 x 1 convolution

1
1
1
1
1
1
-

64 filters

1
1
1
1
1
1
1
1
1
. A
(=]
=
=
=
|—->2_’
8
c —»
©
=
O

Stochastic

| BatchNorm3+RelL U

Residual connection

|_ : pooling
1
1

Figure 7. SCNN and NGO-HKELM network architecture.

3.3. Model Flowchart and Algorithm Steps

The fault diagnosis process based on SCNN and NGO-HKLEM is illustrated in

Figure 8 and can be divided into five steps:
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)
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®)

4)

©)
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The SCNN model is constructed, utilizing the multi-branch parallel convolution and
Bernoulli-distribution-based random pooling layers within the SCNN framework for
feature extraction.

The initialization weights, thresholds, and other parameters of the HKELM network
are determined, along with the range of values for the parameters to be optimized.
The population is initialized, and the training error of the HKELM is used as the
fitness value.

The fitness of the hawk population is evaluated, and the hawk positions are up-
dated based on the predatory behavior, search, pursuit, and evasion patterns of the
northern goshawk.

A check is performed to determine if the parameter optimization condition is satisfied.
If the condition is met, the optimal hyperparameters are assigned to the HKELM,
and the NGO-HKELM model is constructed. If the condition is not met, step (3)
is repeated.

The fault state is identified using the constructed NGO-HKELM model, and the
diagnostic results are output.

No

| Set NGO parameters | | Initialized data |
Divide the training
Using the MSE of l set and testing set
HKELM as the  [&— I Data preprocessing |
fitness function A 4
Calculate fitness and Set the range of SCNN feature
evaluate the optimal parameter values to extraction
mdngdual be optimlzed | Multi branch :
- | parallel
. 'L.“.‘”“f‘g and HKELM model | convolution |
identification of prey — . o
construction j_

Pursuit and Escape Stochastic

NGO-HKELM model

oolin
] construction - _p_ _g_ —
hether the +
Izlittli?)lnsse;trl:g Evaluate model
Q e
o erformance
p l Data feature
Output optimal | | Output result |
parameters

Figure 8. Fault diagnosis process based on SCNN and NGO-HKELM.

4. Case Introduction

4.1. Data Description

The bearing dataset provided by Paderborn University, Germany [31], was categorized

into three main groups. The first group consisted of data collected from six healthy bearing

units. The second group included data from twelve bearings with induced damage, where

the damage was caused by three different methods: electrical discharge machining, drilling-

induced damage, and manual electric engraving damage. The third group comprised data

from fourteen accelerated life tests, which were conducted using a scientific test rig to

obtain failure data from bearings subjected to actual damage.

To ensure the selected data for the simulation experiments was more representative, as

shown in Table 4, four fault states were chosen from each of the three major data categories

for analysis. This resulted in a study of 12 different fault types, with each fault type

consisting of 100 samples, totaling 1200 samples. From each fault type, 80 samples were
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randomly selected as the training set, and the remaining 20 samples were used as the
testing set. Thus, the total number of training samples was 960, and the total number of
testing samples was 240.

Table 4. Fault types of rolling bearings in dataset from the Paderborn University.

Label Fault Type Fault Location Cause of Fault Sample Size
1 K001 Fault-free Healthy 100
2 K002 Fault-free Healthy 100
3 K003 Fault-free Healthy 100
4 K004 Fault-free Healthy 100
5 KAO01 Outer race Electrical discharge machining 100
6 KAO03 Outer race Electrical discharge machining 100
7 KI01 Inner race Manual electric engraving damage 100
8 KI03 Inner race Manual electric engraving damage 100
9 KA04 Outer race Accelerated life test 100
10 KA15 Outer race Accelerated life test 100
11 K104 Inner race Accelerated life test 100
12 KI14 Inner race Accelerated life test 100

4.2. Experimental Plan and Analysis

Figure 9 illustrates the performance evolution curve of the proposed model trained on
the PU dataset. The experimental results indicate that the model demonstrates excellent
convergence characteristics: during the early stages of training (after 351 iterations), the clas-
sification accuracy rapidly increased to below 97%. As the optimization process progressed,
the model performance stabilized around iteration 460, with the final classification accuracy
exceeding 99%. To ensure full convergence, the maximum number of iterations was set
to 500. The curve revealed that the fitness value eventually stabilized at an optimal level,
which validated the effectiveness and reliability of the proposed fault diagnosis model.
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Figure 9. Fitness curve of training set.

Figure 10 presents the confusion matrix for the test set, showing the diagnostic accuracy
for each of the 12 fault types. It also includes the overall fault diagnosis accuracy for the
test set. The proposed model achieved a 100% diagnostic accuracy for fault types K001,
K002, K003, K004, KA03, KI01, KI03, KA04, KA15, KI04, and KI14. For fault type KAO1,
the accuracy was 95%, with one sample incorrectly classified as fault type KIO1. The
overall fault diagnosis accuracy for the test set reached 99.6%, which demonstrated that the
proposed model effectively solved the fault diagnosis problem for rolling bearings.
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Figure 10. Test set confusion matrix.

To better visualize the feature extraction performance of the proposed model, the
feature data from the test set was visualized using t-distributed stochastic neighbor em-
bedding (t-SNE). Figure 11 shows a scatter plot of the PU test set’s feature extraction. The
clustering effect of the fault states is clearly visible, with minimal misclassification. Each
fault state is well-separated, indicating the model’s high performance in distinguishing
between fault types.
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Figure 11. Scatter diagram.

4.3. Comparative Experiment

To evaluate the performance advantages of the proposed algorithm, a comprehensive
comparative experimental setup was designed, selecting four representative machine
learning models as baseline methods, including both shallow and deep learning models.
The parameters for each comparison algorithm were rigorously tuned, with the specific
settings as follows:

(1) SVM: The regularization parameter was set to 1, and the Gaussian kernel width
was 0.1.
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(2) BP: The network topology consisted of a 41-26-32 three-hidden-layer structure, with
an initial learning rate of 0.02.

(3) ELM: The regularization coefficient was set to 1, the kernel function parameter was
0.15, and the number of hidden layer nodes was determined through cross-validation.

(4) Stacked denoising autoencoder (SDAE): A layer-wise greedy training strategy was
employed, with a learning rate of 1, input noise ratio of 0.1, and a batch size of 200 for

training samples.

Figure 12 presents a comparison of the accuracy curves for various network test sets.
For both SVM and BP networks, the fault diagnosis accuracy was significantly lower
than that of NGO-HKELM. Although ELM and SDAE demonstrated better diagnostic
performance than SVM and BP, their accuracy was still far inferior to that of NGO-HKELM.
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Figure 12. Accuracy curves for various network.

As shown in Table 5, a comparative analysis of the training and testing times for
different networks was conducted. Due to its shallow model structure, the best performance
was achieved in terms of both training and testing efficiency. SCNN-NGO-HKELM
exhibited slightly lower testing efficiency compared to the two deep learning models,
SDAE and SCNN. This was primarily due to a trade-off between accuracy improvement
and computational efficiency. However, its testing time of 4.56 s was fully sufficient to meet
the real-time requirements for fault diagnosis in complex industrial settings.

Table 5. Comparison of computational efficiency among different networks.

Network

Training time (s)
Test time (s)

ELM BP SVM SDAE SCNN SCNN-NGO-HKELM
7.52 12.37 25.77 13.62 15.63
2.53 3.98 6.96 3.35 4.56

The computational complexity of SCNN-NGO-HKELM primarily stems from the
convolution kernel optimization in NGO (O(I x P x K x Hj, x Wj,)) and the kernel matrix
construction in HKELM (O(N?d)). While it exceeds that of the basic SCNN, its training
complexity remains significantly lower than those of traditional deep learning models due
to the elimination of CNN backpropagation. The additional decision overhead introduced
by HKELM during the testing phase (O(Ns, X d)) exhibited linear scalability and was much
smaller than the number of training samples, ensuring real-time performance in industrial
applications. This design sacrifices a controllable computational cost in exchange for high
accuracy and robustness, aligning with the core requirement in industrial fault diagnosis:
prioritizing reliability over microsecond-level latency.
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5. Conclusions

This study addresses the technical challenges of feature extraction and diagnostic
accuracy in rolling bearing fault detection within industrial scenarios. An innovative
intelligent diagnostic system is proposed, integrating a stochastic convolutional neural
network with an optimized hybrid kernel extreme learning machine.

(1) Animproved SCNN architecture with multi-scale perception capability is developed.
This architecture captures cross-frequency features through parallel multi-branch
convolution paths, combined with a probabilistic sampling-based random pooling
layer, significantly enhancing the discriminative power of fault features.

(2) The modified NGO algorithm is introduced to adaptively adjust the parameters of
the HKELM.

(8) Comparative experiments based on the Paderborn University standard bearing
dataset (12 fault types, 4 load conditions) demonstrated that the proposed method
significantly outperformed traditional intelligent algorithms in diagnostic accuracy.

However, the proposed model still has limitations in terms of performance for complex
industrial environments. Future work will focus on developing intelligent fault diagnosis
models that are applicable across multiple operating conditions, providing new technologi-
cal support for the field of fault diagnosis.
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