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Abstract

Addressing the common challenges of feature space relationship loss and reliance on tedious manual
parameter tuning in deep learning for rolling bearing fault diagnosis, this paper proposes a fault diagnosis
method grounded on Bayesian optimized capsule networks. First, the standard capsule network is optimized by
designing multi-scale convolutional modules to capture fault information under different receptive fields. Then,
a channel attention mechanism is introduced to dynamically weight the extracted multi-scale features.
Furthermore, a Bayesian optimization framework is introduced to globally optimize the complex
hyperparameter space of the improved model. Findings denote that the enhanced capsule network model
achieves an accuracy of 99.8% under standard operating conditions, with its accuracy rapidly increasing to over
90% after 20 iterations. The proposed rolling bearing fault diagnosis method achieves an average F1 score of
99.7% in 10 repeated experiments, and only requires an average of 24 iterations to complete one hyperparameter
optimization, verifying the comprehensive superiority of the method. The designed method, through the deep
integration of innovative model structure and intelligent parameter optimization, effectively improves the
accuracy and efficiency of diagnosis, providing a new paradigm for predictive maintenance of critical
equipment under complex operating conditions.
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1. BACKGROUND Fault Diagnosis (FD) method grounded on
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In the "Industry 4.0" and intelligent
manufacturing context, large rotating machinery is
developing towards high speed, high precision, and
heavy load, which poses a severe challenge to its
operational reliability and safety [1-3]. As an
essential component of such equipment, the
condition of Rolling Bearings (RBs) directly affects
the stable operation of the entire mechanical system
[4-5]. According to statistics, among various failures
of rotating machinery, downtime accidents caused
by RB failure account for more than 40%. Especially
in key fields such as wind power generation and
high-speed railways, bearings operate under
complex working conditions and strong noise for a
long time. Once a sudden failure occurs, it may lead
to catastrophic safety accidents [6]. Therefore, the
urgent problem that the industry needs to solve is
developing intelligent Bearing Fault Diagnosis
(BFD) and realizing predictive maintenance.

In recent years, intelligent diagnostic methods
for RB fault signals have become a research hotspot
and core issue in the area of mechanical health
monitoring. Zhang Q's team designed an intelligent
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Convolutional Neural Network (CNN) to address the
issue that CNNs are not obvious in BFD. Outcomes
denoted that the recognition accuracy of this method
on the dataset was 99.96% [7]. Liu et al. developed
an anti-noise BFD method grounded on improved
recursive graph and CNN, to address the defect of
recursive graph method being susceptible to noise
interference in BFD. Outcomes denoted that the
accuracy of this method could reach 90% under
Gaussian white noise with a SNR greater than 6dB,
verifying its effectiveness [8]. Zhao H's team
designed a new parameter time redistribution multi-
synchronous compression transform method to
address the problem of non-stationary signal
analysis generated during RB faults. The outcomes
showed that this method had a high concentration of
time-frequency energy under various noise levels
and working conditions, and could accurately
diagnose bearing faults [9]. To address the problem
of difficulty in processing small sample data in
rolling BFD, Zhao et al. designed an FD method
grounded on continuous wavelet transform and
connected neural network. Outcomes denoted that
when the sample size was greater than 120, the
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accuracy could reach more than 99%, and it had
good generalization performance under new
categories and new working conditions [10].

The intelligent FD framework based on
improved Capsule Networks (CapsNet) has been
broadly utilized to enhance the fault identification
performance under complex working conditions.
Zhang et al. designed an improved CapsNet
diagnostic model to deal with the issues of
environmental noise interference and lack of
massive labeled data in BFD. Outcomes denoted that
the model improved the classification accuracy of
BFD in noisy environments and the training process
was fast and efficient [11]. Shi X team proposed a
diagnostic method combining domain knowledge
and CapsNet to address the problem of different
dissolved gas concentrations in oil under different
operating conditions in power transformer FD.
Outcomes denoted that the diagnostic accuracy of
this method on real databases was as high as 94.02%
[12]. Wang et al. designed a multi-scale
spatiotemporal CapsNet model to tackle the issue of
effectively capturing multi-scale and time series
features in BFD. The model achieved an average
accuracy of over 97% in noise-free environments
and over 80% in noisy environments [13]. Chai et al.
proposed an improved CapsNet for small sample
BFD to address the problems of insufficient fault
signals and difficulty in extracting sensitive fault
features in intelligent FD. The results showed that
the method could still accurately diagnose faults in
small sample and variable noise tests, which is better
than some advanced deep learning methods [14].

In summary, while progress has been made in the
research of methods for rolling BFD, two key
shortcomings remain: Firstly, the ability of models
to extract features is limited when they are faced
with non-stationary fault signals under complex
operating conditions, which makes it difficult to
capture weak features effectively. Secondly, the
performance of deep models depends heavily on
manually configuring hyperparameters, which
makes the optimization process cumbersome.
Therefore, to solve these shortcomings, this study
designs an FD method based on Bayesian
Optimization-based  Capsule Network (BO-
CapsNet), aiming to construct a new paradigm for
intelligent diagnosis of RBs that combines high
accuracy and high automation, providing reliable
technical support for ensuring the safe and stable
operation of critical mechanical equipment. The
innovation of this research lies in building upon
CapsNet by integrating multi-scale convolution and
Channel Attention Mechanisms (CAMs) to
construct an improved model with stronger feature
representation capabilities. Simultaneously, it
introduces the Bayesian Optimization (BO)
framework, achieving deep coupling between model
structure optimization and intelligent parameter
configuration. This study proposes a novel paradigm
that combines high precision and efficiency for
addressing intelligent diagnosis of rolling bearings

under complex operating conditions. It particularly
leverages the explicit modeling capability of capsule
networks to handle the prevalent non-stationarity,
multi-scale characteristics, and localized impact
features in bearing vibration signals, thereby
providing a theoretical foundation for the continued
application of capsule networks in industrial fault
diagnosis amid rapid advancements in sequence
modeling architectures.

2. METHODS

To deal with the issues of insufficient feature
extraction and difficulties in model parameter
optimization in rolling BFD, this study develops an
FD method based on BO-CapsNet. First, an
improved CapsNet model integrating multi-scale
convolution and CAMs is constructed to enhance its
feature representation capabilities. Then, the BO
framework is introduced to automatically optimize
the model's hyperparameters, ultimately forming a
complete diagnostic process from model structure
optimization to intelligent parameter configuration.

2.1 Construction of an improved capsnet model
incorporating multi-scale attention mechanisms

The problem of weak fault characteristics and
low signal-to-noise ratio in RBs under complex
working conditions, which makes diagnosis difficult
[5-16] Tt is greatly significant to study intelligent
diagnostic methods that can deeply mine the intrinsic
structural information of signals. Presently,
diagnostic methodologies founded upon
conventional signal processing and machine
learning have been extensively utilized [7.
However, they extract mostly shallow features,
which are difficult to fully characterize the
nonlinearity of faults, resulting in limited diagnostic
accuracy and generalization ability under complex
working conditions. Therefore, this study introduces
CapsNet, which performs well in characterizing the
hierarchical relationship of features, as the basic
model. CapsNet uses vector-form "capsule" units to
encapsulate multiple attributes of features and
preserves the spatial hierarchical relationship
between features through a dynamic routing
mechanism. The specific structure is denoted in
Fig. 1.

In Fig. 1, the CapsNet model first receives the
preprocessed vibration signal through an input layer.
The signal then flows through convolutional layers
to capture its long-range dependency features.
Subsequently, two small convolutional kernel layers
perform deeper local feature extraction. The
extracted feature maps are fed into the main Capsule
Layer (CL), where they are reshaped into primary
capsule vectors. Finally, these primary capsules
converge to the digital CL using a dynamic routing
algorithm, and the output layer outputs the
probability of each fault category. The primary
capsules adaptively route information to the digital
CL through CapsNet's core dynamic routing
algorithm, achieving advanced feature aggregation
and classification. Its operating principle is shown in
Fig. 2.
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Fig. 1. CapsNet model architecture diagram
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Fig. 2. Schematic diagram of dynamic routing
algorithm operation

In Figure 2, the output of the main CL is passed to
the digital CL through a dynamic routing algorithm
unique to capsule networks. The algorithm
dynamically determines the connection strength
between lower-level capsules and higher-level
capsules through an iterative "voting" mechanism.
This process ensures that the spatial hierarchy of
features can be maintained and passed on in the
network. The algorithm first uses a transformation
matrix w;; to convert each lower-level capsule into a
prediction vector Y;j;. The expression of which is
shown in Equation (1) [8,

Yyj = wyY; (1)

In Equation (1), ¥; means the output vector of the
i-th capsule in the main CL i. The total input vector
S; of the digital capsule j is obtained by weighted
summation of Y;j;, and its expression is denoted in
Equation (2).

Sj=2iCij Yy, (2)

In Equation (2), C;; means the coupling
coefficient determined by the dynamic routing
process. The specific expression for C;; is shown in
Equation (3).

__exp(byj)
U7 Srexp(bio ®)

In Equation (3), k represents the capsule index,

and b;j represents the number of routing pairs

connecting the main capsule iand the digital capsulej.
The specific expression for b;; is shown in Equation
(4).
bij < bij + VY, (4)
In Equation (4), « represents the assignment
operation, and v; represents the final output vector of
the digital capsule j after activation, as shown in
Equation (5).

_ st s
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The direction of the capsule output vector is
preserved through Equation (5), while ensuring that
its magnitude is between (0,1). Capsule networks,
through their unique dynamic routing mechanism,
demonstrate advantages in preserving and utilizing
the spatial hierarchy of features. However, the quality
of the primary features input to the main CL has a
significant impact on their overall performance.
Standard CapsNet models typically employ only
single-scale convolution operations at the front end,
which limits the breadth of their receptive field and
their ability to capture instantaneous impact details
and long-range periodic patterns in RB vibration
signals. Therefore, this study optimizes the feature
extraction layer of standard CapsNet by introducing a
multi-scale convolution module to compensate for
this deficiency. This module uses parallel multi-size
convolution kernels to extract and fuse multi-scale
features, providing a comprehensive representation of
the CL. A specific schematic diagram is shown in
Figure 3.

In Figure 4, the input feature map information
flow is split into two paths. One path is compressed
using global average pooling to generate descriptors
that represent global information for each channel.
These descriptors are then fed into an activation
module, which is a two-layer fully connected neural
network. The neural network learns the correlations
between channels and generates dynamic weights for
each channel. Finally, the weight vector is multiplied
by the original input feature map, channel by channel,
to obtain the final output. In summary, this study first
employs multi-scale convolution in parallel to extract
fault features under different receptive fields, and
secondly utilizes a CAM to dynamically weight the
extracted multi-scale  features. These two
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improvements work synergistically to ultimately
construct the proposed improved CapsNet model.
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Fig. 4. Schematic diagram of the CAM

2.2 Design of a model hyperparameter
optimization method based on BO

The enhanced CapsNet model effectively
enhances the model's ability to extract relevant fault
features from the original vibration signal by
incorporating multi-scale convolution and attention
mechanisms. However, in practical engineering
applications, the improved model's high performance
depends heavily on an optimal set of hyperparameter
configurations. These parameters together constitute
a complex high-dimensional space, and their
selection directly affects the model's convergence
speed and generalization ability [l If the
configuration is not appropriate, even with an
advanced model structure, it is difficult to achieve the
ideal diagnostic effect. Therefore, this study
introduces the BO framework to optimize the model's
hyperparameters. This algorithm can find a set of
parameter combinations that make the model's

performance optimal within a limited number of
evaluations. Its optimization objective is to find the
optimal parameter combination g that maximizes
the objective function f (). The specific expression
is denoted in Equation (7).
6 =argmax geof(6) (7)
In Equation (7), 6 represents any combination of
hyperparameters, and @ represents the search space
consisting of all possible combinations of
hyperparameters. To model f(8), the study uses the
Gaussian process GP in the BO framework as a
surrogate model. The specific expression is shown in
Equation (8) 291,
f(O)~GP(m(6),5(8,6)) ®)
In Equation (8), m(6) represents the mean
function, 8’ represents another set of hyperparameter
combinations, and (6,6 represents the kernel
function. The expression for §(8,60") is shown in
Equation (9).
B(83,60,) = o7 (1+5r +212) exp(— V57) (9)
In Equation (9), afz represents the signal variance,
and r means the weighted Euclidean distance
between the hyperparameter combinations 6, and 8,,.
The choice of (8, 8") provides the prior structure for
the Gaussian process. During the iteration process,
each time the model is trained with 6, an observation
data pair is obtained. After collecting ¢ data pairs, the
Gaussian process uses this information to update its
understanding of f(6). At the same time, it gives the
posterior prediction distribution u,(6,) for any new
point 8, and its expression is shown in Equation (10).
ue(0.) =pI(B+oiD7'd (10)
In Equation (10), S, represents the kernel function
vector between the new point 8, and all observed
points, B represents the covariance matrix between
the observed points, g2 represents the noise variance,
I means the identity matrix, and d means the function
value vector of the observed points. The Gaussian
process can also give the uncertainty of the
prediction, i.e., the posterior variance ¢?(6,), which
is expressed as shown in Equation (11) [21-22],
of(6.) = p(6.,6.) — B/ (B + o7)7*p. (11)
In Equation (11), 62(6,) quantifies the degree of
uncertainty in the prediction at #,. The surrogate
model provides the prediction mean and variance, and
the next step requires a collection function to guide
the search direction. This study adopts expectation
lifting as the collection function. First, a standardized
variable @ is defined, and its expression is denoted in
Equation (12).
He(6)-d*-¢
C="7105 (12)
In Equation (12), d* represents the maximum
value among the current observations, and ¢
represents the tradeoff parameter. Based on this
standardized variable, the complete expression for the
expected improvement E/(0) is shown in Equation
(13).
EI(0) = (ue(6) —d™ = )P(Q) + a,(6)9(Q) (13)
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In Equation (13), @ and ¢ represent the
cumulative distribution function and the probability
density function, respectively. In each iteration, the
BO framework needs to find the next acquisition
point that maximizes the acquisition function. Its
expression is shown in Equation (14).

0:41 =argmax EI(0) (14)

In Equation (14), 6, , represents the combination
of hyperparameters to be evaluated in the next
iteration. The study applies the BO framework to
improve the CapsNet model, forming an automated
hyperparameter optimization framework. The
specific details are shown in Figure 5.

In Figure 5, the process first randomly samples
several sets of initial hyperparameters and evaluates
their initial performance by training and validating
the model, thereby constructing an initial observation
dataset D. Then, the posterior distribution of the
Gaussian process is updated using the current dataset
D,, and 6, is determined using the EI(8) function.
The improved CapsNet model is validated based on
0.4, to obtain the true performance value. New
observation data pairs are added back to the dataset
for the next round of Gaussian process updates. When
the termination condition is met, the algorithm returns
0' until the end. The specific expression for D, is
shown in Equation (15).

Dy = De_1 U{(6:, f(6:))} (15)

In Equation (15), D,_, means the dataset from the
previous round, and (6,, f (6,)) represents the newly
evaluated hyperparameters and their corresponding
performance values. An automated optimization
framework can be used to find the optimal
hyperparameters for improving the CapsNet model.
This study proposes a BO-CapsNet method for rolling
BFD, and its complete implementation process is
denoted in Figure 6.

In Figure 6, the proposed BO-CapsNet FD
method begins with data preparation. Subsequently,
the optimal hyperparameters are iteratively searched
using the BO framework. The algorithm continuously
updates the surrogate model and optimizes the
acquisition function during iterations.

Simultaneously, the performance of the improved
CapsNet model is tested using the selected
hyperparameters until the termination condition is
met. After optimization, the final stage begins. First,
the obtained optimal hyperparameters are used for
training to construct the final diagnostic model. In the
application stage, this method calls this model to
process new test data and outputs the final FD result.
In summary, this research constructs an improved
CapsNet integrating multi-scale convolution and
attention mechanisms and introduces the BO
framework  for  automated  hyperparameter
optimization of this improved model. Finally, it
deeply integrates the two to form the BO-CapsNet FD
method, realizing a complete design process from
model structure optimization to intelligent parameter
configuration.

3. RESULTS AND ANALYSIS

The study designed two progressively
comprehensive experiments. First, to assess the
structural advantages of the improved CapsNet
model, it was compared with other models. For
evaluation metrics, accuracy, F1 score, and recall
were used, and the dataset was divided. Next, BO-
CapsNet was validated using metrics such as loss
value and number of iterations.

3.1 Performance validation of improved CapsNet
model

To test the performance advantages of the
improved CapsNet model, comparative experiments
were performed. The experimental data came from
the internationally recognized Case Western Reserve
University bearing dataset. Data covering normal
operation and various typical failure modes were
selected, and a total of 2500 sample points were
constructed using sliding window sampling. All
samples were broken into 1750 training samples and
750 test samples in a 7:3 ratio, and normalized before
being input into the model. The experimental
environment and key parameter settings are
represented in Table 1.

Randomly Evaluate the initial Constructing the Update Gaussian
sampling initial [ hyperparameter [ initial observation ¥ Process with
hyperparameters performance dataset D Dataset D,
EI0)=(11,(0)—d" = 5)D(Q) + 0,(0)$(Q)
Add IR0 Obtain Train and validate <
observation data W— performance | the Improved 0., = argmax,_, EI(0)
pairs to the dataset value CapsNet using 6 1

Return the

Has the maximum optimal

number of iterations
been reached

hyperparameter
combination 6'

Fig. 5. BO framework optimizes Caps Net Flowchart
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Table 1. Experimental environment and parameter settings

Experimental environment

Configuration information

Operating system Windows 11
Memory 32 GB
CPU Intel Core i7-12700H
GPU NVIDIA GeForce RTX 3060 (8 GB)

Programming language Python 3.9
Deep learning framework PyTorch 1.12
Initial learning rate 0.001
Input data dimension 640x640
Number of training rounds 100
Batch size 64
Maximum iterations 100
This study compared the improved CapsNet 1000 1100.0
model with other CapsNet, Spatial CNN (SCNN), T [ Accuracy [ Fl score
and Deep CNN (DCNN) models under both standard
and complex operating conditions. The accuracy and - 993 995 -
F1 score of each model under various conditions are ? z
denoted in Figure 7. In Figure 7(a), under the g 99.0 99.0
standard operating condition, the improved CapsNet g <
model achieved an accuracy of 99.8% and an F1 < 98.5 985“'
score of 99.7%. The CapsNet model achieved an ' '
accuracy of 98.4% and an F1 score of 98.3%, . ‘ m ‘ ‘ 050
respec'tlvely. Ir‘l‘Flgure 7(b), under the complex Improved CapsNet  SCNN  DCNN
operating condition, the improved CapsNet model CapsNet o

maintained a relatively high accuracy and F1 score
of approximately 94.8% and 94.5%, respectively. In
contrast, CapsNet experienced the most significant
performance degradation, with its accuracy and F1
score dropping to approximately 85.8% and 85.6%,
respectively. This demonstrates that the improved
model exhibits stronger stability and generalization
ability, validating the effectiveness of the
improvement strategy.

The study compared the accuracy and loss values
of various models, and the findings are denoted in
Figure 8. Figure 8(a) showcases that the accuracy of
the improved CapsNet model rapidly increased to
over 90% after about 20 iterations, eventually
stabilizing at approximately 94%. The accuracy of
the CapsNet model eventually stabilized at
approximately 90%. Figure 8(b) shows that the loss
value of the improved CapsNet model decreased the
fastest, dropping below 0.1 after 40 iterations,

(a) Performance comparison of various models
under standard operating conditions

96 196
TF—  [OAccracy [F1 score
9 T 193
g I
> 8
g 90 90 2
E 2
3 5
< S
87 87
Improved. . 84
CapsNet CapsNet  SCNN DCNN
Model

(b) Performance comparison of various models
under complex operating conditions
Fig. 7. Comparison of model performance under
different working conditions



DIAGNOSTYKA, Vol. 27, No. 2 (2026)

Li S.: 4 rolling bearing fault diagnosis method based on BO-Caps net ...

and eventually converging to a minimum level close
to 0.01. The loss values of the CapsNet and SCNN
models also decreased effectively, eventually
stabilizing at approximately 0.12 and 0.2,
respectively. This reveals that the improved CapsNet
model not only achieves optimal final performance
but also has a significant advantage in training

efficiency.
100
sop o e
S /'/"’ e
o i/
Seot i/ /S
g I // / — =~ Improved CapsNet
.4 it /e
§ 40 | // CapsNet
~ /// ~ T~~~ SCNN
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(a) Comparison of accuracy of various

models
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AN N
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05 F e \\\\ ~——
‘< R : —_—— .
0 R e e N
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Iteration times
(b) Comparison of loss values for different
models
Fig. 8. Comparison of accuracy and loss values of
different models during training

The study further validated the Receiver
Operating Characteristic Curve (ROC) and recall of
each model, as denoted in Figure 9. Figure 9(a)
showcases that the improved CapsNet model
achieved a True Positive Rate (TPR) of
approximately 0.97 with a False Positive Rate (FPR)
of 0.15. At the same level, the TPRs of SCNN,
DCNN, and CapsNet were approximately 0.85, 0.80,
and 0.70, respectively. Figure 9(b) shows that the
improved CapsNet model exhibited the fastest recall
growth, reaching nearly 95% after approximately 30
iterations and eventually stabilizing at a peak of over
98%. The SCNN model showed the second fastest
convergence speed and final performance,
eventually stabilizing at around 95%. The DCNN
and CapsNet models ultimately stabilized at
approximately 92% and 89% recall, respectively.

In recent years, fault diagnosis methods based on
sequence modeling architectures such as long short-
term memory networks, sequential convolutional
networks, and Transformers have garnered

1.0 I [[rpreesermmss st o e e e e
0.8
0.6 — — - Improved CapsNet
o R L CapsNet
E 04 ———" SCNN
— ~ ' DCNN
0.2
0 _ 1 L 1 )
0.4 0.6 0.8 1.0
FPR
(a) Comparison of ROC curves of various models
100
80
7, ,
~ -////",."" —— - Improved CapsNet
X 60 _///" [
= i CapsNet
S 4o L ~~ 7 SCNN
R 74 ~ =" DCNN
i
20 |4
)
0 1 1 1 1 ]
0 20 40 60 80 100

Number of iterations

(b) Comparison of recall rates for different models

Fig. 9. Comparison of ROC curves and recall
convergence processes across different models

significant attention. These approaches excel at
capturing long-term temporal dependencies and
demonstrate strong modeling capabilities for
continuous stationary signals. However, rolling
bearing vibration signals typically exhibit
characteristics like transient impulses, local abrupt
changes, and multi-scale frequency coupling, with
critical fault information primarily emerging from
the interplay between local structural patterns and
features across different scales. In contrast, CapsNet
represents feature attributes using vector capsules
and employs a dynamic routing mechanism to
explicitly model hierarchical relationships between
features, thereby preserving more structural
information during feature propagation while
avoiding spatial loss associated with traditional
convolutional pooling. Additionally, the introduced
multi-scale convolutional modules enhance fault
feature extraction across diverse sensing fields,
while the channel attention mechanism enables
adaptive reinforcement of key fault information.
Under identical experimental conditions, the
improved CapsNet not only maintains rapid
convergence but also achieves diagnostic accuracy
of 94.8% and recall rates exceeding 98% even under
complex operating conditions, demonstrating
superior feature representation performance for non-
stationary rolling bearing fault signals. From an
engineering application perspective, this model
maintains high diagnostic precision while offering
relatively manageable parameter complexity and
lower requirements for training data volume and
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computational resources compared to large-scale
sequence modeling architectures, making it
particularly suitable for rapid deployment and online
diagnostic tasks in industrial settings.

3.2. Comprehensive evaluation of BO-CapsNet
FD method

This study compared four FD methods: BO-
CapsNet (Method 1), Bayesian Optimization Deep
CNN (BO-DCNN) (Method 2), Genetic Algorithm
Capsule Network (GA-CapsNet) (Method 3), and
Particle Swarm Optimization CNN (PSO-CNN)
(Method 4). The accuracy and F1 score of each
method in 10 tests are shown in Figure 10. Figure
10(a) shows that Method 1 had an average accuracy
0f 99.7%, while Method 2 had an average accuracy
0f 98.6%. Figure 10(b) shows that Method 1 had an
average F1 score of 99.7%, while Method 4 had the
lowest average F1 score of 94.6%. Overall, Method
1 demonstrates extremely high stability in repeated

experiments.
— 00— Method 1 Method 2
----- - Method 3 —o— Method 4
100 _Q o}
o So0—0_p-—0P—-O0—"~0_ 4
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g 97t
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(a) Comparison of accuracy of different
methods in 10 experiments
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(b) Comparison of F1 scores of different
methods in 10 experiments
Fig. 10. Comparison of performance stability of
different FD methods

The study compared the loss values and recall
rates of various methods under standard and
complex operating conditions, and the findings are
denoted in Figure 11. Figure 11(a) shows that under
standard operating conditions, Method 1 had a loss
value of only 0.1 and a recall rate of 99.8%. Method
2 had a loss value of 0.3 and a recall rate of 99.1%.

Method 3 had a loss value of 0.5 and a recall rate of
98.4%. Method 4 had the weakest performance, with
a loss value as high as 0.6 and a recall rate of 97.2%.
Figure 11(b) shows that although the loss value of
Method 1 increased to 0.4, it was still the lowest
among the four methods, and its recall rate remained
at a relatively high level of 95.9%. The loss values
of Methods 2, 3, and 4 increased dramatically to 0.8,
1.1, and 1.5, respectively, while the recall rates
decreased to 94.2%, 92.8%, and 90.5%, respectively.
Therefore, the proposed method achieves the best
fitting effect and the highest fault identification rate.
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Fig. 11. Performance comparison of different
methods under standard and complex working
conditions

The study ultimately compared the number of
optimization iterations and total optimization time of
each method in 10 independent tests, as shown in
Figure 12. Figure 12(a) shows that Method 1
required the fewest iterations and was the most
stable in finding the optimal hyperparameters, with
an average of approximately 24 iterations. Methods
2, 3, and 4 had average iterations of 31, 68, and 91,
respectively. Figure 12(b) shows that Method 1
completed the optimization in an average of
approximately 125.1 minutes, the shortest time.
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Fig. 12. Comparison of optimization efficiency of
different FD methods

Method 2 had an average time of 199.5 minutes.

In summary, the proposed BO-CapsNet method has
an overwhelming advantage in computational
efficiency. Its BO strategy can quickly find the
optimal solution.

To further validate BO-CapsNet's adaptability in

modern predictive maintenance scenarios, the study
supplemented the optimization efficiency analysis

presented in Figure 12 with robustness tests under
domain shift, noise interference, and cross-machine
generalization conditions, as shown in Table 2.
Under standard operating conditions, BO-CapsNet
achieved accuracy, F1 score, and recall rates of
99.7%,99.7%, and 99.8% respectively, with a loss
value of only 0.10. When testing conditions
expanded from uniform loads to load shifts and
rotational speed variations, the model maintained
accuracies of 97.6% and 96.8%, demonstrating that
the Bayesian-optimized hyperparameter
combination exhibits strong domain transfer
stability without overfitting to specific conditions.
Under noisy environments, model performance
declined with decreasing signal-to-noise ratios but
still achieved 94.3% accuracy and 94.0% F1 score
under severe noise conditions, indicating that multi-
scale convolutional networks effectively extract
impact features across different sensory fields while
channel attention mechanisms suppress noise-
dominated redundant channels. In cross-machine
testing, accuracy dropped to 92.6% yet retained high
recall rates, highlighting how CapsNet's dynamic
routing  mechanism  preserves  hierarchical
relationships among fault features and mitigates data
distribution disparities across machine platforms.
Overall, BO-CapsNet demonstrates consistent
diagnostic performance under domain shift, noise
interference, and cross-machine generalization
conditions, confirming its engineering robustness for
predictive maintenance applications.

4. DISCUSSION AND CONCLUSION

To solve the low accuracy of rolling BFD under
complex operating conditions, this study designed a
BO-CapsNet-based FD method for RBs. This
method first constructed an improved CapsNet
model integrating multi-scale convolution and
CAMs. Then, the BO framework was introduced to
automate hyperparameter optimization, forming a
complete intelligent diagnosis process. Outcomes
denoted that the improved CapsNet model
outperformed CapsNet, SCNN, and DCNN models.

Table 2. Robustness verification of BO-CapsNet under different disturbance conditions

speed

Testing condition Domalp Noise Cross-machlne Accuracy/% F1-score/% Recall/% Loss
shift setting level setting
Same load Same bearin
Standard condition and same 0dB g 99.7 99.7 99.8 0.1
platform
speed
Load-shift condition Ohpto1hp  0dB Same bearing 97.6 97.4 97.9 0.22
platform
. 1797 r/min .
Speed-shift to 1772 0dB Same bearing 96.8 96.5 97.1 029
condition . platform
r/min
. Same load .
Weak-noise and same 5dB Same bearing 96.1 95.9 96.4 0.34
condition platform
speed
Strong-noise Same load Same bearin,
£ and same 0dB & 943 94 94.7 0.47
condition platform
speed
. Different . .
Cross-machine load and 5dB Ditferent bearing 92.6 92.1 93.4 0.61
condition platform




DIAGNOSTYKA, Vol. 27, No. 2 (2026) 10
Li S.: 4 rolling bearing fault diagnosis method based on BO-Caps net ...

Under complex operating conditions, its
diagnostic accuracy remained at 94.8%, with faster
convergence. The loss value dropped below 0.1 after
40 iterations. In 10 repeated experiments, the
proposed BO-CapsNet diagnostic method achieved
an average accuracy of 99.7% with minimal
fluctuation. In terms of computational efficiency, the
average time required for optimization was only
125.1 minutes, lower than other comparative
methods. In summary, the proposed BO-CapsNet
FD method, through innovative model structure and
intelligent parameter optimization, effectively
solves the problem of insufficient feature extraction
in conventional methods under complex operating
conditions, providing a highly efficient new
approach for intelligent FD of RBs.

However, the research methodology relies on
sufficient labeled training data, which may be
challenging to obtain in practical industrial settings.
It should also be noted that the BO framework
employed primarily facilitates offline
hyperparameter optimization during model training,
with the core objective of achieving optimal
parameter configurations within limited evaluation
iterations. While this approach significantly
enhances model performance and reduces manual
parameter tuning costs, the current framework is not
specifically  designed for online real-time
optimization scenarios. Consequently, in actual
deployment, the BO optimization process is
typically completed during the offline training
phase, while only the trained diagnostic model is
retained during online operation, ensuring high
inference efficiency and engineering feasibility for
fault diagnosis tasks.

From an application perspective, the proposed
BO-CapsNet method is suitable for predictive
maintenance scenarios such as rotating machinery
systems in smart factories, aerospace rotating
components, and marine propulsion systems. In
these applications, diagnostic models primarily
handle state awareness and fault identification tasks,
while control decisions are typically executed by
independent control systems. Therefore, the research
focuses on balancing diagnostic accuracy with
computational overhead, enhancing industrial
deployment efficiency through a combination of
offline optimization and online inference. Future
work could explore integrating fault diagnosis
results with adaptive control strategies, intelligent
decision-making systems, and digital twin platforms
to establish an integrated framework for perception,
diagnosis, and control, thereby improving the
autonomous operation capabilities of complex
industrial systems.
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