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Abstract: To address the potential data leakage associated with overlapping slicing and the limited
generalization capability of rolling bearing fault diagnosis models under strong noise, small-
sample, and class-imbalanced conditions, a parallel CNN–BiLSTM–CBAM method based on
time-isolated slicing and multi-domain feature fusion is proposed. A time-isolated data
construction strategy is adopted, in which continuous vibration records are first partitioned into
independent temporal segments and then sliced separately, thereby reducing the risk of cross-
subset information leakage caused by overlapping windows. In addition, −2 dB noise and class-
imbalance processing are introduced to simulate complex operating conditions. A dual-branch
EWT–CWT mechanism is constructed to collaboratively extract multi-domain time–frequency
features, and a gated adaptive fusion module is designed to dynamically estimate channel weights,
thereby enhancing fault-sensitive features while suppressing noise interference. A parallel network
is employed to capture local impulsive characteristics and bidirectional temporal dependencies,
while CBAM further refines critical fault information. The parameter sizes and training times of
different models are also preliminarily compared. The proposed method is evaluated on a self-
developed bearing test rig under multiple coupled speed– load conditions and on the public
CWRU dataset. Experimental results indicate that overlap-first sampling followed by random
partitioning may lead to overestimated test accuracy, whereas time-isolated partitioning provides
a more reliable indication of model performance on temporally independent test data.
Keywords: Rolling bearing fault diagnosis, Imbalanced class distribution, Time-series isolated

slicing, Gated adaptive fusion.

1. Introduction
As critical motion-transmitting and

load-bearing units within rotating machinery
systems, rolling element bearings play a vital
role in minimizing frictional loss and
guaranteeing stable equipment operation
[1][2]. Consequently, they see extensive
applications across diverse industrial sectors,

including wind turbines, aeronautics, and rail
transport, where their operational integrity
dictates overall system safety [3][4].
Industrial statistics indicate that 45%–55% of
rotating equipment breakdowns stem from
bearing damage, which often causes
unscheduled downtime or severe safety
accidents[5]. Under harsh working
environments characterized by heavy loads,
elevated rotational speeds, and corrosive
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media, bearings tend to suffer from structural
deterioration such as fatigue spalling, surface
wear, and cage breakdown. Thus, creating
highly precise and dependable fault diagnosis
techniques is indispensable for realizing
effective preventive maintenance and
operational security [6][7]. Nevertheless, raw
bearing vibration signals usually suffer from
heavy background noise, making single-
perspective analysis inadequate for robust
fault identification [8]. Consequently, holistic
multi-perspective strategies are necessary to
extract informative fault signatures while
preserving shock-induced impulse
characteristics to ensure high diagnostic
precision [9].

Over the past few decades, bearing
diagnostic paradigms have progressed from
classical signal processing to data-driven
deep representation learning [10]. Initial
research primarily leveraged time-domain
statistical metrics, frequency-domain
spectrums, and standard time-frequency
analysis to capture health signatures [11]. To
tackle non-stationary behavior and weak fault
responses obscured by heavy noise, adaptive
modal decomposition algorithms—such as
empirical mode decomposition (EMD),
empirical wavelet transform (EWT), and
variational mode decomposition (VMD)—
were extensively deployed to isolate local
frequency bands and highlight transient
shock patterns [12]–[14]. Meanwhile,
continuous wavelet transform (CWT) and
short-time Fourier transform (STFT) were
adopted to model transient energy
distribution and frequency modulation
dynamics [15][16]. Despite their efficacy,
these conventional techniques heavily
depend on manual preset parameters and
frequently fail to simultaneously capture
fine-grained local details alongside global
time-frequency evolution. This limitation has
driven the integration of interpretable
mathematical transformations with the

automated feature representation capabilities
of deep neural networks.

Consequently, deep learning-driven
intelligent representation methods have
emerged as a dominant research area [17].
Convolutional neural networks (CNN) are
widely utilized to mine localized structural
features from raw vibration signals or 2D
time-frequency maps. Hybrid architectures
like CNN-LSTM and CNN-BiLSTM, along
with bidirectional long short-term memory
networks (BiLSTM), further improve the
capability to model complex temporal
dynamics and non-stationary features [18]–
[20]. Furthermore, to counteract feature
attenuation under intense noise, the
convolutional block attention module
(CBAM) has been incorporated to emphasize
discriminative representations across spatial
and channel dimensions[21]–[23]. Although
these methodologies yield impressive
accuracy in state classification, their
robustness and generalization under low
signal-to-noise ratios (SNR) and scarce
training data require further improvement.

While high classification accuracies are
frequently claimed in the literature, the true
integrity of model validation relies on
whether the sample slicing and dataset
partitioning protocols are strictly executed
[24]. To overcome sample scarcity,
overlapping sliding windows are widely
employed for data augmentation by altering
the starting index along continuous time
series [25][26]. However, in studies utilizing
standard benchmarks like the Case Western
Reserve University (CWRU) dataset, many
works specify window size, overlap ratio, and
split proportions without disclosing the exact
sequence of dataset creation [27]–[29].
Specifically, it often remains ambiguous
whether continuous signals are partitioned
into isolated temporal blocks prior to slicing,
or if overlapping samples are created first and
then randomly shuffled into train/test splits.
Multiple studies explicitly execute
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"overlapping slicing prior to random
division"[30]–[32]. While this strategy
rapidly inflates sample quantity, consecutive
windows share substantial raw temporal
sequences. Shuffling such closely correlated
samples across different subsets induces
implicit data leakage between training and
testing sets, yielding artificially inflated test
accuracy that fails to reflect true
generalization performance on unseen real-
world data [33]. Consequently, recent studies
emphasize that continuous vibration records
must be partitioned into strictly non-
overlapping temporal segments before
sample slicing, thereby mitigating leakage
risks [34]. Moreover, relying solely on
laboratory benchmark test rigs overlooks
complex industrial environments where
coupled speed-load variations, complex
acoustic transmission paths, and severe noise
prevail. In practical applications, early-stage
fault instances, multi-condition operating
data, and minority-class fault samples remain
extremely scarce [35]. Therefore, enhancing
diagnostic stability, anti-noise capabilities,
and generalizability under severe
constraints—such as class imbalance, high
noise levels, limited samples, and dynamic
operating states—remains a major technical
challenge.

To address these key challenges, this
paper presents a comprehensive study
covering data creation, feature learning,
architecture design, and experimental
validation. During data construction, a
rigorous time-series isolated slicing scheme
is implemented: raw continuous signals are
first split into strictly non-overlapping
training, validation, and testing segments
prior to slicing, thereby avoiding cross-subset
sample overlap and reducing the associated
risk of data leakage. Concurrently, a baseline
scheme employing "overlapping slicing
before random shuffling" is implemented to
quantitatively assess how sample division
sequence influences evaluated accuracy.

In the feature learning phase, additive
white Gaussian noise (SNR = -2 dB) and
random sample deletion are intentionally
imposed to emulate harsh industrial
conditions with class imbalance. Building
upon this, an EWT-CWT multi-domain
feature fusion mechanism powered by a gated
adaptive module is established. By
leveraging a lightweight bottleneck network,
the framework dynamically adjusts channel
weights to amplify salient fault features and
suppress background noise without
expanding feature dimensions, effectively
capturing localized spectral details, global
time-frequency maps, and transient energy
shifts simultaneously. In terms of model
architecture, a dual-branch parallel CNN-
BiLSTM network is developed to extract
localized shock patterns and bidirectional
sequence dependencies simultaneously,
supplemented by CBAM to refine crucial
fault signatures. Finally, comprehensive
validation is executed on empirical data
collected from a custom bearing platform
under coupled variable speeds and loads,
alongside generalization benchmark testing
on the CWRU dataset. The main
contributions of this study are summarized as
follows:
(1) To address the potential cross-subset
information correlation introduced by
overlapping sliding windows, a time-isolated
data construction protocol is adopted. Before
sample generation, the continuous vibration
records are first partitioned into mutually
independent training, validation, and test
time segments, and sample slicing is then
performed separately within each segment. In
addition, an overlap-first random-
partitioning scheme is established as a
reference to quantitatively evaluate how
different data construction orders affect
model performance assessment.
(2) A gated adaptive multi-domain fusion
mechanism is developed to integrate the
complementary representations extracted by
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EWT and CWT. A lightweight bottleneck
gating network dynamically estimates
channel-wise fault relevance and reweights
the multi-domain features, thereby enhancing
fault-sensitive information and suppressing
noise interference without increasing the
fused feature dimensionality.
(3) A parallel CNN–BiLSTM–CBAM
framework is constructed to jointly capture
local impulsive characteristics and
bidirectional temporal dependencies, with
CBAM further refining discriminative fault
representations. The complete framework is
systematically evaluated through multi-seed
comparisons, fusion-mechanism ablation,
multi-SNR robustness analysis, and cross-
dataset transfer from the self-developed
platform to the CWRU dataset.

The remainder of this paper is structured
as follows: Section 2 provides a detailed
description of the gated adaptive EWT–
CWT multi-domain feature fusion
framework. Section 3 details the architectural
design and principles of the parallel CNN-
BiLSTM-CBAM diagnostic network;
Section 4 describes the experimental
platform and data construction procedure;
Section 5 presents the experimental results
and comprehensive analyses; and Section 6
concludes the paper.

2. Multi-Domain Feature
Extraction and Fusion Method

2.1. Continuous Wavelet Transform
Vibration signatures emitted by rolling

element bearings are inherently dynamic,
non-stationary, and multi-resolution. When
localized surface damage occurs, fault-
induced impulse excitations trigger
pronounced transient fluctuations across the
combined time–scale space. To capture such
complex time–frequency evolution behaviors,
the continuous wavelet transform (CWT) is
incorporated into the diagnostic framework

[36]. By performing temporal translation and
scale expansion on a specified mother
wavelet, CWT evaluates the transient energy
distribution alongside frequency shift
dynamics within the joint time–scale
domain . Mathematically, for a one-
dimensional vibration sequence � � , its
continuous wavelet transform is expressed as:

1( , ) ( ) dtCWT s x t t
ss




  


    
 

(1)

Where s is the scale factor，which controls
the dilation and compression of the wavelet;
 is the translation factor, which indicates
the time position;  ·  denotes the complex
conjugate of the mother wavelet function.

2.2. Empirical Wavelet Transform
Empirical wavelet transform (EWT)

serves as a specialized signal decomposition
technique underpinned by data-driven
segmentation of the frequency spectrum[37].
It constructs an adaptive empirical wavelet
filter bank to resolve the raw vibration signal
into a series of intrinsic modal components,
each characterized by distinct frequency-
domain properties. The procedural execution
of EWT primarily encompasses three key
stages: spectral segmentation, filter bank
construction, alongside signal decomposition
and reconstruction.
(1) Adaptive spectral partitioning

For a real-valued discrete signal ( )x k ,
its normalized Fourier spectrum is usually
considered only over the positive frequency
interval [0, ] The EWT algorithm first
detects the local maxima in the spectrum and
then divides the frequency interval into N
consecutive sub-intervals according to these
local maxima. Let the n-th sub-interval be
denoted as n . The interval boundary is then
defined as follows:

1

1

[ , ], 1,2, ,

[0, ]

n n n
N

n
n

n N 







   

  (2)
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The interval boundaries satisfy:
0 1 1.0 .. N N          To satisfy the

reconstruction condition required for the
subsequent construction of the filter bank, a
transition band with a width of 2 n is
introduced around each boundary n ,
where . To ensure that adjacent transition
regions do not overlap, the parameter 
should satisfy the following constraint:

1

1
min n n

n
n n

 


 




 
   

(3)

Where n denotes the n-th frequency sub-
interval, n is the boundary frequency of the
n-th sub-interval, n represents the transition
bandwidth around the boundary,  is the
adjustment parameter controlling the
transition bandwidth, and N is the number of
sub-intervals after frequency-domain
partitioning.
(2) Construction of empirical wavelet filters

Following the construction principle of
Meyer wavelets, EWT defines an empirical
scaling function ˆ ( )n  and an empirical
wavelet function ˆ ( )n  on each partitioned
sub-interval n .

For the low-frequency band, namely
when n=1 the empirical scaling function
1̂( )  is defined as follows:

1

1 1 1 1
1

other

ˆ

wise

1, | | (1 )

1( ) cos (| | (1 ) ) , (1 ) | | (1 )
2 2

0,

  

          


 


           
    




(4)

For the other high-frequency bands,
namely when n>1, the empirical wavelet
function ˆ ( )n  is defined as follows:

1

1 1 1
1

1, (1 ) | | (1 )

1cos (| | (1 ) ) , (1 ) | | (1 )
2 2

ˆ ( )
1s )

o

in (| | (

, therwis
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

 
         
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

  


   


                
  

       
   



(5)

Where 1̂ ( )  denotes the empirical
scaling function corresponding to the lowest

frequency band, ˆ ( )n  denotes the
empirical wavelet function corresponding to
the n-th high-frequency sub-band, and ( )x
is a smooth transition function, which is
expressed as follows:

4 2 3( ) (35 84 70 20 ), [0,1]x x x x x x      (6)
This function has smooth and

monotonic properties, and is used to ensure
smooth transitions between the empirical
scaling function and the empirical wavelet
function at adjacent frequency-band
boundaries.
(3) Signal decomposition and reconstruction

By performing filtering operations in the
frequency domain, the corresponding modal
components can be extracted. The low-
frequency approximation component 1( )f t
and the high-frequency detail component

( )nf t of the signal are calculated as follows:
1

1 1
1

ˆˆ( ) ( ) ( )

{ ˆˆ( ) ( ) ( ) , 2,3, ,

{ }

}n n

f t x

f t x n N

  

  







  

F

F
(7)

Therefore, the original signal ( )x t .
processed by EWT can be completely
reconstructed from all modal components as:

1
( ) ( )

N

n
n

x t f t


 (8)

Where ˆ( )x  denotes the Fourier transform
of the original signal; 1{} F represents the
inverse Fourier transform; 1( )f t is the low-
frequency approximation component of
the signal; ( )nf t is the �-th high-frequency
modal component; and N is the total
number of decomposed modes.

2.3. EWT-CWT Multi-Channel
Adaptive Feature Fusion

Synthesizing the complementary
advantages of Continuous Wavelet
Transform (CWT) and Empirical Wavelet
Transform (EWT) in processing non-
stationary signals, and addressing the
challenge that bearing vibration features are
easily submerged by strong noise under
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complex variable operating conditions, this
section constructs a preprocessing framework
featuring dual-branch parallel feature
extraction and gated adaptive fusion. This
framework aims to enhance the fault
discriminability and anti-noise robustness of

the fused features without increasing the
feature dimensions. The specific
implementation procedure is as follows (in
conjunction with the flowchart shown in Fig.
1):

Fig. 1. Framework of EWT-CWT multi-channel adaptive dynamic weighted feature fusion

(1) Noise Contamination and Class
Imbalance Synthesis

Following the time-series isolated
slicing protocol, one-dimensional vibration
segment samples of length � = 1024
undergo stochastic sample dropouts across
specified target classes to synthesize a
skewed class distribution. Subsequently,
additive white Gaussian noise with a signal-
to-noise ratio (SNR) of −2dB is
superimposed onto these samples to construct
a noise-contaminated, class-imbalanced
dataset. This benchmark dataset serves to
rigorously assess the diagnostic robustness

and noise immunity of the proposed
framework under combined noise and data
scarcity constraints.
(2) Dual-Branch Parallel Feature Extraction
Paradigm

A dual-branch architecture combining
EWT and CWT is established for multi-scale
feature generation. In the EWT branch, the
noise-contaminated vibration signal is
adaptively decomposed into four adaptive
frequency components (each with a
dimension of 1024), aimed at extracting
localized impulse features within different
frequency bands. Concurrently, the CWT
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branch processes the signal via continuous
wavelet transform to generate a 2D time-
frequency representation. This representation
is subsequently processed by global average
pooling (GAP) to obtain a 1D feature vector
of 1024 dimensions. The extracted features
from both branches are then forwarded to the
adaptive weighting module for dynamic
feature recalibration.
(3) Gated Adaptive Multi-Domain Feature
Fusion

Conventional multi-channel fusion
methods relying on uniform channel
concatenation fail to account for varying fault
sensitivities across multi-domain
representations, frequently introducing
redundant spectral noise under low-SNR
regimes. To overcome this limitation, a gated
adaptive fusion mechanism is designed to
perform dynamic, weighted channel
concatenation across the dual-branch outputs.
Inspired by channel attention principles, this
module incorporates a lightweight bottleneck
network to autonomously determine the
fault-relevance weight for each channel,
thereby selectively magnifying informative
fault signatures while suppressing irrelevant
noise artifacts. The mathematical formulation
proceeds as follows:

Let the EWT branch yield four IMF
feature channels and the CWT branch
produce one global energy envelope feature,
all possessing a temporal sequence length of
� = 1024 . Initially, global average pooling
(GAP) is executed along the temporal
dimension for each individual feature
channel. This operation condenses the
temporal sequence into a scalar global
representation �� , capturing the overall fault
information density of the �-th channel:

11 ( )
t

c c
L

z x t
L


  (9)

Where, cx is the amplitude of the c-th feature
channel at the t-th time step, and cz is the
global aggregated value of the c-th channel.

The global representation vector of the 5
channels is input into a bottleneck fully
connected gated network. It first undergoes a
non-linear feature transformation through a
dimensionality reduction layer, and is then
mapped to the (0, 1) interval via a
dimensionality expansion layer and a
Sigmoid function, ultimately yielding the
adaptive weight s for each channel:

  ReLU  2 1s W W z (10)

Where 5 1z is the global aggregated
vector, 2 5

1W  and 5 2
2W  are the

weight matrices of the dimensionality-
reduction and dimensionality-expansion
layers, respectively; and    denotes the
Sigmoid activation function. The resulting
adaptive weight vector satisfies  5 10,1 s ,
with each element corresponding to one
feature channel.

The learned channel weights are
multiplied element-wise with their
corresponding original time-series features to
accomplish adaptive weighting:

( ) ( )c c cx t s x t  (11)

Following dynamic weighting, the four
adjusted EWT modal features and the single
scaled CWT envelope feature are channel-
wise concatenated, culminating in a
synthesized multi-channel feature tensor with
dimensions of 5 × 1024 . By dynamically
adapting individual channel contribution
ratios in response to the operational noise
level and underlying fault characteristics of
the input signal, this fusion strategy
significantly boosts the discriminative
sensitivity of the multi-domain signatures
while strictly maintaining feature
dimensionality.
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3. Theoretical Basis of the Model

3.1. Convolutional Neural Network
Owing to their local receptive field

geometry and weight-sharing topology,
convolutional neural networks (CNNs)
exhibit inherent efficacy in spatial feature
learning and parameter compactness [38].
Within the proposed framework, the CNN
branch operates as a core feature abstraction
module tasked with isolating localized
transient shocks and inter-channel spatial
correlations directly from the multi-channel
fused input. Mathematically, let the input
feature tensor �rec be defined as:

1024B C
recF   (12)

where recF denotes the input multi−channel
fused feature tensor,  represents the
real−valued domain, B is the batch size, C is
the number of fused feature channels, and
1024 is the sequence length. For a single
sample, the input size can be expressed as
(C,1024).

During the forward propagation phase,
the multi-channel feature tensor traverses an
alternating sequence of 1D convolutional
operations, ReLU activation functions, and
1D max-pooling layers. Specifically, 1D
convolution captures localized temporal
signatures, the ReLU function injects non-
linear expressiveness, and max-pooling
condenses spatial dimensionality while
retaining essential salient features. Through
the hierarchical cascading of these
convolutional and pooling blocks, the raw
multi-channel time-series signal is
progressively transformed into rich, high-
level abstraction representations. The
detailed layer-wise feature mapping pipeline
for an individual input sample is illustrated in
Fig.2.

Fig. 2. CNN feature extraction architecture

3.2. Bidirectional Long Short-Term
Memory Network

The bidirectional long short-term
memory (BiLSTM) network integrates dual
concurrent processing streams—a forward
LSTM layer and a backward LSTM layer—
to extract sequential signatures along both
past and future temporal trajectories,
respectively. By synthesizing past context
with upcoming sequence trends, this
architecture effectively maximizes temporal
information utilization, thereby bolstering the
network's capacity to represent non-
stationary sequential dynamics [39].

Formally, let an input sequence be
defined as � = �1, �2, …, �� , where �
denotes the sequence length. At any discrete
time step �, the standard LSTM cell operation
is governed by a forget gate ��, an input gate
�� , a candidate cell state �� � , an updated cell
state ��, an output gate ��, and a hidden state
ℎ� . The step-by-step mathematical
formulation is expressed as follows:

1

1

1

1

1

( )
( )
tanh( )

( )
tanh( )

t f t f t f

t i t i t i

t c t c t c

t t t t t

t o t o t o

t t t

f W x U h b
i W x U h b

W x U h b
f c i c

o W x U h b
h o C

c
c
















  
  
  
 
  


 




(13)

where  and tanh  are activation functions;
 denotes element-wise multiplication;W,U,
and b represent the weight matrices and bias
terms of each gate, respectively; and tc and
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th denote the cell state and hidden state at
time step t, respectively.

Specifically, the forward LSTM stream
captures historical sequence dependencies
along the forward timeline, whereas the
backward LSTM stream extracts future
contextual trends in reverse chronological
order, as illustrated in the schematic diagram
of the BiLSTM architecture in Fig. 3. By
feature-wise concatenating the hidden state
representations from both directions at each
identical time step, a unified output vector
containing comprehensive bidirectional
global context is established. The joint state
updates and output predictions are expressed
as follows:

 
 

1 1

1 1

LSTM , ,

LSTM , ,

;

ˆ softmax( )

f f f
t f t t t

b b b
t b t t t

f b
t t t

t y t y

h x h c

h x h c

h h h

y W h b

 

 





   
 

(14)

where
f
th and

b
th denote the hidden states

of the forward LSTM and backward LSTM at

time step � , respectively; 1
f
tc  and 1

b
tc 

denote the cell states of the forward LSTM
and backward LSTM at adjacent time steps,
respectively; [ ];  represents the vector

concatenation operation; yW and yb denote
the weight matrix and bias term of the output
layer, respectively; and ˆty represents the
prediction output normalized by the softmax
function.

Fig. 3. Schematic diagram of the BiLSTM
structure

3.3. Convolutional Block Attention
Module

The convolutional block attention
module (CBAM) represents a
computationally efficient and widely
applicable dynamic attention framework
tailored for feed-forward convolutional
architectures. As illustrated in the structural
layout in Fig. 4, CBAM sequentially infers
spatial and channel attention weight maps
across two decoupled structural axes [40].
This dual-stage feature refinement paradigm
adaptively directs feature allocation toward
critical "what" (channel-wise semantic
content) and "where" (spatial-wise target
locations) representations, thereby
significantly boosting the network's
discriminative representation capacity with
minimal computational overhead.

Fig. 4. Schematic diagram of the CBAM
structure

Specifically, the channel attention
branch dynamically isolates channel-wise
salient features by applying dual global
pooling operations—namely global average
pooling and global max pooling—to the input
feature tensor along its spatial dimensions,
thereby yielding dual spatial context vectors.
Subsequently, these vectors are fed into a
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shared multi-layer perceptron (MLP)
featuring a bottleneck architecture. The
resulting outputs are element-wise
aggregated and normalized via a Sigmoid
activation function to generate the final 1D
channel attention weight vector. The
corresponding mathematical formulation
proceeds as follows:

    

channel
avg
channel
max

channel channel
avg max

AvgPool( )

MaxPool( )

MLP MLPc

c

F F

F F

M F F

F F M



 





 


  

(15)

Concurrently, the spatial attention
mechanism is tailored to prioritize
information-rich spatial regions while
dampening task-irrelevant background noise.
Operating on the channel-refined feature map
�' , average pooling and max pooling
operations are executed across the channel
axis, producing dual single-channel 2D
spatial feature descriptors. These two
descriptors are subsequently concatenated
along the channel dimension and processed
by a standard 1D/2D convolutional layer to
generate the spatial attention weight map ��.
The step-by-step mathematical formulation is
expressed as follows:

  
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spatial
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spatial
max

spatial spatial
avg max
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max
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s
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
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



    
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(16)

where F denotes the initial input feature map;
C is the total number of channels; )

avg
(·F and

( )
max
·F represent the feature descriptors

generated by average pooling and max
pooling, respectively; MLP denotes the
shared multilayer perceptron;  is the
sigmoid activation function; and  and [ ]; 

denote element-wise multiplication and
channel concatenation, respectively. cM and

sM are the inferred channel and spatial
attention weight maps, respectively; F and
F  represent the output features after
channel refinement and dual refinement,
respectively.

3.4. Parallel CNN-BiLSTM-CBAM
Diagnosis Framework

Aiming to tackle the data leakage issue
caused by overlapping sliding window
slicing, as well as the insufficient diagnostic
capability under harsh conditions involving
strong background noise, limited fault
samples and imbalanced class distribution,
this paper proposes a parallel CNN-BiLSTM-
CBAM fault diagnosis framework based on a
strict temporally isolated partitioning strategy
(As shown in Fig. 5).

First, the original continuous vibration
signals are split into three non-overlapping
subsets, namely the training, validation and
test segments, in strict chronological order.
After the partitioning process, random
sample elimination is applied to specific fault
categories to simulate the real-world
scenarios of insufficient samples and class
imbalance. For feature construction, a dual-
branch EWT-CWT extraction mechanism is
established: the EWT branch decomposes the
input signal into four IMF components to
characterize fine-grained fault details in local
frequency bands, while the CWT branch
derives one global energy envelope feature to
reflect the overall time-frequency variation
trend of the vibration signal.

Subsequently, a gated adaptive multi-
domain feature fusion mechanism is devised.
For the five feature channels generated from
the above dual branches, global average
pooling is performed along the temporal
dimension first, so as to condense the fault
information richness of each channel into a
global aggregated vector. This vector is then
fed into a bottleneck fully connected gating
network, which sequentially performs non-
linear feature transformation through a
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dimensionality reduction layer and a
dimensionality expansion layer, and maps the
transformed values into the (0, 1) interval via
a Sigmoid function to obtain the adaptive
weight for each channel. The learned weights
are multiplied element-wise with their
corresponding original time-series features to
fulfill adaptive channel weighting, and all
weighted features are finally concatenated
along the channel dimension to form a multi-
channel fused feature matrix with the
dimension of 5×1024. Without increasing the
total feature dimensionality, this mechanism
can dynamically adjust the contribution ratio
of each channel according to the noise
intensity and fault type, thereby achieving the
amplification of effective fault features and
the suppression of noise components.

In the parallel recognition network, the
CNN branch extracts local impulsive features

and inter-channel correlation information,
while the BiLSTM branch implements
bidirectional temporal dependency modeling.
After fusing the output features from the two
branches, the CBAM module further
enhances critical fault features and
suppresses noise interference through the
joint effect of channel attention and spatial
attention. Finally, fault diagnosis results are
output through a global average pooling layer
and a Softmax classifier. By integrating
temporally isolated data partitioning, gated
adaptive multi-domain feature extraction and
parallel deep network architecture, the
proposed method effectively improves the
diagnostic accuracy, anti-interference
robustness and generalization performance
under complex operating conditions.
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Fig. 5. Parallel CNN-BiLSTM-CBAM fault diagnosis process

To guarantee the reproducibility of the
proposed fault diagnosis approach and clarify
its complete architectural design, the core
structural configurations of the parallel
CNN–BiLSTM–CBAM network are
elaborated as follows.

The CNN branch follows a VGG-
inspired one-dimensional architecture with a
gradually increasing number of channels,
which consists of three consecutive
convolutional blocks. Each convolutional
layer utilizes small-size convolution kernels,

which helps cut down the total number of
trainable parameters while enabling a deeper
network structure. Both the stride and
padding are uniformly configured as 1, so as
to maintain the original temporal resolution
of the input features. A max-pooling layer is
attached right after each convolutional layer
to perform 2× downsampling on the feature
sequences. For the temporal feature
extraction branch, a single bidirectional long
short-term memory (BiLSTM) layer is
deployed, and the number of hidden units is
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set to 120. In addition, a one-dimensional
convolutional block attention module (1D-
CBAM) is embedded after the spatial feature
layer, with a channel reduction ratio of 16 and
a spatial convolution kernel size of 7. The
output dimension of the final fully connected
layer is set to 12, which matches the
classification requirement of 12 distinct
bearing operating conditions.

4. Bearing Fault Experiment Design

4.1. Structure of the Bearing Test Rig
The experiment is conducted on a self-

developed bearing fault simulation test
platform, and the physical layout and core
components of the platform are shown in Fig.
6. In terms of physical architecture, the
platform is supported by a rigid welded base,
on which the drive motor, coupling, main
shaft, and test bearing housing are connected
in sequence. During the experiment, the
target rotational speed is set by the host
computer and then transmitted to the PLC
control cabinet to drive the rotor system. A

radial load is applied to the test bearing seat
through a bolt-loading mechanism and
monitored by a pressure sensor. Vibration
signals are captured by a high-sensitivity
accelerometer, then converted from analog
signals to digital signals through an ART data
acquisition card, and finally recorded by the
computer for data storage and analysis.

Fig. 6. Bearing Test Rig

The test bearing installed in the bearing
housing is a 31306 tapered roller bearing, and
its structural parameters are listed in Table 1.

Table 1.Geometric specifications for the 31306 bearing model

Specification Inside
Diameter/mm

Outside
Diameter/mm Width/mm

Width of
Inner
Race/mm

Outer Ring
Width/mm

Contact
Angle/°

31306 30 72 20.5 19 14 28.8
In practical applications, vital parts of

rolling bearings— including the inner ring,
outer ring, and rolling bodies— frequently
experience localized damage due to
prolonged alternating stresses, wear, and
contact fatigue. To accurately replicate
authentic operating failures, defects on both
the inner ring and rolling components were
introduced utilizing wire-cut electrical
discharge machining. Conversely, an angle
grinder was applied to create spalling on the
outer ring. Furthermore, a healthy bearing
free from visible wear served as the baseline
control. The actual appearances of the
healthy bearing alongside the three

distinctively damaged models are illustrated
in Fig. 7.
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Fig. 7. Physical photographs of the normal
bearing and three typical faulty bearings

4.2. Setup of the Experiment and
Signal Collection

The dataset utilized in this study
comprises vibratory responses acquired from
31306 tapered roller bearings. We evaluated
four distinct structural conditions: a healthy
baseline, alongside localized defects on the
inner ring, outer ring, and rolling components.
To simulate the operating characteristics of
bearings under different industrial conditions,
three speed–load combinations are designed:
800 r/min + 3000 N, corresponding to low-
speed heavy-load operation; 1100 r/min +
2000 N, corresponding to medium-speed
medium-load operation; and 1400 r/min +
1000 N, corresponding to high-speed light-

load operation. As a result, 12 operating-
condition labels are formed.

An ART 8812 data acquisition (DAQ)
board was employed to digitize the analog
outputs from the sensor. These digitized
signals were subsequently forwarded to a
master PC for real-time monitoring,
archiving, and further analytical processing.
Throughout this procedure, data was
recorded at a continuous sampling rate of
25.6 kHz.

Samples were constructed using a time-
series window of 1024 points. The original
continuous vibration signals were first
divided into mutually non-overlapping
training, validation, and test segments at a
ratio of 7:2:1. Within the training segment,
samples were generated using a sliding
window with 50% overlap, whereas the
validation and test segments were
sequentially partitioned without overlap.
After time-isolated slicing, the initial sample
size was kept consistent across all operating-
condition classes, with each class containing
279 training samples, 80 validation samples,
and 40 test samples. On this basis, random
undersampling was applied to selected
classes to simulate class imbalance under
practical industrial conditions, using a fixed
random seed of 7. Samples from each class
were removed according to predefined
proportions, and the corresponding reduction
ratios together with the resulting numbers of
training, validation, and test samples are
listed in Table 2.

Table 2.Class-imbalance processing results for the self-developed bearing fault dataset
Operational
Scenario Failure Mode Label Removal

ratio (%) Training set Validation set Test set

Low-speed
heavy-load

Inner-race fault 0 12.28 245 70 35
Outer-race fault 1 64.91 98 28 14
Rolling-element
fault 2 44.86 154 44 22

Normal condition 3 42.36 161 46 23
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Medium-
speed
medium-
load

Inner-race fault 4 7.27 259 74 37
Outer-race fault 5 42.36 161 46 23
Rolling-element
fault 6 14.79 238 68 34

Normal condition 7 7.27 259 74 37

High-speed
light-load

Inner-race fault 8 9.77 252 72 36
Outer-race fault 9 12.28 245 70 35
Rolling-element
fault 10 12.28 245 70 35

Normal condition 11 47.37 147 42 21

4.3. Data Construction Protocols and
Overlapping-Window Leakage
Analysis

4.3.1. Problem Statement and Motivation
In deep learning-based rolling bearing

fault diagnosis, the reliability of performance
evaluation depends not only on the network
architecture but also on how the dataset is
constructed and partitioned. Many existing
studies report the window length, overlap
ratio, and train/validation/test split
proportions, while the order of sample
generation and subset partitioning is often not
explicitly specified. Specifically, continuous
vibration records may either be partitioned
into temporally isolated subsets before
sample generation, or first segmented into
overlapping windows that are subsequently
shuffled and randomly assigned to different
subsets. These two procedures are not
equivalent. In the latter case, highly
overlapping samples derived from the same
raw signal segment may appear in both the
training and test sets, introducing potential
cross-subset information leakage and
consequently inflating the measured test
performance.
Let a continuous vibration record of length

N be denoted as:
 1 2, , , Nx x x x (17)

Using a sliding window of length L and
step size s, the k- th sample is generated as:

( )
1 2( 1) , ( 1) , , ( 1)

1,...,
[ ]k

Lx k s x k s x k s
k K

       


x (18)

The overlap ratio is defined as:

1L s s
L L

 
   (19)

Based on the sequence of data
segmentation and subset partitioning, two
data construction protocols are formally
defined as follows.
Protocol A — Overlapping slicing followed
by random partitioning.

Overlapping windows are first
generated from the complete continuous
record. The resulting samples are then
randomly shuffled and divided into the
training, validation, and test subsets. Since
two adjacent windows share L-s original
sampling points, highly correlated samples
may be assigned to different subsets.
Protocol B — Time-isolated slicing.

The continuous record is first divided
into mutually non-overlapping temporal
blocks corresponding to the training,
validation, and test subsets. Sample windows
are then generated independently within each
block. Consequently, samples from different
subsets do not share raw sampling points
through window overlap, thereby avoiding
the overlap-induced cross-subset leakage
pathway considered in this study.
Unless otherwise specified, Protocol B is

adopted throughout the subsequent
experiments. To quantify the influence of the
data construction procedure, the test-
accuracy overestimation associated with
Protocol A is defined as:

A BCC CCA A   .
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4.3.2. Overlapping-Window Leakage
Analysis

Consider two adjacent overlapping
samples, ( )kx and ( 1)kx , extracted from the
same continuous vibration record.When s L ,
the two samples share L s original sampling
points, and the proportion of shared
information increases with the overlap ratio �.
Therefore, a smaller step size � produces
greater overlap and stronger similarity
between neighboring samples.

Under Protocol A, these highly
correlated samples are randomly shuffled
before subset partitioning. Consequently,
samples containing partially identical raw
signal segments may be assigned to the
training and test sets simultaneously. A deep
learning model may therefore exploit signal
patterns already encountered during training
when classifying such test samples. In this
case, the measured test accuracy may partly
reflect the memorization of shared signal
segments rather than generalization to
temporally independent data, leading to an
overestimation of diagnostic performance.

In contrast, Protocol B performs subset
partitioning before sample generation. Since
the temporal blocks assigned to different
subsets do not overlap, the overlap-induced
sharing of raw sampling points between the
training and test sets is avoided. The resulting
test performance therefore provides a more
reliable indication of model generalization to
temporally isolated data.

Accordingly, the test-accuracy
overestimation introduced by Protocol A can
be attributed to the overlap-induced cross-
subset information leakage during the sample
construction and partitioning process. When
overlapping samples generated from the
same continuous vibration record are
randomly assigned to different subsets,
correlated information may be implicitly
shared between the training and test sets,
resulting in overly optimistic evaluation
results. This analysis provides a theoretical

explanation for the 1.01%–9.03% test-
accuracy overestimation experimentally
observed in Section 5.1.

To further verify this effect empirically,
Protocol B is adopted as the reference data
construction procedure, while Protocol A is
evaluated using six representative diagnostic
architectures under the same experimental
conditions.

4.4. CWRU Public Bearing Database
To thoroughly assess the

generalizability of the developed algorithm,
the open-source CWRU bearing repository
[41]was utilized for benchmarking purposes.
A visual representation of this test rig is
provided in Fig.8.

Fig. 8. Physical layout of the CWRU test rig

For this phase of testing, the analysis
relied on vibratory data collected from the
drive-end bearing at a sampling rate of 12
kHz. The collected records encompass four
operational modes: a healthy state, along with
localized defects situated on the inner ring,
outer ring, and rolling bodies. By examining
three distinct severity levels for every defect
category, the classification task was
structured around a total of ten unique
structural health conditions. To maintain
strict experimental parity with the
aforementioned custom database, identical
procedures were applied to the CWRU
records regarding the generation of data
instances, the allocation of data splits, and the
artificial injection of noise. A detailed
breakdown of the instance counts per class
can be found in Table 3.
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Table 3. Dataset partitioning results for the CWRU bearing fault dataset

Fault type Damage size (mm) Label Training set Validation set Test set

Normal condition - 0 140 40 20

Inner-race fault
0.177 8 1 191 34 17
0.355 6 2 168 48 24
0.533 4 3 126 36 18

Outer-race fault
0.177 8 4 175 50 25
0.355 6 5 126 36 18
0.533 4 6 56 16 8

Rolling-element
fault

0.177 8 7 182 52 26
0.355 6 8 147 42 21
0.533 4 9 105 30 15

4.5. Experimental Software
Environment

To ensure fair evaluations, identical
training configurations were applied to both
the custom and CWRU databases, with
specific hyperparameters detailed in Table 4.

Table 4. Hyperparameter selections for the
designed architecture

Hyperparameters Parameter
Batch size 32
Epoch 20
Activation function ReLU
Optimize Adam
Learning rate 0.0003

All models were developed using
Python 3.9.21 and the PyTorch framework on
a 64-bit Windows 11 machine (CUDA 12.1).
The physical workstation featured an Intel
Core i7-14650HX CPU, an NVIDIA RTX
4060 Laptop graphics card, and 16 GB of
RAM. Additionally, a global random seed of
7 was fixed to guarantee experimental
reproducibility.

5. Empirical Results and Discussion

5.1. Performance Evaluation via the
Custom Bearing Database

This section assesses the presented
algorithm utilizing the custom-built failure
database. To comprehensively gauge its
classification precision, resilience, and latent
feature extraction abilities, the testing
framework incorporates four distinct phases:
comparative and ablation studies, time-
isolated slicing, confusion matrix
examination, and visualization of feature
clusters.

5.1.1. Ablation and Comparative
Experiment Analysis

To substantiate the advantages of the
developed architecture in identifying
mechanical defects, incremental ablation
studies were executed while maintaining
strictly identical hardware setups and signal
conditioning steps. Taking a basic single
CNN model as the baseline, BiLSTM and the
CBAM attention mechanism are gradually
introduced to quantitatively compare the
performance differences among different
models and verify the contribution of each
introduced module to diagnostic accuracy.
Subsequently, horizontal comparative
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experiments are carried out between the
proposed model and several representative
models, including the mainstream 1D-
ResNet18 model, the temporal modeling
model CNN-Transformer, and the attention-
enhanced CNN-Transformer-CA model.

Considering the class-imbalanced
setting of the present study, Precision, Recall,
and F1-score were calculated using macro
averaging, in which the corresponding metric
was first calculated independently for each
class and then averaged with equal weight
across all classes. Accordingly, these metrics
are reported as Macro-Precision, Macro-
Recall, and Macro-F1. For the single-label
multiclass classification task considered in
this study, Balanced Accuracy is equivalent
to Macro-Recall because both are defined as
the arithmetic mean of the class-wise recalls.
Therefore, Balanced Accuracy is not listed
separately to avoid redundant information.
All metrics in Table 5 were independently

calculated for each random seed and are
reported as mean± standard deviation.

Except for the multi-seed repeated
experiments reported in Table 5, the
subsequent auxiliary analyses were
conducted under consistent experimental
conditions using a single controlled run with
a fixed random seed of 7. Specifically, Fig. 9,
the training-time results in Table 6, Table 7,
Fig. 10, and Fig. 11 were obtained from this
fixed-seed run. The parameter counts in
Table 6 are determined by the network
architectures and are therefore independent
of the random seed. These single-run results
are mainly used to analyze the training
process, computational cost, data-
partitioning strategy, and class-level
visualization, whereas the overall
quantitative performance and inter-model
comparisons are based on the multi-seed
mean± standard deviation reported in Table
5.

Table 5. Ablation and comparison on the custom dataset
Model Accuracy (%) Macro-

Precision (%) Macro-Recall (%) Macro-F1

CNN 77.11±1.87 80.65±1.76 78.41±1.56 79.75±1.12
CNN-BiLSTM 92.23±1.24 92.85±1.53 91.85±1.67 91.98±1.23
CNN-BiLSTM-CBAM 96.63±0.53 96.68±0.21 96.73±0.42 96.48±0.45
1D-ResNet18 81.74±1.78 78.91±1.34 80.05±1.51 79.65±1.22
CNN-Transformer-CA 86.38±1.12 87.56±1.39 85.28±1.98 84.73±1.48
CNN-Transformer 89.74±1.45 89.61±1.62 90.20±1.10 90.29±1.03

As shown in Table 5, the evaluation
metrics exhibit a clear improvement trend
along the ablation sequence from CNN to
CNN-BiLSTM and further to CNN-
BiLSTM-CBAM. The proposed CNN-
BiLSTM-CBAM model achieves a mean
accuracy of 96.63 ± 0.53%, representing
improvements of 19.52 and 4.40 percentage
points over the baseline CNN and CNN-
BiLSTM models, respectively. Meanwhile,
its Macro-Precision, Macro-Recall, and
Macro-F1 reach 96.68 ± 0.21%, 96.73 ±

0.42%, and 96.48 ± 0.45%, respectively.
These results indicate that the bidirectional
temporal modeling capability of BiLSTM
and the key-feature enhancement provided by
CBAM further improve the overall
classification performance on the basis of the
local feature extraction capability of CNN.

In the horizontal comparison, the mean
accuracy of the proposed model exceeds
those of 1D-ResNet18, CNN-Transformer-
CA, and CNN-Transformer by 14.89, 10.25,
and 6.89 percentage points, respectively.

https://doi.org/10.37965/jdmd.2026.1595


https://doi.org/10.37965/jdmd.2026.1674

19

Among these three comparison models,
CNN-Transformer achieves the highest mean
accuracy of 89.74 ± 1.45%, but it remains
lower than that of the proposed model.
Meanwhile, the proposed model also
achieves higher Macro-Precision, Macro-
Recall, and Macro-F1 than the above
comparison models. These results indicate
that the local impulsive feature extraction
capability of CNN, the bidirectional temporal
dependency modeling of BiLSTM, and the
attention-based enhancement of CBAM
provide complementary contributions,

enabling the model to maintain strong overall
diagnostic performance under noisy and
class-imbalanced conditions.

To additionally substantiate the training
consistency and broad applicability of our
architecture, we mapped the progression of
loss and accuracy trajectories for the
evaluated models. This visual representation
offers clear insights into the convergence
efficiency, training stability, and overfitting
risk of the CNN-BiLSTM-CBAM model.
The detailed graphical plots of these learning
phases are displayed in Fig. 9.

(a) Accuracy (b) Training Loss
Fig. 9. Training accuracy and loss curves

As shown by the training process, with
the increase in the number of iterations, the
training accuracy of each model gradually
improves, while the training loss
continuously decreases. However, the
convergence behaviors of different models
are not the same. The basic CNN and 1D-
ResNet18 models converge relatively slowly.
After 20 iterations, their training accuracies
are 78.89% and 81.10%, respectively, while
their loss values remain at approximately
0.572 and 0.553. This indicates that these two
models have relatively weak feature learning
capability for noisy and class-imbalanced

samples. After the introduction of BiLSTM
or Transformer modules, the convergence
performance of the models is significantly
improved. Among them, CNN-Transformer
achieves the highest training accuracy on the
training set, reaching 98.55%, with the
training loss reduced to 0.076, indicating its
strong fitting capability for the training
samples.

The proposed parallel CNN-BiLSTM-
CBAM model achieves a final training
accuracy of 95.35%, with the training loss
decreasing to 0.189, and the overall training
process remains relatively stable. Although
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its training accuracy is not the highest in this
fixed-seed run, the multi-seed test results
reported in Table 5 show that the proposed
model achieves a higher mean test accuracy
than CNN-Transformer. This indicates that
the proposed method does not merely pursue
a better fit to the training set, but instead
provides stronger overall performance in
bearing fault diagnosis.

To evaluate the comprehensive
effectiveness of the algorithm formulated

herein, and to balance the improvement in
fault diagnosis accuracy against the
reasonable computational burden, statistics
on trainable parameter counts and the
cumulative execution duration across 20
epochs were collected for all models involved
in the ablation experiments. The comparison
results are summarized in Table 6.

Table 6. Comparison of parameter count and total time consumption of 20 cycles for ablation
models

Model Trainable Parameters/k Total Time for 20 Epochs /s
CNN 82.34 83
CNN-BiLSTM 110.42 96
CNN-BiLSTM-CBAM 144.54 118
1D-ResNet18 83.52 80.25
CNN-Transformer 124.6 104
CNN-Transformer-CA 134.8 115

Table 6 reports the number of trainable
parameters and the total training time over 20
epochs for the compared models. The
baseline CNN and 1D-ResNet18 have
relatively small parameter sizes and lower
training costs, whereas the introduction of
BiLSTM, Transformer, and attention
modules increases both model complexity
and computational overhead. The proposed
CNN–BiLSTM–CBAM model contains
144.54 k trainable parameters and requires
118 s for 20 training epochs, both of which
are the largest among the compared models,
indicating that the improvement in diagnostic
performance is accompanied by additional
computational cost. This overhead mainly
arises from the recurrent temporal modeling
of BiLSTM and the feature recalibration
introduced by the attention module.
Therefore, the current experiments primarily
demonstrate the effectiveness of the proposed
model in terms of diagnostic performance
and robustness, but are not sufficient to
conclude that it is better suited for resource-

constrained edge devices or highly time-
sensitive applications. Future work will focus
on reducing computational requirements
through model pruning, quantization, and
lightweight architectural design, together
with evaluations of inference latency and
memory consumption on practical edge
devices to further assess its engineering
deployment potential.

5.1.2. Strict Time-Isolated Slicing
In bearing fault diagnosis studies, many

papers only report the overlap ratio of the
sliding window, the number of samples, or
the partitioning ratio of the training,
validation, and test sets, without clearly
specifying the order between sample
construction and dataset partitioning. In other
words, it is often unclear whether the
continuous signal is first divided into time
segments and then sliced, or whether
overlapping slicing is first performed and the
generated samples are then randomly divided
into different datasets. Since these two
processing procedures differ significantly in
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terms of sample independence and model
evaluation results, it is often difficult to
accurately judge the reliability of the test
results based only on the overlap ratio or the
number of samples.To address this issue, this
paper adopts a time-isolated slicing strategy.
This strategy can effectively avoid cross-
dataset information leakage and make the
model evaluation results closer to the
diagnostic performance under real operating
conditions.

To quantify the influence of different
slicing strategies on diagnostic accuracy and
further illustrate the effect of different sample

construction procedures on the test results,
comparative experiments are conducted on
six mainstream fault diagnosis models,
including the proposed parallel CNN-
BiLSTM-CBAMmodel. Under the condition
that the network structure, training
parameters, and optimization strategy are
kept unchanged, only the sample construction
and dataset partitioning methods are changed.
The diagnostic results under different sample
partitioning strategies are compared, as
shown in Table 7.

Table 7. Comparison of diagnostic accuracy of different models under time-isolated partitioning
and conventional partitioning
Model Accuracy under time-isolated

partitioning (%)
Accuracy under conventional
partitioning (%)

CNN 78.98 83.76
CNN-BiLSTM 93.47 96.77
CNN-BiLSTM-CBAM 97.16 98.17
1D-ResNet18 83.52 88.10
CNN-Transformer-CA 87.50 96.53
CNN-Transformer 91.19 96.35

The above comparative experimental
results indicate that the conventional
partitioning strategy leads to varying degrees
of overestimation in the test accuracy of
bearing fault diagnosis models. For all six
models, the accuracies obtained under
conventional partitioning are higher than
those obtained under time-isolated
partitioning, with the accuracy
overestimation ranging from 1.01% to 9.03%.
Among them, the CNN-Transformer-CA
model shows the most obvious
overestimation, reaching 9.03%, whereas the
proposed parallel CNN-BiLSTM-CBAM
model exhibits the smallest overestimation, at
only 1.01% points. This indicates that the
data construction procedure of overlapping
slicing followed by random partitioning can

easily introduce cross-dataset correlations,
leading to overly optimistic test results. By
contrast, time-isolated partitioning can more
realistically reflect the generalization
performance of the model on independent
data.

5.1.3. Confusion Matrix Analysis
In bearing fault diagnosis, the confusion

matrix is a core quantitative evaluation tool.
Its value lies in overcoming the limitation of
using only overall accuracy by quantifying
the diagnostic performance of each
individual fault category through the
distributions of true positives, false positives,
and false negatives. with visual
representations provided in Fig. 10.
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(a) CNN (b) CNN-BiLSTM (c) CNN-BiLSTM-CBAM

(d) 1D-ResNet18 (e) CNN-Transformer-CA (f) CNN-Transformer
Fig. 10. Visual contrast of the confusion matrices generated by various architectures

According to the visual evidence in Fig.
10, the evaluated algorithms display distinct
variations in their predictive capabilities
across the class-imbalanced dataset. The
basic CNN and 1D-ResNet18 models
produce more misclassified samples in the
off-diagonal regions, indicating that their
ability to distinguish similar fault features
remains limited under strong noise and class-
imbalanced conditions. After introducing
BiLSTM or Transformer modules, the
models’ ability to capture temporal
dependency information is enhanced, and the
concentration of samples along the diagonal
of the confusion matrix is generally improved.
However, the improvement varies across
different network structures.

Conversely, the newly constructed
parallel CNN-BiLSTM-CBAM architecture
demonstrates superior diagnostic efficacy.
An analysis of its classification matrix
reveals that predictions heavily aggregate
along the primary diagonal, yielding the
lowest rate of off-diagonal misassignments.

Specifically, the network accurately
categorizes 342 test instances, reaching a
peak accuracy of 97.16%. The rare prediction
errors that do occur are predominantly
confined to highly similar defect classes.
Such strong performance underscores the
synergistic integration of the network's three
core components: the CNN module's
proficiency in isolating local transient
impulses, the BiLSTM's capacity to trace
bidirectional sequential patterns, and the
CBAM framework's ability to amplify
critical diagnostic signatures. Together, these
modules significantly bolster the algorithm's
robustness, enabling precise defect
differentiation even when constrained by
limited data availability, severe class
skewness, and heavy background acoustic
interference.

5.1.4. Feature Clustering Analysis
In bearing fault diagnosis tasks, the t-

SNE feature clustering map visually presents
the discriminability of different bearing states
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through the clustering distribution of feature
points. These extracted features are analyzed

below, as visualized in Fig. 11.

(a) CNN (b) CNN-BiLSTM (c) CNN-BiLSTM-CBAM

(d) 1D-ResNet18 (e) CNN-Transformer-CA (f) CNN-Transformer
Fig. 11.Comparison of t-SNE feature clustering results of different models

The t-SNE feature clustering results
from the ablation experiments show that
Class8, Class9, and Class10 exhibit loose
feature distributions and severe inter-class
overlap in basic models such as CNN and 1D-
ResNet18. Although the CNN-Transformer
and CNN-Transformer-CA models improve
feature compactness, feature overlap still
exists among easily confused categories. The
comparative experiments further demonstrate
that, compared with all mainstream reference
models, the proposed parallel CNN-
BiLSTM-CBAM model achieves the most
compact feature clusters, the clearest inter-
class boundaries, and the least category
confusion. It effectively resolves the feature
mixing problem among similar faults and
realizes accurate separation and classification
of bearing fault features.

5.2. Application to the CWRU Dataset
The CWRU dataset was processed using

the same data partitioning and preprocessing

procedures as the self-developed bearing
fault dataset, including noise injection, class-
imbalance construction, EWT – CWT
feature extraction, and gated adaptive fusion.
After multiple independent repeated
experiments with different random seeds, the
proposed model achieved a mean accuracy of
97.99± 0.87%.

(a) Confusion Matrix
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(b) Feature Clustering
Fig. 12. Diagnostic results of our
architecture: (a) Confusion matrix (b) t-SNE
feature clustering map

To further clarify the representativeness
of the visualization results, Fig. 12 presents
the confusion matrix and t-SNE results
obtained from a single representative run,
whereas the overall statistical performance of
the model across multiple random seeds is
reported as the mean± standard deviation in

Table 8.As can be seen from Fig. 12, on the
CWRU dataset, the parallel CNN-BiLSTM-
CBAM model yields very few misclassified
samples in the confusion matrix, and the
predictions for each category are highly
concentrated along the diagonal. In the t-SNE
feature clustering results, the boundaries
among different fault categories are clear,
with no obvious feature overlap.

5.2.1. CWRU Ablation and Comparative
Experimental Analysis

This section details comparative and
ablation studies performed on the open-
source CWRU repository to confirm the
transferability of the designed algorithm.The
same evaluation metrics and macro-
averaging strategy defined in Section 5.1.1
were adopted for the CWRU dataset. Each
model was independently trained and
evaluated using multiple random seeds, and
the results are reported as mean ± standard
deviation in Table 8.

Table 8. Ablation and comparison results on CWRU
Model Accuracy (%) Macro-

Precision (%) Macro-Recall (%) Macro-F1

CNN 59.61±0.62 62.40±0.72 62.11±0.67 60.90±0.44
CNN-BiLSTM 86.00±0.12 84.21±0.77 85.07±0.14 84.98±0.89
CNN-BiLSTM-CBAM 97.99±0.87 96.40±0.89 97.28±0.78 96.50±0.81
1D-ResNet18 50.46±0.96 50.89±1.32 46.13±0.89 50.01±0.71
CNN-Transformer 90.68±1.73 91.17±1.74 91.46±0.87 91.20±0.91
CNN-Transformer-CA 94.32±1.21 93.56±1.87 94.04±1.32 94.99±0.32

Table 8 presents the ablation and
comparative results on the CWRU dataset.
The overall trends are consistent with those
observed on the self-developed dataset.
Under the same preprocessing and training
protocol, the proposed CNN–BiLSTM–
CBAM model achieved relatively strong
overall performance among the compared
methods, indicating its diagnostic
effectiveness on the CWRU public
benchmark dataset.

5.3. Cross-Dataset Unsupervised
Domain Adaptation Experiment

To further evaluate the adaptability of
the proposed method under substantial
domain shifts between different experimental
platforms, a cross-dataset unsupervised
domain adaptation experiment was
conducted. It should be clarified that this
setting is not a strict domain generalization
scenario in which no target-domain
information is used. During training, the class
labels of the CWRU target-domain samples
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were not used; however, a subset of unlabeled
target-domain samples was used for
CORAL-based feature distribution alignment.
Therefore, the present experiment should be
regarded as an unsupervised domain
adaptation setting. Since the self-developed
dataset contains 12 operating-condition
classes whereas the CWRU dataset contains
10 classes, the original label spaces cannot be
directly matched. Therefore, a shared label
space was constructed using the four bearing
health states common to both datasets:
normal condition (0), inner-race fault (1),
outer-race fault (2), and rolling-element fault
(3).

For source-domain supervised training,
only data from the self-developed dataset
under the 800 r/min and 3000 N operating
condition were used, with samples
constructed according to the time-isolated
slicing protocol. The trained model was
subsequently evaluated on CWRU drive-end
vibration data sampled at 12 kHz, covering
the same four health states. To mitigate the
domain discrepancy arising from differences
in bearing type and sampling configuration,
an unsupervised domain adaptation strategy
was introduced. Specifically, CORAL loss
was employed to align the feature covariance
distributions between the source and target
domains, while Gaussian-noise augmentation
was applied to the source-domain training
data to improve model robustness. No target-
domain class labels were involved in
supervised training, and the final diagnostic
performance was evaluated on an
independent CWRU target-domain test
subset that was not involved in either
supervised training or domain alignment.

Under this protocol, the CNN –

BiLSTM – CBAM model achieved an
accuracy of 98.75% on 800 CWRU test
samples. As shown by the confusion matrix
in Fig. 13, all normal and inner-race fault
samples were correctly classified, while only
limited confusion occurred between the

outer-race and rolling-element fault classes,
with seven outer-race samples misclassified
as rolling-element faults and three rolling-
element samples misclassified as outer-race
faults. The remaining performance
degradation may primarily arise from domain
discrepancies in bearing geometry and fault-
severity definitions. Overall, without using
target-domain class labels for supervised
training, the proposed method retained good
fault-discrimination capability across
different bearing types and acquisition
configurations through unsupervised domain
alignment.

Fig. 13. Confusion matrix for cross-dataset
unsupervised domain adaptation on the
CWRU dataset

5.4. Fusion Mechanism Ablation Study
To further evaluate the contribution of

the proposed gated adaptive fusion
mechanism, four fusion strategies were
compared under strictly identical
experimental settings, including the same
dataset, 20 training epochs, optimizer, batch
size, and random seed of 7. Only the multi-
domain feature fusion/weighting strategy was
varied. The four schemes are described as
follows:

Concatenation: Multi-domain feature
channels are directly concatenated without
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any weighting and are used as a naive
baseline.

Equal-weight fusion: The same fixed
weight is assigned to each feature channel
before fusion.

SE-style attention: A conventional
Squeeze-and-Excitation (SE) channel-
attention mechanism is adopted for adaptive
channel recalibration.

Proposed gated fusion: Global average
pooling is first applied to the multi-domain

features, after which a lightweight bottleneck
gating network generates channel-wise fault-
relevance weights. These weights are applied
directly to the original feature channels,
enabling adaptive feature enhancement
without increasing the feature dimensionality.
The ablation results are summarized in

Table 9.

Table 9. Ablation results of different fusion mechanisms on the CWRU dataset

Fusion strategy Accuracy (%) Precision (%) Recall (%) F1/%
Concatenation 94.32 94.13 93.67 93.89
Equal-weight fusion 95.43 95.71 95.21 95.78
SE-style attention 97.34 96.99 97.67 97.24
Proposed gated fusion 98.86 97.29 97.95 97.83

As shown in Table 9, the proposed gated
fusion mechanism achieves the best overall
performance among the four strategies in
terms of accuracy, precision, recall, and F1-
score, with particularly clear advantages
under the low-SNR condition of −2 dB.
Compared with simple concatenation and
equal-weight fusion, the proposed
mechanism can adaptively emphasize fault-
relevant channels while suppressing channels
dominated by noise. Compared with SE-style
attention, the proposed method performs
channel-wise reweighting directly on the
original feature representation without
increasing the feature dimensionality. This
lightweight design may help reduce
overfitting under limited-sample and class-
imbalanced conditions, thereby contributing
to improved generalization performance.
These results demonstrate the added value of
the proposed gated adaptive fusion module.

5.5. Noise Robustness Analysis
To comprehensively evaluate the

robustness of the proposed method under
different noise conditions, experiments were
conducted at four signal-to-noise ratio (SNR)
levels: −2 dB, −4 dB, −6 dB, and −8 dB.
Accuracy, precision, recall, and F1-score

were calculated at each SNR level, and the
results are presented in Fig. 14.

Fig. 14. Classification performance of the
proposed method under different signal-to-
noise ratio (SNR) levels. The orange, green,
purple, and yellow bars represent accuracy,
precision, F1-score, and recall, respectively.

As shown in Fig. 14, model performance
decreases progressively as the SNR decreases.
The four evaluation metrics reach their
highest values at −2 dB, at approximately
98%. At −4 dB and −6 dB, the performance
decreases to approximately 95% and 92%,
respectively. Even under the strongest noise
condition of −8 dB, the model still maintains
a performance level of approximately 87%.
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These results indicate that the EWT–CWT
multi-domain feature extraction and gated
adaptive fusion mechanisms can effectively
suppress noise interference and maintain a
relatively gradual and controlled
performance degradation under increasingly
severe noise conditions.

It is also worth noting that accuracy,
precision, recall, and F1-score remain at
comparable levels across all SNR settings,
without showing substantial divergence
among the metrics. This suggests that the
proposed model maintains relatively
balanced classification performance across
different fault categories even under strong
noise. The results further support the overall
noise robustness of the proposed method
across a range of SNR conditions, rather than
only at a single noise level.

6. Conclusion
This paper proposes a rolling bearing

fault diagnosis method based on time-
isolated data construction, gated adaptive
EWT–CWT multi-domain feature fusion,
and a parallel CNN–BiLSTM–CBAM
architecture. By partitioning continuous
vibration records before sample generation,
the method reduces the risk of cross-subset
information leakage caused by overlapping
windows, while the gated mechanism
dynamically integrates local frequency-band
and global time–frequency features.

Experimental results show that overlap-
first random partitioning can lead to
overestimated test performance. Under
identical experimental conditions, the
proposed gated fusion outperforms direct
concatenation, equal-weight fusion, and SE-
style attention, while maintaining stable
diagnostic performance across different noise
levels. The cross-dataset experiment further
shows that the proposed method can retain
effective fault-discriminative capability
across different bearing types and acquisition
conditions without using target-domain

labels for supervised training, indicating
good noise robustness and cross-dataset
adaptability.

Several limitations remain. The current
validation is mainly based on laboratory
datasets, the cross-dataset experiment is
limited to four shared health states and uses
unlabeled target-domain data for CORAL
alignment, and the complete framework still
introduces a certain computational cost.
Future work will focus on more complex
industrial noise and compound-fault
conditions, domain-generalization strategies
requiring less or no target-domain
information, and lightweight implementation
for online diagnosis.
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