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In this study, a hybrid deep learning architecture is proposed for robust vibration-based fault diagnosis in in-
dustrial machinery by jointly modeling time-domain, frequency-domain, and temporal dynamics. In the time 
domain, convolutional layers combined with an Enhanced Gated Attention (EGA) mechanism emphasize in-
formative signal components while suppressing noise. Temporal evolution is modeled using Neural Ordinary 
Differential Equations (Neural ODEs), enabling smooth and stable continuous-time feature representations. In 
parallel, a Fourier Neural Operator (FNO) extracts frequency-domain characteristics, augmented with gated at-
tention to focus on fault-related spectral patterns. Long Short-Term Memory (LSTM) layers capture long-range 
dependencies, while Squeeze-and-Excitation (SE) blocks adaptively recalibrate channel-wise feature responses. 
A multi-scale attention-based fusion module integrates domain-specific representations and auxiliary features to 
enhance discrimination under varying operating conditions. The proposed model is evaluated on the SUBFv1.0 
dataset through extensive ablation studies and experiments under multiple noise levels, achieving 98.41% accura-
cy in noise-free conditions and maintaining performance above 91% even at 5 dB SNR. Unlike existing multi-path 
approaches that combine heterogeneous features in a loosely coupled or discrete manner, the proposed architec-
ture uniquely integrates multi-domain feature learning with bidirectional attention mechanisms and continu-
ous-time temporal dynamics, enabling coherent cross-domain interaction and robust fault characterization.
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1. Introduction
Bearings are essential mechanical elements com-
monly employed in rotating machinery to facilitate 
the seamless transmission of rotational motion 

and minimize friction. In industrial systems, bear-
ing failures can cause sudden stoppage, significant 
maintenance costs, and safety hazards. As a result, 
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early and precise detection of bearing failures is 
critical for the industry's predictive maintenance 
systems to function effectively [38], [29]. However, 
traditional defect diagnostic approaches rely heavily 
on feature extraction and statistical analysis based 
on engineering knowledge. These approaches fail to 
capture the dynamic nature of the signal in complex 
and noisy situations, and they have poor generaliza-
tion performance [30].
One of the most difficult issues in diagnosing bear-
ing failures is that they typically emit unclear and 
low-amplitude signals in their early phases. These 
signals are easily obscured by vibrations and external 
noises that occur during normal machine operation. 
This circumstance limits the utility of conventional 
signal processing methods, particularly in detecting 
low-frequency or localized damage [45]. Further-
more, because different types of bearing defects 
(such as inner race, outer race, ball, or cage faults) 
arise at different rates and patterns, accurately iden-
tifying this variety requires a sophisticated analysis 
procedure. Although time-frequency analyses and 
various filtering algorithms are used in this area [31], 
they often need fault diagnosis skills and are depen-
dent on the quality of manually constructed features. 
Furthermore, manual decisions must be made about 
which window to assess the signal in and which fea-
tures to extract. This decreases the system's flexi-
bility and reusability in varied situations. Given the 
varied loads, speeds, and noise sources encountered 
in field circumstances, the demand for autonomous 
and learning systems is growing [35].
In recent years, deep learning approaches have 
achieved amazing success, particularly in signal pro-
cessing and defect diagnostics. Convolutional Neural 
Network (CNN), Long Short-Term Memory (LSTM), 
Self-Attention, and other architectures can outper-
form previous approaches by automatically learning 
complicated patterns in vibration signals [21], [62]. 
Deep learning models provide more powerful and 
generalizable representation capabilities by learning 
from huge datasets without requiring manual feature 
engineering. This allows for more accurate, rapid, and 
reliable diagnostics of bearing issues [58], [42].
In literature, time-frequency analysis, statistical 
feature extraction, support vector machines (SVM), 
random forests (RF), and conventional deep learn-
ing-based approaches (CNN, LSTM, etc.) have 

largely been selected for bearing problem diagno-
sis. Although these studies have had some success, 
they have limitations such as working with a limited 
number of features, failing to adequately reflect the 
entire dynamic structure of the signal, having diffi-
culty distinguishing similarities between different 
fault types, and being sensitive to different operating 
conditions (load, speed, and environmental noise). 
Furthermore, numerous methods in the literature 
rely solely on one-way information flow, with insuf-
ficient inclusion of mechanisms for feeding back and 
re-evaluating retrieved features.
This study proposes a hybrid model that simultane-
ously exploits time-domain and frequency-domain 
features to achieve high-accuracy vibration-based 
fault diagnosis. The proposed hybrid model inte-
grates the strengths of Neural ODE for dynamic 
system modeling, the Fourier Operator for frequen-
cy-aware feature extraction, and Cross-Domain 
Attention for efficient feature fusion. This design 
enables the model to effectively capture both short-
term transient faults and long-term degradation pat-
terns, resulting in superior diagnostic performance 
compared to conventional approaches. The time-do-
main path begins with convolutional layers extract-
ing fundamental features, followed by an Enhanced 
Gated Attention (EGA) mechanism. Unlike conven-
tional attention methods, Gated Attention performs 
simultaneous gating and weighting operations, selec-
tively highlighting critical signal components while 
suppressing noise. The model can successfully cap-
ture complicated and dynamic patterns present in 
vibration signals because of its adaptive focus. Fur-
thermore, the time-domain path incorporates Neu-
ral Ordinary Differential Equations (Neural ODEs) 
to precisely characterize temporal dynamics. To bet-
ter capture realistic temporal transitions and fault 
growth within vibration signals, neural ODEs offer 
a continuous-depth framework that gradually learns 
smooth and stable feature representations. A Fourier 
Neural Operator (FNO)-based design examines the 
frequency components of the signal in the frequen-
cy-domain path. Additionally, this method uses Gat-
ed Attention to highlight important frequency bands 
associated with fault characteristics. Furthermore, 
Squeeze-and-Excitation (SE) blocks adjust feature 
maps to adaptively prioritize significant features, 
while Long Short-Term Memory (LSTM) layers cap-
ture long-term dependencies in the time series. Ul-
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timately, a multi-scale attention fusion mechanism 
fuses the outputs from all three channels, enabling 
the model to incorporate complimentary data from 
various scales and domains. The robustness and ac-
curacy of vibration fault classification are greatly 
increased by this all-inclusive and flexible feature 
learning approach. In contrast to existing multi-
path architectures that combine domain-specific 
features in a sequential or loosely coupled manner, 
the proposed framework introduces a unified design 
that jointly optimizes multi-domain representations 
through bidirectional attention and continuous-time 
temporal modeling, explicitly capturing cross-do-
main dependencies and smooth fault evolution.
The main contributions of this study are:
	_ 	Multi-domain feature integration enables a more 

holistic and discriminative representation of 
vibration signals, allowing the system to capture 
complementary fault-related information that 
single-domain methods typically miss.

	_ 	The proposed attention-driven feature 
enhancement framework improves model 
focus and resilience, ensuring that critical fault 
characteristics are emphasized while irrelevant 
variations and noise are effectively suppressed.

	_ 	Continuous-time temporal modeling provides 
smoother and more interpretable feature evolution, 
offering greater insight into fault progression 
compared to traditional discrete-time approaches.

	_ 	The multi-scale cross-domain fusion strategy 
strengthens the model’s ability to distinguish 
subtle and complex defect patterns, improving 
generalization across varying operating conditions 
and machinery states.

	_ 	Extensive evaluations under severe noise conditions 
demonstrate the model’s high robustness and 
practical deployability, confirming its suitability 
for real-world industrial monitoring environments 
where signal contamination is unavoidable.

 

2. Related Works
Identifying rotational faults in bearing machines 
through the analysis of vibration signals is a common 
issue discussed in literature as shown in Table 1. In 
recent years, a wide range of methods have been pro-

posed to address this problem, spanning from tradi-
tional signal processing and machine learning tech-
niques to modern deep learning-based approaches.  
Moreover, studies in related engineering domains 
have shown that hybrid and multi-strategy learning 
frameworks are particularly effective in handling 
complex, noisy, and dynamic systems.  Motivated 
by these developments, existing research on vibra-
tion-based fault diagnosis can be broadly categorized 
into two main groups: conventional methods and 
deep learning-based approaches. 

2.1. Conventional Methods for Vibration 
Fault Diagnosis
Traditional methods for identifying machine faults 
primarily depend on features extracted manually 
from frequency, time, or time-frequency domains. 
To identify faults, these features are input into 
standard classifiers such as Support Vector Ma-
chines (SVM), k-Nearest Neighbors (k-NN), Deci-
sion Trees, or Random Forests. In particular, the 
requirement for expert knowledge in feature engi-
neering restricts their ability to adapt to various 
operational settings. Recent research has proposed 
various improvements to address the limitations of 
conventional methods.
Time-frequency analysis, statistical feature ex-
traction, and signal processing methods are fre-
quently the core components of conventional vibra-
tion-based approaches for diagnosing bearing faults. 
In addition, cepstrum-based signal processing tech-
niques have been widely studied as effective tools 
for extracting periodic fault-related information 
from vibration signals, particularly in the context 
of structural and modal analysis applications [39]. 
Smith et al. [43] employed Wavelet Transform for 
the detection of localized bearing faults and showed 
that this approach is effective even in the presence 
of noise. Wang et al. [46] proposed a deep separable 
convolutional network for remaining useful life pre-
diction of machinery components, demonstrating 
the effectiveness of deep learning-based feature ex-
traction methods in handling complex and non-lin-
ear degradation signals in rotating machinery. 
Antoni [3] introduced the concept of spectral kur-
tosis as an effective tool for characterising non-sta-
tionary vibration signals and enhancing the de-
tection of early-stage bearing faults under noisy 
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conditions. To address mechanical big data chal-
lenges, Lei et al. [28] employed an unsupervised fea-
ture learning approach for intelligent fault diagnosis 
of rotating machinery, enabling automatic feature 
extraction without manual signal processing. Shao 
et al. [41] proposed an optimized deep belief network 
(DBN) for rolling bearing fault diagnosis, demon-
strating that deep learning-based feature represen-
tation can achieve high classification accuracy even 
without complex handcrafted feature extraction. 
Janssens et al. [22] proposed a thermal image-based 
fault diagnosis framework for rotating machinery 
and highlighted the effectiveness of machine learn-
ing-based feature analysis in improving fault clas-
sification performance. Ayankoso et al. [1] proposed 
a multisensory data-based fault diagnosis approach 
for induction motors using 1D and 2D convolutional 
neural networks, demonstrating robust classifica-
tion performance under complex and uncertain op-
erating conditions.

2.2. Deep Learning Methods for Vibration 
Fault Diagnosis
The ability of deep learning algorithms to automat-
ically generate hierarchical feature representations 
from raw input data has made them prominent in 
the identification of machine defects. While LSTM 
networks are helpful for modeling temporal depen-
dencies in vibration signals, CNNs are frequently 
used to capture local patterns and frequency domain 
features. Additionally, to capitalize on the features 
of different architectures, hybrid models that com-
bine CNNs with LSTMs or attention modules have 
been proposed. 
Deep learning algorithms are becoming increasingly 
used in bearing failure detection due to their auto-
matic feature extraction and high accuracy. Wang et 
al. [50] employed multi sensor fusion model to detect 
problems directly from raw vibration data, stressing 
that this method avoids the requirement for man-
ual feature extraction. Zhao et al. [60] proposed a 
few-shot cross-domain fault diagnosis framework 
based on model-agnostic meta-learning combined 
with a genetic algorithm (MAML-GA), enabling ro-
bust bearing fault identification under limited la-
beled data and varying operating conditions. Che et 
al. [6] created an excellent dimensionality reduc-
tion and denoising method using transfer learning, 

demonstrating that it works even with low SNR in-
puts. Cui et al. [11] detected bearing faults using the 
Attention-based CNN model, concluding that this 
method enhances accuracy by focusing on critical 
frequency bands. Janssens et al. [23] proposed a 
Transfer Learning-based model that achieves good 
generalization performance despite varied operating 
conditions. Lei et al. [27] used Capsule Networks to 
detect bearing problems, claiming that their meth-
od outperformed standard CNNs. Haidong et al. [15] 
discovered bearing faults in real time using a Deep 
Reinforcement Learning-based methodology and 
demonstrated that this system is stable even in dy-
namic conditions. Zhao et al. [61] used Graph Neural 
Networks to detect bearing problems, demonstrating 
the method's effectiveness in modeling complex in-
teractions. Li et al. [32] suggested a Federated Learn-
ing-based approach, claiming that it gives excellent 
diagnostic accuracy while maintaining data privacy.
A multi-parallel graph neural convolutional network 
architecture was created in [59] that parallelly pro-
cesses data in the frequency and temporal domains. 
Both domains underwent independent analysis, and 
a late fusion classification was carried out. However, 
due to the complexity of the structure, the frequency 
domain offers little information and demands a lot of 
computing power. An et al. [2] pointed out that tem-
poral relationships are learned via LSTM networks 
and significant moments in the attention mecha-
nism, which operates on time series data. Howev-
er, the model may perform worse in noisy environ-
ments due to the attention mechanism's increased 
computational effort. The FNO was employed in this 
frequency domain-based model created in [33]. The 
model's drawback is that it ignores time information 
and is only reliant on frequency information. In [47], 
which works with noisy inputs, the joint learning 
attention mechanism was combined with the CNN 
architecture to highlight key feature components. 
In [57], the model was extracted spatial features 
with CNN, temporal relationships with LSTM, and 
did adaptive channel weighting with SE blocks. 
However, LSTM may be inefficient in extended se-
quences. Huang et al. [18] employed a multi-scale 
CNN structure and the channel attention module 
to extract characteristics of various dimensions. 
The special dataset yielded an accuracy of 99.26%. 
However, parameter modifications were compli-
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cated, and the model was highly sensitive. In [53], 
time and frequency data were processed in dis-
tinct CNN-BiLSTM modules and categorized using 
multi-scale cross attention. 99.25% accuracy was 
attained with the CWRU dataset. It is unsuitable 
for real-time applications. Chen et al. [7] proposed 
a 3DCNN-LSTM model with an attention mecha-
nism for fault diagnosis, where 3DCNN extracts 
spatial features, LSTM models temporal dependen-
cies, and attention highlights important features. 
The method achieved 98.05% accuracy, but its com-
putational complexity is relatively high due to the 
combined architecture. The computational burden 
is slightly high. Yang et al. [19] extracted features 
using CNN, highlighted important information us-
ing the attention mechanism, and visualized the 
model output. 95% accuracy was achieved with the 
CWRUdataset. 

3. Methodology
3.1. Overview of The Proposed Methodology
This paper introduces a hybrid multi-domain neu-
ral architecture that unifies time-domain, fre-
quency-domain, and temporal feature extraction 
pathways for vibration-based defect diagnosis. The 
impetus for this approach arises from the intrinsic 
complexity of vibration signals, which frequently 
contain both transient and stationary components, 
necessitating simultaneous analysis across many 
domains to adequately capture discriminative fault 
characteristics.
The suggested model contains three parallel paths:
	_ 	Time Domain approach (Path-1): Fundamental 

temporal features are extracted from raw vibration 
data using convolutional layers, and the EGA 

Refs. Method Description Dataset Metric Disadvantages

[59]
Multi Parallel 
Graph Neural 

Network  

A structure that processes time and  
frequency domains with parallel CNN 

paths and performs late merging.
CWRU Acc: 0.9813

Frequency information 
is limited, deep structure 
calculation is intensive.

[2] Attention-LSTM
LSTM based model highlighting  

important moments with periodic sparse  
attention mechanism in time domain.

CWRU Acc: 0.9730
Combined failures and  
the need for numerous 

examples during training.

[33] FNO-based  
Network

Model using Fourier Neural Operator in 
frequency domain. CWRU Acc: 0.9750,

F1: 0.9750
Requires big data, time 

information is neglected.

[47]
CNN + Joint 

Learning  
Attention

A gated attention-enhanced CNN model 
that selectively highlights important 

signal components with joint learning
CWRU Acc: 0.9324

Gated structure is complex, 
real-time implementation 

is difficult.

[57] SE-LSTM-CNN
Feature extraction with CNN, temporal 
relationship learning with LSTM, and 

adaptive channel weighting with SE blocks.
SDJU Acc: 0.8304

LSTM part may be  
inefficient for long  

sequences.

[18]
Multi-Scale  

CNN + Channel 
Attention

Multi-scale feature extraction  
and channel attention mechanism  
highlighting important channels.

Special 
dataset Acc: 0.9926 Requires detailed  

parameter adjustments.

[53]

Fused CNN- 
BiLSTM with 

multi scale  
attention

The structure processes and combines 
the frequency information obtained from 
the raw signal and multi-scale attention 
with separate CNN-BiLSTM modules.

CWRU Acc: 0.9925 Not optimized for  
real-time application.

[7] CNN + Attention 
+ Visualization

Feature extraction with CNN, combined 
structure with attention mechanism  

and visualization.
CWRU Acc: 0.9500

The visualization  
module adds additional 

computational load.

Table 1 
Literature overview of vibration-based defect classification in rotating bearing machinery.
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mechanism highlights important information 
while suppressing noise. Neural ODE component 
models continuous-time feature evolution for a 
more stable and smooth representation.

	_ 	Frequency Domain Path (Path-2): The frequency 
components of the vibration signal are analyzed 
with an FNO structure to better capture fault-
related frequency bands. This path also uses a gated 
attention mechanism to emphasize significant 
frequency regions and suppress irrelevant ones.

	_ 	Temporal Connection and Feature 
Recalibration (Path-3): LSTM layers model 
long-term temporal dependencies in the data. SE 
blocks adaptively scale feature maps and highlight 
important channels for improved representation.

Figure 1 
The overview of recommended approach. 

  

share the same structural design but operate on 
different representation spaces, enhancing feature 
diversity. In the final stage, outputs from all three 
paths are fused using a multi-scale attention fusion 
module, which adaptively integrates 
complementary information from different 
domains and scales. This strategy improves the 
model’s discriminative ability, enabling robust and 
accurate fault classification across various 
operating conditions. The overall architecture and 
interactions between the parallel paths and fusion 

module are illustrated in Figure 1. To ensure 
the reproducibility and transparency of the 
proposed framework, Table 2 presents a 
comprehensive architectural description of the 
model, including each layer and module with 
their corresponding input/output dimensions, 
filter and unit configurations, kernel sizes, 
activation functions, normalization layers, 
dropout settings, and parameter counts. 

 

Figure 1  

The overview of recommended approach.  

 
3.2 Time-Domain Feature Extraction and 

Time Modeling with Neural ODE 
The simplest region of investigation is the time 
domain, where vibration signals can be 
immediately observed to exhibit abrupt shifts, 
transitory behaviors akin to shocks, and short-term 
fault effects. Consequently, the time domain 
features are crucial for identifying the initial 
indications of malfunctions, evaluating transient 
irregularities, and differentiating important signal 
components even in noisy settings. In this study, 

low-level time information is abstracted and 
transformed into meaningful representations 
by processing the fundamental features 
extracted from the time domain signal through 
a series of CNN layers. 

However, the time-dependent evolution of the 
signal might not be sufficiently represented by 
static time features exclusively retrieved using 
convolutional layers. A time-spreading 
change is observed in vibration signals. For 
these reasons, the Neural ODE approach 
overcomes this limitation by learning the 

The EGA modules in PATH-1 and PATH-2 share the 
same structural design but operate on different rep-
resentation spaces, enhancing feature diversity. In 
the final stage, outputs from all three paths are fused 
using a multi-scale attention fusion module, which 
adaptively integrates complementary information 
from different domains and scales. This strategy im-
proves the model’s discriminative ability, enabling 
robust and accurate fault classification across var-
ious operating conditions. The overall architecture 
and interactions between the parallel paths and fu-
sion module are illustrated in Figure 1. To ensure the 
reproducibility and transparency of the proposed 
framework, Table 2 presents a comprehensive ar-
chitectural description of the model, including each 
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layer and module with their corresponding input/
output dimensions, filter and unit configurations, 
kernel sizes, activation functions, normalization 
layers, dropout settings, and parameter counts.

3.2. Time-Domain Feature Extraction and 
Time Modeling with Neural ODE
The simplest region of investigation is the time do-
main, where vibration signals can be immediately 
observed to exhibit abrupt shifts, transitory behav-
iors akin to shocks, and short-term fault effects. 
Consequently, the time domain features are crucial 
for identifying the initial indications of malfunc-
tions, evaluating transient irregularities, and dif-
ferentiating important signal components even in 
noisy settings. In this study, low-level time informa-
tion is abstracted and transformed into meaningful 
representations by processing the fundamental fea-
tures extracted from the time domain signal through 
a series of CNN layers.
However, the time-dependent evolution of the sig-
nal might not be sufficiently represented by static 
time features exclusively retrieved using convolu-
tional layers. A time-spreading change is observed 
in vibration signals. For these reasons, the Neural 
ODE approach overcomes this limitation by learn-
ing the continuous-time change of latent features 
through differential equations. Thanks to its con-
tinuous-depth structure, failure progression can 
be represented more smoothly and with greater 
resistance to noise. It can represent long-term de-
terioration trends more consistently. Therefore, 
Neural ODE offers a theoretically consistent and 
physically meaningful modeling framework for vi-
bration-based fault diagnosis.
However, the time-dependent evolution of the sig-
nal might not be sufficiently represented by static 
time features that are exclusively retrieved using 
convolutional layers. By concurrently carrying out 
gating and attention weighting operations, the EGA 
module, in contrast to traditional attention meth-
ods, concentrates on information-rich portions of 
the signal. Neural ODE is used into the proposed 
system to enable more intricate time-domain mod-
eling. Neural ODE is a dynamic structure that mim-
ics the evolution of characteristics in a continuous 
time stream, providing an alternative to the discrete 
nature of conventional artificial neural networks. 

This approach makes it possible to comprehend the 
structural features of signals that change over time 
in a more practical and trustworthy manner.
By integrating Neural ODE into the time path, fea-
ture transitions across time can be modeled more 
smoothly and continuously. To ensure stable train-
ing of the combined EGA and Neural ODE frame-
work, the Neural ODE module employs a fixed-step 
Runge–Kutta solver with an adaptive step size 
bounded within predefined limits. The ODE func-
tion is parameterized using a lightweight multilay-
er perceptron with smooth activation functions to 
avoid gradient instability. Gradient clipping and 
weight decay are applied during training to improve 
numerical stability. The key hyperparameters of 
the EGA mechanism and Neural ODE module are 
summarized in the supplementary materials. The 
key hyperparameters and implementation details 
are provided in Appendix A. There is less chance 
of problems like exploding or gradient fading that 
might occur with traditional temporal models like 
LSTM. Starting from the beginning, the model can 
more precisely track how defects have changed over 
time and use this evolutionary process to guide clas-
sification decisions. Therefore, when CNN-based 
basic feature extraction in the time domain route, 
adaptive attention with EGA, and continuous time 
modeling with Neural ODE are combined, the model 
is more sensitive and stable against transient, noisy, 
and dynamic fault patterns.
Vibration signals have a structure that varies with 
time. Neural ODE interprets the signal as a differen-
tial equation and learns it as a continuous function of 
time. Because vibration faults arise gradually, Neu-
ral ODE allows for the modeling of this progressive 
shift, which aids in understanding the fault genera-
tion process. The EGA's gated structure has an ad-
vantage over traditional attention in that it evaluates 
and filters signal components. With more robust and 
accurate feature extraction, EGA increases the mod-
el's reliability by highlighting the crucial fault-relat-
ed components in the signals while suppressing the 
noisy and irrelevant regions.
The Neural ODE expresses the function that best 
describes the data by calculating its derivative or by 
approximating the function using an analytical tech-
nique. The Neural ODE technique uses an ordinary 
differential equation to calculate the function's esti-
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mated value. The function's derivative is parameter-
ized using a neural network. A residual network [16], 
which all have the identical hidden units, generates 
output by conducting many transformations on a 
hidden layer [8].

3.2 Time-Domain Feature Extraction and Time 
Modeling with Neural ODE 

The simplest region of investigation is the time domain, 
where vibration signals can be immediately observed to 
exhibit abrupt shifts, transitory behaviors akin to shocks, 
and short-term fault effects. Consequently, the time 
domain features are crucial for identifying the initial 
indications of malfunctions, evaluating transient 
irregularities, and differentiating important signal 
components even in noisy settings. In this study, low-
level time information is abstracted and transformed into 
meaningful representations by processing the 
fundamental features extracted from the time domain 
signal through a series of CNN layers. 
However, the time-dependent evolution of the signal 
might not be sufficiently represented by static time 
features exclusively retrieved using convolutional layers. 
A time-spreading change is observed in vibration signals. 
For these reasons, the Neural ODE approach overcomes 
this limitation by learning the continuous-time change of 
latent features through differential equations. Thanks to 
its continuous-depth structure, failure progression can be 
represented more smoothly and with greater resistance to 
noise. It can represent long-term deterioration trends 
more consistently. Therefore, Neural ODE offers a 
theoretically consistent and physically meaningful 
modeling framework for vibration-based fault diagnosis. 
However, the time-dependent evolution of the signal 
might not be sufficiently represented by static time 
features that are exclusively retrieved using 
convolutional layers. By concurrently carrying out gating 
and attention weighting operations, the EGA module, in 
contrast to traditional attention methods, concentrates on 
information-rich portions of the signal. Neural ODE is 
used into the proposed system to enable more intricate 
time-domain modeling. Neural ODE is a dynamic 
structure that mimics the evolution of characteristics in a 
continuous time stream, providing an alternative to the 
discrete nature of conventional artificial neural networks. 
This approach makes it possible to comprehend the 
structural features of signals that change over time in a 
more practical and trustworthy manner. 
By integrating Neural ODE into the time path, feature 
transitions across time can be modeled more smoothly 
and continuously. To ensure stable training of the 
combined EGA and Neural ODE framework, the Neural 
ODE module employs a fixed-step Runge–Kutta solver 
with an adaptive step size bounded within predefined 
limits. The ODE function is parameterized using a 
lightweight multilayer perceptron with smooth activation 
functions to avoid gradient instability. Gradient clipping 
and weight decay are applied during training to improve 
numerical stability. The key hyperparameters of the EGA 
mechanism and Neural ODE module are summarized in 
the supplementary materials. The key hyperparameters 
and implementation details are provided in Appendix A. 
There is less chance of problems like exploding or 
gradient fading that might occur with traditional temporal 
models like LSTM. Starting from the beginning, the 
model can more precisely track how defects have changed 
over time and use this evolutionary process to guide 
classification decisions. Therefore, when CNN-based 
basic feature extraction in the time domain route, adaptive 
attention with EGA, and continuous time modeling with 
Neural ODE are combined, the model is more sensitive 
and stable against transient, noisy, and dynamic fault 
patterns. 
Vibration signals have a structure that varies with time. 
Neural ODE interprets the signal as a differential 
equation and learns it as a continuous function of time. 
Because vibration faults arise gradually, Neural ODE 
allows for the modeling of this progressive shift, which 
aids in understanding the fault generation process. The 

EGA's gated structure has an advantage over 
traditional attention in that it evaluates and filters 
signal components. With more robust and accurate 
feature extraction, EGA increases the model's 
reliability by highlighting the crucial fault-related 
components in the signals while suppressing the 
noisy and irrelevant regions. 
The Neural ODE expresses the function that best 
describes the data by calculating its derivative or by 
approximating the function using an analytical 
technique. The Neural ODE technique uses an 
ordinary differential equation to calculate the 
function's estimated value. The function's 
derivative is parameterized using a neural network. 
A residual network [16], which all have the 
identical hidden units, generates output by 
conducting many transformations on a hidden layer 
[8]. 

ℎ�+1 = ℎ� + �(ℎ�, ��). (1) 
In Equation (1), ℎ�  is the layer output, �  is the 
neural layer, and t is the layer depth. In addition to 
the ability to build an endless number of layers, a 
neural network ODE is utilized to derive the 
continuous dynamics of the hidden units [37]. 

�ℎ(�)
�� = �(ℎ(�), �, ��). (2) 

In (2), ℎ(�)  is the hidden state value for � . 
�(ℎ(�), �, ��)  is a neural network layer 
parameterized by ��  at layer � . We obtain the 
hidden layer output value at depth �  by solving the 
integral in Equation (3). 

ℎ(�) = ℎ(�0) + ∫ �(ℎ(�), �, ��)���
�0

. (3) 

Neural ODEs take a novel way to backpropagating 
the loss, using continuous hidden state dynamics. 
In a Neural ODE, the parameters contain not just 
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function that we select can be defined using these 
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ℒ (�0, �1, ��) = ℒ(��������(ℎ(�0), �0, �1, �, �)). 
(4) 
It is necessary to transition the hidden states in the 
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convolutional layers. By concurrently carrying out gating 
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used into the proposed system to enable more intricate 
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structure that mimics the evolution of characteristics in a 
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equation and learns it as a continuous function of time. 
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allows for the modeling of this progressive shift, which 
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approximating the function using an analytical 
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function's estimated value. The function's 
derivative is parameterized using a neural network. 
A residual network [16], which all have the 
identical hidden units, generates output by 
conducting many transformations on a hidden layer 
[8]. 
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equation and learns it as a continuous function of time. 
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aids in understanding the fault generation process. The 
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components in the signals while suppressing the 
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The Neural ODE expresses the function that best 
describes the data by calculating its derivative or by 
approximating the function using an analytical 
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ordinary differential equation to calculate the 
function's estimated value. The function's 
derivative is parameterized using a neural network. 
A residual network [16], which all have the 
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the loss, using continuous hidden state dynamics. 
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function that we select can be defined using these 
parameters in Equation (4).  
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opposite direction to compute the loss regarding 
time. Chen et al. [8] suggested calculating this 
gradient using the adjoint method [37]. The adjoint 
approach is the gradient computation method for 
neural ODEs. The gradient of the loss function L 
with respect to the parameters and time values is 
determined in neural ODEs using the adjoint 
approach. This technique uses a backpropagation 
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The temporal change of the hidden state is the ��

�� =
�(
(�), �, �) solution of the original ODE dynamics 
in the opposite direction, whereas the adjoint state 
is a(t) and the sensitivity of the loss with respect to 
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The advantage of neural ODE is that ODE solvers 
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Neural ODEs take a novel way to backpropagating 
the loss, using continuous hidden state dynamics. 
In a Neural ODE, the parameters contain not just θt, 
but also t0 and t1. Any differentiable loss function that 
we select can be defined using these parameters in 
Equation (4). 

parameters in Equation (4).  

L( 0, 1, ) = L (ℎ( 0), 0, 1, , ) . 
 

(4)

It is necessary to transition the hidden states in the 
opposite direction to compute the loss regarding 
time. Chen et al. [8] suggested calculating this gra-
dient using the adjoint method [37]. The adjoint ap-
proach is the gradient computation method for neu-
ral ODEs. The gradient of the loss function L with 
respect to the parameters and time values is deter-
mined in neural ODEs using the adjoint approach. 
This technique uses a backpropagation that works 
well for dynamics in continuous time. The temporal 
change of the hidden state is the  = f (z(t),t,θ) solu-
tion of the original ODE dynamics in the opposite di-
rection, whereas the adjoint state is a(t) and the sen-
sitivity of the loss with respect to the hidden state is 

z(t).  The initial condition comes from the gradient 
at the last point t1. The gradient with respect to θ is 
in Equation (6). The gradients with respect to t0 and 
t1 are in Equations (7)-(8). The advantage of neural 
ODE is that ODE solvers work independently of the 
number of layers [25].
Beginning with the initial state z(t0), the ODE solver 
solves the system dynamics in a forward direction. 
The states at one or more time points may have an 
impact on the loss function value. The gradient is 
computed by solving, as shown in Figure 2, red rep-
resentations in the opposite time direction [14]. 
Important areas of the input data are highlighted us-
ing the attention method. Because they assign equal 
weight to each input, traditional self-attention tech-
niques struggle to capture long-range dependencies 
and extraneous information noise. To address these 
issues, EGA was created for dynamic gate mecha-
nisms and global context integration [56]. The con-
tent gate and the context gate are the two funda-
mental parts of EGA [55]. By adjusting conventional 
attention weights, the content gate concentrates on 
local patterns. By scaling it into the model, the con-
text gate incorporates global information. EGA bet-
ter catches long-range interactions and filters noisy 
data in this way.
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The states at one or more time points may have an 
impact on the loss function value. The gradient is 
computed by solving, as shown in Figure 2, red 
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Important areas of the input data are highlighted 
using the attention method. Because they assign 
equal weight to each input, traditional self-attention 
techniques struggle to capture long-range 
dependencies and extraneous information noise. To 
address these issues, EGA was created for dynamic 
gate mechanisms and global context integration 
[56]. The content gate and the context gate are the 
two fundamental parts of EGA [55]. By adjusting 
conventional attention weights, the content gate 
concentrates on local patterns. By scaling it into the 
model, the context gate incorporates global 
information. EGA better catches long-range 
interactions and filters noisy data in this way. 

As shown in Equation (5), the content gate (𝐺𝐺�) 
modifies conventional attention weights, 
considering 𝑊𝑊� ∈ ℝ�×�  and  𝑏𝑏� ∈ ℝ� , 
where  𝑄𝑄 ∈ ℝ��� represents the query feature 
matrix. The gate is computed as: 

𝐺𝐺� = 𝜎𝜎(𝑊𝑊�. 𝑄𝑄 + 𝑏𝑏�). (5) 

As shown in Equation (6), the context gate (𝐺𝐺�) 
captures global patterns, where 𝑉𝑉 ∈ ℝ�×�, 𝑛𝑛 is 
the number of time steps, and d is the feature 
dimension. Global average pooling is applied 
along the temporal dimension:  

𝐺𝐺� = 𝜎𝜎(𝑊𝑊�. 𝐺𝐺𝐺𝐺𝐺𝐺(𝑉𝑉) + 𝑏𝑏�). (6) 

In Equation (6), 𝐺𝐺𝐺𝐺𝐺𝐺(𝑉𝑉) ∈ ℝ�  and 𝑊𝑊� ∈ ℝ�×� . 
The multi-head attention mechanism is 
defined by projecting the input into query, key, 
and value spaces using learned linear 
projections: 𝑄𝑄 = 𝑋𝑋𝑊𝑊� , 𝐾𝐾 = 𝑋𝑋𝑊𝑊� , and 𝑉𝑉 =
𝑋𝑋𝑊𝑊� . 𝑊𝑊� , 𝑊𝑊� , and 𝑊𝑊� are learnable linear 
projection matrices that map input features 
into query, key, and value subspaces. The 
attention of each head is computed as:  

ℎ𝑒𝑒𝑒𝑒𝑒𝑒� = 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 �����
�

���
� . 𝑉𝑉�. 𝛼𝛼�, 

(7) 

where 𝐾𝐾�
�  explicitly denotes the transpose of 

the key matrix, and 𝛼𝛼� is a learnable adaptive 
scaling factor defined as: 

𝛼𝛼� = 𝜎𝜎�𝑊𝑊�. (𝑄𝑄�; 𝐾𝐾�)�, (8) 

where [· ; ·] denotes concatenation along the 
feature dimension. The standard scaled dot-
product attention is given by: 

𝐴𝐴 = 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ����

���
�. (9) 

Finally, the EGA is formulated as: 

𝐸𝐸𝐸𝐸𝐸𝐸 = 𝐺𝐺� ⊙ 𝐴𝐴 + 𝐺𝐺� ⊙ 𝐺𝐺𝐺𝐺𝐺𝐺(𝑉𝑉), (10) 

where ⊙ denotes element-wise multiplication. 
In this formulation, 𝐴𝐴 ∈ ℝ�×�, while 𝐺𝐺𝐺𝐺𝐺𝐺(𝑉𝑉) ∈
ℝ� , which is broadcasted to match the 
attention output dimension during fusion. 

The content gate 𝐺𝐺� is applied element-wise to 
the attention matrix 𝐴𝐴 ∈ ℝ�×� , ensuring 
attention re-weighting across temporal 
positions. The context gate 𝐺𝐺�  is broadcast 
along the temporal dimension to match the 
shape of V ∈ ℝ�×�� , enabling element-wise 
modulation of global features. The final EGA 
output preserves the same dimensionality as 
the value space, i.e., ℝ�×�� , and is directly 
passed to subsequent transformer layers 
without dimensional mismatch. No additional 
residual or normalization is applied within the 
EGA block, as these operations are handled in 
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As shown in Equation (5), the content gate (Gc) mod-
ifies conventional attention weights, considering 
Wc∈Rd×d and bc∈Rd, where Q∈Rn×d represents the 
query feature matrix. The gate is computed as:

 
Beginning with the initial state �(�0) , the ODE solver 
solves the system dynamics in a forward direction. The 
states at one or more time points may have an impact on 
the loss function value. The gradient is computed by 
solving, as shown in Figure 2, red representations in the 
opposite time direction [14].  
Important areas of the input data are highlighted using the 
attention method. Because they assign equal weight to 
each input, traditional self-attention techniques struggle 
to capture long-range dependencies and extraneous 
information noise. To address these issues, EGA was 
created for dynamic gate mechanisms and global context 
integration [56]. The content gate and the context gate are 
the two fundamental parts of EGA [55]. By adjusting 
conventional attention weights, the content gate 
concentrates on local patterns. By scaling it into the 
model, the context gate incorporates global information. 
EGA better catches long-range interactions and filters 
noisy data in this way. 
As shown in Equation (5), the content gate (��) modifies 
conventional attention weights, considering �� ∈ ℝ�×� 
and  �� ∈ ℝ� , where  � ∈ ℝ��� represents the query 
feature matrix. The gate is computed as: 

�� = �(��. � + ��). (5) 
As shown in Equation (6), the context gate (��) captures 
global patterns, where � ∈ ℝ�×�, � is the number of time 
steps, and d is the feature dimension. Global average 
pooling is applied along the temporal dimension:  

�� = �(��. ��� (� ) + ��). (6) 

In Equation (6), ��� (� ) ∈ ℝ�  and �� ∈ ℝ�×� . The 
multi-head attention mechanism is defined by projecting 
the input into query, key, and value spaces using learned 
linear projections: � = ��� , � = ��� , and � =
��� . ��, ��, and ��  are learnable linear projection 
matrices that map input features into query, key, and 
value subspaces. The attention of each head is computed 
as:  
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�
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where ��
�  explicitly denotes the transpose of the key 

matrix, and �� is a learnable adaptive scaling factor 
defined as: 

�� = �(��. (��; ��)), (8) 

where [· ; ·] denotes concatenation along the feature 
dimension. The standard scaled dot-product attention is 
given by: 

� = ��
�	�� (
���

√�� ). (9) 

Finally, the EGA is formulated as: 
��� = �� ⊙ � + �� ⊙ ��� (� ), (10) 

where ⊙ denotes element-wise multiplication. In 
this formulation, � ∈ ℝ�×�, while ��� (� ) ∈ ℝ�, 
which is broadcasted to match the attention output 
dimension during fusion. 
The content gate �� is applied element-wise to the 
attention matrix � ∈ ℝ�×� , ensuring attention re-
weighting across temporal positions. The context 
gate �� is broadcast along the temporal dimension 
to match the shape of V∈ ℝ�×��, enabling element-
wise modulation of global features. The final EGA 
output preserves the same dimensionality as the 
value space, i.e., ℝ�×�� , and is directly passed to 
subsequent transformer layers without dimensional 
mismatch. No additional residual or normalization 
is applied within the EGA block, as these operations 
are handled in the subsequent encoder stage. 
3.3 Frequency Domain Feature Extraction 

and FNO-Based Modeling  
The frequency domain contains important 
information for identifying periodic structures in 
vibration signals and defect-related frequency 
components. In this context, the proposed 
technique employs FNO-based frequency feature 
extraction. Unlike standard convolutional 
structures, FNO learns directly in the spectral 
domain and captures global frequency interactions 
across the signal [36]. 
In the proposed model, the frequency path 
processes feature maps through a convolutional 
block and then feeds them into the FNO, which 
transforms the representations into Fourier space 
and models key frequency components [26]. The 
frequency-domain features are then fused with the 
time-domain features, enabling cross-domain 
information exchange. As a result, the model 
achieves a more comprehensive representation by 
integrating temporal and frequency information. 
In the proposed implementation, the 1D vibration 
signal is processed using a 1D Fast Fourier 
Transform (FFT) applied along the temporal axis, 
converting the input feature map � ∈ ℝ�×�  into 
the frequency domain representation �� ∈ ℂ�×� . 
Only the first K low-frequency Fourier modes are 
retained (mode truncation), while high-frequency 
components are discarded to reduce noise 
sensitivity and improve robustness in fault-related 
frequency extraction. 
The FNO operator is a deep learning architecture 
intended for partial differential equation solutions 
and function operator learning [12]. It considerably 
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specific type of a function [54]. The signal is 
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states at one or more time points may have an impact on 
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solving, as shown in Figure 2, red representations in the 
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Important areas of the input data are highlighted using the 
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value space, i.e., ℝ�×�� , and is directly passed to 
subsequent transformer layers without dimensional 
mismatch. No additional residual or normalization 
is applied within the EGA block, as these operations 
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extraction. Unlike standard convolutional 
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frequency-domain features are then fused with the 
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and function operator learning [12]. It considerably 
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specific type of a function [54]. The signal is 
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� : �1 → �2 is obtained to model �� in Equation 
(11). 
In this implementation, complex-valued spectral 
convolution is performed in the Fourier domain 
using learnable complex weights, where real and 
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where ⊙ denotes element-wise multiplication. In 
this formulation, A∈Rn×n, while GAP(V)∈Rd, which 
is broadcasted to match the attention output dimen-
sion during fusion.

The content gate GC is applied element-wise to 
the attention matrix A∈Rn×n, ensuring attention 
re-weighting across temporal positions. The context 
gate Gx is broadcast along the temporal dimension to 
match the shape of V∈Rn×dk, enabling element-wise 
modulation of global features. The final EGA out-
put preserves the same dimensionality as the value 
space, i.e., Rn×dk, and is directly passed to subsequent 
transformer layers without dimensional mismatch. 
No additional residual or normalization is applied 
within the EGA block, as these operations are han-
dled in the subsequent encoder stage.

3.3. Frequency Domain Feature Extraction 
and FNO-Based Modeling 
The frequency domain contains important informa-
tion for identifying periodic structures in vibration 
signals and defect-related frequency components. In 
this context, the proposed technique employs FNO-
based frequency feature extraction. Unlike standard 
convolutional structures, FNO learns directly in the 
spectral domain and captures global frequency in-
teractions across the signal [36].
In the proposed model, the frequency path processes 
feature maps through a convolutional block and then 
feeds them into the FNO, which transforms the repre-
sentations into Fourier space and models key frequen-
cy components [26]. The frequency-domain features 
are then fused with the time-domain features, enabling 
cross-domain information exchange. As a result, the 
model achieves a more comprehensive representation 
by integrating temporal and frequency information.
In the proposed implementation, the 1D vibration 
signal is processed using a 1D Fast Fourier Trans-
form (FFT) applied along the temporal axis, convert-
ing the input feature map X∈Rn×d into the frequency 
domain representation Xf ∈Cn×d. Only the first K 
low-frequency Fourier modes are retained (mode 
truncation), while high-frequency components are 
discarded to reduce noise sensitivity and improve 
robustness in fault-related frequency extraction.
The FNO operator is a deep learning architecture in-
tended for partial differential equation solutions and 
function operator learning [12]. It considerably reduc-
es the amount of data needed to produce a high-reso-
lution solution, resulting in faster numerical analysis 
[49]. The goal of FNO is to learn an operator or external 
condition and model a specific type of a function [54]. 
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The signal is divided into frequency components us-
ing the Fourier transform [10]. A nonlinear mapping 
G:H1→ H2 is obtained to model Gθ in Equation (11).
In this implementation, complex-valued spectral 
convolution is performed in the Fourier domain us-
ing learnable complex weights, where real and imag-
inary parts are parameterized separately and jointly 
optimized during training. This allows the model to 
capture both amplitude and phase variations of vi-
bration-induced fault signatures.

jointly optimized during training. This allows the model 
to capture both amplitude and phase variations of 
vibration-induced fault signatures. 

�� = �1 × � → �2. (11) 
The neural network's trained parameter set is called �. 
Equation (12) formulates the neural network operator 
with a recursive layer design.   
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In Equation (12), two shallow neural networks, �  and �, 
encode functions with lower dimensions into higher 
dimensions and vice versa. �: ℝ → ℝ  is a nonlinear 
activation function that is based on points. The kernel 
integral operator is denoted by 
�

ℓ. 
�
ℓ is modeled with 

FNO utilization (12).  
In the frequency domain, the Fourier transform �  and 
inverse Fourier transform � −1  are applied along the 
temporal dimension, and only K retained Fourier modes 
are learned through complex weight matrices {ℝℓ}. The 
resulting feature dimensionality is preserved to ensure 
compatibility with subsequent fusion layers, i.e., �� ∈
ℝ�×�.The weight matrices in the Fourier domain are 
denoted by {�ℓ|ℓ = 1,2,3, … , � − 1}. 
3.4 Strengthening Temporal Dependencies: 

LSTM + SE   
Long-term correlations play a crucial role in the modeling 
of time-dependent dynamic changes in vibration signals. 
In this context, LSTM can analyze sequential patterns 
over time, thereby discerning the order of occurrence and 
progression of fault symptoms. Furthermore, the 
integration of an SE block with LSTM introduces a 
channel-based attention mechanism to the temporal 
representation. This mechanism allows for the adaptive 
scaling of the significance of each channel, thereby 
directing the model's attention towards the most salient 
features.  
By capturing long-term sequential relationships that 
conventional CNNs are unable to learn, LSTM offers the 
capability of modeling the evolution of defects over time. 
As a result, irrelevant features are suppressed and 
channels with a high information density are reinforced. 
Complementary information for the model's decision-
making process is obtained by learning the channel-based 
importance order and temporal evolution. 
Input gates, forget gates, and output gates are the three 
parts of an LSTM. These gates decide which information 
will be provided in pairs, retained, and forgotten [51], 
[34], [64]. The expression for the LSTM components' 
forget gate is (13). 

�� = �(�� . [ℎ�−1, ��] + �� ). (13) 

In Equation (13), �� is the output of the forget gate, which 
determines which components to forget. ��  is the 
weights, while ��  is the bias. �� is the current input, and 
ℎ�−1 is the hidden state at the previous time step.  

�� = �(��. [ℎ�−1, ��] + ��). (14) 

In Equation (14), �� is the input gate's output that 
determines the relevance of fresh information. The value 
obtained for adding new information to memory for the 
contribution to the memory cell is shown in Equation 
(15). The memory cell is updated in the same way as 

described in Equation (16). At this point, it is 
possible to forget some of the previously learned 
knowledge while retaining new information. Thus, 
long-term memory is formed.  

��̃ = ���ℎ(��. [ℎ�−1, ��] + ��) (15) 

�� = (��.. ��−1. + ��. ��̃). (16) 
The output gate ℎ�  determines how much 
information is produced, as seen in Equation (17). 
In this stage, the LSTM cell generates an output 
based on the updated cell state [63], [9]. This output 
is used in the following step as well as to control 
the model's output. 

ℎ� = tanh(��) ⊙ �(��. [ℎ�−1, ��] + ��). (17) 

The SE block improves the performance of deep 
learning models, particularly in the fields of image 
and signal processing, by implementing the 
attention mechanism at the channel level [17], [48]. 
It teaches how important each channel is and 
assigns weight accordingly. Deep neural networks' 
performance can be improved via channel-based 
attention methods [33]. It reweighs the channels of 
the feature maps using channel-based attention, 
allowing the model to concentrate on significant 
characteristics [13]. This block comprises two 
stages. The first stage, squeeze, does global 
pooling on the supplied data. This procedure is 
followed for each channel of the input. In Equation 
(18), the channel-level vector is calculated by 
taking the average of each channel [20]. 

�� = �(�2. �(�1. � + �1) + �2). (18) 
In Equation (18), weights (�1 and �2) F input data 
includes �1  and �2  bias values. �  is the relu 
activation function. �  represents the sigmoid 
function. The second stage, Excitation, rescales the 
output based on the relevance of each channel like 
in Equation (19). 

� ̂ = � . ��. (19) 

In Equation (19), � ̂ is the rescaled output, ��  is the 
weight vector learned for each channel, and �  is the 
input data feature map. The compressed information 
obtained by Squeeze is routed over a two-layer fully 
linked network, with significance scores generated 
for each channel. This structure learns the 
relationship between the channels and decides which 
ones should contribute to the output [33], [13], [20], 
[52]. 
3.5 Multi-Scale Attention-Based Feature 

Fusion    
In the suggested approach, the feature maps 
obtained from the three branches (time-domain, 
frequency-domain, and LSTM+SE representation) 
exhibit different representation strengths and 
semantic scales. Therefore, direct fusion may lead 
to information loss or dominance of specific 
branches. To address this issue and appropriately 
weight the information provided by each branch, a 
multi-scale attention-based feature fusion module 
was designed. Since each branch processes the 
signal using different structures and filtering 
strategies, the extracted features contain 
complementary spatial and semantic 
characteristics. 
The proposed attention mechanism highlights 
temporal continuity captured by the LSTM+SE 
branch, anomaly-sensitive frequency-domain 
responses, channel-wise importance, and signal 
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The neural network's trained parameter set is called 
θ. Equation (12) formulates the neural network op-
erator with a recursive layer design.  

jointly optimized during training. This allows the model 
to capture both amplitude and phase variations of 
vibration-induced fault signatures. 
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dimensions and vice versa. �: ℝ → ℝ  is a nonlinear 
activation function that is based on points. The kernel 
integral operator is denoted by 
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FNO utilization (12).  
In the frequency domain, the Fourier transform �  and 
inverse Fourier transform � −1  are applied along the 
temporal dimension, and only K retained Fourier modes 
are learned through complex weight matrices {ℝℓ}. The 
resulting feature dimensionality is preserved to ensure 
compatibility with subsequent fusion layers, i.e., �� ∈
ℝ�×�.The weight matrices in the Fourier domain are 
denoted by {�ℓ|ℓ = 1,2,3, … , � − 1}. 
3.4 Strengthening Temporal Dependencies: 

LSTM + SE   
Long-term correlations play a crucial role in the modeling 
of time-dependent dynamic changes in vibration signals. 
In this context, LSTM can analyze sequential patterns 
over time, thereby discerning the order of occurrence and 
progression of fault symptoms. Furthermore, the 
integration of an SE block with LSTM introduces a 
channel-based attention mechanism to the temporal 
representation. This mechanism allows for the adaptive 
scaling of the significance of each channel, thereby 
directing the model's attention towards the most salient 
features.  
By capturing long-term sequential relationships that 
conventional CNNs are unable to learn, LSTM offers the 
capability of modeling the evolution of defects over time. 
As a result, irrelevant features are suppressed and 
channels with a high information density are reinforced. 
Complementary information for the model's decision-
making process is obtained by learning the channel-based 
importance order and temporal evolution. 
Input gates, forget gates, and output gates are the three 
parts of an LSTM. These gates decide which information 
will be provided in pairs, retained, and forgotten [51], 
[34], [64]. The expression for the LSTM components' 
forget gate is (13). 

�� = �(�� . [ℎ�−1, ��] + �� ). (13) 

In Equation (13), �� is the output of the forget gate, which 
determines which components to forget. ��  is the 
weights, while ��  is the bias. �� is the current input, and 
ℎ�−1 is the hidden state at the previous time step.  

�� = �(��. [ℎ�−1, ��] + ��). (14) 

In Equation (14), �� is the input gate's output that 
determines the relevance of fresh information. The value 
obtained for adding new information to memory for the 
contribution to the memory cell is shown in Equation 
(15). The memory cell is updated in the same way as 

described in Equation (16). At this point, it is 
possible to forget some of the previously learned 
knowledge while retaining new information. Thus, 
long-term memory is formed.  

��̃ = ���ℎ(��. [ℎ�−1, ��] + ��) (15) 

�� = (��.. ��−1. + ��. ��̃). (16) 
The output gate ℎ�  determines how much 
information is produced, as seen in Equation (17). 
In this stage, the LSTM cell generates an output 
based on the updated cell state [63], [9]. This output 
is used in the following step as well as to control 
the model's output. 

ℎ� = tanh(��) ⊙ �(��. [ℎ�−1, ��] + ��). (17) 

The SE block improves the performance of deep 
learning models, particularly in the fields of image 
and signal processing, by implementing the 
attention mechanism at the channel level [17], [48]. 
It teaches how important each channel is and 
assigns weight accordingly. Deep neural networks' 
performance can be improved via channel-based 
attention methods [33]. It reweighs the channels of 
the feature maps using channel-based attention, 
allowing the model to concentrate on significant 
characteristics [13]. This block comprises two 
stages. The first stage, squeeze, does global 
pooling on the supplied data. This procedure is 
followed for each channel of the input. In Equation 
(18), the channel-level vector is calculated by 
taking the average of each channel [20]. 

�� = �(�2. �(�1. � + �1) + �2). (18) 
In Equation (18), weights (�1 and �2) F input data 
includes �1  and �2  bias values. �  is the relu 
activation function. �  represents the sigmoid 
function. The second stage, Excitation, rescales the 
output based on the relevance of each channel like 
in Equation (19). 

� ̂ = � . ��. (19) 

In Equation (19), � ̂ is the rescaled output, ��  is the 
weight vector learned for each channel, and �  is the 
input data feature map. The compressed information 
obtained by Squeeze is routed over a two-layer fully 
linked network, with significance scores generated 
for each channel. This structure learns the 
relationship between the channels and decides which 
ones should contribute to the output [33], [13], [20], 
[52]. 
3.5 Multi-Scale Attention-Based Feature 

Fusion    
In the suggested approach, the feature maps 
obtained from the three branches (time-domain, 
frequency-domain, and LSTM+SE representation) 
exhibit different representation strengths and 
semantic scales. Therefore, direct fusion may lead 
to information loss or dominance of specific 
branches. To address this issue and appropriately 
weight the information provided by each branch, a 
multi-scale attention-based feature fusion module 
was designed. Since each branch processes the 
signal using different structures and filtering 
strategies, the extracted features contain 
complementary spatial and semantic 
characteristics. 
The proposed attention mechanism highlights 
temporal continuity captured by the LSTM+SE 
branch, anomaly-sensitive frequency-domain 
responses, channel-wise importance, and signal 
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In Equation (12), two shallow neural networks, P 
and Q, encode functions with lower dimensions into 
higher dimensions and vice versa. σ:R→R is a non-
linear activation function that is based on points. 
The kernel integral operator is denoted by Kθ

l. Kθ
l is 

modeled with FNO utilization (12). 
In the frequency domain, the Fourier transform F 
and inverse Fourier transform F-1 are applied along 
the temporal dimension, and only K retained Fourier 
modes are learned through complex weight matrices 
{Rl}. The resulting feature dimensionality is pre-
served to ensure compatibility with subsequent fu-
sion layers, i.e., Xf ∈RK×d. The weight matrices in the 
Fourier domain are denoted by {Rl|l=1,2,3,...,L-1}.

3.4. Strengthening Temporal Dependencies: 
LSTM + SE  
Long-term correlations play a crucial role in the 
modeling of time-dependent dynamic changes in vi-
bration signals. In this context, LSTM can analyze 
sequential patterns over time, thereby discerning the 
order of occurrence and progression of fault symp-
toms. Furthermore, the integration of an SE block 
with LSTM introduces a channel-based attention 
mechanism to the temporal representation. This 

mechanism allows for the adaptive scaling of the sig-
nificance of each channel, thereby directing the mod-
el's attention towards the most salient features. 
By capturing long-term sequential relationships 
that conventional CNNs are unable to learn, LSTM 
offers the capability of modeling the evolution of de-
fects over time. As a result, irrelevant features are 
suppressed and channels with a high information 
density are reinforced. Complementary information 
for the model's decision-making process is obtained 
by learning the channel-based importance order and 
temporal evolution.
Input gates, forget gates, and output gates are the 
three parts of an LSTM. These gates decide which 
information will be provided in pairs, retained, and 
forgotten [51], [34], [64]. The expression for the 
LSTM components' forget gate is (13).

jointly optimized during training. This allows the model 
to capture both amplitude and phase variations of 
vibration-induced fault signatures. 
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The neural network's trained parameter set is called �. 
Equation (12) formulates the neural network operator 
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dimensions and vice versa. �: ℝ → ℝ  is a nonlinear 
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FNO utilization (12).  
In the frequency domain, the Fourier transform �  and 
inverse Fourier transform � −1  are applied along the 
temporal dimension, and only K retained Fourier modes 
are learned through complex weight matrices {ℝℓ}. The 
resulting feature dimensionality is preserved to ensure 
compatibility with subsequent fusion layers, i.e., �� ∈
ℝ�×�.The weight matrices in the Fourier domain are 
denoted by {�ℓ|ℓ = 1,2,3, … , � − 1}. 
3.4 Strengthening Temporal Dependencies: 

LSTM + SE   
Long-term correlations play a crucial role in the modeling 
of time-dependent dynamic changes in vibration signals. 
In this context, LSTM can analyze sequential patterns 
over time, thereby discerning the order of occurrence and 
progression of fault symptoms. Furthermore, the 
integration of an SE block with LSTM introduces a 
channel-based attention mechanism to the temporal 
representation. This mechanism allows for the adaptive 
scaling of the significance of each channel, thereby 
directing the model's attention towards the most salient 
features.  
By capturing long-term sequential relationships that 
conventional CNNs are unable to learn, LSTM offers the 
capability of modeling the evolution of defects over time. 
As a result, irrelevant features are suppressed and 
channels with a high information density are reinforced. 
Complementary information for the model's decision-
making process is obtained by learning the channel-based 
importance order and temporal evolution. 
Input gates, forget gates, and output gates are the three 
parts of an LSTM. These gates decide which information 
will be provided in pairs, retained, and forgotten [51], 
[34], [64]. The expression for the LSTM components' 
forget gate is (13). 
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In Equation (13), �� is the output of the forget gate, which 
determines which components to forget. ��  is the 
weights, while ��  is the bias. �� is the current input, and 
ℎ�−1 is the hidden state at the previous time step.  

�� = �(��. [ℎ�−1, ��] + ��). (14) 

In Equation (14), �� is the input gate's output that 
determines the relevance of fresh information. The value 
obtained for adding new information to memory for the 
contribution to the memory cell is shown in Equation 
(15). The memory cell is updated in the same way as 

described in Equation (16). At this point, it is 
possible to forget some of the previously learned 
knowledge while retaining new information. Thus, 
long-term memory is formed.  

��̃ = ���ℎ(��. [ℎ�−1, ��] + ��) (15) 

�� = (��.. ��−1. + ��. ��̃). (16) 
The output gate ℎ�  determines how much 
information is produced, as seen in Equation (17). 
In this stage, the LSTM cell generates an output 
based on the updated cell state [63], [9]. This output 
is used in the following step as well as to control 
the model's output. 

ℎ� = tanh(��) ⊙ �(��. [ℎ�−1, ��] + ��). (17) 

The SE block improves the performance of deep 
learning models, particularly in the fields of image 
and signal processing, by implementing the 
attention mechanism at the channel level [17], [48]. 
It teaches how important each channel is and 
assigns weight accordingly. Deep neural networks' 
performance can be improved via channel-based 
attention methods [33]. It reweighs the channels of 
the feature maps using channel-based attention, 
allowing the model to concentrate on significant 
characteristics [13]. This block comprises two 
stages. The first stage, squeeze, does global 
pooling on the supplied data. This procedure is 
followed for each channel of the input. In Equation 
(18), the channel-level vector is calculated by 
taking the average of each channel [20]. 

�� = �(�2. �(�1. � + �1) + �2). (18) 
In Equation (18), weights (�1 and �2) F input data 
includes �1  and �2  bias values. �  is the relu 
activation function. �  represents the sigmoid 
function. The second stage, Excitation, rescales the 
output based on the relevance of each channel like 
in Equation (19). 
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In Equation (19), � ̂ is the rescaled output, ��  is the 
weight vector learned for each channel, and �  is the 
input data feature map. The compressed information 
obtained by Squeeze is routed over a two-layer fully 
linked network, with significance scores generated 
for each channel. This structure learns the 
relationship between the channels and decides which 
ones should contribute to the output [33], [13], [20], 
[52]. 
3.5 Multi-Scale Attention-Based Feature 

Fusion    
In the suggested approach, the feature maps 
obtained from the three branches (time-domain, 
frequency-domain, and LSTM+SE representation) 
exhibit different representation strengths and 
semantic scales. Therefore, direct fusion may lead 
to information loss or dominance of specific 
branches. To address this issue and appropriately 
weight the information provided by each branch, a 
multi-scale attention-based feature fusion module 
was designed. Since each branch processes the 
signal using different structures and filtering 
strategies, the extracted features contain 
complementary spatial and semantic 
characteristics. 
The proposed attention mechanism highlights 
temporal continuity captured by the LSTM+SE 
branch, anomaly-sensitive frequency-domain 
responses, channel-wise importance, and signal 
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the weights, while bf is the bias. xt is the current input, 
and ht-1 is the hidden state at the previous time step. 
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inverse Fourier transform � −1  are applied along the 
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compatibility with subsequent fusion layers, i.e., �� ∈
ℝ�×�.The weight matrices in the Fourier domain are 
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representation. This mechanism allows for the adaptive 
scaling of the significance of each channel, thereby 
directing the model's attention towards the most salient 
features.  
By capturing long-term sequential relationships that 
conventional CNNs are unable to learn, LSTM offers the 
capability of modeling the evolution of defects over time. 
As a result, irrelevant features are suppressed and 
channels with a high information density are reinforced. 
Complementary information for the model's decision-
making process is obtained by learning the channel-based 
importance order and temporal evolution. 
Input gates, forget gates, and output gates are the three 
parts of an LSTM. These gates decide which information 
will be provided in pairs, retained, and forgotten [51], 
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forget gate is (13). 
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In Equation (13), �� is the output of the forget gate, which 
determines which components to forget. ��  is the 
weights, while ��  is the bias. �� is the current input, and 
ℎ�−1 is the hidden state at the previous time step.  
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determines the relevance of fresh information. The value 
obtained for adding new information to memory for the 
contribution to the memory cell is shown in Equation 
(15). The memory cell is updated in the same way as 

described in Equation (16). At this point, it is 
possible to forget some of the previously learned 
knowledge while retaining new information. Thus, 
long-term memory is formed.  
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information is produced, as seen in Equation (17). 
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based on the updated cell state [63], [9]. This output 
is used in the following step as well as to control 
the model's output. 
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The SE block improves the performance of deep 
learning models, particularly in the fields of image 
and signal processing, by implementing the 
attention mechanism at the channel level [17], [48]. 
It teaches how important each channel is and 
assigns weight accordingly. Deep neural networks' 
performance can be improved via channel-based 
attention methods [33]. It reweighs the channels of 
the feature maps using channel-based attention, 
allowing the model to concentrate on significant 
characteristics [13]. This block comprises two 
stages. The first stage, squeeze, does global 
pooling on the supplied data. This procedure is 
followed for each channel of the input. In Equation 
(18), the channel-level vector is calculated by 
taking the average of each channel [20]. 
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In Equation (18), weights (�1 and �2) F input data 
includes �1  and �2  bias values. �  is the relu 
activation function. �  represents the sigmoid 
function. The second stage, Excitation, rescales the 
output based on the relevance of each channel like 
in Equation (19). 
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In Equation (19), � ̂ is the rescaled output, ��  is the 
weight vector learned for each channel, and �  is the 
input data feature map. The compressed information 
obtained by Squeeze is routed over a two-layer fully 
linked network, with significance scores generated 
for each channel. This structure learns the 
relationship between the channels and decides which 
ones should contribute to the output [33], [13], [20], 
[52]. 
3.5 Multi-Scale Attention-Based Feature 

Fusion    
In the suggested approach, the feature maps 
obtained from the three branches (time-domain, 
frequency-domain, and LSTM+SE representation) 
exhibit different representation strengths and 
semantic scales. Therefore, direct fusion may lead 
to information loss or dominance of specific 
branches. To address this issue and appropriately 
weight the information provided by each branch, a 
multi-scale attention-based feature fusion module 
was designed. Since each branch processes the 
signal using different structures and filtering 
strategies, the extracted features contain 
complementary spatial and semantic 
characteristics. 
The proposed attention mechanism highlights 
temporal continuity captured by the LSTM+SE 
branch, anomaly-sensitive frequency-domain 
responses, channel-wise importance, and signal 
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In Equation (14), it is the input gate's output that 
determines the relevance of fresh information. The 
value obtained for adding new information to mem-
ory for the contribution to the memory cell is shown 
in Equation (15). The memory cell is updated in 
the same way as described in Equation (16). At this 
point, it is possible to forget some of the previously 
learned knowledge while retaining new information. 
Thus, long-term memory is formed. 

jointly optimized during training. This allows the model 
to capture both amplitude and phase variations of 
vibration-induced fault signatures. 

�� = �1 × � → �2. (11) 
The neural network's trained parameter set is called �. 
Equation (12) formulates the neural network operator 
with a recursive layer design.   
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In Equation (12), two shallow neural networks, �  and �, 
encode functions with lower dimensions into higher 
dimensions and vice versa. �: ℝ → ℝ  is a nonlinear 
activation function that is based on points. The kernel 
integral operator is denoted by 
�

ℓ. 
�
ℓ is modeled with 

FNO utilization (12).  
In the frequency domain, the Fourier transform �  and 
inverse Fourier transform � −1  are applied along the 
temporal dimension, and only K retained Fourier modes 
are learned through complex weight matrices {ℝℓ}. The 
resulting feature dimensionality is preserved to ensure 
compatibility with subsequent fusion layers, i.e., �� ∈
ℝ�×�.The weight matrices in the Fourier domain are 
denoted by {�ℓ|ℓ = 1,2,3, … , � − 1}. 
3.4 Strengthening Temporal Dependencies: 

LSTM + SE   
Long-term correlations play a crucial role in the modeling 
of time-dependent dynamic changes in vibration signals. 
In this context, LSTM can analyze sequential patterns 
over time, thereby discerning the order of occurrence and 
progression of fault symptoms. Furthermore, the 
integration of an SE block with LSTM introduces a 
channel-based attention mechanism to the temporal 
representation. This mechanism allows for the adaptive 
scaling of the significance of each channel, thereby 
directing the model's attention towards the most salient 
features.  
By capturing long-term sequential relationships that 
conventional CNNs are unable to learn, LSTM offers the 
capability of modeling the evolution of defects over time. 
As a result, irrelevant features are suppressed and 
channels with a high information density are reinforced. 
Complementary information for the model's decision-
making process is obtained by learning the channel-based 
importance order and temporal evolution. 
Input gates, forget gates, and output gates are the three 
parts of an LSTM. These gates decide which information 
will be provided in pairs, retained, and forgotten [51], 
[34], [64]. The expression for the LSTM components' 
forget gate is (13). 

�� = �(�� . [ℎ�−1, ��] + �� ). (13) 

In Equation (13), �� is the output of the forget gate, which 
determines which components to forget. ��  is the 
weights, while ��  is the bias. �� is the current input, and 
ℎ�−1 is the hidden state at the previous time step.  

�� = �(��. [ℎ�−1, ��] + ��). (14) 

In Equation (14), �� is the input gate's output that 
determines the relevance of fresh information. The value 
obtained for adding new information to memory for the 
contribution to the memory cell is shown in Equation 
(15). The memory cell is updated in the same way as 

described in Equation (16). At this point, it is 
possible to forget some of the previously learned 
knowledge while retaining new information. Thus, 
long-term memory is formed.  

��̃ = ���ℎ(��. [ℎ�−1, ��] + ��) (15) 

�� = (��.. ��−1. + ��. ��̃). (16) 
The output gate ℎ�  determines how much 
information is produced, as seen in Equation (17). 
In this stage, the LSTM cell generates an output 
based on the updated cell state [63], [9]. This output 
is used in the following step as well as to control 
the model's output. 

ℎ� = tanh(��) ⊙ �(��. [ℎ�−1, ��] + ��). (17) 

The SE block improves the performance of deep 
learning models, particularly in the fields of image 
and signal processing, by implementing the 
attention mechanism at the channel level [17], [48]. 
It teaches how important each channel is and 
assigns weight accordingly. Deep neural networks' 
performance can be improved via channel-based 
attention methods [33]. It reweighs the channels of 
the feature maps using channel-based attention, 
allowing the model to concentrate on significant 
characteristics [13]. This block comprises two 
stages. The first stage, squeeze, does global 
pooling on the supplied data. This procedure is 
followed for each channel of the input. In Equation 
(18), the channel-level vector is calculated by 
taking the average of each channel [20]. 

�� = �(�2. �(�1. � + �1) + �2). (18) 
In Equation (18), weights (�1 and �2) F input data 
includes �1  and �2  bias values. �  is the relu 
activation function. �  represents the sigmoid 
function. The second stage, Excitation, rescales the 
output based on the relevance of each channel like 
in Equation (19). 
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In Equation (19), � ̂ is the rescaled output, ��  is the 
weight vector learned for each channel, and �  is the 
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obtained by Squeeze is routed over a two-layer fully 
linked network, with significance scores generated 
for each channel. This structure learns the 
relationship between the channels and decides which 
ones should contribute to the output [33], [13], [20], 
[52]. 
3.5 Multi-Scale Attention-Based Feature 

Fusion    
In the suggested approach, the feature maps 
obtained from the three branches (time-domain, 
frequency-domain, and LSTM+SE representation) 
exhibit different representation strengths and 
semantic scales. Therefore, direct fusion may lead 
to information loss or dominance of specific 
branches. To address this issue and appropriately 
weight the information provided by each branch, a 
multi-scale attention-based feature fusion module 
was designed. Since each branch processes the 
signal using different structures and filtering 
strategies, the extracted features contain 
complementary spatial and semantic 
characteristics. 
The proposed attention mechanism highlights 
temporal continuity captured by the LSTM+SE 
branch, anomaly-sensitive frequency-domain 
responses, channel-wise importance, and signal 
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jointly optimized during training. This allows the model 
to capture both amplitude and phase variations of 
vibration-induced fault signatures. 

�� = �1 × � → �2. (11) 
The neural network's trained parameter set is called �. 
Equation (12) formulates the neural network operator 
with a recursive layer design.   
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dimensions and vice versa. �: ℝ → ℝ  is a nonlinear 
activation function that is based on points. The kernel 
integral operator is denoted by 
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FNO utilization (12).  
In the frequency domain, the Fourier transform �  and 
inverse Fourier transform � −1  are applied along the 
temporal dimension, and only K retained Fourier modes 
are learned through complex weight matrices {ℝℓ}. The 
resulting feature dimensionality is preserved to ensure 
compatibility with subsequent fusion layers, i.e., �� ∈
ℝ�×�.The weight matrices in the Fourier domain are 
denoted by {�ℓ|ℓ = 1,2,3, … , � − 1}. 
3.4 Strengthening Temporal Dependencies: 
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Long-term correlations play a crucial role in the modeling 
of time-dependent dynamic changes in vibration signals. 
In this context, LSTM can analyze sequential patterns 
over time, thereby discerning the order of occurrence and 
progression of fault symptoms. Furthermore, the 
integration of an SE block with LSTM introduces a 
channel-based attention mechanism to the temporal 
representation. This mechanism allows for the adaptive 
scaling of the significance of each channel, thereby 
directing the model's attention towards the most salient 
features.  
By capturing long-term sequential relationships that 
conventional CNNs are unable to learn, LSTM offers the 
capability of modeling the evolution of defects over time. 
As a result, irrelevant features are suppressed and 
channels with a high information density are reinforced. 
Complementary information for the model's decision-
making process is obtained by learning the channel-based 
importance order and temporal evolution. 
Input gates, forget gates, and output gates are the three 
parts of an LSTM. These gates decide which information 
will be provided in pairs, retained, and forgotten [51], 
[34], [64]. The expression for the LSTM components' 
forget gate is (13). 

�� = �(�� . [ℎ�−1, ��] + �� ). (13) 

In Equation (13), �� is the output of the forget gate, which 
determines which components to forget. ��  is the 
weights, while ��  is the bias. �� is the current input, and 
ℎ�−1 is the hidden state at the previous time step.  

�� = �(��. [ℎ�−1, ��] + ��). (14) 

In Equation (14), �� is the input gate's output that 
determines the relevance of fresh information. The value 
obtained for adding new information to memory for the 
contribution to the memory cell is shown in Equation 
(15). The memory cell is updated in the same way as 

described in Equation (16). At this point, it is 
possible to forget some of the previously learned 
knowledge while retaining new information. Thus, 
long-term memory is formed.  

��̃ = ���ℎ(��. [ℎ�−1, ��] + ��) (15) 

�� = (��.. ��−1. + ��. ��̃). (16) 
The output gate ℎ�  determines how much 
information is produced, as seen in Equation (17). 
In this stage, the LSTM cell generates an output 
based on the updated cell state [63], [9]. This output 
is used in the following step as well as to control 
the model's output. 

ℎ� = tanh(��) ⊙ �(��. [ℎ�−1, ��] + ��). (17) 

The SE block improves the performance of deep 
learning models, particularly in the fields of image 
and signal processing, by implementing the 
attention mechanism at the channel level [17], [48]. 
It teaches how important each channel is and 
assigns weight accordingly. Deep neural networks' 
performance can be improved via channel-based 
attention methods [33]. It reweighs the channels of 
the feature maps using channel-based attention, 
allowing the model to concentrate on significant 
characteristics [13]. This block comprises two 
stages. The first stage, squeeze, does global 
pooling on the supplied data. This procedure is 
followed for each channel of the input. In Equation 
(18), the channel-level vector is calculated by 
taking the average of each channel [20]. 

�� = �(�2. �(�1. � + �1) + �2). (18) 
In Equation (18), weights (�1 and �2) F input data 
includes �1  and �2  bias values. �  is the relu 
activation function. �  represents the sigmoid 
function. The second stage, Excitation, rescales the 
output based on the relevance of each channel like 
in Equation (19). 
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In Equation (19), � ̂ is the rescaled output, ��  is the 
weight vector learned for each channel, and �  is the 
input data feature map. The compressed information 
obtained by Squeeze is routed over a two-layer fully 
linked network, with significance scores generated 
for each channel. This structure learns the 
relationship between the channels and decides which 
ones should contribute to the output [33], [13], [20], 
[52]. 
3.5 Multi-Scale Attention-Based Feature 

Fusion    
In the suggested approach, the feature maps 
obtained from the three branches (time-domain, 
frequency-domain, and LSTM+SE representation) 
exhibit different representation strengths and 
semantic scales. Therefore, direct fusion may lead 
to information loss or dominance of specific 
branches. To address this issue and appropriately 
weight the information provided by each branch, a 
multi-scale attention-based feature fusion module 
was designed. Since each branch processes the 
signal using different structures and filtering 
strategies, the extracted features contain 
complementary spatial and semantic 
characteristics. 
The proposed attention mechanism highlights 
temporal continuity captured by the LSTM+SE 
branch, anomaly-sensitive frequency-domain 
responses, channel-wise importance, and signal 
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The output gate ht determines how much information 
is produced, as seen in Equation (17). In this stage, 
the LSTM cell generates an output based on the up-
dated cell state [63], [9]. This output is used in the fol-
lowing step as well as to control the model's output.
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jointly optimized during training. This allows the model 
to capture both amplitude and phase variations of 
vibration-induced fault signatures. 

�� = �1 × � → �2. (11) 
The neural network's trained parameter set is called �. 
Equation (12) formulates the neural network operator 
with a recursive layer design.   
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dimensions and vice versa. �: ℝ → ℝ  is a nonlinear 
activation function that is based on points. The kernel 
integral operator is denoted by 
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FNO utilization (12).  
In the frequency domain, the Fourier transform �  and 
inverse Fourier transform � −1  are applied along the 
temporal dimension, and only K retained Fourier modes 
are learned through complex weight matrices {ℝℓ}. The 
resulting feature dimensionality is preserved to ensure 
compatibility with subsequent fusion layers, i.e., �� ∈
ℝ�×�.The weight matrices in the Fourier domain are 
denoted by {�ℓ|ℓ = 1,2,3, … , � − 1}. 
3.4 Strengthening Temporal Dependencies: 

LSTM + SE   
Long-term correlations play a crucial role in the modeling 
of time-dependent dynamic changes in vibration signals. 
In this context, LSTM can analyze sequential patterns 
over time, thereby discerning the order of occurrence and 
progression of fault symptoms. Furthermore, the 
integration of an SE block with LSTM introduces a 
channel-based attention mechanism to the temporal 
representation. This mechanism allows for the adaptive 
scaling of the significance of each channel, thereby 
directing the model's attention towards the most salient 
features.  
By capturing long-term sequential relationships that 
conventional CNNs are unable to learn, LSTM offers the 
capability of modeling the evolution of defects over time. 
As a result, irrelevant features are suppressed and 
channels with a high information density are reinforced. 
Complementary information for the model's decision-
making process is obtained by learning the channel-based 
importance order and temporal evolution. 
Input gates, forget gates, and output gates are the three 
parts of an LSTM. These gates decide which information 
will be provided in pairs, retained, and forgotten [51], 
[34], [64]. The expression for the LSTM components' 
forget gate is (13). 

�� = �(�� . [ℎ�−1, ��] + �� ). (13) 

In Equation (13), �� is the output of the forget gate, which 
determines which components to forget. ��  is the 
weights, while ��  is the bias. �� is the current input, and 
ℎ�−1 is the hidden state at the previous time step.  

�� = �(��. [ℎ�−1, ��] + ��). (14) 

In Equation (14), �� is the input gate's output that 
determines the relevance of fresh information. The value 
obtained for adding new information to memory for the 
contribution to the memory cell is shown in Equation 
(15). The memory cell is updated in the same way as 

described in Equation (16). At this point, it is 
possible to forget some of the previously learned 
knowledge while retaining new information. Thus, 
long-term memory is formed.  

��̃ = ���ℎ(��. [ℎ�−1, ��] + ��) (15) 

�� = (��.. ��−1. + ��. ��̃). (16) 
The output gate ℎ�  determines how much 
information is produced, as seen in Equation (17). 
In this stage, the LSTM cell generates an output 
based on the updated cell state [63], [9]. This output 
is used in the following step as well as to control 
the model's output. 

ℎ� = tanh(��) ⊙ �(��. [ℎ�−1, ��] + ��). (17) 

The SE block improves the performance of deep 
learning models, particularly in the fields of image 
and signal processing, by implementing the 
attention mechanism at the channel level [17], [48]. 
It teaches how important each channel is and 
assigns weight accordingly. Deep neural networks' 
performance can be improved via channel-based 
attention methods [33]. It reweighs the channels of 
the feature maps using channel-based attention, 
allowing the model to concentrate on significant 
characteristics [13]. This block comprises two 
stages. The first stage, squeeze, does global 
pooling on the supplied data. This procedure is 
followed for each channel of the input. In Equation 
(18), the channel-level vector is calculated by 
taking the average of each channel [20]. 

�� = �(�2. �(�1. � + �1) + �2). (18) 
In Equation (18), weights (�1 and �2) F input data 
includes �1  and �2  bias values. �  is the relu 
activation function. �  represents the sigmoid 
function. The second stage, Excitation, rescales the 
output based on the relevance of each channel like 
in Equation (19). 

� ̂ = � . ��. (19) 

In Equation (19), � ̂ is the rescaled output, ��  is the 
weight vector learned for each channel, and �  is the 
input data feature map. The compressed information 
obtained by Squeeze is routed over a two-layer fully 
linked network, with significance scores generated 
for each channel. This structure learns the 
relationship between the channels and decides which 
ones should contribute to the output [33], [13], [20], 
[52]. 
3.5 Multi-Scale Attention-Based Feature 

Fusion    
In the suggested approach, the feature maps 
obtained from the three branches (time-domain, 
frequency-domain, and LSTM+SE representation) 
exhibit different representation strengths and 
semantic scales. Therefore, direct fusion may lead 
to information loss or dominance of specific 
branches. To address this issue and appropriately 
weight the information provided by each branch, a 
multi-scale attention-based feature fusion module 
was designed. Since each branch processes the 
signal using different structures and filtering 
strategies, the extracted features contain 
complementary spatial and semantic 
characteristics. 
The proposed attention mechanism highlights 
temporal continuity captured by the LSTM+SE 
branch, anomaly-sensitive frequency-domain 
responses, channel-wise importance, and signal 
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The SE block improves the performance of deep 
learning models, particularly in the fields of image 
and signal processing, by implementing the attention 
mechanism at the channel level [17], [48]. It teaches 
how important each channel is and assigns weight 
accordingly. Deep neural networks' performance can 
be improved via channel-based attention methods 
[33]. It reweighs the channels of the feature maps 
using channel-based attention, allowing the model to 
concentrate on significant characteristics [13]. This 
block comprises two stages. The first stage, squeeze, 
does global pooling on the supplied data. This pro-
cedure is followed for each channel of the input. In 
Equation (18), the channel-level vector is calculated 
by taking the average of each channel [20].

jointly optimized during training. This allows the model 
to capture both amplitude and phase variations of 
vibration-induced fault signatures. 
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The neural network's trained parameter set is called �. 
Equation (12) formulates the neural network operator 
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dimensions and vice versa. �: ℝ → ℝ  is a nonlinear 
activation function that is based on points. The kernel 
integral operator is denoted by 
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FNO utilization (12).  
In the frequency domain, the Fourier transform �  and 
inverse Fourier transform � −1  are applied along the 
temporal dimension, and only K retained Fourier modes 
are learned through complex weight matrices {ℝℓ}. The 
resulting feature dimensionality is preserved to ensure 
compatibility with subsequent fusion layers, i.e., �� ∈
ℝ�×�.The weight matrices in the Fourier domain are 
denoted by {�ℓ|ℓ = 1,2,3, … , � − 1}. 
3.4 Strengthening Temporal Dependencies: 

LSTM + SE   
Long-term correlations play a crucial role in the modeling 
of time-dependent dynamic changes in vibration signals. 
In this context, LSTM can analyze sequential patterns 
over time, thereby discerning the order of occurrence and 
progression of fault symptoms. Furthermore, the 
integration of an SE block with LSTM introduces a 
channel-based attention mechanism to the temporal 
representation. This mechanism allows for the adaptive 
scaling of the significance of each channel, thereby 
directing the model's attention towards the most salient 
features.  
By capturing long-term sequential relationships that 
conventional CNNs are unable to learn, LSTM offers the 
capability of modeling the evolution of defects over time. 
As a result, irrelevant features are suppressed and 
channels with a high information density are reinforced. 
Complementary information for the model's decision-
making process is obtained by learning the channel-based 
importance order and temporal evolution. 
Input gates, forget gates, and output gates are the three 
parts of an LSTM. These gates decide which information 
will be provided in pairs, retained, and forgotten [51], 
[34], [64]. The expression for the LSTM components' 
forget gate is (13). 
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In Equation (13), �� is the output of the forget gate, which 
determines which components to forget. ��  is the 
weights, while ��  is the bias. �� is the current input, and 
ℎ�−1 is the hidden state at the previous time step.  

�� = �(��. [ℎ�−1, ��] + ��). (14) 

In Equation (14), �� is the input gate's output that 
determines the relevance of fresh information. The value 
obtained for adding new information to memory for the 
contribution to the memory cell is shown in Equation 
(15). The memory cell is updated in the same way as 

described in Equation (16). At this point, it is 
possible to forget some of the previously learned 
knowledge while retaining new information. Thus, 
long-term memory is formed.  

��̃ = ���ℎ(��. [ℎ�−1, ��] + ��) (15) 

�� = (��.. ��−1. + ��. ��̃). (16) 
The output gate ℎ�  determines how much 
information is produced, as seen in Equation (17). 
In this stage, the LSTM cell generates an output 
based on the updated cell state [63], [9]. This output 
is used in the following step as well as to control 
the model's output. 

ℎ� = tanh(��) ⊙ �(��. [ℎ�−1, ��] + ��). (17) 

The SE block improves the performance of deep 
learning models, particularly in the fields of image 
and signal processing, by implementing the 
attention mechanism at the channel level [17], [48]. 
It teaches how important each channel is and 
assigns weight accordingly. Deep neural networks' 
performance can be improved via channel-based 
attention methods [33]. It reweighs the channels of 
the feature maps using channel-based attention, 
allowing the model to concentrate on significant 
characteristics [13]. This block comprises two 
stages. The first stage, squeeze, does global 
pooling on the supplied data. This procedure is 
followed for each channel of the input. In Equation 
(18), the channel-level vector is calculated by 
taking the average of each channel [20]. 

�� = �(�2. �(�1. � + �1) + �2). (18) 
In Equation (18), weights (�1 and �2) F input data 
includes �1  and �2  bias values. �  is the relu 
activation function. �  represents the sigmoid 
function. The second stage, Excitation, rescales the 
output based on the relevance of each channel like 
in Equation (19). 
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In Equation (19), � ̂ is the rescaled output, ��  is the 
weight vector learned for each channel, and �  is the 
input data feature map. The compressed information 
obtained by Squeeze is routed over a two-layer fully 
linked network, with significance scores generated 
for each channel. This structure learns the 
relationship between the channels and decides which 
ones should contribute to the output [33], [13], [20], 
[52]. 
3.5 Multi-Scale Attention-Based Feature 

Fusion    
In the suggested approach, the feature maps 
obtained from the three branches (time-domain, 
frequency-domain, and LSTM+SE representation) 
exhibit different representation strengths and 
semantic scales. Therefore, direct fusion may lead 
to information loss or dominance of specific 
branches. To address this issue and appropriately 
weight the information provided by each branch, a 
multi-scale attention-based feature fusion module 
was designed. Since each branch processes the 
signal using different structures and filtering 
strategies, the extracted features contain 
complementary spatial and semantic 
characteristics. 
The proposed attention mechanism highlights 
temporal continuity captured by the LSTM+SE 
branch, anomaly-sensitive frequency-domain 
responses, channel-wise importance, and signal 

(18)

In Equation (18), weights (W1 and W2) F input data 
includes b1 and b2 bias values. δ is the relu activation 
function. σ represents the sigmoid function. The sec-
ond stage, Excitation, rescales the output based on 
the relevance of each channel like in Equation (19).
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activation function that is based on points. The kernel 
integral operator is denoted by 
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FNO utilization (12).  
In the frequency domain, the Fourier transform �  and 
inverse Fourier transform � −1  are applied along the 
temporal dimension, and only K retained Fourier modes 
are learned through complex weight matrices {ℝℓ}. The 
resulting feature dimensionality is preserved to ensure 
compatibility with subsequent fusion layers, i.e., �� ∈
ℝ�×�.The weight matrices in the Fourier domain are 
denoted by {�ℓ|ℓ = 1,2,3, … , � − 1}. 
3.4 Strengthening Temporal Dependencies: 

LSTM + SE   
Long-term correlations play a crucial role in the modeling 
of time-dependent dynamic changes in vibration signals. 
In this context, LSTM can analyze sequential patterns 
over time, thereby discerning the order of occurrence and 
progression of fault symptoms. Furthermore, the 
integration of an SE block with LSTM introduces a 
channel-based attention mechanism to the temporal 
representation. This mechanism allows for the adaptive 
scaling of the significance of each channel, thereby 
directing the model's attention towards the most salient 
features.  
By capturing long-term sequential relationships that 
conventional CNNs are unable to learn, LSTM offers the 
capability of modeling the evolution of defects over time. 
As a result, irrelevant features are suppressed and 
channels with a high information density are reinforced. 
Complementary information for the model's decision-
making process is obtained by learning the channel-based 
importance order and temporal evolution. 
Input gates, forget gates, and output gates are the three 
parts of an LSTM. These gates decide which information 
will be provided in pairs, retained, and forgotten [51], 
[34], [64]. The expression for the LSTM components' 
forget gate is (13). 

�� = �(�� . [ℎ�−1, ��] + �� ). (13) 

In Equation (13), �� is the output of the forget gate, which 
determines which components to forget. ��  is the 
weights, while ��  is the bias. �� is the current input, and 
ℎ�−1 is the hidden state at the previous time step.  

�� = �(��. [ℎ�−1, ��] + ��). (14) 

In Equation (14), �� is the input gate's output that 
determines the relevance of fresh information. The value 
obtained for adding new information to memory for the 
contribution to the memory cell is shown in Equation 
(15). The memory cell is updated in the same way as 

described in Equation (16). At this point, it is 
possible to forget some of the previously learned 
knowledge while retaining new information. Thus, 
long-term memory is formed.  

��̃ = ���ℎ(��. [ℎ�−1, ��] + ��) (15) 

�� = (��.. ��−1. + ��. ��̃). (16) 
The output gate ℎ�  determines how much 
information is produced, as seen in Equation (17). 
In this stage, the LSTM cell generates an output 
based on the updated cell state [63], [9]. This output 
is used in the following step as well as to control 
the model's output. 

ℎ� = tanh(��) ⊙ �(��. [ℎ�−1, ��] + ��). (17) 

The SE block improves the performance of deep 
learning models, particularly in the fields of image 
and signal processing, by implementing the 
attention mechanism at the channel level [17], [48]. 
It teaches how important each channel is and 
assigns weight accordingly. Deep neural networks' 
performance can be improved via channel-based 
attention methods [33]. It reweighs the channels of 
the feature maps using channel-based attention, 
allowing the model to concentrate on significant 
characteristics [13]. This block comprises two 
stages. The first stage, squeeze, does global 
pooling on the supplied data. This procedure is 
followed for each channel of the input. In Equation 
(18), the channel-level vector is calculated by 
taking the average of each channel [20]. 

�� = �(�2. �(�1. � + �1) + �2). (18) 
In Equation (18), weights (�1 and �2) F input data 
includes �1  and �2  bias values. �  is the relu 
activation function. �  represents the sigmoid 
function. The second stage, Excitation, rescales the 
output based on the relevance of each channel like 
in Equation (19). 

� ̂ = � . ��. (19) 

In Equation (19), � ̂ is the rescaled output, ��  is the 
weight vector learned for each channel, and �  is the 
input data feature map. The compressed information 
obtained by Squeeze is routed over a two-layer fully 
linked network, with significance scores generated 
for each channel. This structure learns the 
relationship between the channels and decides which 
ones should contribute to the output [33], [13], [20], 
[52]. 
3.5 Multi-Scale Attention-Based Feature 

Fusion    
In the suggested approach, the feature maps 
obtained from the three branches (time-domain, 
frequency-domain, and LSTM+SE representation) 
exhibit different representation strengths and 
semantic scales. Therefore, direct fusion may lead 
to information loss or dominance of specific 
branches. To address this issue and appropriately 
weight the information provided by each branch, a 
multi-scale attention-based feature fusion module 
was designed. Since each branch processes the 
signal using different structures and filtering 
strategies, the extracted features contain 
complementary spatial and semantic 
characteristics. 
The proposed attention mechanism highlights 
temporal continuity captured by the LSTM+SE 
branch, anomaly-sensitive frequency-domain 
responses, channel-wise importance, and signal 

(19)

In Equation (19), F ̂ is the rescaled output, zc is the 
weight vector learned for each channel, and F is the 

input data feature map. The compressed information 
obtained by Squeeze is routed over a two-layer fully 
linked network, with significance scores generated 
for each channel. This structure learns the relation-
ship between the channels and decides which ones 
should contribute to the output [33], [13], [20], [52].

3.5. Multi-Scale Attention-Based Feature Fusion   
In the suggested approach, the feature maps ob-
tained from the three branches (time-domain, fre-
quency-domain, and LSTM+SE representation) 
exhibit different representation strengths and se-
mantic scales. Therefore, direct fusion may lead to 
information loss or dominance of specific branches. 
To address this issue and appropriately weight the 
information provided by each branch, a multi-scale 
attention-based feature fusion module was de-
signed. Since each branch processes the signal using 
different structures and filtering strategies, the ex-
tracted features contain complementary spatial and 
semantic characteristics.
The proposed attention mechanism highlights tem-
poral continuity captured by the LSTM+SE branch, 
anomaly-sensitive frequency-domain responses, 
channel-wise importance, and signal variations in 
the time domain. The attention network adaptively 
assigns importance coefficients to each branch fea-
ture, enabling content-aware fusion. Consequently, 
the fusion module reduces redundant information, 
preserves discriminative fault-related representa-
tions, and improves both the accuracy and general-
ization capability of the proposed model

Module / Branch Output Shape Configuration Parameters

Input Layer (1024, 1) Raw vibration signal -

Shared Feature Extraction (1024, 12) Conv1D (6, k=3) + Conv1D (12, k=3) + BatchNorm + GELU 300

Time-Domain Branch (1024, 12) Enhanced Gated Attention (2-head self-attention) 325

Frequency-Domain Branch (1024, 12) Fourier Neural Operator (Modes=4) + Conv1D Fusion 828

Temporal Modeling Branch (12) LSTM (12 units) + Neural ODE Block 1224

Channel Attention Branch (1, 12) SE Block (reduction ratio=8) 37

Multi-Branch Fusion (36) Concatenation + Attention Scaling 1332

Classification Head (3) Dense (24, GELU) + BatchNorm + Dropout(0.3) +  
Dense (12, GELU) + Dropout(0.3) + Softmax 1323

Table 2 
Complete implementation details of the proposed lightweight hybrid architecture.
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4. Experimental Results
In this section, we thoroughly analyze the perfor-
mance of our proposed hybrid model using the SUBF 
v1.0 industrial vibration dataset. The noise robust-
ness of the model is investigated by evaluating it at 
different SNR levels (5, 10, 15, and 20 dB). The exper-
iments demonstrate that the multi-attention mech-
anism of our model, which combines features from 
the frequency and temporal domains, can identify 
intricate and variable patterns in vibration signals. 
According to ablation studies, the EGA module and 
the Neural ODE components significantly improve 
model performance. The model's processing speed 
and parameter count show that it is appropriate for 
real-time applications. These results show that hy-
brid multi-domain architecture is a practical and ef-
fective way to identify industrial vibration problems 
as shown in Table 4.

4.1. Experimental Setup   
Model training and testing were performed using 
Python 3.12 and the TensorFlow 2.18 deep learn-
ing framework. Experiments were conducted on 
a computer equipped with a 13th generation Intel 
Core i9-13900H processor (2.60 GHz) and 32 GB 
of RAM. The training parameters included 50 ep-
ochs a batch size of 256, and the Adam optimizer. 
The learning rate was set at 0.0001. These hard-
ware specs and training circumstances facilitated 
the effective learning of complicated multi-do-
main features.

4.2. Dataset Description   
The SUBF Dataset v1.0 is used in this investigation, 
a large-scale dataset designed primarily for analyz-
ing and diagnosing mechanical bearing faults using 
vibration signals [4]. The experimental setup con-
sists of a motor, carrier base, bearings, and a shaft, 
and is designed to simulate various operating con-
ditions including inner race faults, outer race faults, 
and healthy states. The SUBF v1.0 dataset was intro-
duced by Aziz et al. [4], who proposed a diagnostic 
framework based on autoregressive features and au-
tomated relative energy-based empirical mode de-
composition (EMD) for intelligent fault detection. 
In addition to labeled fault categories, the dataset 
provides long-duration vibration recordings under 
controlled operating conditions, making it suitable 

for analyzing temporal fault evolution and continu-
ous-time modeling approaches.
In the experimental setup, a 0.25 HP 3-phase AC 
motor was tuned at 1440 RPM and 50 Hz frequen-
cy as shown in Figure 3. Three scenarios were sim-
ulated by replacing the bearing on the left side: 
healthy bearing, inner race fault, and outer race 
fault. Vibration data were recorded using a Bean-
Device 2.4 GHz AX-3D wireless sensor, collected 
via BeanGateway, and stored on a PC. The sampling 
rate was determined to be 1000 Hz. The availability 
of long, uninterrupted vibration recordings enables 
the proposed Neural ODE module to effectively 
learn smooth temporal transitions and progressive 
fault dynamics, which are difficult to capture us-
ing short or heavily segmented datasets. A total of 
18 hours of data were collected, with 6 hours of in-
formation accessible for each defect category. The 
recordings were separated into 10-second pieces, 
yielding 2160 signals for each fault category. The 
data set is divided into three categories: healthy, in-
ner, and outer race faults. 

4.3. Performance Evaluation Metrics
Several performance metrics are employed to com-
prehensively evaluate the effectiveness of the pro-
posed model, including accuracy, precision, recall, 
F1-score, Area Under the Curve (AUC), confusion 
matrix, and t-SNE visualizations. In Equation (19), 
accuracy measures the overall proportion of cor-
rectly classified samples across all classes, pro-
viding a global performance indicator. Precision, 
defined in Equation (20), measures the proportion 
of correctly predicted instances for each class rela-
tive to all predicted instances of that class. Recall, 
defined in Equation (21), represents the proportion 
of correctly predicted instances for each class rela-
tive to all actual instances of that class. These met-
rics quantify class-wise predictive performance. 
Precision, recall, and F1-score are computed using 
macro-averaged scheme to ensure balanced evalu-

Figure 3 
Block diagram of the in-house SUBF v1.0 data acquisition 
setup [4]. 

 
 

 

Time-Domain Branch (1024, 12) Enhanced Gated Attention (2-head self-attention) 325 

Frequency-Domain 
Branch 

(1024, 12) Fourier Neural Operator (Modes=4) + Conv1D Fusion 828 

Temporal Modeling 
Branch (12) LSTM (12 units) + Neural ODE Block 1224 

Channel Attention 
Branch 

(1, 12) SE Block (reduction ratio=8) 37 

Multi-Branch Fusion (36) Concatenation + Attention Scaling 1332 

Classification Head (3) 
Dense (24, GELU) + BatchNorm + Dropout(0.3) + Dense 
(12, GELU) + Dropout(0.3) + Softmax 1323 

 
4. Experimental Results 
In this section, we thoroughly analyze the 
performance of our proposed hybrid model using 
the SUBF v1.0 industrial vibration dataset. The 
noise robustness of the model is investigated by 
evaluating it at different SNR levels (5, 10, 15, and 
20 dB). The experiments demonstrate that the multi-
attention mechanism of our model, which combines 
features from the frequency and temporal domains, 
can identify intricate and variable patterns in 
vibration signals. According to ablation studies, the 
EGA module and the Neural ODE components 
significantly improve model performance. The 
model's processing speed and parameter count 
show that it is appropriate for real-time 
applications. These results show that hybrid multi-
domain architecture is a practical and effective way 
to identify industrial vibration problems as shown 
in Table 4. 
4.1 Experimental Setup    
Model training and testing were performed using 
Python 3.12 and the TensorFlow 2.18 deep learning 
framework. Experiments were conducted on a 
computer equipped with a 13th generation Intel 
Core i9-13900H processor (2.60 GHz) and 32 GB of 
RAM. The training parameters included 50 epochs 
a batch size of 256, and the Adam optimizer. The 
learning rate was set at 0.0001. These hardware 
specs and training circumstances facilitated the 
effective learning of complicated multi-domain 
features. 
4.2 Dataset Description    

The SUBF Dataset v1.0 is used in this investigation, a 
large-scale dataset designed primarily for analyzing 
and diagnosing mechanical bearing faults using 
vibration signals [4]. The experimental setup consists 
of a motor, carrier base, bearings, and a shaft, and is 
designed to simulate various operating conditions 
including inner race faults, outer race faults, and 
healthy states. The SUBF v1.0 dataset was introduced 

by Aziz et al. [4], who proposed a diagnostic 
framework based on autoregressive features 
and automated relative energy-based empirical 
mode decomposition (EMD) for intelligent fault 
detection. In addition to labeled fault categories, 
the dataset provides long-duration vibration 
recordings under controlled operating 
conditions, making it suitable for analyzing 
temporal fault evolution and continuous-time 
modeling approaches. 

Figure 3 

Block diagram of the in-house SUBF v1.0 data 
acquisition setup [4].  

 
In the experimental setup, a 0.25 HP 3-phase AC 
motor was tuned at 1440 RPM and 50 Hz 
frequency as shown in Figure 3. Three scenarios 
were simulated by replacing the bearing on the 
left side: healthy bearing, inner race fault, and 
outer race fault. Vibration data were recorded 
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ation across the three classes (healthy, inner race 
fault, and outer race fault), mitigating the effects 
of class imbalance. The AUC metric evaluates the 
model’s discriminative capability across classes. 
In the multiclass setting, AUC is calculated using a 
one-vs-rest (OvR) strategy, where each class is se-
quentially treated as the positive class against the 
remaining classes. A higher AUC value indicates 
stronger separability among classes. A confusion 
matrix provides a detailed class-wise representa-
tion of correct and incorrect predictions, enabling 
a comprehensive analysis of inter-class misclassi-
fication behavior. Finally, t-SNE is used to project 
high-dimensional feature representations into a 
lower-dimensional space for qualitative visualiza-
tion of class separability.
In the multiclass formulation, True Positive Rate 
(TPR) in Equation (22) and False Positive Rate 
(FPR) in Equation (23) are computed under a one-
vs-rest scheme for each class.

These metrics quantify class-wise predictive performance. 
Precision, recall, and F1-score are computed using macro-
averaged scheme to ensure balanced evaluation across the 
three classes (healthy, inner race fault, and outer race 
fault), mitigating the effects of class imbalance. The AUC 
metric evaluates the model’s discriminative capability 
across classes. In the multiclass setting, AUC is calculated 
using a one-vs-rest (OvR) strategy, where each class is 
sequentially treated as the positive class against the 
remaining classes. A higher AUC value indicates stronger 
separability among classes. A confusion matrix provides a 
detailed class-wise representation of correct and incorrect 
predictions, enabling a comprehensive analysis of inter-
class misclassification behavior. Finally, t-SNE is used to 
project high-dimensional feature representations into a 
lower-dimensional space for qualitative visualization of 
class separability. 
In the multiclass formulation, True Positive Rate (TPR) in 
Equation (22) and False Positive Rate (FPR) in Equation 
(23) are computed under a one-vs-rest scheme for each 
class. 
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4.4 Overall Performance of the Proposed 

Model 
The suggested hybrid model has demonstrated higher 
performance in fault identification using industrial 
vibration data. The model successfully incorporates 
multidimensional information taken from the time and 
frequency domains while also accurately capturing 
complicated signal dynamics. As a result, it can accurately 
and precisely classify various defect types and health 
statuses. When Figure 4 and Table 3 are examined 
together, it is evident that the proposed model not only 
converges efficiently during training but also maintains 
stable and robust performance on the validation data. As 
shown in Table 3, the training accuracy reaches 98.59%, 
and the validation accuracy remains high at 98.92%, 
indicating minimal overfitting. Figure 4 visually confirms 
this consistency, where training and validation curves 
closely align, suggesting a well-optimized learning 
process. These results collectively underline the model’s 
strong generalization ability and reliability for real-world 
fault diagnosis tasks.  
Figure 5 illustrates the confusion matrix of the proposed 
model, demonstrating its strong classification performance 
across the three classes. All normal samples were correctly 
classified, indicating perfect discrimination of healthy 
conditions. Minor misclassifications occurred between the 
inner race and outer race fault classes, which may be 
attributed to the similarity in their vibration characteristics. 
Overall, the model exhibits robust and reliable fault 
diagnosis capability, effectively distinguishing between 
normal and faulty bearing states. Figure 6 presents the 
ROC curves for the three classes: inner race, normal, and 

outer race.  
������ 4 
The training and validation accuracy curves of the 
proposed model.  

 
������ 5 
Confusion matrix of the proposed method.  

 
������ 6 
ROC curve for each class of the proposed method.  

  
����� 3 
Overall classification performance of proposed model.  
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Accuracy 0.9859 0.9892 0.9841 

Precision 0.9853 0.9896 0.9881 
Recall 0.9867 0.9888 0.9807 

(20)

These metrics quantify class-wise predictive performance. 
Precision, recall, and F1-score are computed using macro-
averaged scheme to ensure balanced evaluation across the 
three classes (healthy, inner race fault, and outer race 
fault), mitigating the effects of class imbalance. The AUC 
metric evaluates the model’s discriminative capability 
across classes. In the multiclass setting, AUC is calculated 
using a one-vs-rest (OvR) strategy, where each class is 
sequentially treated as the positive class against the 
remaining classes. A higher AUC value indicates stronger 
separability among classes. A confusion matrix provides a 
detailed class-wise representation of correct and incorrect 
predictions, enabling a comprehensive analysis of inter-
class misclassification behavior. Finally, t-SNE is used to 
project high-dimensional feature representations into a 
lower-dimensional space for qualitative visualization of 
class separability. 
In the multiclass formulation, True Positive Rate (TPR) in 
Equation (22) and False Positive Rate (FPR) in Equation 
(23) are computed under a one-vs-rest scheme for each 
class. 
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These metrics quantify class-wise predictive performance. 
Precision, recall, and F1-score are computed using macro-
averaged scheme to ensure balanced evaluation across the 
three classes (healthy, inner race fault, and outer race 
fault), mitigating the effects of class imbalance. The AUC 
metric evaluates the model’s discriminative capability 
across classes. In the multiclass setting, AUC is calculated 
using a one-vs-rest (OvR) strategy, where each class is 
sequentially treated as the positive class against the 
remaining classes. A higher AUC value indicates stronger 
separability among classes. A confusion matrix provides a 
detailed class-wise representation of correct and incorrect 
predictions, enabling a comprehensive analysis of inter-
class misclassification behavior. Finally, t-SNE is used to 
project high-dimensional feature representations into a 
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class separability. 
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4.4. Overall Performance of the Proposed Model
The suggested hybrid model has demonstrated high-
er performance in fault identification using indus-
trial vibration data. The model successfully incorpo-
rates multidimensional information taken from the 
time and frequency domains while also accurately 
capturing complicated signal dynamics. As a result, 
it can accurately and precisely classify various de-

fect types and health statuses. When Figure 4 and 
Table 3 are examined together, it is evident that the 
proposed model not only converges efficiently during 
training but also maintains stable and robust perfor-
mance on the validation data. As shown in Table 3, 
the training accuracy reaches 98.59%, and the vali-
dation accuracy remains high at 98.92%, indicating 
minimal overfitting. Figure 4 visually confirms this 
consistency, where training and validation curves 
closely align, suggesting a well-optimized learning 
process. These results collectively underline the 
model’s strong generalization ability and reliability 
for real-world fault diagnosis tasks. 
Figure 5 illustrates the confusion matrix of the pro-
posed model, demonstrating its strong classification 
performance across the three classes. All normal 
samples were correctly classified, indicating per-
fect discrimination of healthy conditions. Minor 
misclassifications occurred between the inner race 
and outer race fault classes, which may be attribut-
ed to the similarity in their vibration characteris-
tics. Overall, the model exhibits robust and reliable 
fault diagnosis capability, effectively distinguishing 
between normal and faulty bearing states. Figure 6 
presents the ROC curves for the three classes: inner 
race, normal, and outer race. 

Metrics Training Validation Test

Accuracy 0.9859 0.9892 0.9841

Precision 0.9853 0.9896 0.9881

Recall 0.9867 0.9888 0.9807

F1-Score 0.9860 0.9892 0.9843

Table 3 
Overall classification performance of proposed model. 

Metric Value

Parameters 6,042

FLOPs 19,161

Model Size 0.02 MB

Inference Latency 8.18 ms

Throughput 110.60 samples/s

Table 4
Computational complexity of proposed model. 
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Figure 4
The training and validation accuracy curves of the 
proposed model. 

  

the proposed model, including accuracy, precision, 
recall, F1-score, Area Under the Curve (AUC), 
confusion matrix, and t-SNE visualizations. In 
Equation (19), accuracy measures the overall 
proportion of correctly classified samples across all 
classes, providing a global performance indicator. 
Precision, defined in Equation (20), measures the 
proportion of correctly predicted instances for each 
class relative to all predicted instances of that class. 
Recall, defined in Equation (21), represents the 
proportion of correctly predicted instances for each 
class relative to all actual instances of that class. These 
metrics quantify class-wise predictive performance. 
Precision, recall, and F1-score are computed using 
macro-averaged scheme to ensure balanced 
evaluation across the three classes (healthy, inner 
race fault, and outer race fault), mitigating the effects 
of class imbalance. The AUC metric evaluates the 
model’s discriminative capability across classes. In 
the multiclass setting, AUC is calculated using a one-
vs-rest (OvR) strategy, where each class is 
sequentially treated as the positive class against the 
remaining classes. A higher AUC value indicates 
stronger separability among classes. A confusion 
matrix provides a detailed class-wise representation 
of correct and incorrect predictions, enabling a 
comprehensive analysis of inter-class 
misclassification behavior. Finally, t-SNE is used to 
project high-dimensional feature representations into 
a lower-dimensional space for qualitative 
visualization of class separability. 
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(TPR) in Equation (22) and False Positive Rate (FPR) 
in Equation (23) are computed under a one-vs-rest 
scheme for each class. 
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The suggested hybrid model has demonstrated 

higher performance in fault identification using 
industrial vibration data. The model 
successfully incorporates multidimensional 
information taken from the time and frequency 
domains while also accurately capturing 
complicated signal dynamics. As a result, it can 
accurately and precisely classify various defect 
types and health statuses. When Figure 4 and 
Table 3 are examined together, it is evident that 
the proposed model not only converges 
efficiently during training but also maintains 
stable and robust performance on the validation 
data. As shown in Table 3, the training accuracy 
reaches 98.59%, and the validation accuracy 
remains high at 98.92%, indicating minimal 
overfitting. Figure 4 visually confirms this 
consistency, where training and validation 
curves closely align, suggesting a well-
optimized learning process. These results 
collectively underline the model’s strong 
generalization ability and reliability for real-
world fault diagnosis tasks.  

Figure 5 illustrates the confusion matrix of the 
proposed model, demonstrating its strong 
classification performance across the three 
classes. All normal samples were correctly 
classified, indicating perfect discrimination of 
healthy conditions. Minor misclassifications 
occurred between the inner race and outer race 
fault classes, which may be attributed to the 
similarity in their vibration characteristics. 
Overall, the model exhibits robust and reliable 
fault diagnosis capability, effectively 
distinguishing between normal and faulty 
bearing states. Figure 6 presents the ROC curves 
for the three classes: inner race, normal, and 
outer race.  
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Overall classification performance of proposed model.  
Metrics Training Validation Test 
Accuracy 0.9859 0.9892 0.9841 
Precision 0.9853 0.9896 0.9881 
Recall 0.9867 0.9888 0.9807 
F1-Score 0.9860 0.9892 0.9843 

 

Table 4 

Computational complexity of proposed model.  
Metric Value 
Parameters 6,042 
FLOPs 19,161 
Model Size 0.02 MB 
Inference Latency 8.18 ms 
Throughput 110.60 samples/s 

Table 5 

Performance comparison with state-of-the-art models. 
Model Accuracy 

 (%) 
Dual CNN (Time + Freq) [59] 94.23 
Attention-LSTM [24] 95.18 

FNO-based Network [33] 96.10 
CNN + Gated Attention [47] 96.42 
SE-LSTM-CNN [57] 96.75 
Multi-Scale CNN + Channel Attention [18] 97.12 
Fused CNN-LSTM with FFT [53] 97.50 
CNN-LSTM + Attention [7] 97.81 
CNN + Attention + Visualization [19] 96.80 
Proposed model 98.41 

Table 5 compares the proposed model to the 
present state-of-the-art models used in 
literature. These results clearly highlight the 
advantages of our model's hybrid structure, as 
well as the sophisticated attention and 
continuous time modeling components. This 
complete performance review demonstrates 
that the model is a strong, dependable, and 
practical solution for industrial machinery 
defect diagnostics. 

4.5 Noise Robustness Analysis  
In real-world industrial scenarios, vibration 
signals are frequently contaminated by 
various sources of noise, such as mechanical 
interference, electromagnetic interference, 
environmental vibrations, and sensor 
inaccuracies. To simulate realistic industrial 
environments, Gaussian white noise was 
systematically added to the original vibration 
signals at various Signal-to-Noise Ratio (SNR) 
levels: 20 dB, 15 dB, 10 dB, and 5 dB. These 
levels represent a range from relatively clean 
to severely noisy signal conditions commonly 
encountered in machinery monitoring 
applications. 

Table 6 

Test samples performance of the proposed model 
under different SNR levels. 

SNR(dB) Acc P R F1 

0 (∞) 0.9841 0.9881 0.9807 0.9843 

20 0.9830 0.9869 0.9796 0.9832 

15 0.9819 0.9845 0.9807 0.9825 

10 0.9717 0.9734 0.9711 0.9722 

5 0.9173 0.9192 0.9244 0.9218 

Figure 7 

Performance comparison under varying SNR levels.  
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Table 5 compares the proposed model to the present 
state-of-the-art models used in literature. These re-
sults clearly highlight the advantages of our model's 
hybrid structure, as well as the sophisticated atten-
tion and continuous time modeling components. 
This complete performance review demonstrates 
that the model is a strong, dependable, and practical 
solution for industrial machinery defect diagnostics.

4.5. Noise Robustness Analysis 
In real-world industrial scenarios, vibration signals are 
frequently contaminated by various sources of noise, 
such as mechanical interference, electromagnetic 
interference, environmental vibrations, and sensor 
inaccuracies. To simulate realistic industrial environ-
ments, Gaussian white noise was systematically added 
to the original vibration signals at various Signal-to-
Noise Ratio (SNR) levels: 20 dB, 15 dB, 10 dB, and 5 dB. 
These levels represent a range from relatively clean to 
severely noisy signal conditions commonly encoun-
tered in machinery monitoring applications.
The classification performance of the proposed hy-
brid model was assessed at each noise level and com-
pared with several state-of-the-art baseline models. 
As shown in Figure 7, the proposed model maintains 
high accuracy across all noise levels, with only a 
gradual decline as SNR decreases. Notably, even at 
5 dB, where the signal is heavily corrupted, the mod-
el achieves robust performance. This resilience is 
primarily attributed to the EGA mechanism, which 
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Dual CNN (Time + Freq) [59] 94.23

Attention-LSTM [24] 95.18

FNO-based Network [33] 96.10

CNN + Gated Attention [47] 96.42

SE-LSTM-CNN [57] 96.75

Multi-Scale CNN + Channel Attention [18] 97.12

Fused CNN-LSTM with FFT [53] 97.50

CNN-LSTM + Attention [7] 97.81

CNN + Attention + Visualization [19] 96.80

Proposed model 98.41

Table 5 
Performance comparison with state-of-the-art models.
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selectively suppresses irrelevant and noisy features, 
and the Neural ODE module, which effectively mod-
els the smooth temporal evolution of signal dynam-
ics. Furthermore, Table 6 quantitatively presents 
the classification metrics, including accuracy, preci-
sion, recall, and F1-score, under each SNR level. In 
a noise-free setting (SNR = ∞), the model achieves 
nearly perfect accuracy (98.41%) along with high 
precision (98.81%) and recall (98.07%), ensuring 

SNR(dB) Acc P R F1

0 (∞) 0.9841 0.9881 0.9807 0.9843

20 0.9830 0.9869 0.9796 0.9832

15 0.9819 0.9845 0.9807 0.9825

10 0.9717 0.9734 0.9711 0.9722

5 0.9173 0.9192 0.9244 0.9218

Table 6 
Test samples performance of the proposed model under 
different SNR levels.

Figure 7
Performance comparison under varying SNR levels.

  

 
The classification performance of the proposed hybrid 
model was assessed at each noise level and compared 
with several state-of-the-art baseline models. As shown 
in Figure 7, the proposed model maintains high 
accuracy across all noise levels, with only a gradual 
decline as SNR decreases. Notably, even at 5 dB, where 
the signal is heavily corrupted, the model achieves 
robust performance. This resilience is primarily 
attributed to the EGA mechanism, which selectively 
suppresses irrelevant and noisy features, and the 
Neural ODE module, which effectively models the 
smooth temporal evolution of signal dynamics. 
Furthermore, Table 6 quantitatively presents the 
classification metrics, including accuracy, precision, 
recall, and F1-score, under each SNR level. In a noise-
free setting (SNR = ∞), the model achieves nearly 
perfect accuracy (98.41%) along with high precision 
(98.81%) and recall (98.07%), ensuring both minimal 
false alarms and reliable fault detection. As noise 
increases, a gradual performance drop is observed; 
however, even at 5 dB SNR, the model maintains over 

91% across all metrics, including accuracy, 
precision, recall, and F1-score.  

4.6 Ablation Studies 
A comprehensive ablation study was conducted to 
evaluate the impact of each fundamental 
component of the proposed hybrid model on the 
overall performance. In this analysis, the four main 
modules of the model were sequentially replaced 
with simpler structures, and each variant was 
evaluated separately. Specifically, the EGA module 
was substituted with Vanilla Self-Attention, the 
Neural ODE component was replaced by a simple 
1D convolutional layer, the FNO module was 
similarly replaced by a simple 1D convolutional 
layer, and the LSTM + SE block was substituted 
with a basic convolutional layer. This method seeks 
to identify and quantify each component's 
contribution to the classification performance of the 
model. Notably, the EGA module's selective feature 
focus and the Neural ODE's continuous-time 
temporal modeling capacity are essential to 
preserving the model's high accuracy levels. 
Additionally, by eliminating each of the three 
parallel lines separately and examining the 
performance impact that resulted, the importance 
of each path within the suggested model was 
examined. The outcomes shown in Table 7, Figures 
8-9 show that each suggested module significantly 
enhances the efficacy of the model. 

Table 7 

Test performance comparison between the proposed framework and ablation models. 

Ablation No Model variant Accuracy Precision Recall F1-Score 

1 EGA replaced with Vanilla Self-Attention 0.8992 0.8995 0.9094 0.9044 

2 Neural ODE replaced with Simple Conv 0.8505 0.8640 0.8748 0.8693 

3 FNO replaced with Simple Conv 0.8641 0.8771 0.8794 0.8782 

4 LSTM + SE replaced with Simple Conv 0.8754 0.8835 0.8911 0.8873 

5 No Path1 0.8279 0.8355 0.8539 0.8445 

6 No Path2 0.8324 0.8543 0.8631 0.8586 

7 No Path3 0.8573 0.8668 0.8808 0.8737 

8 Proposed model 0.9841 0.9881 0.9807 0.9843 
 

When essential model components were 
systematically removed or replaced, the ablation 
results reveal noticeable performance degradations, 
highlighting the contribution of each module to the 
overall framework. In the first ablation study, 
replacing the critical time-domain EGA mechanism 
with Vanilla Self-Attention resulted in an accuracy of 
89.92%, precision of 89.95%, recall of 90.94%, and an 
F1-score of 90.44%. This confirms that the EGA 
mechanism plays a crucial role in enhancing feature 
discrimination by selectively emphasizing 

informative temporal patterns while 
suppressing noise. 

In the second variant, the Neural ODE 
component was replaced with a simple 
convolutional operation, leading to a significant 
performance drop, with an accuracy of 85.05%, 
precision of 86.40%, recall of 87.48%, and an F1-
score of 86.93%. This demonstrates that Neural 
ODE contributes effectively to continuous 
feature evolution and improved representation 
stability. 
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both minimal false alarms and reliable fault detec-
tion. As noise increases, a gradual performance drop 
is observed; however, even at 5 dB SNR, the model 
maintains over 91% across all metrics, including ac-
curacy, precision, recall, and F1-score. 

4.6. Ablation Studies
A comprehensive ablation study was conducted to 
evaluate the impact of each fundamental component 
of the proposed hybrid model on the overall perfor-
mance. In this analysis, the four main modules of 
the model were sequentially replaced with simpler 
structures, and each variant was evaluated separate-
ly. Specifically, the EGA module was substituted with 
Vanilla Self-Attention, the Neural ODE component 
was replaced by a simple 1D convolutional layer, the 
FNO module was similarly replaced by a simple 1D 
convolutional layer, and the LSTM + SE block was 
substituted with a basic convolutional layer. This 
method seeks to identify and quantify each compo-
nent's contribution to the classification performance 
of the model. Notably, the EGA module's selective 
feature focus and the Neural ODE's continuous-time 
temporal modeling capacity are essential to preserv-
ing the model's high accuracy levels. Additionally, by 
eliminating each of the three parallel lines separately 
and examining the performance impact that result-
ed, the importance of each path within the suggested 
model was examined. The outcomes shown in Table 7, 
Figures 8-9 show that each suggested module signifi-
cantly enhances the efficacy of the model.
When essential model components were systemati-
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2 Neural ODE replaced with Simple Conv 0.8505 0.8640 0.8748 0.8693

3 FNO replaced with Simple Conv 0.8641 0.8771 0.8794 0.8782

4 LSTM + SE replaced with Simple Conv 0.8754 0.8835 0.8911 0.8873

5 No Path1 0.8279 0.8355 0.8539 0.8445

6 No Path2 0.8324 0.8543 0.8631 0.8586

7 No Path3 0.8573 0.8668 0.8808 0.8737

8 Proposed model 0.9841 0.9881 0.9807 0.9843

Table 7 
Test performance comparison between the proposed framework and ablation models.
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noticeable performance degradations, highlight-
ing the contribution of each module to the overall 
framework. In the first ablation study, replacing the 
critical time-domain EGA mechanism with Vanilla 
Self-Attention resulted in an accuracy of 89.92%, 
precision of 89.95%, recall of 90.94%, and an F1-
score of 90.44%. This confirms that the EGA mech-
anism plays a crucial role in enhancing feature dis-
crimination by selectively emphasizing informative 
temporal patterns while suppressing noise.
In the second variant, the Neural ODE component was 
replaced with a simple convolutional operation, lead-
ing to a significant performance drop, with an accuracy 
of 85.05%, precision of 86.40%, recall of 87.48%, and 
an F1-score of 86.93%. This demonstrates that Neural 
ODE contributes effectively to continuous feature evo-
lution and improved representation stability.
The third variant, where the frequency-domain 
FNO module was replaced with a simple convolu-
tion, achieved an accuracy of 86.41%, precision of 
87.71%, recall of 87.94%, and an F1-score of 87.82%. 
These results indicate that the FNO plays an import-
ant role in capturing global frequency-domain char-
acteristics relevant to fault signatures.
In the fourth variant, replacing the LSTM and SE 
blocks with a simple convolution resulted in an 
accuracy of 87.54%, precision of 88.35%, recall of 
89.11%, and an F1-score of 88.73%. Although the per-
formance drop is moderate, these results confirm 
that modeling long-term temporal dependencies 
and adaptive channel recalibration contributes pos-
itively to the overall learning process.
Variants five through seven evaluate the impact of 
removing each parallel path individually. In the fifth 
variant, eliminating Path 1 (time-domain EGA and 
Neural ODE components) caused a substantial de-
cline, yielding an accuracy of 82.79%, precision of 
83.55%, recall of 85.39%, and an F1-score of 84.45%. 
This confirms that Path 1 is the most critical com-
ponent of the architecture, providing fundamental 
temporal feature extraction.
In the sixth variant, removing Path 2 (frequency-do-
main FNO branch) resulted in an accuracy of 83.24%, 
precision of 85.43%, recall of 86.31%, and an F1-score 
of 85.86%, showing that frequency-domain learning 
significantly enhances discriminative capability.
The seventh variant, where Path 3 (LSTM + SE 
blocks) was removed, achieved an accuracy of 

85.73%, precision of 86.68%, recall of 88.08%, and an 
F1-score of 87.37%. This indicates that while Path 
3 contributes meaningfully, its impact is less domi-
nant compared to Path 1 and Path 2.
Finally, the proposed full model integrating all three 
parallel paths achieves the best performance, with 
an accuracy of 98.41%, precision of 98.81%, recall of 
98.07%, and an F1-score of 98.43%. These results clear-
ly demonstrate that the complementary interaction 
between time-domain, frequency-domain, and tem-
poral-channel modeling pathways leads to superior 
feature representation and classification performance.
In summary, the ablation study clearly demonstrates 
that each architectural component contributes to 
the overall performance of the proposed framework. 
Among them, Path 1 exhibits the most critical role, 
while Path 2 and Path 3 provide complementary im-
provements. The full integration of all components 
yields the highest performance, confirming the ef-
fectiveness of the proposed multi-branch design. 
Figures 9-10 illustrate the performance comparison 
of all ablation variants and the proposed model, em-
phasizing the significant degradation when individ-
ual components are removed.

Figure 8
Comparative performance analysis of ablation models 1 to 
4 and the proposed model. 
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4.7. Visualization of Learned Feature Spaces
Uniform Manifold Approximation and Projection 
(UMAP) is used to visualize both the raw input signal 
space and the learned feature space in two dimen-
sions. In the raw input space, samples from different 
classes (normal, inner race fault, and outer race fault) 
are highly entangled with significant overlap, high-
lighting the difficulty of fault separation from raw vi-
bration signals. In contrast, the learned feature space 
shows well-separated and compact clusters with min-
imal overlap, demonstrating the model’s ability to ex-
tract robust and class-discriminative representations.
This visualization in Figure 10 serves as strong 
qualitative evidence of the model’s capability to dis-
tinguish between different fault types. It confirms 
that the learned representations reduce intra-class 
variance while maximizing inter-class separation, 
which is essential for high-accuracy fault diagnosis 
in real-world rotating machinery systems.

4.8. Cross-Dataset Generalization Analysis  
To examine the generalizability of the proposed mod-
el, its performance on other similar bearing defect 

Figure 10
UMAP visualization of (a) the raw input signal space and 
(b) the learned feature space.  
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datasets was tested. Besides the SUBF v1.0 dataset, 
the model was also evaluated on three benchmark 
bearing fault datasets: CWRU, MFPT, and SEU. Ta-
ble 8 and Figure 11 show the comparative results 
obtained, demonstrating that the model is not spe-
cific to a particular dataset and can produce highly 
successful results under different signal character-
istics and operating conditions. This indicates that 
the proposed multi-domain feature extraction and 
attention-based structures can successfully capture 
distinctive fault features regardless of the dataset.
CWRU Dataset: This dataset is one of the most fre-
quently used and cited datasets in the literature in 
the field of bearing fault [5]. The vibration signal ob-
tained at 12 kHz and 48 kHz sampling frequencies 
using a 2 hp motor in the test setup is found. 
MFPT Dataset: It is one of the oldest datasets used 
in the field of bearing fault diagnosis [44]. The dataset 
consists of both real-world fault data (from wind tur-
bine bearings) and test setup and artificial data. The 
dataset has high sampling rates. Data were obtained 
from different load ranges and 25 Hz frequency.

Figure 11
Comparative cross-dataset evaluation of the proposed model.
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 SEU Dataset: It includes data on both bearing 
and gear failures [40]. The data obtained was 
taken from a simulator. It includes 8-channel 
multivariate time series data. Vibration was 
sampled at 12 kHz. Data were obtained from 
two different speed and load configurations: 20 
Hz-0V and 30 Hz-2V. 

Table 8 

Cross-dataset fault diagnosis performance of the proposed model. 

Dataset 
Accuracy Precision Recall F1-Score 

Train Val Test Train Val Test Train Val Test Train Val Test 

CWRU 0.9778 0.9786 0.9810 0.9778 0.9788 0.9817 0.9780 0.9777 0.9809 0.9779 0.9783 0.9813 

MFPT 0.9844 0.9869 0.9786 0.9842 0.9879 0.9793 0.9849 0.9879 0.9786 0.9845 0.9879 0.9789 

SEU 0.9811 0.9845 0.9786 0.9809 0.9844 0.9794 0.9814 0.9847 0.9792 0.9811 0.9845 0.9793 
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SEU Dataset: It includes data on both bearing and 
gear failures [40]. The data obtained was taken from 
a simulator. It includes 8-channel multivariate time 
series data. Vibration was sampled at 12 kHz. Data 
were obtained from two different speed and load 
configurations: 20 Hz-0V and 30 Hz-2V.

5. Conclusions and Future Work
This study proposes a novel hybrid architecture 
that simultaneously exploits time-domain, frequen-
cy-domain, and continuous temporal dynamics. The 
time-domain branch uses convolutional layers and 
an EGA mechanism to highlight fault-relevant fea-
tures while suppressing noise. Neural ODEs model 
the continuous evolution of faults, providing smooth 
and interpretable temporal representations. The fre-
quency-domain branch employs a FNO network with 
gated attention to focus on key spectral components. 
The LSTM layers capture temporal dependencies, 
and SE blocks recalibrate feature maps adaptively. A 
multi-scale attention fusion module integrates out-
puts from all branches, enabling robust and accurate 
vibration fault diagnosis even in noisy environments. 
Future work will build upon the structural charac-
teristics of the proposed model in several concrete 
technical directions. One promising extension is 
the development of condition-aware or physics-in-
formed Neural ODE formulations, where the contin-
uous-time dynamics are explicitly conditioned on op-
erating variables such as load, speed, or temperature, 
enabling more accurate modeling of fault progres-
sion and remaining useful life estimation. Another 
direction involves adaptive cross-domain attention, 
in which the relative contributions of time-domain 
and frequency-domain representations are dynami-
cally adjusted according to operating conditions and 
noise levels, rather than being statically fused. These 
extensions would further enhance the model’s in-
terpretability, robustness, and applicability to com-
plex industrial environments while preserving the 
multi-domain and continuous-time modeling advan-
tages demonstrated in this study.
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Appendix – A
Implementation Details and Hyperparameter Settings
A.1 Enhanced Gated Attention (EGA) Module 
	_ 	Number of attention heads: 1
	_ 	Gating function: sigmoid
	_ 	Query/Key projection dimension: d_model / 2 
	_ 	Kernel size: k = 1
	_ 	Dropout rate: 0.2

A.2 Neural Ordinary Differential Equation (Neu-
ral ODE) Configuration  
	_ 	ODE solver: Runge–Kutta (RK4)
	_ 	Integration time interval: [0, 1]
	_ 	Maximum number of function evaluations: 2
	_ 	ODE function architecture: 2-layer MLP (hidden 

size: 12)
	_ 	Activation function: Tanh / Swish
	_ 	Adjoint sensitivity method: enabled

A.3 Training Stabilization and Optimization Details
	_ 	Optimizer: Adam
	_ 	Epoch: 30
	_ 	Initial learning rate: 1e-4
	_ 	Learning rate scheduler: ReduceLROnPlateau
	_ 	L2 regularization coefficient: 0.005
	_ 	Batch size: 128
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