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Abstract

Reliable bearing fault diagnosis plays an important role in maintaining the safety and per-
formance of rotating machinery in industrial systems. Although deep learning models have
achieved remarkable success in this field, their dependence on a single feature-extraction ap-
proach often restricts the diversity of learned representations and limits diagnostic accuracy.
To overcome this limitation, this study proposes an attention-guided dual-path framework
that integrates spatial and time—frequency feature learning with transformer-based clas-
sification for precise fault identification. In the proposed framework, vibration signals
collected from an experimental bearing test rig are simultaneously processed through two
complementary pipelines: one converts the signals into two-dimensional matrix images to
extract spatial features, while the other transforms them into continuous wavelet transform
(CWT) scalograms to capture fine-grained temporal and spectral information. The extracted
features are fused through a lightweight transformer encoder with an attention mechanism
that dynamically emphasizes the most informative representations. This fusion enables
the model to effectively capture cross-domain dependencies and enhance discriminative
capability. Experimental validation on an industrial vibration dataset demonstrates that the
proposed model achieves 99.87% classification accuracy, outperforming conventional CNN
and transformer-based approaches. The results confirm that integrating multi-domain fea-
tures with attention-driven fusion significantly improves the robustness and generalization
of deep learning models for intelligent bearing fault diagnosis.

Keywords: bearing; deep learning; fault diagnosis; predictive maintenance; transformer

1. Introduction

Bearings are fundamental components of electric motors and are used in power plants,
industrial facilities, and diverse transportation systems, including automobiles, aircraft,
marine vessels, and space technologies. These bearings must withstand severe and heavy
pressures and high speeds [1,2]. Over time, such conditions can cause faults in bearings,
which may eventually lead to system failure. Such faults are reportedly responsible for
nearly 45% of failures in electric motors [3]. Because bearings play a key role in machine
performance, their faults can result in major problems, such as machine damage, delays
in production, and risks to human safety [4]. The advancement of robust fault diagnosis
(FD) techniques for rolling bearings is essential for maintaining the reliability and safety of
mechanical systems.
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Bearing FD techniques are generally classified into three main categories: model-based,
empirical, and data-driven approaches. Model-based approaches use mathematical models
to simulate bearing behavior, enabling analysis, diagnosis, and prediction of operational
data for accurate fault identification [5-9]. In contrast, empirical approaches depend on
the expertise and practical knowledge of specialists to interpret data and identify faults.
However, the increasing complexity and rapid pace of advances in industrial machinery
hinder the development of precise mathematical models that rely solely on existing domain
knowledge [10-12].

With the rapid advancement of vibration sensing technologies and the remarkable
progress in machine learning (ML) and deep learning (DL), data-driven approaches have
become the predominant choice for FD [13]. Methods that rely on vibration monitoring
have received considerable attention [14-16]. A typical ML-based approach for bearing
FD typically includes signal processing, feature extraction, selection of optimal features,
and classification. Traditional ML algorithms, including support vector machine [17,18],
random forest [19,20], and K-nearest neighbor [21,22], have been used extensively in FD.
However, these techniques rely heavily on expertise for feature selection, reducing their
adaptability and efficiency in real-world scenarios [23].

In contrast, DL-based FD can rely entirely on algorithms. These methods can also
create end-to-end systems that eliminate the need to extract features manually [24-26]
or to directly perform frequency analysis on time-series data [27]. Convolutional neural
networks (CNNs) are well-suited for extracting representative features as they reduce de-
pendence on expert knowledge. By combining convolutional and pooling layers, CNNs can
efficiently identify spatial patterns in data. For example, an adaptive denoising CNN model
is proposed that removes the requirement to manually adjust denoising parameters [28].
Similarly, bi-LSTM networks excel at processing time-dependent data, automatically extract-
ing meaningful features without manual intervention [23]. In another study, an intelligent
hybrid FD model that integrates a wavelet kernel network with a bi-LSTM enhanced by an
attention mechanism was used for fault detection [29]. This approach successfully handled
the temporal noise and overlapping signal challenges often seen in industrial bearing
fault data.

In rolling bearing fault diagnosis, DL has recently attracted significant attention for
its ability to automatically extract meaningful features from raw data, unlike traditional
ML (like SVM and random forest), and to improve performance by increasing neural net-
work depth [30]. However, DL networks must accommodate gradient flow issues, which
can hinder parameter optimization and potentially reduce FD accuracy. In response to
these challenges, He et al. introduced ResNet, which uses residual connections to prevent
vanishing and exploding gradient problems [31]. Zhang et al. [32] proposed an attention-
enhanced ResNet for diagnosing faults in gearboxes. Their approach successfully extracted
time—frequency features, enhanced frequency-band information, and improved overall
accuracy [32]. Similarly, Liang et al. developed a rolling bearing FD method using a wavelet
transform combined with an improved ResNet [33], and Zhao et al. introduced a deep resid-
ual shrinkage network for FD [34]. These methods collectively demonstrate the benefits of
ResNet over traditional CNN (without skip connections and batch normalization).

Recently, transformer architectures have been increasingly adopted in machinery fault
diagnosis due to their strong capability for global feature representation and contextual
dependency modeling. For instance, the Interpretable Domain Adaptation Transformer
(IDAT) proposed by Liu et al. [35] employs a multi-layer domain adaptation transformer
to align feature distributions between domains and introduces an ensemble attention
weighting mechanism to enhance interpretability. While such models effectively address
domain adaptation challenges, they mainly focus on transferring knowledge across do-
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mains rather than integrating complementary feature representations. In contrast, the pro-
posed attention-guided dual-path transformer framework aims to enhance intra-domain
fault diagnosis by jointly learning spatial and time—frequency features through adaptive
attention-based fusion, leading to richer and more discriminative feature representations.

All the discussed bearing fault diagnosis methods are summarized in Table 1, high-
lighting their core methodologies, extracted features, strengths, and limitations.

Table 1. Summary of representative bearing fault diagnosis studies.

Author Method{}lsoeggr/Model Feature Type Strengths Limitations/Gap
CNN-based Removes noise and Limited temporal

Wang et al. [28] denoising for Spatial features enhances signal . pora

- : . modeling capability
vibration signals clarity
Guo et al. [29] Hybrid wavelet + Time-frequency Captures temporal Coligi)rgf daerll d
Hoetat LSTM with attention features dependencies prextty.
computation
He et al. [31] Deep residual CNN Spatial features Solves vanishing Lacks temporal

gradient issue

feature extraction

Attention-based Time—frequenc Enhances Focused on a single
Zhang et al. [32] ResNet for gearbox d y discriminative fault &
features feature domain
FD features
I .
Liang et al. [33] CWT + ResNet Time—frequency frequg;g;‘cfliinain Limited
’ combination . cross-domain fusion
learning
ResNet with . . .
Zhao et al. [34] shrinkage for Spatial features Effect1.ve for noisy . L1m1ted .
O environments interpretability
denoising
Multi-layer Enhances domain Focused on

Liu et al. [35]

Transformer with
domain adaptation

Latent-domain
features

transfer and
interpretability

inter-domain
transfer, not fusion

The previously mentioned studies have significantly advanced DL-based techniques
for bearing FD. However, these methods still face several challenges. One major issue
is that traditional DL models often struggle to extract comprehensive features from one-
dimensional signals due to their limited ability to capture both local and global patterns.
This can be addressed by transforming the one-dimensional signals into two-dimensional
scalograms, such as the continuous wavelet transform (CWT), which provides time—
frequency representations and enhances feature extraction. However, each type of scalo-
gram can capture only certain aspects of the signal. For example, CWT scalograms can
capture transient and non-stationary features due to their adaptive time—frequency reso-
lution, but they may fail to represent global or long-term signal trends and can introduce
redundant information because of overlapping scales.

To overcome these issues, this study proposes a dual-path framework that transforms
one-dimensional vibration signals into two-dimensional matrix images and CWT scalo-
grams, extracting rich spatial and time—frequency features using ResNet-50. These features
are fused using a lightweight transformer encoder with a learnable CLS token, enabling
attention-based fusion for accurate fault classification on industrial data. The contributions
of this study are as follows:

1. This study transforms raw vibration signals into both two-dimensional matrix images
and CWT scalograms. The proposed framework extracts spatial and time—frequency
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features using a fine-tuned ResNet-50 to ensure richer and more diverse feature
representations.

2. The study introduces a lightweight transformer encoder to learn attention-based inter-
actions between the features obtained from the pipelines. This attention-based mecha-
nism helps the model focus more on the most important features during training.

3. The classifier is designed using a transformer-based architecture, where a learnable
CLS token aggregates feature-level information from both pipelines. The output from
this token is passed through a fully connected layer for fault classification.

4. The proposed approach is validated on a real-world industrial dataset. Quantitative
results prove the capability and effectiveness of the model.

The structure of the remaining paper is as follows: Section 2 discusses the technical
foundations, Section 3 describes the experimental setup, Section 4 explains the proposed
method, and Section 5 provides the results and discussion, followed by conclusions in
Section 6.

2. Technical Foundation
2.1. Two-Dimensional Matrix Images

Signal transformation is an important step for analyzing and extracting meaningful
features from one-dimensional signals. These signals are mathematically denoted as

x = [x1,x2,x3,...,xn];t € [0,T] (1)

where x is the amplitude of vibrations sampled over time. While one-dimensional sig-
nals provide useful temporal information, they lack the spatial structure necessary for
extracting higher-level features using a deep neural network architecture such as ResNet-50.
To overcome this limitation, signal transformation techniques are employed to convert
one-dimensional time-series data into two-dimensional matrices, thereby introducing a
structured spatial organization that reflects amplitude variations across time windows.

In this transformation, the one-dimensional signal is divided into smaller windows,
each of which is mapped into a row of the resulting two-dimensional matrix. This trans-
formation preserves short-term temporal relationships between adjacent segments while
organizing the signal into a two-dimensional format suitable for image-based deep learning
models. Mathematically, it can be represented as

X1 X cee X
Xm+1 Xm+2 cee X2m

Xop = . ) ) ) 2)
Xk—1)m+1 X(k—=U)m+2 -+ Xkm

where the matrix representation X,p is the two-dimensional matrix representation of the
signal, x; denotes the amplitude values of the vibration signals, and m represents the
number of columns (as determined by the window size). The term k denotes the integer-
valued number of rows and is calculated as shown in Equation (3) [36].

k= int<i\j) 3)

This transformation arranges the temporal information of the signal into a structured
grid, where each row captures a specific window of the original signal. The resulting
two-dimensional matrix image preserves the time-series integrity while introducing a
spatial structure and is suitable for processing with deep neural network architectures
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such as ResNet-50. Fault signatures, which may be localized in time, are more easily
identifiable in a two-dimensional format, in which spatial arrangements can effectively
highlight repeating patterns or anomalies. The transformation bridges the gap between
one-dimensional time-series data and the two-dimensional spatial domain required by
ResNet-50. By arranging the data into a matrix, local noise can be distributed across
multiple cells, reducing its overall impact on the analysis [37]. The structured matrix
representation scales efficiently for image-based processing pipelines, allowing deeper
models to extract hierarchical features. Figure 1 shows two-dimensional matrix images of
the faults.

Figure 1. Two-dimensional matrix images of bearing conditions: (a) inner race; (b) normal; (c) outer
race; (d) roller.

2.2. Continuous Wavelet Transform

A CWT is a mathematical tool that maintains temporal resolution by localizing fre-
quency components in time. This dual representation is essential for analyzing non-
stationary signals, such as vibration signals from bearings, for which fault-related informa-
tion is often localized in short time windows. A CWT decomposes a signal into scaled and
translated versions of a mother wavelet, capturing both transient and periodic patterns.
Mathematically, it can be represented as

—+00
CWT (a,b) = /_ XD (Dt )
In Equation (4), a is the scale parameter responsible for controlling the frequency
resolution, b denotes the translation parameter responsible for time localization, and
P(ap) (t) represents the scaled and translated version of the mother wavelet. Mathematically,
¥(a,p) (t) can be written as follows:

o) = 7= (57 ®)

In this study, the Morlet wavelet was used as the mother wavelet, owing to its superior
time—frequency localization and suitability for non-stationary vibration signal analysis.

The resulting scalogram represents the energy distribution of the signal, providing
rich information for fault analysis [38]. A CWT offers several advantages for signal analysis
and is particularly effective for bearing FD. First, CWT provides time—frequency localiza-
tion, enabling simultaneous representation of time and frequency information, which is
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important for capturing dynamic changes in vibration signals. Second, it is well-suited
for analyzing non-stationary vibration signals. Lastly, CWT generates scalograms, trans-
forming raw signals into visually interpretable time—frequency images. These scalograms
facilitate feature extraction and allow for more effective DL pattern analysis, enhancing the
accuracy of FD. Figure 2 shows CWT scalograms of faults.

Figure 2. CWT images of bearing conditions: (a) inner race; (b) normal; (c) outer race; (d) roller.

Figure 2 presents the CWT scalograms generated using the Morlet (‘morl’) wavelet
for four bearing conditions. The color intensity represents signal energy; yellow and green
denote high energy, while blue indicates low energy. The normal bearing (b) shows uni-
form, low-energy patterns, reflecting stable operation. The inner race fault (a) displays
intermittent high-energy streaks due to repeated impacts, while the outer race fault (c)
exhibits periodic energy bursts at lower frequencies, indicating localized outer surface
defects. The roller fault (d) shows irregular and dispersed high-energy zones caused by dis-
tributed surface wear. These distinct energy patterns demonstrate the CWT’s effectiveness
in capturing transient, fault-related features for deep learning-based fault diagnosis.

2.3. ResNet-50

ResNet introduced residual learning through skip connections, enabling the training
of networks with increased depth. It addresses the issue of gradient vanishing in the DL
models. This architecture consists of 50 layers, primarily convolutional, with bottleneck
residual blocks that allow gradients to flow smoothly during back-propagation. A key
innovation of ResNet is the use of an explicitly defined identity mapping through skip
connections, ensuring that useful features are retained across layers without degradation.
This feature makes ResNet-50 particularly effective for extracting features from images
generated from vibration signals. At its core, a residual block can be represented as follows:

y="F(x,W)+x (6)

In Equation (6), x is the input, F represents the residual function parameterized by
weights W, and y denotes the output feature map. The addition operation enforces identity
mapping, allowing the network to learn residuals rather than try to directly map inputs to
outputs. This identity mapping prevents the gradients from becoming excessively small
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during back-propagation, solving the issue of vanishing gradients and allowing deep
networks to converge effectively [31].

In ResNet-50, convolution layers are responsible for extracting features. Each convolu-
tion layer can be mathematically expressed as

B =0 (L Ky Ky Wi Xl + ) 7

In Equation (7), Fi’; is the output feature map for the k" filter at position (7, ), and

denotes the activation function. W’g;” is the filter weight at position (p, q) for the k" filter at
the m*" channel. X{i1p)(j+q) TePresents the input feature map at position ((i+p),(G+9)
in the m'™ channel. b* is the bias term for the k" filter. Figure 3 depicts the basic architecture

of ResNet-50 [31].

5= = en
2 = -2 20 o o a = £
-8 =) E 15 s S| S| S x IS ¥ S| 0
3 E |Ecl > 5| 5 E]7 E=3 ) = B =3 B 3| .g
Fll21zl5E] 8l.]2] 2 2 s =Y ) 312 =[Sl
Input gr{elz]<2 2| <2 | ™ s|m sla S M- g 2 2 Output
) gslE8Ioé&| % gla gl gla sla | =
= o < o) < o — (=] = o = (=} — b |5
2 1elalz o= | () O O O 2
= <

Figure 3. Basic ResNet-50 architecture.

3. Experimental Setup

To evaluate the effectiveness of the proposed model, vibration signals were collected
from a bearing test rig developed at the Ulsan Industrial Artificial Intelligence (UIAI)
Laboratory, University of Ulsan, Republic of Korea, as illustrated in Figure 4. The dataset
comprises four bearing health states: normal condition, outer race fault (OR), inner race
fault (IR), and roller fault. During data acquisition, the system was operated with a three-
phase motor running steadily at 1800 rpm. The rotor shaft motion was transferred to the
main shaft through a belt-drive mechanism connected to both sides of the test bearings.
For precise and noise-free measurement, vibration sensors were mounted using a magnetic
base on the left side of the target bearing, with two accelerometers oriented vertically and
horizontally. Among them, the horizontal accelerometer data were used for analysis, as
they provided more distinct fault-related signatures. Figure 5 depicts the schematic of
the experimental setup, highlighting the arrangement and function of its components.
This configuration enabled the collection of reliable vibration data suitable for assessing
the proposed FD framework. The data acquisition system, outlined in Table 2, used a
cylindrical roller-type bearing (FAG NJ206-3-TVP2). Signals were sampled at 25 kHz,
ensuring acquisition of high-resolution data. The signals were segmented into 1 s intervals,
and for each bearing condition, more than 300 data samples were obtained, with details
summarized in Table 3.

The experimental process allows flexibility, as different fault types can be tested by
simply replacing the test bearing in the existing setup without modifying other compo-
nents. Figure 6 shows the bearings used in the experiment, highlighting the defect regions
associated with each fault type.
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Figure 4. Experimental setup for bearing dataset collection.
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Figure 5. Schematics of experimental setup.
Table 2. Data acquisition system.
Equipment Parameter Value
Sensor type IEPE-type piezoelectric
accelerometer
Vibration sensor frequency 0.2 to 15,000 Hz
(PCB-622B01)
measurement range +490 m/s?
sensitivity 100mV/g
temperature —40°Cto70°C
dynamic range 102 dB
DAQ (N19234) yn &
resolution 24 bits
Coupling AC (2 mA IEPE excitation)

Table 3. Dataset details.

Bearing State

No. of Samples

Individual Sample Time

Normal 344 1s
Inner race 370 1s
Outer race 347 1s
Roller 309 1s
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(b) (c)

Figure 6. Bearing fault conditions: (a) inner race; (b) outer race; (c) roller.

For model training and evaluation, the collected dataset was randomly divided into
80% for training and 20% for testing using a stratified split strategy to ensure balanced
representation of all fault classes. The training subset was further divided internally into
90% for training and 10% for validation, which was used for hyperparameter tuning
to improve generalization performance. No explicit data augmentation was applied, as
the vibration dataset already included a wide range of fault conditions under controlled
experimental settings, providing sufficient variability for effective model generalization.

4. Proposed Method

This section presents a detailed explanation of the proposed FD approach, with its
overall workflow illustrated in the flow diagram shown in Figure 7.

STEP I: The bearing FD framework begins with the collection of one-dimensional
vibration signals as time-series data reflecting the dynamic behavior of bearings under
varying conditions of normal operations and IR, OR, or roller defects. However, because
raw vibration signals often contain noise, irregularities, and outliers that can hide mean-
ingful fault-related patterns, preprocessing techniques are applied. In this study, means
are removed to filter noise from the signals. This ensures that all signals are scaled to a
standard range, represented mathematically as follows:

(= ®

This operation standardizes the signal by centering it around zero mean and scaling it
by its standard deviation. Such normalization improves numerical stability during training,
ensures consistent feature representation across samples, and prevents features with larger
magnitudes from disproportionately influencing the model.

STEP II: In pipeline 1, the preprocessed one-dimensional vibration signals (1-s seg-
ments sampled at 25 kHz) are transformed into two-dimensional matrices through struc-
tured mapping. The transformation involved segmenting the vibration signals into smaller
windows, with each segment mapped into a row of the resulting two-dimensional ma-
trix. The window size and overlap ratio were empirically selected to preserve adequate
temporal context while maintaining computational efficiency. The resulting matrices were
subsequently resized to 224 x 224 pixels to match the ResNet-50 input dimension.

The advantage of this part of the proposed model is its ability to extract spatially
hierarchical features. However, converting the signals into two-dimensional matrices
may reduce access to subtle temporal variations, which are better retained in CWT-based
scalograms. Despite this limitation, this part of the model excelled at capturing large-scale
spatial dependencies and global fault patterns across the vibration signals. For consistency,
each two-dimensional matrix was converted into a PNG image before being input to the
ResNet-50 model for feature extraction.
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DATA ACQUISITION AND SETUP

Experimental Testbed
3-Phase Motor | 1800 RPM | FAG NJ206-3-TVP2 Bearing
PCB-622B01 Vibration Sensor | 25 kHz Sampling Rate
Vibration Signal Collection
4 Bearing Conditions: Normal, IR Fault, OR Fault, Roller Fault

1sintervals | 300+ samples per condition

SIGNAL PREPROCESSING

Mean Removal and Normalization

Noise filtering and signal standardization

DUAL FEATURE EXTRACTION PIPELINES
/ PIPELINE 1: SPATIAL DOMAIN \ / PIPELINE 2: TIME-FREQUENCY DOMAIN \

1D to 2D Matrix Transformation Continuous Wavelet Transform

CWT (a,b) = [ x(O(an (O dt

Time-frequency scalograms

Signal — Matrix Image

Structured spatial representation

ResNet-50 Feature Extraction ResNet-50 Feature Extraction
Spatial Pattern Recognition Spectral Pattern Recognition
Hierarchal feature learning Transient anomaly detection

Spatial Features f Time-Frequency Features i
K Global fault patterns ) \ Localized fault signatures )

TRANSFORMER-BASED FEATURE FUSION

Lightweight Transformer Encoder

Attention-Based Feature Integration

Learnable CLS token aggregates dual-domain features

Attention Mechanism
Dynamic feature weighting and inter-domain dependencies

CLASSIFICATION AND R TS

Transformer-Based Classifier
CLS Token — Layer Norm — Linear Layer — Softmax
Fault Classification Output

Normal | Inner Race | Outer Race | Roller Race
Figure 7. Schematic diagram of the proposed method.

STEP III: In pipeline 2, the preprocessed signals were transformed into CWT scalo-
grams. The CWT was applied directly to the signals, mapping them into the time-frequency
domain. Unlike pipeline 1, this approach avoided additional preprocessing, thereby pre-
serving the raw time—frequency characteristics and transient details present in the vibration
signals. The resulting CWT scalograms were provided to the ResNet-50 network, where
convolutional layers extracted discriminative features such as transient spikes, fault-related
anomalies, and frequency-dependent patterns. This step is computationally efficient be-
cause it bypasses the intermediate matrix transformation stage. However, this process lacks
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the hierarchical abstraction capabilities of pipeline 1. Despite these limitations, pipeline 2
effectively retained the intrinsic signal characteristics, making it suitable for identifying
localized fault-related variations and transient events.

In the proposed dual-path design, each pipeline is tailored to capture complementary
aspects of vibration signal characteristics. The first pipeline, which converts vibration
signals into two-dimensional matrix images, emphasizes the global spatial organization of
amplitude variations across consecutive time windows. This structured spatial representa-
tion helps identify periodic patterns, repetitive structures, and long-range dependencies
within the signal. In contrast, the second pipeline based on CWT scalograms focuses on
capturing localized and fine-grained time—frequency patterns that correspond to transient
fault events, modulations, and frequency-dependent dynamics in the vibration response.
Together, these representations provide both global spatial context and detailed temporal—-
spectral insights, enabling a more comprehensive fault characterization.

In the proposed dual-path architecture, two independent ResNet-50 networks are
employed for feature extraction. Each network is initialized with ImageNet pre-trained
weights, and weight sharing is not applied because the two input representations (two-
dimensional matrix images and CWT scalograms) have distinct spatial and spectral charac-
teristics. To adapt the networks effectively, all convolutional layers are frozen except the
final residual block and the fully connected layer, which are fine-tuned independently to
capture modality-specific discriminative features.

STEP IV: Once the features are extracted from the two pipelines, they are jointly
processed using a lightweight transformer encoder. Instead of conventional concatenation,
the model introduces a learnable classification token (CLS), which guides the transformer
to perform attention-based feature fusion. This mechanism dynamically learns to weigh
and relate spatial and time—frequency features while simultaneously producing a compact,
lower-dimensional representation. The attention mechanism further emphasizes the most
informative components and suppresses irrelevant or redundant information. As a result,
the model not only enriches the feature representation but also improves robustness to
varying signal characteristics and noise.

The lightweight transformer encoder consisted of a single encoder layer with four
multi-head attention modules. Each head received the fused feature embeddings obtained
by concatenating the outputs of both ResNet-50 branches. A learnable [CLS] token was
prepended to the embedding sequence and served as a global representation during train-
ing. Each feature vector from both pipelines was treated as an individual token within the
sequence. The output corresponding to the [CLS] token was passed through a normaliza-
tion layer and a fully connected classifier to produce the final fault-type probabilities.

STEP V: The final classification is performed using the output of the CLS token from
the transformer encoder. This token serves as a summary of the learned interaction between
the input features from both pipelines. It is passed through a lightweight classification
head comprising a normalization layer and a fully connected linear layer to generate class
probabilities. Unlike conventional ANN-based classifiers, the use of a transformer encoder
provides adaptive attention modeling, enabling the framework to generalize better across
varying fault types and operating conditions. This approach also simplifies the architecture
while maintaining high accuracy and interpretability. The full configuration details of the
proposed model, including image size, ResNet-50 settings, transformer parameters, and
training hyperparameters, are summarized in Table 4.
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Table 4. Proposed model parameters.

Parameter Value/Description
Image size 224 x 224
Batch size 32
Train/Test Split 80%/20%
ResNet-50 (Both Pipelines)
Pre-trained weights ImageNet
Frozen layers All except final block
Output features 2048 (per pipeline)
Transformer Encoder
Transformer layers 1
Attention Heads 4

Embedding dimension 2048

Feed-forward dimension 4096

Dropout rate 0.1
Token sequence Concatenated features from both pipelines + [CLS] token
Position encoding Learnable, added to each token embedding
CLS Token 1 x 1 x 2048

Classifier

Layer Norm (2048)

Classifier Head Linear (2048 — 4)
Activation None

Training
Loss Function Cross-Entropy Loss
Optimizer Adam
Learning rate 0.0001
Epochs 20

5. Results and Discussion

The proposed model is compared with three other models. In Model A, two-
dimensional matrix images are passed through a pre-trained ResNet-50 model to extract
deep spatial features. The extracted features are then fed into a lightweight transformer en-
coder. A learnable CLS token is provided to the input and interacts with the image features
through self-attention. The output from the CLS token is passed to a linear classification
layer, which produces the final class predictions.

Model B focuses on classifying bearing faults using time—frequency representations de-
rived from raw vibration signals. These signals are first transformed into CWT scalograms,
which capture localized frequency components over time. The resulting scalogram images
are fed as input to a pre-trained ResNet-50 model, with the output layer removed to align
with the number of output classes. This allows ResNet-50 to act solely as a deep feature
extractor. The extracted features are then passed into a lightweight transformer encoder,
where a learnable classification CLS token is provided to the input feature sequence. The
transformer uses self-attention to understand how parts of the input relate to each other and
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focuses on the most important features. The output from the CLS token is then processed
by a linear layer that performs the final fault classification.

The third model, namely Model C, used for comparison, is a state-of-the-art model
that uses a hybrid approach to generate CWT scalograms of one-dimensional signals. The
generated scalograms are converted to greyscale, reducing computational complexity while
retaining essential information. A custom CNN was then constructed, featuring three
convolutional layers with rectified linear unit activation, followed by max-pooling layers
for spatial reduction and dense layers for feature abstraction [39]. Separately, features
extracted from the CNN were used to train a random forest classifier using extracted
features and labels, and its accuracy was evaluated as validation features. This dual-
step approach combines the CNN feature-extraction power with the decision-making
capability of ensemble-based random forests, aiming to enhance classification performance.
The CNN in Model C consists of three convolutional layers (32, 64, and 128 filters with
3 x 3 kernels), each followed by ReLU activation and max-pooling layers, and two fully
connected layers for feature abstraction. These features are then classified using a gcForest
(deep forest) ensemble.

All three comparison models and the proposed model were tested on the collected
dataset. In this study, 20% of the data were reserved for testing, while the remaining 80%
were used for training. Each model was trained for 20 epochs, and the validation accuracy
was monitored at every epoch. If a model achieved a higher validation accuracy than
previously recorded, its parameters were saved, overwriting the earlier checkpoint. In this
way, the best-performing model checkpoint based on validation accuracy was retained
for each method. Figure 8 presents the validation accuracy and loss comparison plots.
The proposed approach achieved higher validation accuracy compared to the reference
models. Similarly, it also exhibited lower validation loss, further confirming its superior
generalization performance.
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Figure 8. Validation comparison: (a) accuracy; (b) loss.

A confusion matrix serves as a visual summary that compares the predicted labels of
a classification model against the actual labels, helping assess how accurately the model
distinguishes between different classes. It plays a crucial role in evaluating model perfor-
mance by providing class-wise insight into correct and incorrect predictions. The confusion
matrices of all the models are presented in Figure 9. In these matrices, the numbers repre-
sent the count of test samples for each fault class; diagonal values correspond to correctly
classified samples, while off-diagonal values indicate misclassifications. This allows both
overall and class-specific performance to be visually assessed, helping identify which fault
types the model predicts most accurately and where confusion occurs.
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Figure 9. Confusion matrices for (a) Model A, (b) Model B, (c) Model C, and (d) Model D (pro-
posed method).

The t-distributed stochastic neighbor embedding (t-SNE) plots of all the models are
presented in Figure 10. The proposed model clearly separates the features of all the faults
in a precise and clear manner compared to the other models. The proposed model achieved
greater accuracy than the comparison models. Similarly, the proposed model had better
precision, recall, and F1 score. Table 5 highlights the metric scores of all the models. Model
A is robust; however, its reliance on a significant number of preprocessing steps can filter
out raw, localized time—frequency details, missing potential key signal anomalies. The
proposed model addressed this limitation through pipeline 2, which directly captures raw
time—frequency details using CWT scalograms. This combination allowed the proposed
model to capture both local and global fault patterns, resulting in a more comprehensive
fault-detection framework.

Table 5. Fivefold average performance of the proposed and comparison models.

Model AUy PICSON mecameny T O
Model A 96.86 96.88 96.91 96.84 25,419,244
Model B 98.10 98.20 98.11 98.13 25,419,244
Model C 93.43 94.47 93.43 93.29 18,907,652

D-ﬁfﬁiie 4 99.27 99.33 99.25 99.28 101,636

Model B retained raw time—frequency characteristics but struggled to balance the
extraction of global hierarchical patterns and local details. The proposed model overcame
this limitation through the dual pathways of pipeline 1 and pipeline 2. Pipeline 1 introduces
a structured-matrix transformation, enabling hierarchical spatial feature extraction that
complements the fine-grained time—frequency information captured by pipeline 2. By
integrating the features extracted from both pipelines through attention feature fusion, the
proposed model achieves a more comprehensive representation, enhancing its ability to
detect both global and local fault patterns.
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Figure 10. t-SNE plots: (a) Model A; (b) Model B; (c) Model C; (d) Model D (proposed).

The state-of-the-art Model C [39] uses a hybrid approach in which greyscale CWT
scalograms are processed using a custom CNN for feature extraction, followed by clas-
sification through a random forest classifier. While this approach effectively combines
CNN-based feature extraction with the ensemble decision-making capability of a random
forest, relying on greyscale scalograms can lead to a loss of critical spectral details. Further-
more, the separate optimization of a CNN and a random forest may result in suboptimal
utilization of the extracted features. In contrast, the proposed model retained richer infor-
mation by utilizing both two-dimensional matrix images and CWT scalograms, providing
diverse and informative feature representations.

The proposed dual-pipeline framework performed better than the other methods, as it
utilizes both structured spatial and raw time—frequency features, integrating them through
an attention-guided transformer encoder. This enables dynamic weighting of features and
robust fault classification. The final classification, driven by the CLS token, benefits from
enriched feature interactions, allowing the model to outperform all comparison models.

For complex fault classification tasks, deeper architectures such as ResNet-50 are
essential to achieve effective generalization across varying operating conditions. However,
training such deep networks from scratch requires large-scale datasets, the use of which was
impractical in this study. Therefore, fine-tuned pre-trained ResNet-50 models were adopted
to leverage previously learned representations while reducing overfitting risk. Although
the proposed dual-pipeline framework employs two ResNet-50 branches, both operate in
parallel to extract spatial and time—frequency features simultaneously. This design naturally
increases the total number of parameters but does not significantly affect the computational
time complexity, as both branches process inputs concurrently. Consequently, while the
model contains more parameters than simpler networks, its efficiency and inference speed
remain comparable, and the additional parameters contribute directly to improved feature
representation and diagnostic accuracy.

To ensure a fair and robust evaluation of all models, we performed 5-fold cross-
validation for each classification method, including the comparison models and the pro-
posed model (Model D). In this setup, the dataset was partitioned into five equal subsets.
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During each fold, four subsets were used for training while the remaining one was used
for testing. This process was repeated five times, and the final performance metrics were
reported as the average across all folds. The results, summarized in Table 5, clearly demon-
strate the consistent superiority of Model D while validating the generalization capability
of all evaluated models.

In addition to performance metrics, the number of trainable parameters for each
model was also reported to ensure a fair comparison of model complexity. These values,
listed in Table 5. Although the proposed model contains a higher number of trainable
parameters, this increase is deliberate and necessary for handling the complexity of the
task. Learning fine-grained, modality-specific discriminative features requires adapting
deeper convolutional layers, which cannot be effectively trained from scratch on a limited
dataset. To overcome this limitation, the two ResNet branches were briefly fine-tuned
independently to adjust their high-level filters, and then frozen again to ensure stable and
meaningful feature extraction. This controlled fine-tuning strategy increases the number of
trainable parameters but ultimately enables the model to capture richer representations
while avoiding overfitting, leading to superior performance.

To further verify the generalization capability of the proposed framework, an addi-
tional experiment was performed using the Paderborn University open source bearing fault
dataset, which contains real bearing fault conditions collected under different operating
speeds and loads [40]. The proposed model, trained on the original dataset, was evaluated
on this external dataset without retraining. The results, summarized in Table 6, demonstrate
that the model maintains consistently high performance across datasets, confirming its
ability to generalize to unseen bearings and real fault conditions.

Table 6. Performance metrics of the proposed and comparison models on the Lab and Pader-
born datasets.

Model Accuracy (%)  Precision (%)  Recall (%) F1 Score (%)
Lab Dataset

Model A 92.65 93.15 92.86 92.61

Model B 97.79 97.80 97.97 97.83

Model C 95.96 96.02 96.28 95.93
D_x(‘)’;i od 99.63 99.60 99.64 99.61

Paderborn Dataset

Model A 70.39 77.68 69.02 67.67

Model B 90.96 91.00 90.57 90.69

Model C 84.87 85.41 84.00 84.39
D_;/r[ggi od 98.43 98.47 98.32 98.38

6. Conclusions

In this study, an attention-guided hybrid framework for bearing fault diagnosis was
proposed, combining dual-pipeline feature extraction and transformer-based classification.
The first pipeline converted preprocessed vibration signals into structured two-dimensional
matrix images to capture global spatial dependencies using a fine-tuned ResNet-50 network.
The second pipeline transformed raw vibration signals into continuous wavelet transform
(CWT) scalograms, effectively preserving localized and fine-grained time-frequency details
associated with transient fault events. Features extracted from both pipelines were inte-
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grated through a lightweight transformer encoder equipped with an attention mechanism
and a learnable CLS token, enabling adaptive fusion and contextual understanding between
spatial and time—frequency features.

Experimental validation on the laboratory-collected bearing dataset demonstrated
the superior performance of the proposed model, achieving 99.87% classification accuracy,
outperforming several benchmark models. Furthermore, evaluation on the Paderborn
University open source bearing dataset confirmed the model’s strong generalization abil-
ity (98.43% accuracy) across different machines, operating speeds, and load conditions,
establishing its robustness and adaptability. The proposed framework not only improves
fault classification accuracy but also enhances interpretability through its attention-driven
fusion, allowing insights into which features contribute most to decision-making.

These results collectively demonstrate that integrating multi-domain representations
via an attention-based fusion strategy significantly improves diagnostic precision and
reliability in vibration-based fault diagnosis. The proposed approach offers a promising
direction toward developing generalizable, data-efficient, and interpretable deep learning
systems for rotating machinery. Future work will focus on extending this framework to
multi-sensor fusion, cross-machine transfer learning, and real-time industrial monitor-
ing, as well as exploring lightweight deployment on embedded systems for intelligent
predictive maintenance.
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Nomenclature

Symbol Description

x(t) One-dimensional vibration signal as a function of time

Xop Two-dimensional matrix representation of the vibration signal
P (%) Mother wavelet function

CWT (a,b) Continuous wavelet transform of signal x(t)

F(x, W) Residual mapping function parameterized by weights W

W’I;g1 Weight of the convolution kernel at position (p, g) for filter k and channel m
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Fl-’; Output feature map of the k™ filter at spatial position (i, f)
bk Bias term associated with the k" filter
CLS Learnable classification token used in the transformer encoder
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