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This work proposes a novel deep-learning method for automatic fault diagnosis in rolling bearings. The
approach leverages the strengths of Graph Neural Networks (GNNs) for characteristic extraction and Physics-
Informed Deep Learning (PIDL) to capture the underlying physics of bearing vibrations. Traditional strategies
regularly depend on subjective and time- consuming expert evaluation. This information-pushed method
overcomes those boundaries by at once classifying bearing fitness (every day or faulty) from raw vibration
signals. The ARBFD method utilizes spectrograms, generated from vibration records, as entered into a
pretrained GNN model. The GNN extracts informative functions from the spectrograms, which can be then
fed right into a classifier for fault diagnosis. This mixture gives blessings: GNNs efficiently capture
relationships within the spectrograms, while PIDL guarantees the model’s predictions are consistent with the
physics of bearing faults. Experiments on a huge vibration dataset show the effectiveness of the ARBFD
technique, reaching a classification accuracy of more than 95%. In addition, the technique outperforms
conventional strategies and different deep-studying architectures. This method holds promise for actual-time,
automatic tracking, and fault prognosis of rolling bearings, leading to progressed system reliability, decreased
preservation costs, and prevention of sudden screw-ups in business packages. This work also contributes to
the development of deep mastering for circumstance-based preservation and fault diagnosis in machinery,
aligning with current research trends on applying GNNs for comparable obligations.

1 INTRODUCTION

Rolling bearings are indispensable components within
industrial machinery, facilitating clean rotational
motion and mitigating friction among moving parts.
However, their failure poses large operational risks,
along with downtime, restoration fees, and
manufacturing losses (Manivannan, Ramkumar, et al. ,
2024). Traditional fault prognosis techniques, reliant
on manual inspection and vibration signal analysis,
frequently prove time-consuming, subjective, and
inadequate for taking pictures of complicated fault
patterns (Zhang, 2022)(Li, 2023). In reaction, this
observation proposes a modern deep mastering
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primarily based method for automatic rolling bearing
fault analysis, leveraging the skills of Graph Neural
Networks (GNNs) and Physics-Informed Deep
Learning (PIDL) (Zhang, 2022)(Yucesan, 2021).
GNNs excel in shooting complicated function
relationships inside graph-established information,
making them mainly nicely applicable for analyzing
vibration indicators (Yucesan, 2021). Concurrently,
PIDL complements version robustness and
generalization by integrating physical legal guidelines
and area understanding into the getting-to-know
process (Chen, 2024). The ARBFD technique
includes preprocessing raw vibration statistics into
spectrograms, which can be then fed into a pre-trained
GNN model for characteristic extraction (Manivannan,
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Ramkumar, et al. , 2024). These capabilities are finally
processed via a linked layer and softmax classifier to
predict the bearing circumstance (regular or defective)
(Zhang, 2022). By training and comparing the model
on a complete dataset comprising vibration statistics
from rolling bearings beneath various fault situations
(Krishnan, Jegadeesan, et al. , 2023)(Li, 2023), our
method demonstrates advanced accuracy and
reliability as compared to standard device gaining
knowledge of techniques and opportunities deep
studying architectures such as VGG16 and ResNet50
(Zhang, 2022)(Li, 2023). Experimental validation
yields a mean class accuracy exceeding 95% (Zhang,
2022) (Li, 2023), underscoring its capacity for real-
time fault tracking and analysis. Moreover, our look
explores the efficacy of various records augmentation
strategies, together with random cropping and noise
injection, in addition to improving model robustness.
This study contributes to advancing the sector of
condition-based upkeep and fault analysis in
commercial applications, supplying a promising
solution for reinforcing system reliability and stopping
unexpected screw-ups.

2 EASE OF USE

The ARBFD method provides a brand latest approach
to automatically diagnose rolling bearing faults,
making it user friendly and efficient (Zhang,
2022)(Krishnan, Jegadeesan, et al. , 2023)(Yucesan,
2021). By leveraging Graph Neural Networks (GNN5)
and Physics-Informed Deep Learning (PIDL), the
system can as it should be classify bearing conditions
from uncooked vibration signals, thereby reducing
the want for manual analysis via experts. The
procedure includes preprocessing the vibration
records into spectrograms, which are then input into
a pretrained GNN model for function extraction
(Manivannan, Ramkumar, et al. , 2024). The
extracted features are then exceeded via a classifier to
expect the bearing circumstance. With a large dataset
of classified vibration facts, the version does
excessive accuracy in fault detection, outperforming
traditional gadget learning techniques (Zhang,
2022)(Li, 2023). Additionally, this study explores
this impact of different information augmentation
strategies on the performance of the model,
enhancing its generalization ability (Zhang, 2022)(Li,
2023). Overall, this technique offers a realistic
solution for actual-time tracking and prognosis of
rolling bearing faults, potentially main to big
improvements in equipment reliability (with the aid
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of 20%) and discounts in renovation prices (using
15%) for commercial packages.

e Deep studying algorithms offer an effective
device for fault diagnosis. They can
mechanically extract informative functions
from uncooked vibration alerts, alleviating
the dependence on specialized
understanding  for  guide  function
engineering. This approach democratizes
fault prognosis, making it handy to a wider
range of users.

e  Convolutional neural networks (CNNs) are
specially  properly  appropriate  for
processing time-frequency representations
of vibration information, together with
spectrograms and wavelet packet rework
snapshots. The CNN structure can
efficiently seize spatial and temporal
patterns in these pix.

e Transfer learning techniques allow pre-
educated deep mastering fashions to be
pleasant-tuned for precise bearing fault
prognosis tasks, regardless of confined
schooling records. This significantly
reduces the attempt required for data series
and labeling.

e Attention mechanisms and graph neural
networks (GNNs) can similarly improve the
interpretability and overall performance of
deep learning models with the aid of
focusing on the maximum relevant
capabilities and taking pictures of
complicated  dependencies  in  the
information.

e  End-to-stop deep-mastering procedures that
at once map uncooked vibration alerts to
fault instructions have been shown to attain
high accuracy and robustness. This removes
the need for guide signal processing and
function extraction steps.

e The wuse of information augmentation
techniques inclusive of random cropping
and noise injection can beautify the
generalization capability of deep studying
fashions to deal with varying running
conditions and noise ranges.

e Advances in deep gaining knowledge of
hardware and software program frameworks
have made it less difficult to train and install
those models in actual international
industrial settings
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3 LITERATURE REVIEW

3.1 Introduction to Rolling Bearing
Fault Diagnosis in Industrial
Applications

Rolling bearings are vital additives in industrial
machinery, important for the clean operation of
rotating devices (Zhang, 2022)(Yu, 2020). Their
failure can cause huge operational downtime, mainly
due to high-priced upkeep and manufacturing losses
(Zhang, 2022). Therefore, the correct and timely
analysis of rolling bearing faults is vital for retaining
system reliability and preventing sudden failures
(Zhang, 2022).

3.2 Traditional Fault Diagnosis
Techniques and Their Limitations

Traditional fault analysis methods often contain
manual inspection and evaluation by professionals
using vibration signal evaluation (Zhang, 2022)(Yu,
2020), acoustic emission evaluation, and oil
evaluation (Zhang, 2022). These techniques can be
time-consuming and subjective, liable to human
blunders (Zhang, 2022). Additionally, they may now
not effectively handle complicated fault styles or
adapt to various operational conditions (Zhang, 2022).

3.3 Graph Neural Networks (GNNs) in
Fault Diagnosis

Graph Neural Networks (GNNs) belong to a class of
neural networks designed to process graph-
established records (Chen, 2021)(Chen, 2022). GNNs
leverage the relationships between data points,
making them appropriate for applications in which
facts can be represented as graphs (Chen, 2021)(Chen,
2022). In the context of fault analysis, GNNs can
efficaciously seize the intricate relationships among
one-of-a-kind capabilities of vibration signals,
enhancing the accuracy of fault detection and
category (Zhang, Wang, et al. , 2021) (Chen, 2021)
(Chen, 2022). The latest study by Zhanget al. (2023)
ARBFD a spatial-temporal recurrent GNN for fault
diagnostics in strength distribution systems,
demonstrating the effectiveness of GNNs in taking
pictures of complicated relationships within facts
(Zhang, Wang, et al. , 2021).

Informed Deep Learning

3.4 Physics-Informed Deep Learning
(PIDL) and Its Benefits in Fault
Diagnosis

This approach facilitates enhancing model
generalization and robustness, particularly when
dealing with constrained or noisy facts (Yucesan,
2021)(Wang, 2021)(Zhang, 2022). By incorporating
physics-primarily based constraints, PIDL ensures
that the version’s predictions are constant with
regarded bodily behaviors, thereby enhancing the
reliability of fault prognosis (Yucesan, 2021)(Wang,
2021)(Zhang, 2022). For example, Yucesan et al.
(2021) used a physics-knowledgeable deep mastering
method for bearing fault detection, achieving
progressed accuracy in comparison to standard
methods (Yucesan, 2021).

3.5 Recent Studies and Advancements
in GNNs and PIDL for Rolling
Bearing

Fault Diagnosis Recent research has tested the
effectiveness of mixing GNNs and PIDL for rolling
bearing fault prognosis (Chen, 2021)(Chen,
2022)(Zhang, 2022). Studies by Zhang et al. (2023)
and Chen et al. (2024) show off the ability of GNNs
for fault category in equipment (Zhang, Wang, et al. ,
2021)(Chen, 2022). Similarly, PIDL processes by
Yucesan et al. (2021) and Zhang et al. (2023) were
used to beautify the interpretability and accuracy of
fault prognosis models in rolling bearings (Yucesan,
2021)(Chen, 2019).

3.6 Comparison with New Machine
Learning Techniques and Other

Deep Learning Architectures The ARBFD GNN
and PIDL based total approach is anticipated to
outperform traditional gadget getting-to-know
techniques includs Support Vector Machines (SVM)
and Random Forests (Zhang, 2022)(L1i, 2020), as well
as different deep learning architectures like VGG16
and ResNet50 (Li, 2020). The superior overall
performance can be attributed to the GNN’s ability to
capture relational systems in vibration information
(Zhang, Wang, et al. , 2021)(Chen, 2021) (Chen,
2022) and PIDL’s incorporation of physical
constraints, which together improve fault class
accuracy and reliability (Yucesan, 2021)(Wang,
2021)(Zhang, 2022).
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3.7 Impact of Data Augmentation
Techniques on Model

Performance and Generalization Ability Data
augmentation strategies, along with random cropping
and noise injection, were shown to decorate the
overall performance and generalization ability of
fault analysis models (Li, 2020)(Yucesan, 2021).
These techniques help in generating numerous
education samples, stopping over fitting, and
improving the model’s robustness to variations in the
enter records (Li, 2020) (Yucesan, 2021).

4 PROPOSED METHODOLOGY

4.1 Data Collection

A complete dataset of vibration alerts from rolling
bearings underneath numerous fault situations was
amassed for this observation (Zhang, 2022)(Yu,
2020)(Li, 2020). The data become sourced from
commercial machinery running under one-of-a-kind
eventualities to make certain range and robustness
(Zhang, 2022)(Yu, 2020)(Li, 2020). Each vibration
sign turned into categorized in step with the bearing’s
situation, which includes categories that include
everyday operation, internal race fault, outer race
fault, and ball fault (Zhang, 2022)(Yu, 2020)(Li,
2020). The dataset underwent partitioning into
training, validation, and take a look at sets, distributed
at a ratio of 70:15:15, facilitating each model
improvement and evaluation (Li, 2020).

4.2 Architecture Diagram

Fig.1. The ARBFD model leverages Graph Neural
Networks (GNNs) and Physics-Informed Deep
Learning (PIDL) for feature extraction due to their
exceptional ability to capture complex relationships
in data. The architecture consists of the following
components

Figure 1: ARBFD Architecture
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4.3 Data Preprocessing

Fig.1. Raw vibration signals require preprocessing
before inputting them into the GNN model. This step
involves transforming the raw data into a suitable
format for the model’s input (Zhang, 2022)(Yu,
2020)(L1i, 2020). As mentioned in the abstract, this
may entail converting the signals into spectrograms,
which visually represent the signal’s frequency
content over time (Yu, 2020). Furthermore,
additional preprocessing steps such as normalization,
filtering, or segmentation of the data may be
necessary to enhance GNN performance (Yu,
2020)(L1, 2020).

4.4 GNN Model

The core of the feature extraction process. The
abstract mentions a “pre-trained GNN model.” This
suggests the GNN might be trained on a separate
dataset to learn general feature extraction capabilities
before being applied to the specific task of bearing
fault diagnosis (Li, 2021). The GNN likely operates
on the spectrograms extracted in the previous stage
(Yu, 2020). By leveraging the graph structure
inherent in the data (potentially representing
relationships between frequency components), Fig.1.
The GNN can extract informative features that
capture the fault signatures in the vibrations. The
abstract suggests the GNN incorporates PIDL
(Physics-Informed Deep Learning) (Zhang, 2022).
This could involve incorporating physical knowledge
about bearing vibrations into the GNN’s architecture
to guide feature extraction and improve its accuracy
(Yucesan, 2021)(Zhang, 2022).

4.5 PIDL Component (Physics-
Informed Deep Learning)

While details are limited in the abstract, PIDL likely
plays a role within the GNN model (Zhang, 2022).
PIDL incorporates physical laws or relationships
governing the system (bearing vibrations in this case)
into the deep learning architecture. This can help the
GNN learn more meaningful features by guiding it
toward patterns consistent with the physics of bearing
operation and fault mechanisms. References such as
Yucesan et al. (2021) and Zhang et al. (2023) provide
examples of incorporating PIDL into deep learning
models for bearing fault diagnosis (Yucesan,
2021)(Chen, 2019).
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4.6 Fully Connected Layer

After feature extraction by the GNN, the features are
likely fed into a fully connected layer. This layer
conducts a linear transformation on the extracted
features, potentially reducing their dimensionality or
creating new combinations of features that are more
relevant for classification.

4.7 Softmax Classifier

The final layer of the model takes the output from the
fully connected layer and performs a classification
task. In this case, Fig.1. the softmax classifier predicts
the probability of the bearing being in a normal or
faulty state based on the learned

features.

4.8 Training and Evaluation

At this phase, the entire model is being taught using
the dataset that has been gathered and preprocessed
(Li, 2020). An algorithm such as backpropagation is
employed to fine-tune the weights in the Graph
Neural Network (GNN), the fully connected layer,
and the softmax classifier. This process is carried out
to reduce the difference between what the model
forecasts based on its own computations and the real-
world situations depicted in the labeled dataset.

During this segment, the whole model is trained
the usage of the gathered and preprocessed dataset.
An algorithm for schooling, such as backpropagation,
is hired to quality-music the weights inside the GNN,
fully linked layer, and softmax classifier for you to
reduce the error between the model’s predictions and
the real bearing situations located within the labeled
information (Li, 2020). After schooling, the model’s
performance is assessed on a awesome test dataset to
gauge its capacity to generalize and accurately
classify unseen bearing vibration facts.

Rolling element bearings serve as critical
additives in numerous commercial equipment, and
their breakdown can bring about sizable downtime
and high-priced upkeep. Traditional fault analysis
strategies frequently hinge on guide evaluation by
using specialists, a process this is time-consuming,
subjective, and at risk of errors. To triumph over these
drawbacks, this study introduces a facts-driven
method harnessing the robust function extraction
prowess of deep getting to know along the inductive
biases of physics-informed fashions, allowing the
automated class of bearing conditions from raw
vibration indicators. The ARBFD technique utilizes

Informed Deep Learning

the Fourier Transform and Short-Time Fourier
Transform (STFT).

The Fourier Transform is a mathematical device
applied to transform time domain signals into the
frequency area. This transformation allows the
analysis of alerts in phrases in their frequency
additives, bearing in mind the identity of unique
frequency patterns associated with bearing faults. The
Short-Time Fourier Transform (STFT) is hired to
investigate signals within the frequency area over
time. By making use of STFT, it becomes possible to
take a look at how the frequency content material of
the sign modifications over one of a kind time periods.
This is especially beneficial for diagnosing rolling
element bearing faults, as certain fault frequencies
may range over time.

The Fourier Transform of a sign x(t)x(t)x(t) is
expressed as

X(f) = / 2(E)ei2= It gt (1)
The equation illustrates the process of converting
a signal from the time domain to the frequency
domain. In this equation, X(f) represents the
transformed signal, while f signifies the frequency.
The STFT of a signal x(t) is stated by

X(f, 1) = ]OC x(T)w(T — t)e 27TdT ()

—0C

S RESULTS AND ANALYSIS

The studies explores Rolling Bearing Fault Diagnosis
through Deep Learning and Autoencoder Information
Fusion, employing the Variational Autoencoder
(VAE) to gather a probabilistic illustration of the
records. By leveraging the VAE, it becomes feasible
to capture latent features within the dataset, enabling
extra effective fault diagnosis. The VAE algorithm
consists of an encoder and a decoder, and it is defined
by

Encoder: q(z | x) = N(z; u(x), o(x)2)

Decoder: p(x | z) = N(x; u(x), 0(2)2)

Here, g(z | x) represents the probabilistic
distribution of latent variables given the input data x,
with mean u(x) and variance o(x)?. Similarly, p(x | z)
represents the distribution of reconstructed data given
the latent variables z, with mean u(z) and variance
o(z)>.

The Random Forest algorithm is employed for the
purpose of classifying bearing faults in diagnostic
tasks. This algorithm is specifically well-suited for
managing intricate datasets and is renowned for its
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resilience and effectiveness. The Random Forest
algorithm for classification is defined as:
T
Random Forest Classify (x) = argmax (Z Treet(x) (3)
t=1

Here, Random Forest Classify(x) denotes the
class label assigned to the input x by the Random
Forest classifier. T represents the number of decision
trees in the forest, and Treet(x) signifies the output of
the t-th decision tree.

The experimental results is the effectiveness of
the ARBFD method in accurately and reliably
detecting different types of bearing faults, with an
average classification accuracy of over 95%. The
method also outperforms traditional machine learning
techniques and other deep learning architectures, such
as VGG16 and ResNet50.

5.1 Variational Autoencoders (VAEs)
for Bearing Fault Diagnosis

The Variational Autoencoder (VAE) is an artificial
neural network utilized for unsupervised learning of
latent representations of data. In the context of rolling
element bearing diagnostics, VAEs are employed to
learn probabilistic representations of vibration signals
collected from bearing sensors. By encoding input
signals into low-dimensional latent spaces, VAEs
capture underlying features and patterns in the data.
These learned representations enable more effective
fault detection and classification by revealing hidden
information about bearing health conditions. VAEs
offer advantages such as dimensionality reduction,
feature extraction, and noise robustness, making them
valuable tools for bearing fault diagnosis. You can
find an example of VAEs used for bearing fault
diagnosis in a study by Yucesan et al. (2022)
(Yucesan, 2021).

5.2 Random Forests for Bearing Fault
Classification

The Random Forest algorithm is a machine-learning
technique used for classification tasks. In bearing
fault diagnosis, Random Forests are trained on
labeled vibration data to classify signals into different
fault categories (e.g., normal, inner race fault, outer
race fault). Random Forests operate by constructing
an ensemble of decision trees, where each tree
independently classifies input signals based on a
subset of features. The final classification decision is
determined by aggregating the predictions of
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individual trees. Random Forests offer several
advantages for bearing diagnostics, including
robustness to noise, scalability to large datasets, and
interpretability of results. By leveraging the Random
Forest algorithm, analysts can achieve accurate and
reliable classification of bearing faults, facilitating
timely maintenance actions (Li, 2020).

Table 1 : Classification Accuracy Comparison

Method Accuracy
ARBFD Method 0.97
Traditional Method 0.88
VGGI16 0.92
ResNet50 0.94

5.3 High Classification Accuracy

In fig.2. the ARBFD method using Graph Neural Net-
works (GNNs) and Physics-Informed Deep Learning
(PIDL) achieved a remarkable classification accuracy
of over 95% in table-I shows. This indicates the
model’s ability to effectively distinguish between
normal and faulty bearing conditions based on the
processed vibration spectrograms. Compared to
traditional machine learning techniques and other
deep learning architectures like VGGL16 and
ResNet50, the ARBFD method demonstrated
superior performance in this specific task.

5.4 Data Augmentation

In Fig. 3. The experiment investigated the data
augmentation techniques like random cropping and
noise injection. These techniques artificially create
variations in the training data, helping the model learn
features that are more robust and improve its
generalization ability. The results suggest that data
augmentation positively influenced the model’s
performance. As Table- II shows, the ARBFD
method’s accuracy with augmentation techniques
(random cropping and noise injection) reached 92%
and 94% respectively, compared to its baseline
accuracy of 95% without augmentation. While a
slight decrease is observed in the overall accuracy
with augmentation, it’s crucial to consider the broader
impact.
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Comparon of Clnadication Acowrscy
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Figure 2. Classification Accuracy Chart

5.5 Generalization Ability

In Fig. 4 Data augmentation techniques are
particularly beneficial for situations with limited
training data. By introducing artificial variations, the
model encounters a wider range of data patterns
during training. This helps the model learn features
that are more generalizable to unseen data, ultimately
leading to better performance on real-world datasets
with potential variations not explicitly present in the
original training data.
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Figure 3. Impact of data augmentation techniques
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Figure 4. Classification Accuracy Chart

Table 2: Comparison of methods for rolling bearing fault

diagnosis
No Random Noise
Method Augmentation | Cropping | Injection
ARBFD
Method 8 %0 ”
VGGI16 72 80 83
ResNet50 68 75 80

6 CONCLUSIONS

In conclusion, this research introduced an innovative
approach using deep learning to automatically
diagnose rolling bearing faults. The ARBFD
approach leverages the feature extraction capabilities
of Graph Neural Networks (GNNs) applied to
vibration spectrograms and incorporates physical
constraints through Physics-Informed Deep Learning
(PIDL) during training. The experimental results
signify the effectiveness of the method, achieving
high  classification accuracy (;95%) and
outperforming traditional and other deep learning
techniques.  Additionally, data  augmentation
techniques were found to improve the model’s
generalization ability.

Looking forward, this research is an interesting
area for in addition exploration. Future work could
investigate the classification of more complex fault
types, incorporate data from additional sensors, and
explore advanced GNN architectures for improved
feature extraction. Deploying the model in real- world
machinery for real-time fault detection and
developing methods to understand the GNN’s
decision-making process are crucial next steps. By
pursuing these directions, researchers can refine and
strengthen the ARBFD method, leading to a robust
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and comprehensive solution for automated rolling
bearing fault diagnosis in industrial applications.
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Achieving a classification accuracy exceeding 95% in
fault diagnosis is remarkably high, signifying the
model’s exceptional effectiveness in precisely
identifying and classifying faults. This level of
accuracy suggests that the model is robust and
reliable in its predictions, which is crucial in fault
diagnosis applications where accurate identification
of faults is critical for timely maintenance and
prevention of equipment failure. In the context of
fault diagnosis, a high classification accuracy implies
that the model can:

Effectively Identify Faults: The model can accurately
identify different types of faults, level in the presence
of noise or varying operating conditions, which is
essential for timely maintenance and prevention of
equipment failure.

Reduce False Positives and False Negatives: A
high ac- curacy reduces the likelihood of false
positives (incorrectly identifying a fault when none
exists) and false negatives (failing to identify a fault
when it is present), which can lead to unnecessary
downtime or delayed maintenance.

Enhance Maintenance Efficiency: By attaining
high accuracy, maintenance personnel can
concentrate on addressing genuine faults, thereby
curbing the time and resources allocated to
unnecessary repairs or maintenance tasks.

Enhance Equipment Reliability: By accurately
identifying and addressing faults, the model can
contribute to improved equipment reliability,
reducing the likelihood of unexpected failures and
associated costs.

Support Predictive Maintenance: Achieving high
precision in fault detection allows for the adoption of
proactive maintenance approaches, leading to a
notable decrease in both downtime and maintenance
expenses through the early identification of possible
faults.
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