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ABSTRACT

Diagnosing bearing faults is essential for ensuring the reliability and operational safety of
mechanical and electronic systems. This paper presents a comparative analysis of different
machine learning-based models for classifying bearing fault conditions, including Support Vector
Machines (SVM), Long Short-Term Memory (LSTM) networks, One-Dimensional Convolutional
Neural Networks (1D-CNN), Two-Dimensional Convolutional Neural Networks (2D-CNN), and
Transformer model. These models are applied to the HUST bearing dataset and evaluated based
on their ability to accurately classify defects from vibration signal data. The results indicate that
1D-CNN, 2D-CNN, and Transformer model exhibit superior performance in bearing fault
diagnosis. 1D-CNN attained 99.8% accuracy on the training set and 99.83% on the test set,
followed by 2D-CNN with 99.1% and 99.3%, respectively. The Transformer model also performed
well, reaching 99.7% accuracy within 1 hour of training, similar to 1D-CNN (1 hour) and 2D-
CNN (0.8 hours). In contrast, LSTM and SVM exhibited lower accuracy and significantly longer
training times, with LSTM requiring 11.5 hours and SVM 8 hours. These findings suggest that 1D-
CNN, 2D-CNN, and the Transformer model are highly effective approaches for bearing fault
diagnosis, with the Transformer model achieving performance and training efficiency comparable
to CNN-based models.

Keywords: Bearing fault diagnosis; Machine learning; Deep learning; Convolutional neural network; Long short-term
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1. INTRODUCTION

The growing demand for continuous industrial operations increases machine stress, leading to
higher maintenance costs and safety risks [1]. Bearings, essential for reducing friction and
supporting loads, are especially vulnerable, causing nearly one-third of machinery failures [2].
Harsh conditions like high humidity, temperature, and contamination accelerate wear. Early fault
detection using vibration analysis, temperature monitoring, and ultrasound testing enables timely
intervention, reducing downtime and repair costs while improving efficiency. This proactive
approach enhances machine reliability and promotes sustainable industrial operations.

While traditional methods have significantly contributed to bearing fault diagnosis, they still
face several critical limitations that must be addressed to achieve higher accuracy and robustness
in practical applications [3]. One major challenge is that many existing techniques struggle to
process complex vibration signals and are highly susceptible to noise, leading to unstable
diagnostic performance. To overcome these issues, various artificial intelligence (Al) techniques,
such as artificial neural networks (ANN) [4] and support vector machines (SVM) [5], have been
employed in machine fault diagnosis. However, traditional machine learning models are limited
by their shallow architectures, making it difficult to effectively learn discriminative features from
raw, high-dimensional inputs [6]. In recent years, deep learning has gained increasing attention in
rolling bearing fault diagnosis, with commonly used architectures including Convolutional Neural
Networks (CNN) [7], Recurrent Neural Networks (RNN) [8], Long Short-Term Memory (LSTM)
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[9]. Furthermore, Transformer model has recently demonstrated its potential in bearing fault
diagnosis due to its ability to capture long-range dependencies in time-series data, achieving
competitive performance in both accuracy and computational efficiency [10].

This study investigates the effectiveness of various machine learning and deep learning models
in identifying and classifying bearing faults, including SVM, LSTM, 1D-CNN, 2D-CNN, and
Transformer. The objective is to evaluate each model’s accuracy, computational efficiency, and
generalization ability in ball bearing fault detection. A comparative analysis was conducted using
the HUST BEARING dataset, which provides a diverse set of bearing fault data suitable for
benchmarking fault diagnosis models.

2. DATASET DESCRIPTION

The HUST bearing dataset was developed by Nguyen Duc Thuan and Hoang Si Hong at Hanoi
University of Science and Technology [11]. It contains 99 raw vibration signals corresponding to
six defect types (internal cracks, external cracks, ball cracks, and two combinations thereof) across
five bearing types (6204, 6205, 6206, 6207, and 6208) under three operating conditions (0 W, 200
W, and 400 W). Each vibration signal was sampled at a rate of 51,200 samples per second over a
duration of 10 seconds.

With a shaft rotating at 1400 rpm and a sampling frequency of 51.2 kHz, approximately 2200
data points are captured per rotation. For data preparation, the 510,400 data points representing
each defect type are divided into 232 samples, each containing 2200 data points. To enhance the
number of samples and better capture key features, sampling is performed in steps of 200 data
points. The first sample includes data within the range [0, 2200], while the second sample covers
the range [200, 2400], creating overlapping data segments between adjacent samples. Furthermore,
the samples are labeled and organized into separate lists for efficient processing.

Table 1. List of bearing error types of data.

Health Conditions Class labels Fa(lrjritnf’)lze Total Dataset
Normal Fault 0 - 12740
Inner Fault 1 0.2 38220
Inner and Outer 5 0.2 38217
Fault
Outer Fault 3 0.2 38220
Outer and Ball 4 02 33610
Fault
Ball Fault 5 0.2 25969
Inner and Ball Fault 6 0.2 30826
3. METHOD

3.1. Support vector machine (SVM)

Support vector machine (SVM) [12] is mainly used for binary classification problems, but it
can also be extended to solve multiclass classification and regression problems. The basic principle
of SVM s to find an optimal hyperplane to separate data classes in the feature space. Distance
from data point to hyperplane is the distance between the classification hyperplane and the nearest
data point of each class. SVM seeks to maximize this margin to ensure that data points of different
classes are separated as clearly as possible. The distance from a data point x; to the hyperplane is
given by:
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The goal of SVM is to optimize the boundary [13], that is, to maximize the distance from the
hyperplane to the support points. This is expressed by the optimization problem:
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To solve this problem, SVM uses the hinge loss function and adds a regularization algorithm
to balance between large margins and classification errors:
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where C is a parameter that adjusts the level for misclassified data points.
3.2. Convolutional Neural Network (CNN)

A convolutional neural network [14] (CNN) is a special type of deep neural network designed
to process and analyze data in the form of grids, such as images and time series. CNNs are notable
for their ability to automatically extract features from input data, making them a powerful tool in
many applications, including image recognition, natural language processing, and incident
detection. CNNs typically consist of three main types of layers: convolutional layers, pooling
layers, and fully connected layers, as illustrated by figure 1. Each of these layers has a specific role
and function in processing and extracting features from the input data
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Figure 1. Basic CNN network structure.

The convolutional layer is the main layer of the CNN, responsible for extracting features from
the input data. This layer uses filters or kernels to perform convolution operations on the input
data, creating feature maps. The layer can be represented as follows:

Fep®= ) f@glt-a @
a=—oo
where f is the input data and g is the filter.
3.3. Long Short-Term Memory (LSTM)

Long Short-Term Memory (LSTM) is a special type of recurrent neural network introduced by
Hochreiter and Schmidhuber [15] in 1997 to solve the problems of traditional RNNs in processing
and remembering long-term information. LSTM uses a special structure called "cell" to store
information and three control gates to regulate the flow of information into and out of the cell.

An LSTM unit was described in figure 2 which consists of four main components: cell state,
input gate, forget gate, and output gate. The calculation formula of the input gate is as follows:

it = (W - [he_q, x¢] + b)) (5)
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where ¢ is the sigmoid function, W; is the weight matrix of the input gate, he.1 is the output from the
previous time step, x: is the input at the current time step and b is the bias vector of the input gate.
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Figure 2. Basic LSTM cell model.

The calculation formula for the forget gate is as follows:

fi = o(Wg - [he—q, x] + bp) (6)
where W; is the weight matrix of the forget gate, by is the bias vector of the forget gate.
The calculation formula of output gate is as follows:

o¢ = 0(W, - [he_q, x¢] 4+ by) (7
where W, is the weight matrix of the output gate, b, is the bias vector of the output gate.

3.4. Transformer model with an attention mechanism

Transformer model, introduced by Vaswani et al [16] has revolutionized many fields, including
Natural Language Processing (NLP), machine translation, and other deep learning tasks.
Transformer architecture consists of two main components: the Encoder and Decoder. However,
in many applications, only the Encoder is used for tasks like fault diagnosis. The Encoder processes
the input sequence into a context-aware representation, capturing meaningful patterns and
dependencies. Meanwhile, the Decoder, when used, generates the target sequence based on the
encoder’s output. Each layer in the Transformer Encoder and Decoder is composed of:

- Multi-Head Self-Attention Layer: Enables the model to attend to all positions in the sequence.

- Position-wise Feedforward Network (FFN): Applies non-linear transformations using fully
connected layers.

- Layer Normalization and Residual Connections: Improve training stability and gradient flow.

A crucial aspect of the Transformer is its Self-Attention mechanism, which enables the model
to weigh the importance of each element in the input sequence relative to the others. The core
mathematical formulation of the Scaled Dot-Product Attention mechanism in the Transformer is
given by:

: QK"
Attention(Q, K, V) = softmax \/d_ (8)
k
where: Q (Query): The input matrix containing the query information.
K (Key): The matrix containing the key information used for matching.
V (Value): The matrix containing the actual information that will be passed forward.
d«: The dimension of the key vectors, used for scaling.
To enhance the ability to capture diverse relationships within input sequences, the Transformer
utilizes Multi-Head Attention. The Multi-Head Attention mechanism is defined as follows:
MultiHead(Q, K,V ) = Concat(head,, ..., head, )W° 9)

where each attention head is computed as:
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head; = Attention(QW,%, KWX,vw}) (10)

where WL.Q,WL-K, w/ are learned weight matrices that transform the inputs before computing
attention. By employing multiple attention heads, the model captures different aspects of the input
representation, leading to improved learning capacity.

Mathematically, the output of the Feedforward Network is computed as:
FFN(X) = maX(O, le + bl) WZ + bz (11)

where W1, W, are weight matrices and b, b, are bias terms.
3.5. Evaluation metrics

In fault detection problems, model performance is commonly evaluated using accuracy, which
measures the proportion of correctly classified instances out of the total number of diagnoses.
However, accuracy alone does not provide detailed insights into the model’s classification
performance for each fault category. To better understand how errors are distributed, a confusion
matrix is used. The confusion matrix consists of four key indicators for each classification
category:

True Positive (TP): The number of correctly predicted positive instances.

True Negative (TN): The number of correctly predicted negative instances.

False Positive (FP): The number of incorrect positive diagnosis.

False Negative (FN): The number of incorrect negative diagnosis.

Using these values, accuracy is calculated as follows:

TP+ TN

A = 12
U = TP X TN + FP + FN (12)

By analyzing both accuracy and the confusion matrix, we can assess not only the overall
classification performance but also identify specific error patterns, such as the frequency of false

alarms or missed detections. This enables a more informed evaluation of the model’s effectiveness
in fault diagnosis.

4. RESULTS AND DISCUSSION

4.1. Model parameters

The parameters for each model are detailed in tables 2, table 3 and table 4, corresponding to the
configurations of the 1D-CNN, 2D-CNN, LSTM and Transformer models, respectively. These
tables provide a comprehensive overview of the architectures and associated parameters,
highlighting both similarities and differences across the models.

Table 2. 1D-CNN and 2D-CNN model parameters.

1D-CNN 2D-CNN
Layer Data . Data :
Dimensions Weight (N) Dimensions Weight (N)
Input (2194, 1) 0 (47,47,1) 0
ConvXD relu_1 (1096, 16) 64 (24, 24, 16) 160
MaxPooling XD 1 (548, 16) 0 (12,12, 16) 0
ConvXD relu 2 (273, 32) 1568 (6, 6, 32) 4640
MaxPooling_XD_2 (136, 32) 0 (3,3, 32 0
ConvXD relu_3 (67, 64) 6208 (2,2,64) 18496
MaxPooling XD 3 (33, 64) 0 (1,1, 64) 0
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ConvXD relu 4 (16, 128) 24704 (1,1,128) 73856
MaxPooling XD 4 (8, 128) 0 (1,1, 128) 0
Flatten (1024) 0 (128) 0
Dense relu (100) 102500 (100) 12900
Dense relu (50) 5050 (50) 5050
Dense softmax @) 357 @) 357

Table 3. LSTM model parameters.

Layer Data Dimensions Weight (N)
Input (2209, 1) 0
LSTM (2209, 32) 4352
Flatten (2209 x 32) 0
Dense @) 495
Softmax (7 0
Table 4. Transformer model parameters.
Layer Data Dimensions Weight (N)
Input (2209, 1) 0
Embedding Layer (2209, 32) 70688
Positional Encoding (2209 x 32) 70688
Multi-Head Attention (MHA) (2209 x 32) 24,576
Feedforward Network (FEN) (2209 x 32) 8,192
Layer Normalization (2209 x 32) 64
Output Dense Layer (2209, 7) 224
Softmax Layer (2209, 7) 224

4.2. Fault diagnosis performance

After running the collected data set through different methodological models, the models
predict which of the 7 different states that were listed in table 1 to determine the state that have
such vibration data.

Figure 3 illustrates the confusion matrices for SVM, LSTM, 1D-CNN, 2D-CNN and
Transformer model. The vertical and horizontal axes represent the seven bearing fault categories,
as mentioned earlier. The diagonal elements in each matrix indicate the correctly classified
instances for each class, while the off-diagonal elements represent misclassifications.

To further quantify model performance, table 5 reports the accuracy and training time for each
model. The 1D-CNN model demonstrates the highest performance, achieving an accuracy of
99.8% on the training set and 99.83% on the test set. The 2D-CNN model follows closely with
accuracy values of 99.1% for the training set and 99.3% for the test set. The LSTM model, with
training and test accuracy of 98.5% and 98.7%, respectively. The SVM model shows the lowest
performance, with a training accuracy of 97.5% and a testing accuracy of 97.8%. However, when
considering training time, the 2D-CNN model is the fastest, requiring only 0.8 hours, followed by
1D-CNN, which takes 1 hour. Both the LSTM and SVM models require significantly longer
training times, at 11.5 hours and 8 hours, respectively. These results suggest that CNN-based
models, particularly the 1D-CNN, are not only more effective in terms of classification accuracy
but also more efficient in terms of training time, demonstrating a strong ability to rapidly learn and
accurately classify key features from vibration signals in bearing fault diagnosis. Notably, the
Transformer model, achieving an accuracy of 99.71% on the training set and 99.75% on the test

36 N. T. H. Thu, P. N. Van, H. Q. Hung, “Bearing fault diagnosis ... HUST bearing dataset.”



Research

set, shows competitive performance, close to the top performers. With a training time of just 1
hour, it aligns well with the 1D-CNN model in terms of computational efficiency, presenting itself
as a strong alternative for tasks requiring both high accuracy and low training cost.
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Figure 3. Test set confusion matrix of (a) 1D-CNN; (b) 2D-CNN;
(c) LSTM; (d) SVM; (e)Transformer.

Journal of Military Science and Technology, 103 (2025), 31-39 37



Electronics & Automation

Table 5. Evaluation results of the models on the training set and test set.

Model Accura;e){[ ?g}o ‘;ralnlng Accurac(;g /g)n test set Training time (h)
1D-CNN 99.80 99.83 1
2D-CNN 99.1 99.3 0.8

LSTM 98.50 98.7 115

SVM 97.5 97.8 8

Transformer 99.71 99.75 1

5. CONCLUSIONS

In conclusion, this study presents an effective approach to bearing fault diagnosis using
vibration data, evaluated on the HUST bearing dataset. The proposed deep learning models
achieved high accuracy, with 1D-CNN excelling at 99.8% accuracy while maintaining minimal
training time. This result highlights its suitability for real-time applications, particularly in
scenarios with limited computational resources. The 2D-CNN method demonstrated superior
efficiency for stride lengths exceeding 200, suggesting that its ability to extract spatial features
from vibration signals contributes significantly to its performance. Similarly, the Transformer
model, with a competitive accuracy of 99.71% on the training set and 99.75% on the test set, offers
a promising balance between performance and training efficiency, making it another viable option
for resource-constrained environments.

Furthermore, the comparison of models reveals a trade-off between accuracy and
computational efficiency. While LSTM and SVM also achieved high accuracy, their longer
training times may limit their practicality in time-sensitive industrial applications. The study also
found that reducing stride length improved accuracy up to a certain threshold, with 200 identified
as the optimal balance between performance and computational cost. This finding indicates that
stride length is a critical hyperparameter influencing model generalization and robustness.

The results confirm that both 1D-CNN and 2D-CNN are reliable for fault diagnosis, even under
resource-constrained conditions, due to their efficient feature extraction capabilities. Moreover,
the adaptability of this approach to similar datasets suggests its potential applicability across
various industrial diagnostic scenarios. The addition of Transformer-based models further
strengthens the approach, offering an alternative that delivers high accuracy with reasonable
training times. In future studies, we will focus on improving the model by using a hybrid model,
integrating advanced signal processing and decomposition techniques to enhance the accuracy of
bearing fault diagnosis.
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TOM TAT

Chén doan 15i 6 bi sir dung mé hinh may hoc va hoc siu: mdt nghién ctru so sanh
ung dung cho b9 dir liéu HUST bearing

Chan dodn 16i 6 bi déng vai tro quan trong trong viéc dam bao dé tin cdy va an toan vin
hanh ciia cdc hé thong co khi va dién tir. Nghién ciru ndy thyc hién phan tich so sanh gitta
cac mé hinh mdy hoc trong nhdn dang 16i 6 bi, bao gom May vector hé tro (SVM), Mang
Long Short-Term Memory (LSTM), Mang no-ron tich chdp mét chiéu (1D-CNN), Mang no-
ron tich chdp hai chiéu (2D-CNN) va M6 hinh Transformer. Céc mé hinh nay dwoc dp dung
trén tap dir liéu HUST bearing va danh gid dia trén kha ndng phan loai chinh xdc 16i tir tin
hiéu rung dong. Két qua cho thdy 1D-CNN, 2D-CNN va Transformer cé hiéu sudt vueot tréi
trong chan dodn 16i 6 bi. Cu thé, ID-CNN dat dg chinh xdc 99.8% trén tdp hudn luyén va
99.83% trén tdp kiém tra, tiép theo la 2D-CNN véi 99.1% va 99.3%. M6 hinh Transformer
ciing dat két qua 16t v6i dg chinh xdc 99.7% sau 1 glo’ hudn luyen tuong du’(mg voi 1D-
CNN (1 gio) va 2D-CNN (0.8 gio). Ngwoc lai, LSTM va SVM c6 dg chinh xdc thap hon va
thoi gian hudn luyén dai hon déang ké, trong d6, LSTM mat 11.5 gio va SVM mat 8 gio-
Nhitng két qua nay cho thay ID-CNN, 2D-CNN va Transformer la cdc phu"ong phap hiéu
qud cao trong chan dodn 16i 6 bi, véi mé hinh Transformer dat hiéu sudt va toc dé hudn
luyén twong duwong cac moé hinh CNN.

Tir kho: Chin doan 15i 8 bi; Hoc may; Hoc sdu; Mang no-ron tich chdp; Mang ¢ b nhé dai ngén han; M4y vector hd
trg; M6 hinh Transformer.
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