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Abstract. Deep learning-based intelligent fault diagnosis methods have been widely applied in 
industrial production. However, in practical scenarios, the non-stationary characteristics and 
strong noise interference of bearing vibration signals significantly constrain the improvement of 
diagnostic accuracy. To address this issue, this paper proposes an intelligent fault diagnosis 
framework based on Variational Mode Decomposition (VMD) and Transformer-SVM. This 
method first employs the Osprey-Cauchy-Sparrow Search Algorithm (OCSSA), with minimum 
envelope entropy as the optimization objective, to adaptively determine and optimize VMD's 
mode number K and penalty factor α, thereby obtaining the optimal signal decomposition result. 
Multi-dimensional indicators are then extracted from the reconstructed signal to construct feature 
vectors. Subsequently, leveraging the transformer's powerful capability for modeling global 
dependencies, it mines the deep nonlinear relationships among features. Combined with the 
Support Vector Machine's strong generalization performance in classification tasks, it achieves 
accurate classification of bearing faults under complex operating conditions. Comparative 
experiments on two public datasets show that the proposed method outperforms several existing 
methods in terms of both classification accuracy and robustness, verifying its effectiveness and 
advancement.  
Keywords: variational mode decomposition, Osprey-Cauchy-Sparrow search algorithm, 
transformer, support vector machine, fault classification. 

1. Introduction 

As crucial supporting components [1, 2], rolling bearings are widely used in industrial fields, 
and their operational status directly affects the reliability and stability of the entire machinery 
equipment [3]. Moreover, since these key components often operate continuously under extreme 
working conditions – such as hostile environments, impact loads, and complex dynamic stresses 
– such demanding circumstances make rolling bearing failures one of the most prevalent types of 
equipment malfunctions [4-6]. Therefore, achieving efficient fault diagnosis for rolling bearings 
is of paramount importance for ensuring equipment safety, enhancing utilization efficiency, and 
preventing significant losses. 

At present, the bearing fault diagnosis methods can mainly be divided into three categories: 
based on signal processing, machine learning and deep learning, respectively. The diagnosis 
methods based on signal processing mainly use various signal processing techniques such as time-
domain statistical parameters (such as kurtosis, skewness, etc.), frequency-domain analysis 
(envelope spectrum, spectral kurtosis, etc.) and time-frequency transformation (short-time Fourier 
transform, wavelet analysis, empirical mode decomposition, etc.) to extract fault features. 
However, this kind of method requires corresponding knowledge reserves and is identified by 
humans independently. 

Machine learning-based diagnostic methods can autonomously learn fault features, reducing 
the degree of human intervention. Common approaches utilize machine learning algorithms such 
as Support Vector Machines (SVM) and BP neural networks for fault pattern recognition. 
However, these methods also exhibit significant limitations. Firstly, the performance of the 
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diagnostic model is highly dependent on the accuracy of manual feature extraction [7]. Secondly, 
the diagnostic accuracy of the model has certain limitations [8], as its capability to handle 
nonlinear problems is limited, and machine learning-based methods still require combining signal 
processing techniques to manually extract and select features [9]. In complex industrial 
environments, strong background noise and interference signals often submerge key fault 
characteristics, placing extremely high demands on feature extraction algorithms [10]. 
Simultaneously, the non-stationary and nonlinear nature of bearing vibration signals can lead to 
classification difficulties and misjudgment risks [11]. Therefore, researchers often preprocess 
signals using various signal processing methods, such as Wavelet Packet Transform (WPT)  
[12, 13], Local Mean Decomposition (LMD) [14], and Empirical Mode Decomposition (EMD) 
[15, 16]. As one of the most commonly used methods, EMD is suitable for analyzing and 
processing nonlinear and non-stationary signals but suffers from mode mixing and end effects. 
Huang proposed the Ensemble Empirical Mode Decomposition (EEMD) method [17] to address 
the mode mixing issue in EMD, but it introduces noise and still fails to resolve the end effects. 
Dragomiretskiy [18] proposed the Variational Mode Decomposition (VMD) method, which can 
adaptively determine relevant frequencies while estimating corresponding modes, successfully 
handling nonlinear signals. The performance of mode decomposition methods is often 
significantly affected by parameter settings. To overcome this limitation, various parameter 
optimization strategies have been proposed in the literature. Li et al. [19] introduced dispersion 
entropy as an evaluation metric for mode reconstruction and combined it with a dual optimization 
mechanism to achieve adaptive parameter selection, thereby improving decomposition accuracy 
and robustness. Zhou et al. employed particle swarm optimization (PSO) to select VMD 
parameters [20], effectively reducing the influence of manual parameter tuning. Anil Kumar et al. 
[21] proposed a method based on mutual information (MI) to screen effective IMFs, thereby 
circumventing the dependency on fixed parameter settings. 

With the development of deep learning, deep learning-based fault diagnosis methods have 
been widely applied in bearing diagnostics. Wang et al. [22] proposed a multimodal diagnostic 
method that integrates vibration and acoustic signals, utilizing a one-dimensional convolutional 
neural network (1D-CNN) for feature fusion and fault identification, effectively improving 
diagnostic accuracy. Yan et al. [23] extracted health information using frequency-domain features 
and combined it with an enhanced long short-term memory (LSTM) network to further extract 
features, enabling effective prediction of the remaining useful life of motor bearings. Among the 
numerous deep learning algorithms, the Transformer, with its self-attention mechanism and multi-
head attention structure, can effectively capture global feature dependencies and possesses 
excellent parallel computing capabilities, significantly enhancing model training and inference 
efficiency. Dosovitskiy et al. [24] introduced the Vision Transformer (ViT) model, applying 
Transformer networks in computer vision. Li et al. proposed a novel CNN-Transformer network 
capable of extracting both local and global discriminative features from vibration signals, 
demonstrating strong noise resistance [25]. While deep learning-based methods have achieved 
significant results in the field of fault diagnosis, their classifiers often fall short of expectations 
when handling nonlinear problems and may reduce the model’s generalization ability. In contrast, 
SVM exhibits strong generalization capability and compared to common classification methods 
such as decision trees, Softmax, and logistic regression, it is less prone to overfitting and delivers 
excellent classification performance. Therefore, some scholars have adopted methods that 
combine deep learning with machine learning to achieve better classification results. Zhang Xunjie 
et al. [26] proposed an algorithm based on a modified convolutional neural network (CNN) and 
support vector machine, fully leveraging the powerful feature learning capability of CNN and the 
superior classification performance of SVM on small samples, thereby improving classification 
accuracy. Li Zhijun et al. [27] proposed a CNN-SVM hybrid model that effectively enhanced the 
accuracy of lithology identification. 

In summary, to address the issues of manual parameter dependence in modal decomposition 
effectiveness and the limited performance of neural network classifiers in handling nonlinear 
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problems, this paper proposes an intelligent classification model based on parameter-optimized 
VMD and Transformer-SVM. The main contributions are as follows: 

1) To address the challenge that VMD decomposition performance is highly sensitive to 
parameter selection, this paper proposes an integrated Osprey-Cauchy-Sparrow Search Algorithm 
(OCSSA) that selects optimal VMD parameters by minimizing envelope entropy, thereby 
enhancing fault features. 

2) A hybrid diagnostic model integrating Transformer and SVM is proposed, combining 
Transformer's global dependency feature extraction capability with SVM's excellent classification 
performance. Comparative experiments demonstrate the significant advantages of this method in 
classification performance. 

The structure of this paper is organized as follows: Section 2 introduces the relevant theories 
and the framework of the proposed method. Subsequently, Section 3 presents experimental 
validation of the proposed method across various performance aspects. Finally, Section 4 provides 
concluding remarks. 

2. Theoretical background 

2.1. VMD principles 

VMD is a non-recursive signal decomposition algorithm that decomposes a signal into several 
Intrinsic Mode Functions (IMF) based on a preset decomposition level. The resulting IMFs can 
be expressed as: 𝑢௞ሺ𝑡ሻ = 𝐴௞ሺ𝑡ሻcos𝜑௞ሺ𝑡ሻ, (1)

where 𝑢௞ሺ𝑡ሻ represents the 𝑘-th decomposed component, 𝐴௞ሺ𝑡ሻ denotes the instantaneous 
amplitude, and 𝜑௞ሺ𝑡ሻ is the signal phase. 

The objective of VMD is to ensure that the sum of the decomposed IMF components equals 
the original signal while minimizing the total bandwidth of all modal components. Consequently, 
the constrained variational model is formulated as follows: 

⎩⎪⎨
⎪⎧𝑚𝑖𝑛ሼ௨ೖሽ,ሼఠೖሽ ൝෍ฯ𝜕௧ ൤൬𝛿ሺ𝑡ሻ + 𝑗𝜋𝑡൰ ∗ 𝑢௞ሺ𝑡ሻ൨ 𝑒ି௝ఠೖ௧ฯଶଶ௞ ൡ ,
෍𝑢௞௄
௞ୀଵ = 𝑥ሺ𝑡ሻ,  (2)

where 𝜔௞ is the center frequency of each IMF component, 𝑥(𝑡) is the original signal, 𝛿(𝑡) 
represents the Dirac delta function, and ∗ denotes the convolution operation. 

To solve this constrained variational problem, the Lagrangian multiplier and quadratic penalty 
factor are introduced, transforming the formula into: 

𝐿(ሼ𝑢௞ሽ, ሼ𝜔௞ሽ, 𝜆) = 𝛼෍ฯ𝜕௧ ൤൬𝛿(𝑡) + 𝑗𝜋𝑡൰ ∗ 𝑢௞(𝑡)൨ 𝑒ି௝ఠೖ௧ฯଶଶ௞ + ะ𝑥(𝑡) −෍𝑢௞(𝑡)௞ ะଶ
ଶ 

      + 〈𝜆(𝑡), 𝑥(𝑡) −෍𝑢௞(𝑡)௞ 〉. (3)

The above formulation is solved through iterative updates of the values of ሼ𝑢௞ሽ, ሼ𝜔௞ሽ, 𝜆 until 
the optimal solution is obtained. The update expressions are as follows: 
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𝑢ො௞௡ାଵ(𝜔) = 𝑥ො(𝜔) −෌ 𝑢ො௜௡(𝜔)௜ஷ௞ + 𝜆መ௡(𝜔)21 + 2𝛼(𝜔 −𝜔௞௡)ଶ , (4)

𝜔௞௡ାଵ = ׬ 𝜔|𝑢ො௞௡(𝜔)|ଶ𝑑𝜔ஶ଴׬ |𝑢ො௞௡(𝜔)|ଶ𝑑𝜔ஶ଴ , (5)

𝜆መ௡ାଵ(𝜔) = 𝜆መ௡(𝜔) + 𝜏 ൥𝑥ො(𝜔) −෍𝑢௞௡ାଵ(𝜔)௄
௞ୀଵ ൩, (6)

where 𝑥ො(𝜔), 𝑢ො(𝜔) and 𝜆መ(𝜔) are the Fourier transform results of 𝑥(𝑡), 𝑢(𝑡) and 𝜆(𝑡) respectively, 
and 𝑛 is the iteration count. The iteration terminates when the following condition is met: ෌ ‖𝑢ො௞௡ାଵ − 𝑢ො௞௡‖ଶଶ௄௞ୀଵ ‖𝑢ො௞௡‖ଶଶ < 𝜀, (7)

where 𝜀 is the convergence threshold. 
Although VMD possesses excellent adaptive characteristics and can effectively handle 

nonlinear signals, its decomposition performance is influenced by the number of modal 
components and the penalty factor. Manual setting of these parameters often fails to achieve the 
desired objectives, thus necessitating suitable algorithms for optimizing VMD parameters. 

2.2. OCSSA 

The Sparrow Search Algorithm (SSA) was proposed in 2020 [28], inspired by sparrows’ 
foraging and anti-predation behaviors. This algorithm exhibits strong global exploration and local 
exploitation capabilities, demonstrating high stability and fast convergence, with a simple 
structure and few parameters. However, SSA is still prone to falling into local optima when 
dealing with complex functions and suffers from over-reliance on the previous generation's 
position update mechanism. Therefore, OCSSA introduces improvements to SSA primarily 
through three aspects. 

First, for the initial population, logistic chaotic mapping is used to enhance the diversity of the 
initialized population, as shown in the following equation: 𝑦௠ = 𝜇𝑦௠(1 − 𝑦௠), (8)

where 𝑦௠ ∈ (0,1ሿ, 𝜇 ∈ (0,4) represents the control parameter of the mapping evolution. As the 
value of 𝜇 increases, the mapping range expands and the distribution becomes more uniform. 

Furthermore, the Osprey Optimization Algorithm (OOA) [29] is introduced to address SSA’s 
dependency on previous iteration positions. By simulating the movement of ospreys toward prey, 
the position update mechanism for explorers in SSA is enhanced, thereby improving global 
exploration capability. The first-phase global search strategy is as follows: 𝑋௜,௝ = 𝑥௜,௝ + 𝑟௜,௝൫𝑆𝐹௜,௝ − 𝐼௜,௝𝑥௜,௝൯, (9)

where 𝑆𝐹 is the fish selected by the osprey, 𝑟 is a random number between [0,1], and 𝐼 is either 1 
or 2. 

Finally, the Cauchy distribution is employed to replace the position update for followers in 
SSA. The Cauchy distribution generates greater perturbations compared to the Gaussian 
distribution, which expands the search scope of SSA and helps avoid convergence to local optima 
by introducing perturbations throughout the update phase. The position update formula is as 
follows: 
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𝑃௜௝(𝑡) = 𝑃(𝑡)൫1 + 𝐶𝑎𝑢𝑐ℎ𝑦(0,1)൯, (10)

where 𝑃(𝑡) represents the sparrow’s position, and 𝐶𝑎𝑢𝑐ℎ𝑦(0,1) is a random number generated 
from the standard Cauchy distribution. 

The VMD parameters are optimized using the OCSSA algorithm, with the detailed procedure 
shown in Table 1. 

Table 1. Algorithm flow 
Input: One-dimensional vibration signal 𝑥, search range of decomposition level 𝑘, search 
range of penalty factor 𝛼, maximum iteration number 𝑇, population size 𝑁, explorer 
proportion 𝑃, watcher proportion 𝑆. 
Output: Optimal decomposition level 𝑘, optimal penalty factor 𝛼, best IMF components 
Set the fitness value to minimize envelope entropy, iteratively calculate 𝑘 and 𝛼 with the 
smallest envelope entropy. 
     Envelope entropy formula: E = −∑ p୧logଶ(p୧)୩୧ୀଵ   
Perform VMD signal decomposition 
While 𝑡 < 𝑇 do 
For 1: 𝑁 
Initialize population using chaotic mapping 
End 
Select better individuals based on fitness ranking to guide the search 
For 1: 𝑃 
Update sparrow positions using the first-phase position formula optimized by OOA 
End 
For (𝑃 + 1):𝑁 
Update sparrow positions using Cauchy mutation formula 
End 
For 1: 𝑆 
Update watcher positions 
End 
If new position is better, update position, 𝑡 = 𝑡 + 1 
end While 
Output optimal decomposition level 𝑘, optimal penalty factor 𝛼, and best IMF components 

2.3. Transformer principles 

Transformer is a novel deep neural network primarily based on the self-attention mechanism. 
During data processing, positional information is first embedded into the data. The data with 
positional encoding is then fed into the Transformer encoder, which leverages multi-head 
self-attention layers and multi-layer perceptrons to establish mapping relationships between inputs 
and outputs. 

The multi-head attention mechanism enables parallel feature learning by implementing 𝑁 
independent attention heads in parallel. Each attention head first projects the input into query, key, 
and value vectors. It then calculates attention weights through dot-product operations, ultimately 
outputting a weighted sum of the values. The computational process is as follows: 𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑(𝑄,𝐾,𝑉) = 𝐶𝑜𝑛(𝐻ଵ,𝐻ଶ⋯𝐻௡)𝑊௢, (11)

where 𝑊௢ is the weight matrix of the multi-head attention mechanism, 𝐻௜ can be represented as: 
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𝐻௜ = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛൫𝑄𝑊௜ொ,𝐾𝑊௜௄ ,𝑉𝑊௜௏൯ = 𝑠𝑜𝑓𝑡max ቈ൫𝑄𝑊௜ொ൯(𝐾𝑊௜௄)்ඥ𝑑௞ ቉ (𝑉𝑊௜௏), (12)

where 𝑄 is the query matrix, 𝐾 is the key matrix, 𝑉 is the value matrix, 𝑑௞ is the dimension of key 
vectors. 

Meanwhile, layer normalization is added after each layer. The input image is transmitted to 
the MLP after multi-head attention processing, where the fully connected layer completes the 
mapping, and finally achieves bearing fault classification through Softmax function operation to 
output category probabilities. 

Transformer achieves efficient parallel computation through its self-attention mechanism and 
possesses powerful long-range dependency modeling capabilities, enabling effective feature 
extraction from non-stationary signals. However, the Softmax classification function it employs 
often fails to deliver satisfactory results when handling nonlinear problems and frequently leads 
to overfitting issues. 

2.4. Support vector machine principles 

Support Vector Machine is grounded in statistical learning theory and demonstrates high 
accuracy in handling small-sample classification tasks. By constructing kernel functions to map 
the input space into a higher-dimensional space, it creates an optimal classification hyperplane for 
category separation. For given data 𝑥 and labels 𝑦, the classification hyperplane can be defined as (𝑤 ⋅ 𝑥) + 𝑏 = 0 linear function, and the optimal hyperplane can be constructed by solving the 
following optimization problem: 

൝𝑦௜[(𝑤 ⋅ 𝑥) + 𝑏] ≥ 1,minΦ(𝑤) = 12 ‖𝑥‖ଶ = 12 (𝑤ᇱ ⋅ 𝑤). (13)

By converting the aforementioned optimization model into a Lagrange function for solution: 𝐿(𝑤, 𝑏,𝛼) = 12 ‖𝑤‖ −෍𝛼൫𝑦൫(𝑤 ⋅ 𝑥) + 𝑏൯ − 1൯, (14)

where 𝛼 ≥ 0 represents the Lagrange multiplier. Its dual problem forms a typical convex quadratic 
optimization model, from which the SVM model parameters 𝜔∗ and 𝑏∗ can be derived. In the 
feature space of SVM, the distance 𝐷 between the original feature vector and the optimal 
hyperplane can be expressed as: 

𝐷  =   |𝜔∗ ⋅ Φ(𝑥) + 𝑏∗|‖𝜔∗‖ . (15)

Maximizing this distance can enhance the robustness of the SVM. 

2.5. Proposed methodology 

This paper proposes a model based on OCSSA-optimized VMD for feature extraction 
combined with Transformer-SVM, and applies it to faulty bearing diagnosis. To address the 
dependency of VMD decomposition on the mode number k and penalty factor 𝛼, the model first 
utilizes an optimization algorithm to adaptively select the optimal VMD parameters. The selected 
optimal IMFs are then used to compute a set of indicators – including mean, variance, peak value, 
kurtosis, RMS, crest factor, impulse factor, margin factor, and waveform factor – to construct 
feature vectors as input for the subsequent neural network. The global modeling capability of 
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Transformer is then leveraged to further extract deep-level features to aid in final fault 
classification. Finally, the features extracted by Transformer are fed into a SVM, which utilizes 
the principle of structural risk minimization to achieve accurate fault pattern classification. The 
specific workflow is shown in Fig. 1. 

 
Fig. 1. Overall flowchart 

3. Experimental validation 

This section validates the performance superiority of the employed optimization algorithm 
through algorithmic testing, utilizes two public datasets to verify the accuracy of the proposed 
method, and demonstrates the advantages of the proposed approach by comparing it with different 
architectures. 

3.1. Algorithm testing 

This paper introduces and employs the OCSSA algorithm to optimize VMD parameters. In 
this subsection, its performance superiority is validated through comparisons with five other 
common algorithms: Aquila Optimizer (AO) [30], Moth Firefly Optimization (MFO) [31], Honey 
Badger Algorithm (HBA) [32], Marine Predator Algorithm (MPA), and Sparrow Search 
Algorithm (SSA) [33]. 

To comprehensively evaluate the performance of different optimization algorithms, six test 
functions listed in Table 2 are employed to assess their performance under various optimization 
scenarios. To ensure a fair comparison, all algorithms are uniformly configured with a population 
size of 30, a maximum of 1000 iterations, and a problem dimension of 30. Three-dimensional 
diagrams of the different test functions are shown in Fig. 2. 

The solution accuracy and convergence speed of the algorithms are evaluated using the 
aforementioned test functions. Fig. 3 illustrates the comparison of convergence accuracy and 
speed among the six algorithms. The letters at the bottom of the figure correspond to the different 
test functions mentioned above, while the curves in different colors represent the convergence 
processes of the respective algorithms on each test function. The vertical axis denotes the function 
value, and the horizontal axis represents the number of iterations. 

As observed from the figure, OCSSA demonstrates high convergence accuracy and fast 
convergence speed across all test functions. Its convergence curve descends rapidly and stabilizes 
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within a relatively short time, outperforming comparison algorithms such as SSA, AO, MFO, 
HBA, and MPA. In test function (e), OCSSA is the first to escape local optima and continues 
searching toward the global optimum. In test function (f), other algorithms tend to stagnate in local 
optima with slow subsequent improvement in accuracy, while SSA completely fails to escape 
local optima. In contrast, OCSSA converges at an extremely fast rate to a significantly higher 
accuracy level than the other algorithms. Comprehensive analysis confirms that OCSSA achieves 
the fastest convergence speed and the highest convergence accuracy across various types of 
nonlinear optimization problems, demonstrating excellent global optimization performance. 

 
a) 

 
b) 

 
c) 

 
d) e) 

 
f) 

Fig. 2. 3D diagrams of test functions 

 
a) 

 
b) 

 
c) 

 

 
d) 

 
e) 

 
f) 

Fig. 3. Convergence curves of different optimization algorithms 
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Table 2. Test functions 
No. Test functions Search range 𝑓௠௜௡ 

a 𝐹ଵ(𝑥) = ෍𝑥௜ଶ௡
௜ୀଵ  [−100,100]௡ 0 

b 𝐹ଶ(𝑥) = ෍|𝑥௜|௡
௜ୀଵ + ෑ|𝑥௜|௡

௜ୀଵ  [−10,10]௡ 0 

c 𝐹ଷ(𝑥) = ෍ቌ෍𝑥௝௜
௝ୀଵ ቍଶ௡

௜ୀଵ  [−100,100]௡ 0 

d 𝐹ସ(𝑥) = 𝑚𝑎𝑥௜ୀଵ௡ |𝑥௜| [−100,100]௡ 0 

e 𝐹ହ(𝑥) = ෍ቂ100൫𝑥௜ାଵ − 𝑥௜ଶ൯ଶ + (𝑥௜ − 1)ଶቃ௡ିଵ
௜ୀଵ  [−30,30]௡ 0 

f 𝐹 (𝑥) = ෍−𝑥௜sin ቀඥ|𝑥௜|ቁ௡
௜ୀଵ  [−500,500]௡ –125769.5 

3.2. Huazhong University of Science and Technology data validation 

The experiment utilizes the bearing fault dataset published by Huazhong University of Science 
and Technology [34]. This dataset was collected using a Spectra-Quest mechanical fault simulator 
and includes nine condition categories comprising normal, minor faults, and severe faults under 
different rotational speeds. The signal acquisition setup incorporates triaxial accelerometers and a 
tachometer. The experimental apparatus is shown in Fig. 4. 

 
Fig. 4. Bearing test rig at Huazhong University of Science and Technology 

The bearing model is ER-16K with a sampling frequency of 25.6 kHz and a single sampling 
duration of 10.2 seconds. The vibration signal is segmented into data slices every 0.2 seconds with 
an overlap of 0.05 seconds. Each condition generates 190 samples, with each sample containing 
5120 data points. The bearing dataset covers 9 distinct conditions. The complete dataset comprises 
1710 samples, of which 1440 are used as the training set and 270 as the test set, as detailed in 
Table 3. 

For the partitioned dataset, following the procedure in Algorithm 1, OCSSA is applied with 
the objective of minimizing envelope entropy to evaluate the concentration of impact features 
across IMF components. A lower envelope entropy value indicates that signal energy is more 
concentrated within fewer impact moments, reflecting more distinct impact characteristics. Based 
on this, the optimal VMD parameters are obtained and used to decompose the data, from which 
the optimal IMF component is identified. Nine features are then extracted from this component to 
form the fault feature vector. The signal resulting from the optimized VMD decomposition is 
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illustrated in Fig. 5. 

Table 3. Dataset partition 
Fault 

category 
Moderate ball 

fault 
Moderate 

compound fault 
Moderate inner 

race fault 
Moderate outer 

race fault 
Severe 

ball fault 
Label 1 2 3 4 5 

Samples 190 190 190 190 190 
 Severe 

compound fault Normal Severe inner 
race fault Severe outer race fault 

Label 6 7 8 9 
Samples 190 190 190 190 

 
Fig. 5. Comparison of original and reconstructed signals 

The figure displays time-domain comparisons of five signal types: normal bearing condition, 
severe inner race fault, severe outer race fault, severe ball fault, and severe compound fault, 
showing original signals (left) and reconstructed signals (right). The figure demonstrates that the 
optimized VMD effectively reduces noise interference. Therefore, selecting the optimal IMF 
components as computational signals can effectively enhance fault characteristics. 

The signal features constructed after OCSSA-VMD processing are input into the established 
Transformer-SVM network model, with the number of attention heads set to 8, initial learning rate 
to 0.001, learning rate decay factor to 0.1, and Adam optimizer. The resulting fault classification 
results are shown in Fig. 6. Since this study primarily focuses on investigating the impact of 
different features and network models on classification accuracy, all model parameters are 
assigned fixed values without further parameter optimization. 

Fig. 6 displays the classification results of nine bearing fault types under different diagnostic 
methods. The proposed method achieves the highest accuracy of 99.63 %, significantly 
outperforming other approaches and demonstrating exceptional capability in identifying subtle 
fault characteristics. In comparison, the methods in Fig. 6(b) and 6(c) achieve accuracies of only 
94.81 % and 90 %, respectively. Both misclassify moderate ball faults as severe inner race faults, 
primarily due to the oversimplified linear classification layer in the Transformer architecture and 
the insufficient feature mining by SVM. The method in Fig. 6(d) achieves an accuracy of 90.74 % 
and shows errors in classifying severe compound faults and normal signals, indicating that 
standalone VMD decomposition has limitations in extracting critical fault components, thereby 
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affecting subsequent feature learning and classification performance. Comprehensive comparison 
confirms that the proposed method exhibits significant advantages in both feature extraction and 
classification decision-making, effectively improving the accuracy of bearing fault diagnosis. 

 
a) OCSSA-VMD-Transformer-SVM 

 
b) OCSSA-VMD-Transformer 

 
c) OCSSA-VMD-SVM 

 
d) VMD-Transformer-SVM 

Fig. 6. Confusion matrices of different algorithms 

 
Fig. 7. Classification accuracy of different algorithms 

Fig. 7 compares the classification performance of eight diagnostic methods, with all results 
presented as means and error bars based on five repeated experiments. Compared with 
conventional CNN and Transformer models, the proposed OCSSA-VMD-Transformer-SVM 
algorithm achieves the highest classification accuracy of approximately 99.1 %. From the 
perspective of input features, the performance of SVM, CNN, and Transformer models is 
significantly dependent on feature quality. When features are extracted using the VMD method 
optimized by OCSSA, the diagnostic accuracy is markedly higher than that achieved by the 
non-optimized VMD method, along with a notably narrower error range. This demonstrates that 
combining deep learning methods with optimized feature extraction strategies can effectively 
improve recognition accuracy and enhance model stability. From the perspective of network 
architectures, the Transformer-SVM structure consistently delivers the best performance across 
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different feature inputs. The proposed architecture integrates the strength of Transformer in deep 
feature extraction with the generalization capability of SVM, thereby significantly improving the 
model's ability to discriminate multiple fault types under complex working conditions. 

Table 4. Time cost of different algorithms 
Algorithms Time cost (S) 
VMD-CNN 30.05 

VMD-Transform 33.56 
VMD-Transform-SVM 33.58 
OCSSA- VMD-CNN 30.36 

OCSSA- VMD-Transform 33.72 
OCSSA- VMD-Transform-SVM 33.73 

The time costs of various algorithms are summarized in Table 4, with results averaged over 
five repeated experiments. While SVM exhibits the lowest time cost, its accuracy is also the 
lowest; hence, only the time costs of different deep learning algorithms are presented here. 
Compared to other methods, the proposed OCSSA-VMD-Transformer-SVM model not only 
achieves the highest classification accuracy but also maintains a time cost comparable to that of 
the baseline CNN network. In summary, the proposed method optimizes the model from both the 
feature and architecture levels by integrating improved network architecture and optimized feature 
extraction, achieving higher fault classification accuracy under comparable time costs.  

3.3. Case Western Reserve University data validation 

The experiment utilizes the bearing fault dataset released by Case Western Reserve University 
[35]. The test rig consists of a motor, torque transducer, dynamometer, and control system. 
Single-point faults were introduced using electric discharge machining with fault diameters of 
0.007 inches, 0.014 inches, and 0.021 inches. The fault types include inner race faults, outer race 
faults, and ball faults, totaling 9 fault conditions. Combined with the normal bearing condition, 
this forms a 10-class bearing fault dataset. The experimental setup is shown in Fig. 8. 

 
Fig. 8. Case Western Reserve University bearing test rig 

The bearing used is SKF6205 with a sampling frequency of 12,000 Hz. The individual data 
sampling duration varies between 10-20 seconds. Therefore, 2024 data points are uniformly 
extracted to form one data sample using a sliding window of 1000 data points. Each fault category 
yields 120 data samples, with 100 allocated for training and 20 for testing. The dataset comprises 
1200 samples in total, with 1000 designated as the training set and 200 as the test set, as detailed 
in Table 5. 

Similarly, the classified data is processed using OCSSA-VMD, and the corresponding signal 
features are extracted as input vectors. The processing methods and parameters remain consistent 
with those described in Section 3.2. The classification results of four comparative methods are 
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shown in Fig. 9. 

Table 5. Dataset partition 
Fault 

category Normal 0.007 Inner 
race fault 0.007 Ball fault 0.007 Outer 

race fault 
0.014 Inner 
race fault 

Label 1 2 3 4 5 
Samples 120 120 120 120 120 

 0.014 Ball 
fault 

0.014 Outer 
race fault 

0.021 Inner 
race fault 0.021 Ball fault 0.021 Outer 

race fault 
Label 6 7 8 9 10 

Samples 120 120 120 120 120 
 

 
a) OCSSA-VMD-Transformer-SVM 

 
b) OCSSA-VMD-Transformer 

 
c) OCSSA-VMD-SVM 

 
d) VMD-Transformer-SVM 

Fig. 9. Confusion matrices of different algorithms 

Fig. 9 displays the classification results of the ten-class bearing fault data using different 
methods. The proposed method achieves an accuracy of 99.5 %, with only one normal sample 
misclassified as a minor ball fault. In comparison, the methods in Fig. 9(b) and 9(c) achieve 
accuracies of only 97 % and 87 % respectively, validating the effectiveness of the Transformer-
SVM fusion strategy in enhancing classification performance. The method in Fig. 9(d) achieves 
an accuracy of 92 %, indicating that the unoptimized VMD decomposition underperforms in fault 
feature extraction, thereby limiting subsequent classification performance. A comprehensive 
comparison of the four methods demonstrates the significant advantage of the proposed approach 
in classification accuracy. 

Fig. 10 compares the classification performance of eight diagnostic methods on the Case 
Western Reserve dataset, with all results presented as the average and error bars from five repeated 
experiments. Compared to CNN and Transformer models under different feature inputs, the 
proposed OCSSA-VMD-Transformer-SVM model achieved the highest classification accuracy of 
approximately 99.2 %. From the perspective of feature extraction methods, when features were 
extracted using the VMD method optimized by OCSSA, diagnostic accuracy was significantly 
higher than that of the non-optimized VMD method, with a noticeably narrower error range. This 
indicates that optimizing the input features can more effectively highlight fault characteristics, 
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thereby improving the diagnostic performance of the network. From the dimension of network 
architecture, the Transformer-SVM structure performed optimally across different feature input 
conditions; the diagnostic accuracy of the standalone Transformer model and CNN decreased 
relatively; using SVM alone for classification yielded the poorest results. 

 
Fig. 10. Classification accuracy of different algorithms 

Table 6. Time cost of different algorithms 
Algorithms Time cost (S) 
VMD-CNN 20.43 

VMD-Transform 17.79 
VMD-Transform-SVM 17.81 
OCSSA- VMD-CNN 20.84 

OCSSA- VMD-Transform 18.01 
OCSSA- VMD-Transform-SVM 18.03 

The time costs of different algorithms are presented in Table 6. Compared to other methods, 
the model proposed in this paper exhibits a time cost that is comparable to other approaches, while 
achieving the highest classification accuracy. In summary, the proposed method can achieve 
higher fault classification accuracy and stability than other methods under comparable time costs. 

4. Conclusions 

To address the challenges of non-stationary signal feature extraction and strong noise 
interference in bearing fault classification, an intelligent classification model based on 
OCSSA-VMD and Transformer-SVM is proposed. This algorithm employs the improved OCSSA 
with minimum envelope entropy as the criterion to adaptively optimize the mode number 𝐾 and 
penalty factor 𝛼 of VMD, achieving high-quality signal decomposition while constructing 
multi-dimensional feature vectors. The global dependency modeling capability of Transformer is 
leveraged to mine deep feature correlations, combined with the excellent generalization 
performance of SVM for accurate classification. Experimental analysis compares the convergence 
curves of OCSSA and five other optimization algorithms on benchmark functions, demonstrating 
that OCSSA exhibits superior performance over the compared optimization algorithms. 
Experiments conducted on bearing datasets from Huazhong University of Science and Technology 
and Case Western Reserve University, in comparison with seven other methods, show that the 
proposed algorithm achieves classification accuracies of 99.63 % and 99.5 %, respectively. 
Furthermore, a comparison of time costs among different methods demonstrates that the proposed 
algorithm achieves significantly higher classification accuracy than the compared methods under 
comparable time costs, validating its effectiveness and practicality in complex industrial scenarios. 

Although the proposed method demonstrates favorable performance in fault classification, it 
still has certain limitations. This study primarily focuses on improvements in signal processing 
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and network architecture integration, while considerations regarding network parameter 
optimization and adaptability to variable-speed operating conditions in real industrial scenarios 
remain insufficient. Therefore, future research will concentrate on variable-speed signal 
processing and network parameter optimization to provide more comprehensive and reliable 
diagnostic solutions for industrial applications. 
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