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1. Introduction 

 
The fault of rolling bearing will seriously affect the safe 

and stable operation of rotating machinery and equipment, 
so the condition monitoring and fault diagnosis of rolling 
bearing has very important practical research significance, 
and many scholars have carried out various studies on it. 
Traditional methods use classical signal processing methods, 
such as Fast Fourier Transform (FFT) (Harvey 2014), 
Wavelet Transform (Benchabane et al. 2018, Prawin and 
Rao 2018), Empirical Mode Decomposition (EMD) (Zang 
et al. 2013, Liu and Lin 2012) and so on, to judge whether 
there is a fault in the characteristic frequency, but these 
methods have certain limitations and shortcomings, and 
lack of universality. In recent years, some new algorithms, 
such as Ensemble EMD (EEMD) (Wu and Huang 2009, Liu 
et al. 2017) and Variational Mode Decomposition (VMD) 
(Dragomiretskiy and Zosso 2014, Liu et al. 2022, Liu et al. 
2025), have overcome some shortcomings of EMD 
algorithm and improved the efficiency of signal 
decomposition. At present, they have good application 
effects in bearing fault diagnosis. However, these methods 
sti1l lack adaptive ability to decompose bearing vibration 
signals. For complex bearing fault signals, only relying on 
people's subjective parameter decomposition may lead to 
the omission of fault feature information and seriously 
affect the effect of fault diagnosis. For example, VMD 
algorithm is greatly influenced by setting parameters, and 
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many scholars put forward corresponding optimization 
strategies for parameter setting (Chang et al. 2021, Liu et 
al. 2022, Liu et al. 2025). According to the number of 
affected modes of VMD algorithm results K and penalty 
factors α, the common way of parameter selection is to set 
parameters by human judgment (Sun et al. 2018), which 
lacks adaptability and affects the decomposition 
performance. In this paper, by analyzing the parameters K 
and α, in order to analyze the decomposition effect of VMD 
algorithm, a swarm intelligence algorithm— Whale 
optimization Algorithm (WOA) (Mirjalili and Lewis 2016, 
Amiri et al. 2020), which appeared in recent years, is 
proposed to optimize VMD parameters [K, α], VMD 
decomposition is carried out, and the minimum envelope 
entropy (Tang and Wang 2015) of each IMF component is 
calculated as the feature vector, thus improving the ability 
of fault feature extraction. 

After fault feature extraction, it must be input into the 
pattern classifier for correct recognition, in order to make an 
effective diagnosis of fault patterns. At present, Support 
Vector Machines (SVM) (Cortes and Vapnik 1995, 
Chahnasir et al. 2018) is an effective nonlinear pattern 
recognition method for small samples. SVM is very 
dependent on the selection of parameters. Some scholars 
use the Particle Swarm Optimization (PSO) (Nguyen-Ngoc 
et al. 2021) to optimize SVM for fault diagnosis and 
identification (Liu et al. 2013), which improves the 
classification effect of SVM. In recent years, with the 
development of deep learning (Cui et al. 2024, Chen 2021, 
Lee et al. 2020), the application of convolutional neural 
networks (CNN) (Khan 2020, Park et al. 2020) to optimize 
the parameters of SVM can effectively improve the 
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classification performance of SVM. Therefore, this paper 
adopts the fault diagnosis method of rolling bearing 
combined with CNN-SVM. CNN is used for feature 
extraction for initial identification, and then SVM classifier 
is used for further feature determination to accurately 
identify bearing faults. Compared with SVM classifier and 
PSO-SVM classifier, the classification accuracy of CNN-
SVM has been effectively improved, which proves that the 
method combining WOA-VMD and CNN-SVM can extract 
fault features and diagnose performance more effectively. 

 
 

2. The basic principle of VMD algorithm 
 
The basic fame work of VMD algorithm is the 

construction and solution of variational problems. VMD 
algorithm redefines the decomposed IMF component, 
assuming the kth the expression of the IMF component is 

 
 
 

 
 𝑢௞ሺ𝑡ሻ = 𝐴௞ሺ𝑡ሻ 𝑐𝑜𝑠൫𝜙௞ሺ𝑡ሻ൯ (1)
 

among them, 𝐴௞ሺ𝑡ሻ  and 𝜙௞ሺ𝑡ሻ  respectively are 𝑢௞ሺ𝑡ሻ 
instantaneous amplitude and instantaneous phase, and 𝜙௞ሺ𝑡ሻ is non-decreasing function, 𝜔௞ሺ𝑡ሻ = 𝜙௞’ ሺ𝑡ሻ ≥ 0 is 
the instantaneous angular frequency. 

Perform the Hilbert transform on each IMF (Intrinsic 
Mode Function) component function 𝑢௞ሺ𝑡ሻ, and get the 
unilateral spectrum of IMF component function 

 
 

 
 ൬𝛿ሺ𝑡ሻ + 𝑗𝜋𝑡൰ ∗ 𝑢௞ሺ𝑡ሻ (2)

 𝛿ሺ𝑡ሻ = ቊ0 𝑡 ≠ 0
∞ 𝑡 = 0, න 𝛿ሺ𝑡ሻ𝑑𝑡 = 1ା∞

ି∞  (3)

 
in the formula, δ(t) is Dirac function, the symbol “*” is a 
convolution operator. 

The center frequency of each IMF component is 
estimated to 𝑒ି௝ఠೖ௧ as a benchmark, frequency modulation 
of each IMF can be obtained. 

 ൤൬𝛿ሺ𝑡ሻ + 𝑗𝜋𝑡൰ ∗ 𝑢௞ሺ𝑡ሻ൨ 𝑒ି௝ఠೖ௧ (4)

 
among them, 𝜔௞ is the center frequency, k is the number 
of IMF components. 

After calculating the time derivative of the above 
formula, the sum of the signal bandwidths of each IMF 

component can be estimated by the square of the 𝐿ଶ norm 
again, and the following optimization constrained variation 
problem can be constructed 

 minሼ௨ೖሽ,ሼఠೖሽ ቊ∑௞ ฯ𝜕௧ ൤൬𝛿ሺ𝑡ሻ + 𝑗𝜋𝑡൰ ∗ 𝑢௞ሺ𝑡ሻ൨ 𝑒ି௝ఠೖ௧ฯଶ
ଶቋ (5)

 𝑠. 𝑡. ෍ 𝑢௞ = 𝑓௄
௞ୀଵ  (6)

 
in the formula, K is the number of IMF components that 
need to be decomposed, ሼ𝑢௞ሽ, ሼ𝜔௞ሽ correspond to the Kth 
IMF component and central frequency after decomposition, 
respectively. 𝜕௧ is for finding partial derivative. 

In order to solve the above-mentioned constrained 
variational problems, the Lagrange method should be used 
to transform the constrained problems into unconstrained 
ones. 

 

 
 

among them, α represents the secondary penalty factor, λ(t) 
represents the Lagrange multiplication operator, 〈∙〉 
represents the inner product operator. 

For the solution of the above formula, the alternating 
direction multiplication method of multipliers (ADM) 
(Chen Qingguo 2018) is adopted, this algorithm iteratively 
updates 𝑢௞ሺ𝑡ሻ , 𝜔௞ሺ𝑡ሻ  and 𝜆ሺ𝑡ሻ  alternately to find the 
optimal solution of its saddle point, which is the constrained 
variational equation. The update and solution process of 𝑢௞௡ାଵሺ𝑡ሻ is as follows 

 

 
Using Fourier equidistant transformation, the above 

formula is transformed into frequency domain to solve, and 
the following results are obtained. 

 𝑢ො௞௡ାଵሺ𝜔ሻ = 𝑥̑ሺ𝜔ሻ − ∑ 𝑢ො௜ሺ𝜔ሻ + ఒ̑ሺఠሻଶ௄௜ஷ௞1 + 2𝛼ሺ𝜔 + 𝜔௞ሻଶ  (9)

 
where, the symbol “^” represents Fourier transform. 

Similarly, the central frequency update solution is 
 𝜔௞௡ାଵ = ׬ 𝜔|𝑢̑௞ሺ𝜔ሻ|ଶ𝑑𝜔∞଴׬ |𝑢̑௞ሺ𝜔ሻ|ଶ𝑑𝜔∞଴  (10)

 
in the formula, 𝜔௞௡ାଵ represents the center of gravity of the 
current IMF component power spectrum. 

The update formula of 𝜆௡ାଵ is 
 𝜆௡ାଵ = 𝜆௡ + 𝜏 ൭𝑥 − ෍ 𝑢௞௡ାଵ௄

௞ୀଵ ൱ (11)

𝐿ሺሼ𝑢௞ሽ, ሼ𝜔௞ሽ, 𝜆ሻ = 𝛼 ෍ ฯ𝜕௧ ൤൬𝛿ሺ𝑡ሻ + 𝑗𝜋𝑡൰ × 𝑢௞ሺ𝑡ሻሿ𝑒ି௝ఠೖ௧ฯଶ
ଶ +௄

௞ୀଵ ะ𝑥ሺ𝑡ሻ − ෍ 𝑢௞ሺ𝑡ሻ௄
௞ୀଵ ะଶ

ଶ + ൽ𝜆ሺ𝑡ሻ, 𝑥ሺ𝑡ሻ − ෍ 𝑢௞ሺ𝑡ሻ௄
௞ୀଵ ඁ (7)

𝑢௞௡ାଵሺ𝑡ሻ = 𝑎𝑟𝑔𝑚𝑖𝑛 ൝𝛼 ෍ ฯ𝜕௧ ൤൬𝛿ሺ𝑡ሻ + 𝑗𝜋𝑡൰ × 𝑢௞ሺ𝑡ሻ൨ 𝑒ି௝ఠೖ௧ฯଶ
ଶ௄

௞ୀଵ + ะ𝑥ሺ𝑡ሻ − ෍ 𝑢௜ሺ𝑡ሻ௄
௜ஷ௞ + 𝜆ሺ𝑡ሻ2 ብଶ

ଶൡ (8)
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Fig. 1 Signal modal components 
 
 

in the formula, τ is the update factor. 
Through the above analysis, the specific process of 

VMD algorithm is as follows: 
 

① Initialize {𝑢௞ଵ}, {𝜔௞ଵ}, 𝜆ଵ, and the value of n; 
② n = n + 1, execute the loop program; 
③ Update {𝑢௞}, {𝜔௞}; 
④ k = k + 1, repeated updates {𝑢௞}, {𝜔௞}, until k = K; 
⑤ Update 𝜆௡ାଵ; 
⑥ Set the discrimination accuracy ε, until the iteration 

stop condition is ∑௞‖𝑢௞௡ାଵ − 𝑢௞௡‖ଶଶ ‖𝑢௞௡‖ଶଶ < 𝜀⁄  to 
end the loop. you can get K IMF component 
outputs. 

 

For example, when the modal decomposition number is 
K = 9, α = 2500, the decomposition result of VMD 
algorithm is shown in Fig. l. 

 
 

3. Feature extraction of VMD parameters based on 
whale algorithm optimization (WOA-VMD) 
 
According to the analysis in the previous section, the 

selection of two parameters K and α in VMD algorithm will 
affect its decomposition performance, but there is no 
definite pattern for the selection of K and α. Usually, a high 
K value can lead to excessive decomposition, while a low K 
value may result in insufficient signal decomposition; If the 
α value is too high, it will reduce the bandwidth of the 
decomposed IMF component, and if the α value is too low, 
it will increase the bandwidth of the IMF component. 
Therefore, selecting the appropriate values of parameters K 
and α is crucial for the effectiveness of VMD 
decomposition. Based on this, the WOA algorithm is used 
to optimize VMD parameters K and α, the minimum 
envelope entropy function is taken as the fitness function of 
WOA in this paper. Envelope entropy represents the 
sparsity of the original signal, when there is more noise and 
less feature information in the IMF component, the 
envelope entropy value is larger; On the contrary, the 
envelope entropy value is smaller (Tang and Wang 2015). 

Fig. 2 Implementation process of WOA
 
 
3.1 Whale optimization algorithm 
 
Whale Optimization Algorithm (WOA) (Mirjalili and 

Lewis 2016, Amiri et al. 2020) is a swarm intelligence 
optimization algorithm based on biological inspiration, 
which is inspired by the bubble net predation behavior of 
humpback whales. The algorithm seeks the global optimal 
solution by simulating the whale predation process. Its basic 
principle includes three stages: surrounding prey, random 
search and spiral hunting. The specific implementation flow 
of WOA is as follows in in Fig. 2. 

Among them, p is a random search probability, p ∈ [0, 
1]; A is the convergence factor, A is a random value 
between [-a, a], a ∈ [0, 2]. 

 
3.2 WOA-VMD parameter optimization 
 
The WOA algorithm is used to optimize the VMD 

parameters K and α. Firstly, the position of whale 
population is initialized, and the minimum value of 
envelope entropy (Zhao et al. 2022) is used as the fitness 
function. The envelope entropy 𝐸௣ can be expressed as 
follows 

 𝐸௣ = − ෍ 𝜀ሺ𝑖ሻ 𝑙𝑔 𝜀 ሺ𝑖ሻே
௜ୀଵ  

𝜀ሺ𝑖ሻ = 𝑎ሺ𝑖ሻ∑ 𝑎ሺ𝑖ሻே௜ୀଵ  
(12)

 
in the formula, 𝑎ሺ𝑖ሻ is the decomposed envelope signal; 𝜀ሺ𝑖ሻ is the normalized form of 𝑎ሺ𝑖ሻ. 

The steps of WOA-VMD parameter optimization 
algorithm are as follows: 

 

① Initialize whale population position [K, α]; 
② The data signal is decomposed by VMD algorithm 

to obtain IMF components, and the envelope 
entropy of each IMF component is calculated; 

③ The minimum envelope entropy function is used as 
the fitness function for global search; 

④ Update the whale individual position according to 
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Fig. 3 Extraction process of feature vectors
 
 
the WOA main algorithm; 

⑤ Judge the termination condition of the algorithm, so 
as long as the envelope entropy of the data signal 
reaches the minimum value or the set maximum 
number of iterations, the calculation can be stopped 
and the optimal parameter combination [K, α] can 
be output; 

⑥ Set the control parameters of VMD algorithm with 
the optimal parameter combination, and perform 
variational modal decomposition on the data signal. 

 
3.3 Extraction of feature vectors 
 
After optimizing the parameters of VMD by WOA 

algorithm, the optimal parameter combination [K, α] of 
VMD decomposition is obtained. Using VMD algorithm to 
decompose the data signal, we can get K IMF components, 
calculate the correlation coefficient between each IMF 
component and the original data signal, and screen the IMF 
components according to the correlation coefficient, thus 
determining the IMF components to be extracted. The 
correlation coefficient is calculated according to the 
following formula 

 𝜌ሾ𝑢௞ሺ𝑡ሻሿ = ቀ𝑥ሺ𝑡ሻ − 𝐻൫𝑢௞ሺ𝑡ሻ൯ቁ ⊗ 𝐴௞ሺ𝑡ሻ (13)
 

in the formula, 𝜌ሾ𝑢௞ሺ𝑡ሻሿ  represents the correlation 
coefficient; 𝑥ሺ𝑡ሻ is an original data signal; 𝐻൫𝑢௞ሺ𝑡ሻ൯ is 
the power signal obtained by Hilbert transform of the kth 
IMF components; 𝐴௞ሺ𝑡ሻ is the amplitude of the kth IMF 
component; “⊗” represents convolution operation. 

The number of screened IMF components is taken as the 
number of feature vectors, and the envelope entropy (Zhao 
et al. 2022) of each IMF component is calculated as the 
extracted feature vector. The extraction process of feature 
vectors is shown in Fig. 3. 

 
 

4. Fault classification based on convolutional 
neural network and support vector machine 
 
4.1 Convolutional Neural Network (CNN) 
 
The basic structure of CNN includes: input layer, 

convolution layer, activation function, pooling layer, full 

Fig. 4 CNN basic structure diagram
 
 

connection layer and output layer, as shown in Fig. 4. 
CNN calculation process is as follows: 
 
(a) Input layer 
Before inputting the data into the neural network, it is 

necessary to preprocess the data. The preprocessing method 
is to normalize the data, that is 

 𝑦 = 𝑥 − 𝑥௠௜௡𝑥𝑚𝑖𝑛௠௔௫ (14)
 

in the formula, y represents the normalized data; x 
represents the original data; 𝑥௠௔௫ represents the maximum 
value of the original data; 𝑥௠௜௡ represents the minimum 
value of the original data. 

 
(b) Convolution layer 
The convolution layer uses convolution check to 

perform convolution operation on input data, and outputs a 
series of features through a nonlinear activation function. 
The calculation process is as follows 

 𝑋௟ = 𝑓ሺ𝑊௟ ⊗ 𝑋௟ିଵ + 𝐵௟ሻ (15)
 

in the formula, 𝑋௟ is the output of the lth layer; f(∙) is a 
nonlinear activation function; 𝑊௟  is the convolution 
kernel; 𝑋௟ିଵ is the input quantity of the lth layer; 𝐵௟ is 
the bias of the lth layer. 

 
(c) Pool layer 
Pool layer is to operate the input feature block to 

compress the data features to avoid over-fitting, and the 
calculation formula is 

 𝑋௟ = 𝜙ሺ𝑋௟ିଵሻ (16)
 

in the formula, φ(∙) is the pooling operator, this paper adopts 
the maximum pooling function. 

 
(d) Fully connected layer 
The fully connected layer is composed of multiple 

hidden layers, which is responsible for densely connecting 
each unit to all units in the previous layer. Specifically 
expressed as simple matrix multiplication plus offset, and 
then performing element-by-element nonlinear function 
activation, that is 

 𝑋௟ = 𝑓ሺ𝑊௟𝑋௟ିଵ + 𝐵௟ሻ (17)
 
(e) Output layer 
The output layer is the classification layer, and CNN 

uses the softmax classifier for classification, and the 
calculation formula is 
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 𝑌 = 𝑔ሺ𝑋௟ିଵ𝑊௟ + 𝐵௟ሻ (18)
 

in the formula, Y is the probability of outputting the 
corresponding input category; g(∙) is the activation function 
of the output layer. 

 
4.2 CNN-SVM fault classification 
 
(a) Support Vector Machine (SVM) 
SVM is a kind of generalized linear classifier for binary 

classification of data by supervised learning, and its 
decision boundary is the hyperplane of the maximum side 
distance for learning samples (Zhou 2016). For nonlinear 
problems, nonlinear SVM can be obtained by mapping 
input data into high dimensional space with nonlinear 
function and applying linear SVM. Nonlinear SVM has the 
following optimization problems 

 𝑚𝑖𝑛௪,௕ ൝12 ‖𝑤‖ଶ + 𝐶 ෍ 𝜉௜ே
௜ୀଵ ൡ (19)

 𝑠. 𝑡. 𝑦௜ሾ𝑤்𝜑ሺ𝑋௜ሻ + 𝑏ሿ≥ 1 − 𝜉௜ 𝜉௜ ≥ 0 𝑖 = 1,2, ⋯ , 𝑁 (20)
 

in the formula, w is the normal vector of hyperplane; b is 
the deviation; C is a punishment factor; 𝜉௜ is a relaxation 
variable. This formula is transformed into by Lagrange 
function and duality principle 

 𝑚𝑎𝑥ఈ ቐ෍ 𝛼௜ே
௜ୀଵ − 12 ෍ ෍ൣ𝛼௜𝑦௜𝜑ሺ𝑋௜ሻ்𝜑൫𝑋௝൯𝑦௝𝛼௝൧ே

௝ୀଵ
ே

௜ୀଵ ቑ (21)

 𝑠. 𝑡. ෍ 𝛼௜𝑦௜ = 0ே
௜ୀଵ 0 ≤ 𝛼௜ ≤ 𝐶 𝑖 = 1,2, ⋯ , 𝑁 

(22)

 
in the formula, 𝛼௜ is Lagrange multiplier; 𝜅൫𝑋௜, 𝑋௝൯ = 𝜑ሺ𝑋௜ሻ்𝜑൫𝑋௝൯  is a kernel function. In this paper, RBF 
kernel function is used for classification. 

When SVM algorithm deals with too many data 
features, it will reduce the diagnostic rate of the algorithm. 
As an intelligent optimization method, PSO algorithm has 
good local search ability. Using PSO algorithm to select the 
best parameter model of SVM can greatly improve the 

 
 

Fig. 6 Fault classification process of CNN-SVM
 
 

accuracy of fault diagnosis. However, the performance of 
PSO-SVM algorithm depends heavily on the selection of 
kernel and the setting of parameters, and it lacks 
adaptability. Moreover, the algorithm is usually shallow 
learning, and its ability to deal with large-scale data is 
weak, and the training process is time-consuming. 

 
(b) CNN-SVM Classifier 
In this paper, a CNN-SVM method is presented to learn 

a separable representation of vibriation signals in fault 
pattern recongnition of rolling bearings. The architecture of 
CNN-SVM is shown in Fig. 5. 

The fault classification process of CNN-SVM is shown 
in Fig. 6. 

 
 

5. Experimental results and analysis 
 
5.1 Experimental data sources 
 
The experimental data set is the bearing fault data set of 

Case Western Reserve University Bearing Data Center, the 
bearing to be detected supports the rotating shaft of the 
motor. The model of the driving end bearing is SKF6205, 
and the sampling frequency is 12 kHz. Set four kinds of test 
loads, and the corresponding rotating speeds are 1797 rpm, 

 
Fig. 5 The architecture of the proposed CNN-SVM
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Fig. 7 Dynamic bearing fault simulation test bench
 
 

1772 rpm, 1750 rpm and 1730 rpm. Bearing damage is a 
single point damage by EDM, and the damage diameters are 
0.1778 mm, 0.3556 mm and 0.5334 mm respectively. The 
bearing fault positions are rolling body fault, outer ring fault 
and inner ring fault respectively. Therefore, the fault state of 
bearing can be divided into 9 kinds and a normal bearing 
state. The following Fig. 7 shows a rolling bearing failure 
simulation test bench. In Fig. 7, the test bench includes a 
two-horsepower electric motor (left in the diagram), a 
torque sensor/demodulator (center in the diagram), a power 
tester (right in the diagram), and an electronic controller 
(not shown in the diagram). 

 
 

 
 

The training data of the sample is bearing test speed of 
1797 rpm and sampling frequency of 12 kHz. The sample 
contains 10 fault types in normal state, with 120 groups of 
data for each fault type and 2048 data points for each group. 
If the number of screened IMF components is 9, so there are 
a total of 1200 × 9 feature vectors. Specific fault types and 
labels are shown in Table 1. 

 
5.2 Experimental model 
 
The sample data set divides the input feature vector set 

into training set and test set according to the proportion of 
80% and 20%, and then normalizes the data set according to 
Eq. (14). Aiming at the vibration signals of bearings in 10 
States, the parameters of VMD are optimized by WOA 
algorithm, assuming the whale population size is 30, the 
maximum number of iterations is 20, the range of 
decomposition levels is [2, 10], and the range of penalty 
factors is [200, 4000], and then the best parameter 
combination [K, α] is found as shown in Table 2. 

The optimized parameter VMD algorithm is used to 
decompose the bearing vibration signal, and the envelope 
entropy of the first nine IMF components is selected as the 
feature vector for sample training. The training samples of 
each fault state can be obtained 9×120 Envelope entropy. 
Selecting the minimum of 9 envelope entropy in each 
training sample as a set of feature vectors, 96 sets of 

 
 

 
 

Table 1 Types and labels of faults 
 Fault Type Number of fault samples Speed (rpm) Label 

NO. 1 Inner ring fault (IR007) 120 1797 1 
NO. 2 Rolling element failure (B007) 120 1797 2 
NO. 3 Outer ring fault (OR007) 120 1797 3 
NO. 4 Inner ring fault (IR014) 120 1797 4 
NO. 5 Rolling element failure (B014) 120 1797 5 
NO. 6 Outer ring fault (OR014) 120 1797 6 
NO. 7 Inner ring fault (IR021) 120 1797 7 
NO. 8 Rolling element failure (B021) 120 1797 8 
NO. 9 Outer ring fault (OR021) 120 1797 9 
NO. 10 Normal state (N) 120 1797 10 

 

Table 2 Best parameter combination [K, α] 
 Fault type Number of fault samples Speed (rpm) Label 

NO. 1 Inner ring fault (IR007) [10, 3325] -7.43652 Inner ring fault (IR007) 
NO. 2 Rolling element failure (B007) [3, 803] -7.33173 Rolling element failure (B007) 
NO. 3 Outer ring fault (OR007) [10, 2524] -7.41345 Outer ring fault (OR007) 
NO. 4 Inner ring fault (IR014) [2, 203] -7.14957 Inner ring fault (IR014) 
NO. 5 Rolling element failure (B014) [5, 477] -7.00279 Rolling element failure (B014) 
NO. 6 Outer ring fault (OR014) [8, 2535] -7.24607 Outer ring fault (OR014) 
NO. 7 Inner ring fault (IR021) [9, 2861] -7.44073 Inner ring fault (IR021) 
NO. 8 Rolling element failure (B021) [8, 854] -7.25085 Rolling element failure (B021) 
NO. 9 Outer ring fault (OR021) [7, 1870] -7.42329 Outer ring fault (OR021) 
NO. 10 Normal state (N) [4, 930] -6.81373 Normal state (N) 
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training set feature vectors and 24 sets of testing set feature 
vectors can be obtained. These eigenvectors are input into 
SVM classifier, PSO-SVM classifier and CNN-SVM 
classifier for training, and the prediction models in each 
fault state are obtained. 

 
(a) Fault classification results by SVM classifier 
The trained SVM classifier is used to classify the test-

samples in 10 fault states, and the classification results and 
confusion matrix results of the test samples are shown in 
Fig. 8. The classification accuracy of test samples is 
85.8333%; However, in the confusion matrix, diagonal 
elements represent the number of correct classifications. 
From the matrix diagram, it can be seen that fault numbers 
6 and 9 are misclassified. 

 
(b) The results of fault classification by PSO-SVM 

model 
Similarly, WOA-VMD is used to extract the feature 

vectors of 10 kinds of bearing data, which are input into 
PSO-SVM model for fault identification, the population 
size of PSO is 50 and the maximum number of iterations is 
100. The parameters of SVM are the same as those in SVM 
classifier in (a) Fault classification results by SVM 

 
 

 
 

classifier, that is, the optimization range of penalty factor C 
is [0.01,100] and the optimization range of radial basis 
function parameter G is [0.01,100]. There are 96 training 
sets and 24 testing sets in each fault state. The classification 
results of PS0-SVM model and the results of confusion 
matrix are shown in Fig. 9. The classification accuracy of 
test-samples is 98.75%, which is 12.9167% higher than that 
of SVM classifier. From the confusion matrix diagram, it 
can be seen that only a few samples in fault numbers 6 and 
7 are wrongly classified. 

 
(c) CNN-SVM model for fault classification results 
The feature vectors of 10 kinds of bearing data extracted 

by WOA-VMD are transformed into two-dimensional 
images, and the input feature vector matrix is processed by 
numerical block through convolution layer and pool layer of 
CNN model, The CNN parameter is set to: the convolution 
kernel size is 3 × 10, the number is 32, and the size of the 
pool layer is 2 × 2. Based on the principle of maximum 
pooling, 80% of the data is randomly selected for training, 
and then the remaining 20% of the input-data is tested, the 
feature data after preliminary training is obtained through 
CNN activation layer as the input of SVM classifier, 
According to the fault classification process of CNN-SVM, 

(a) Classification results (b) Confusion matrix results 

Fig. 8 Classification of SVM test samples

(a) Classification results (b) Confusion matrix results 

Fig. 9 Classification of PSO-SVM test samples
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Table 3 Comparison of fault recognition accuracy between 
different algorithms 

 
Accuracy of fault identification 

SVM PSO-SVM CNN-SVM 

NO. 1 89.5833 98.1667 99.5833 
NO. 2 87.9167 98.1667 100.0000 
NO. 3 90.0000 97.5833 99.5833 
NO. 4 93.3333 97.5833 99.1667 
NO. 5 92.9167 98.1667 99.5833 

 

 
 

SVM is used to judge whether the model converges, and the 
results of CNN-SVM classification and confusion matrix 
are shown in Fig. 10. The classification accuracy of test 
samples is 99.5833%, which is 13.75% and 0.8333% higher 
than that of SVM classifier and PSO-SVM classifier, 
respectively. From the confusion matrix diagram, it can be 
seen that only one sample in fault number 6 was wrongly 
classified. 

To verify the validity of this model proposed in this 
article, five groups of comparative experiments were 
conducted. Compare the classification results of CNN-SVM 
algorithm proposed in this paper with those of SVM 
algorithm and PSO-SVM algorithm, as shown in Fig. 11. 
The fault identification accuracy of each group of 
experiments is shown in Table 3. 

It can be concluded from the table that the average 
recognition rate of SVM algorithm is 90.75%, that of PSO-
SVM algorithm is 97.9333%, and that of CNN-SVM 
algorithm is 99.5833%. 

 
 

 
 

6. Conclusions 
 
In this paper, a new method of rolling bearing fault 

diagnosis based on WOA-VMD feature extraction and 
CNN-SVM classifier is proposed. WOA algorithm is 
optimized to VMD algorithm to extract feature vectors, and 
then it is combined with CNN-SVM method for fault 
diagnosis. Firstly, the number of modes K and penalty 
parameters α in VMD is calculated by WOA for 
optimization, the bearing vibration signal is adaptively 
decomposed into a series of IMF components with fault 
characteristics, and the minimum envelope entropy of IMF 
is used as fitness function. The decomposed IMF is selected 
according to the correlation coefficient method, and the 
IMF components with strong correlation are further 
extracted and their sample envelope entropy is calculated as 
the feature vector to improve the separability of the vector. 
Secondly, CNN-SVM classifier is used as a fault 
recognition method to identify rolling bearings, and CNN 
model is used to learn from two-dimensional time series 
data, which improves the ability of feature extraction. On 
the basis of CNN's preliminary judgment of fault types, 
SVM method is used to effectively improve the accuracy of 
fault identification. Through comparative experiments, it is 
known that for the same diagnosis model, the accuracy of 
SVM, PSO-SVM and CNN-SVM are 90.75%, 97.9333% 
and 99.5833% respectively, which proves that the proposed 
fault recognition method has good generalization ability and 
higher recognition accuracy. 

 
 
 

(a) Classification results (b) Confusion matrix results 

Fig. 10 Classification of CNN-SVM test samples

 
Fig. 11 Comparison of fault recognition accuracy with different experimental times 
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