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Abstract: The paper aims at the problem that the bearing of mechanical equipment affects the safe, stable and efficient operation of mechanical equipment. In this paper, 
a fuzzy logic variable phase layered algorithm (flvpla) is proposed. The dimension reduction is realized by calculating the vibration signal. The vibration signal is 
effectively used to diagnose bearing fault, and the signal value is reduced to conduction fault classification. Finally, the experimental results show that the dimension 
reduction effect based on flvpla is better than that based on principal component analysis (PCA) algorithm and LTSA. The fault recognition rate of ba-svm is significantly 
higher than that of genetic algorithm optimized support vector machine (GA-SVM) and particle swarm optimization support vector machine (PSO-SVM). Therefore, the 
combination of flvpla and ba-svm can obtain higher recognition accuracy. 
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1 INTRODUCTION 

With the constant progress of the social economy, the 
demand for the quantity and quality of equipment in the 
industry, as an important sector supporting the national 
economy, has also continuously increased [1-3]. As an 
essential part of many mechanical devices and equipment, 
bearings directly affect the safe, stable, and efficient 
operation of mechanical equipment. Hence, controlling the 
operation of bearing components with precision is one of 
the crucial guarantees for the normal operation of 
machinery. At present, there are relatively many methods 
for diagnosing bearing faults. For example, based on the 
analysis of vibration signals, the vibration signals often 
show nonlinearity, so nonlinear analysis methods are of 
higher practical significance than linear analysis methods 
in extracting fault information due to the complexity of the 
mechanical system [3-8]. In recent years, many nonlinear 
analysis methods have been used to the feature extraction 
of bearing vibration signals, such as approximate entropy, 
sample entropy, permutation entropy, and multiscale 
entropy [9-10]. Some scholars have put forward a method 
based on empirical mode decomposition and neural 
network, which is characterized by focusing on the 
diagnosis of fault types afterward. In addition, some 
scholars established a bearing fault diagnosis method based 
on the LSSVM migration learning method, which has 
effectively improved the prediction accuracy of the model. 
However, it still depends on the quantity and quality of the 
input data to a large extent [11-12]. Other scholars classify 
the bearing life into several stages in the bearing life status 
identification method based on probabilistic principal 
component analysis and carry out prediction accordingly. 
However, such methods cannot determine the status of 
adjacent stages reasonably and accurately, which can easily 
lead to incorrect determination [13-15]. In these 
determination methods, the extraction of features is mainly 
used to determine the health of the bearing. In order to 
ensure the comprehensiveness of the information, it is 
generally necessary to extract the multi-dimensional fault 
feature set. However, it may lead to the "curse of 
dimensionality in classification" to the subsequent pattern 
identification at the same time [16-17]. 

Hence, an original high-dimensional feature set is 
established through the calculation of the eigenvalue of the 
vibration signal based on the fuzzy logic variable phase 
layered algorithm in this paper. The fault classification is 
carried out on the low-dimensional feature set after the 
dimensionality reduction so as to determine whether there 
are any faults in the bearing and implement the 
classification of bearing fault models more properly. 

2 FUZZY LOGIC VARIABLE PHASE LAYERED 
ALGORITHM (FLVPLA) 

Fuzzification refers to the conversion of a precise 
value of the input variable into a linguistic variable value 
(fuzzy input value) in the appropriate domain. Given the 
actual traffic situation, for the convenience of design and 
calculation, the membership function of the input and 
output fuzzy subsets adopts the curve based on the triangle 
correction. There are seven values for curve and language 
variables, that is, ES, VS, S, M, L, VL, and EL. 

In the system proposed in this paper, the "IF A AND B 
THEN C" type of reasoning method is adopted. For 
example, the i-th rule is described as the following: 

IF li is L and li + 1 is L' THEN e is e 
The Cartesian product of this rule is shown as the 

following: 

1i i i iR l l e   (1) 

As there are a total of 7 × 7 = 49 rules, the total fuzzy 
relationship matrix can be written in the following form: 

49

1
i

i
R R


   (2) 

It is assumed that the vehicle queue length of the 
current phase main queue at an intersection at time t is l1 
(t), and the subsequent phase main queue vehicle queue 
length is l2 (t). After quantization and fuzzification 
processing, the obtained language variable values are L1 (t) 
and L2 (t). Subsequently, the output of the fuzzy controller 
at this moment can be obtained according to the fuzzy 
synthesis rule (in general, the maximum-minimum rule) as 
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the following: 
 

      1 2E t L t L t R                         (3) 

 
After the fuzzy output obtained by this equation is 

calculated and processed by the weighting method, a fuzzy 
look-up table will be finally formed from the green delay 
time of the current phase obtained. In practical control, the 
response speed can be improved simply by looking up the 
table. 

The essential concept of the Ensemble Empirical 
Mode Decomposition (hereinafter referred to as EEMD for 
short) is to add the Gaussian white noise to the raw signals 
and then carry out the EMD processing a number of times. 
The purpose of adding the white noise to the raw signals is 
to make use of the uniform frequency distribution of white 
noise to eliminate the intermittent phenomenon in the raw 
signals so as to prevent the mode mixing issue after signal 
decomposition. After the raw signals added with the white 
noise are processed by EMD, the decomposed IMF 
components will contain random noise signals. Since the 
white noise can cancel each other out after multiple 
averages, the mean value for the IMF components acquired 
after EMD processing many times is taken to eliminate the 
effect of white noise. It is assumed that there is a signal 
matrix X (m × n). After principal component analysis of the 
signal matrix, the following can be obtained: 
 

1 1 2 2
T T T T

j j r rt P t P t P t P E      X           (4) 

 
In the above equation: tj stands for a vector of m × 1, 

which indicates the j-th principal element; Pj stands for a 
vector of n × 1, which indicates the j-th load vector; and E 
stands for the residual matrix. Let the principal element 
matrix be T(m × r) and the load matrix be P(n × r), then X 
can be expressed as the following 
 

T X TP E                                   (5) 
 

Thus, its projection on the residual subspace can be 
obtained as the following: 
 

 TI PP X X                               (6) 

 
In order to monitor the abnormal condition of the data, 

the principal component analysis process mainly detects 
whether an abnormality has occurred during the operation 
of the equipment by calculating two indicators, that is, the 
statistic T2 and the squared prediction error SPE. 

T2 can be used to detect the changes of sample data in 
the principal component subspace and characterize the 
degree of deviation of the fault information from the 
normal model during the state monitoring process. The 
statistics of T2 are defined as the pivot score, and the 
calculation process is shown as the following: 
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                    (7) 

The principal component score value T of the sample 
matrix can be calculated based on the above equation to 

measure the estimated value X  and the residual e. Thus, 
the principal component statistical value can be obtained as 
the following: 
 

2 1TT t t                                    (8) 
 

In the above equation: Λ stands for a diagonal matrix 
composed of the first m eigenvalues of the covariance 
matrix, Λ = diag (λ1, λ2, …, λm), in which m stands for the 
number of principal elements. 

The threshold value 2
limT of T2 follows the F distribution 

F(m, n − m) with degrees of freedom m and n − m. Let the 
number of sample sampling points be n, and the 
significance experiment level be a, then the following can 
be obtained: 
 

 
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                    (9) 

 
The squared prediction error SPE can be calculated 

according to the equation as the following: 
 

2
SPE X                                   (10) 

 
Its threshold value can be expressed as the following: 
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In the above equation: ca stands for the statistical value 

of the standard normal distribution of the confidence level 
a; λj stands for the j-th eigenvalue of the covariance matrix 
of X. 

In the coarse-grained process of multiscale 
permutation entropy, only the coarse-grained model that 
starts to transform with the first data is taken into 
consideration based on the time scale factor, whereas the 
coarse-grained mode that starts transforming with other 
data in the time scale is neglected. As a result, the entropy 
value fluctuates significantly with the increase of the scale 
factor, and the direct value error increases with the rise in 
the scale factor. 

In view of the limitations of the coarse-grained 
transformation in the calculation of multiscale permutation 
and the influence of shorter time series on permutation 
entropy calculation, CMPE can be used to address the issue. 
The main ideas are as the following: Firstly, the 
permutation of different coarse-grained sequences is 
calculated under the same scale factor, and then the mean 
value of all permutation entropies under this scale factor is 
obtained and used as the composite multiscale permutation 



Yao CHEN: Diagnosis of Bearing Damage in Mechanical Equipment Combining Fuzzy Logic Variable Phase Layered Algorithm 

Tehnički vjesnik 29, 2(2022), 379-385                                                                                              381 

entropy under this scale factor. The specific steps are 
described as the following. 
1) For the time series {x(i), i = l, 2, ..., N}, the following 
equation is used to establish a coarse-grained sequence: 
 

   1 2k k , k , k ,py y , y , , y ; p N                    (12) 
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(13) 

 
2) The permutation entropy EPE of the coarse-grained 
sequence is calculated under any scale factor τ, and then 
the mean value of the τ permutation entropies is obtained 
and used as the composite multiscale permutation entropy 
ECMPE under the τ scale, that is, the following can be 
obtained: 
 

   
1
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(14) 

 
The mean permutation entropy of the coarse-grained 

sequence calculated under each scale factor is used to 
replace the multiscale permutation entropy to characterize 
the complexity and randomness of the time series under 
various scale factors. 
 
2.1 Local Tangent Space Alignment Algorithm 
 

The steps of the local tangent space alignment 
algorithm are described as the following: 

1) Select the neighborhood. The neighborhood of each 
sample point xi is calculated and denoted as xi = [xi1, xi2, …, 
xik], which indicates k nearest neighbor points including xi. 

2) Local linear projection. The neighborhood Xi 
corresponding to any sample point xi is used to establish a 

matrix T
i i kX x I  , and the vector corresponding to the 

largest d singular values of the matrix is reconstituted into 
a matrix Vi. 

3) Permutation of local coordinate system. The matrix 

1

N
T T

i i i i
i

S W W S


    in the permutation matrix is 

calculated. Among them, Si stands for the selection matrix, 

Si = {xi1, …, xik}; i k i k ik , k        W I I V I V  ;

N k
iS R  , Ik stands for the local transformation matrix; I 

stands for the identity matrix. The eigenvectors u1, …, ud 
correspond to the d smallest non-zero eigenvalues in the 
calculation, then T = [u1, …, ud]T is the calculated 
embedding result. 
 
2.2 Improved Semi-Supervised Local Tangent Space 

Alignment Algorithm 
 

In the dimensionality reduction process, the category 
label information of the samples has not been used to 
improve the identification accuracy of the compressed 
feature set. In practical mechanical engineering 
applications, it is often easier to obtain the fault category 

label information of some samples. In general, the 
manifold structures of similar samples are usually the same, 
while the manifold structures of heterogeneous samples are 
different. Hence, the rational use of sample category label 
information can better reflect the high-dimensional data 
manifold structure. Hence, semi-supervised learning is 
combined with the local tangent space alignment algorithm. 

In the process of constructing the neighborhood 
diagram, the Euclidean distance measurement method 
between sample points is used in the local tangent space 
alignment algorithm to select the neighborhood points, 
which can only represent the positional relationship 
between the sample points. In addition, it is possible that 
the samples of the same type and heterogeneous samples 
are selected as the neighbor points. Hence, a new, improved 
distance measurement method that integrates the concept 
of semi-supervised learning is put forward, which has 
combined cosine similarity with Euclidean = distance, that 
is, the following can be obtained: 
 

1
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In the above equation: c
ijd   and m

ijd   stand for the 

cosine similarity of xi and xj and the Euclidean distance, 

 1, 1c
ijd   ,    1 2 0, 1c

ijd  . 

It is assumed that there is a high-dimensional fault data 
feature set X = {X1, X2}, in which X1 = [(x1, l1), (x2, l2), …, 
(xm, lc)], m stands for the number of samples containing 
category value information , li (i = l, 2, …, c) stands for the 
category of sample point xi, c stands for the number of 
categories; X2 = [xm + 1, xm + 2, …, xm + n], and n stands for the 
number of samples without category information. In the 
process of constructing the neighborhood diagram, each 
sample contains more samples of the same kind, the more 
accurate the local space is obtained. Hence, the compressed 
feature set after dimensionality reduction can reflect the 
high-dimensional spatial manifold structure of the sample 
data more appropriately. Thus, the distance matrix based 
on semi-supervised learning can be defined as the 
following: 
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(16) 

 
In the above equation: dij stands for the improved 

distance between xi and xj; D stands for the improved 
distance matrix reconstructed based on semi-supervised 

learning; and d stands for the mean value of dij. 
For the samples with the same category label, the 

distance is compressed to the interval [0, 1]; for the 
samples with different labels, the distance is stretched to 

the interval 2 ,    ; for the samples with the special 
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category label, the distance is between the aforementioned 
two. Hence, in the process of constructing the 
neighborhood graph, this distance metric can be used to 
increase the probability that samples with the same 
category label are selected as neighbors. 

Support vector machine is a special machine learning 
method for studying limited sample prediction. It has the 
features of strong generalization capacity and optimal 
global convergence. However, it often requires that the 
penalty parameter C and the Gaussian kernel function σ 
should be set manually, which can affect its classification 
performance. Hence, the bat algorithm with better global 
optimization performance is used to optimize the support 
machine parameters. 

The bat algorithm (hereinafter referred to as BA for 
short) is a search algorithm that simulates bats in using the 
sonar system for hunting down prey and avoiding obstacles. 
The specific process of the application of the BA algorithm 
to optimize support vector machine parameters is shown in 
Fig. 1 as the following. The specific steps are described 
below: 
 

 
Figure 1 BA-SVM process 

 
1) Initialize the position of bats, number of individuals, 

pulse frequency range, loudness, and other parameters, and 
set the value range of SVM parameters (C, σ). 

2) Calculate the fitness value of each bat. Take each bat 
in the bat colony as the optimized parameter combination 
(C, σ) of the support vector machine, and use the training 
samples to establish the prediction model. Subsequently, 
the trained model is used for the identification of 
experiment samples, and the correct identification rate of 
each bat is returned as the corresponding fitness value. 

3) Generate new bat individuals. Update the pulse 

frequency based on Fi = Fmin + (Fmax − Fmin) × R and, in 
which Fi stands for the frequency of the sound wave (Fmin 
stands for the minimum value, and Fmax stands for the 
maximum value); R and [0, 1] stands for a randomly 
generated number. Subsequently, the flight speed v(i) of 
bats is updated according to

 1 1 1t t t t t t
i i i i i iv v x x x v       , and new bat individuals 

are finally generated based on h 1 1t t t
i i ix x v   . 

4) Update bat individuals. If R and 1 > R(i) is met, then 
a new individual can be obtained according to Rt + 1(i) = 
R0(i) × [1 − exp(−γt)] random perturbation of the optimal 
bat individual xbest in the current population. Subsequently, 
the current bat is replaced with the new bat individual. If R 
and 2 < A(i) and f(xnew(i)) > f(xold(i)) are met, the old bat at 
the current position is replaced with the new bat individual, 
and the pulse loudness R is updated according to At + 1(i) = 
α × At(i) and Rt + 1(i) = R0(i) × [1 − exp(−γt)]. In addition, 
the pulse rate is A(i). Among them, α and γ are constants 
and generally the value 0.9 is taken. 

5) The algorithm terminates when the maximum 
number of iterations is reached, and the optimal SVM 
parameters are output. Otherwise, proceed to step 3 to 
continue the operation. 
 
2.3 Diagnosis of Bearing Fault 
 

On the basis of the theory described above, the CMPE, 
FLVPLA, and BA-SVM are combined for the diagnosis of 
bearing faults. The diagnosis process is shown in Fig. 2 
below. The specific steps are described as the following: 
 

 
Figure 2 Fault diagnosis process 

 
1) Collect the vibration signals of the rolling bearing 

in different working states, collect p samples in each 
working state, randomly select a as the training sample, and 
the remaining p-a samples are used as the experiment 
sample. 

2) Calculate the CMPE of the original data to obtain q 
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eigenvalues for each sample, and establish the eigenvector 
matrix Rp × q. 

3) In order to avoid the issues of time-consuming 
training and information redundancy due to the excessively 
high dimension of the fault feature set, the FLVPLA 
method is used to reduce the dimensionality of the high-
dimensional fault feature set of the training sample and the 
experiment samples and obtain the d dimensional space 
manifold. 

4) Use the d-dimensional feature subset of the training 
samples for BA-SVM training, and then apply the trained 
BA-SVM model to carry out pattern identification on the 
experiment samples and determine the type of faults. 
 
4 EXPERIMENT VERIFICATION 
 

In order to verify the effectiveness and practicability 
of the method proposed in this paper, different 
experimental data are selected for analysis. 

The experimental bearing is a 1210 self-aligning ball 
bearing with an inner diameter of 50 mm, an outer diameter 
of 90 mm, and a width of 20 mm. SG bimetallic electric 
engraving machine is used to simulate pitting corrosion 
faults on the surface of steel ball, the surface of the inner 
and outer ring channels. The fault diameter is about 5 mm, 
and the depth is about 0.2 mm. 

The BVT-5 bearing vibration measuring instrument is 
used to acquire the vibration signal of the experiment 
bearing through the acceleration sensor. The radial and 
axial load of the bearing are 300 and 100 N, respectively. 
The spindle speed is 1800 r/min, the sampling frequency is 
5120 Hz, and the number of sampling points is 2048. Fifty 
groups each of 4 kinds of working state data are detected, 
with a total of 200 groups of vibration signal samples,  
and the time-domain waveforms of the vibration signals of 
the bearing in the four types of working states are shown in 
Fig. 3 as the following. 

 

 
Figure 3 Time-domain waveforms of bearing vibration signals in different operating conditions 

 
For the above samples, the following experiment steps 

are performed: 
1) Select 20 of each state randomly as the training 

samples, and the remaining 30 as the experiment samples. 

Calculate the CMPE of each sample, take the embedding 
dimension m = 4, scale factor τ = 25, and delay λ = 1 to 
establish the original high-dimensional feature set R200 × 25. 

 
 

Table 1 Identification results of the classifier 

Method 
PCA LTSA FLVPLA 

GA-SVM PSO-SVM BA-SVM GA-SVM PSO-SVM BA-SVM GA-SVM PSO-SVM 
BA-
SVM 

Fault 
identificati
on rate /% 

Fault of the steel ball 76.67 80 120 93.33 100 100 96.67 96.67 100 
Fault of the inner ring 76.67 63.33 60 100 86.37 96.17 100 100 100 
Fault of the outer ring 100 100 110 100 100 100 100 100 100 
Normal 100 100 120 100 100 100 100 100 100 
Average identification rate 88.33 85.83 91.5 98.33 96.77 99.07 99.17 9917 100 
Running time/s 16.57 295 2.49 15.02 2.65 2.30 15.29 2.68 2.62 

 
2) The labeled information and non-labeled 

information in the training samples are randomly allocated 
at a ratio of 2:3. Input the original high-dimensional fault 
feature set into FLVPLA for dimensionality reduction, and 
conduct comparative analysis based on the principal 
component analysis (PCA) and LTSA. For data 
visualization, let the target dimension d = 3, determine the 
optimal nearest neighbor parameter of FLVPLA k1 = 95, 
and the optimal nearest neighbor parameter of LTSA k2 = 
76 through multiple experiments. From the figure, it can be 

observed that PCA has a poor clustering effect on outer ring 
faults. Although effective clustering of steel ball faults, 
inner ring faults and normal conditions is accomplished, 
serious mode mixing occurs in both the inner ring faults 
and the steel ball faults. The LTSA method can be used to 
separate the 4 types of samples roughly. However, there is 
still a certain amount of mode mixing between the inner 
ring faults and the steel ball faults, whereas FLVPLA can 
completely separate the 4 types of faults, with a higher 
classification degree. Compared with PCA and LTSA, the 
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aggregation in each state is improved, and the 
dimensionality reduction effect is relatively ideal. 

3) In order to further verify the dimensionality 
reduction effect of FLVPLA and the feasibility and 
effectiveness of BA-SVM, the three low-dimensional 
feature sets obtained are input into different classifiers for 
pattern identification. The results are shown in Tab. 1 as the 
following. Among them, the bat population size of BA-
SVM is set to 10, the impulse loudness is set to 0.5, the 
pulse rate is set to 0.5, and the maximum number of 
iterations is set to 100. The population size of GA-SVM is 
set to 20, the crossover probability is set to 0.9, the 
mutation probability is set to 0.05, and the number of 
evolutionary iterations is set to 200. The population size of 
PSO-SVM is set to 10, the learning factor is set to c1 = c2 
= 2, and the number of iterations is set to 200. 

From Tab. 1, it can be seen that since PCA is a linear 
dimensionality reduction method, it aims to transform 
high-dimensional data into the direction of the maximum 
variance set of the data. However, the nonlinear structure 
of the original feature set is neglected. Hence, the average 
identification rate of PCA after dimensionality reduction is 
lower than that of LTSA. LTSA is an unsupervised learning 
method, which does not take the category information of 
the original sample into consideration. As a result, its 
identification rate is to be lower than that of FLVPLA due 
to part of the mode mixing phenomena. In the FLVPLA 
with improved distance equation, a metric function that 
combines cosine similarity and Euclidean distance is used 
to calculate the distance between sample points. The 
position and angle information between the sample points 
are fused, the distance obtained is more accurate, and the 
obtained low-dimensional features can keep a higher 
original feature manifold structure. Hence, the average 
identification rate is higher, and the identification rate of 
the input BA-SVM classifier can achieve 100%. No matter 
which dimensionality reduction method is used, when 
different classifiers, the identification rate of BA-SVM is 
higher than that of the GA-SVM and PSO-SVM, and the 
calculation time is significantly shorter, which suggests 
that the bat algorithm optimization support vector machine 
in the bearing fault has the advantages in the diagnosis 
applications. 
 
5 DISCUSSION 
 

In order to further verify the effectiveness of the 
method proposed in this paper, the bearing data is used for 
analysis. The motor speed is 1730 r/min, the load condition 
is 1 HP, the experiment bearing is a 6205-2RS deep groove 
ball bearing, and the EDM technology is used to simulate 
the fault of the bearing. The fault diameters are 0.178 mm 
(mild fault) and 0.356 mm (moderate fault), respectively. 
There are a total of 7 types of signals with 2 different levels 
of the fault and normal state, that is, mild fault of the steel 
ball (BOF1), mild fault of the inner ring (IRF1), mild fault 
of the outer ring (ORF1), moderate fault of the steel ball 
(BOF2), moderate fault of the inner ring (IRF2), moderate 
fault of the outer ring (ORF2), and normal status (NOR). 
Fifty samples are extracted from each state, and each 
sample is 2048 in length. Twenty samples are randomly 
selected from each state as training samples, and the 
remaining 30 are used as experiment samples. The CMPE 

value of each sample is calculated, the embedding 
dimension m = 4, scale factor τ = 25, and delay λ = 1 are 
selected to establish the original high-dimensional feature 
set R350 × 25. 

The labeled information and non-labeled information 
in the training samples are randomly assigned at a ratio of 
2:3. The original high-dimensional fault feature set is input 
into FLVPLA for dimensionality reduction, and the 
principal component analysis (PCA) and LTSA are used for 
comparative analysis. For the visualization of data, the 
target dimension d = 3 is set. The optimal neighbor 
parameter k1 = 54 of FLVPLA and the optimal neighbor 
parameter k2 = 52 of LTSA are determined through multiple 
experiments. 

From the results, it can be known that in the low-
dimensional subset after dimensionality reduction based on 
PCA, three types of samples with the mild fault of the steel 
ball, mild fault of the outer ring, and moderate fault of the 
steel ball have shown more serious mode mixing 
phenomena. Although the LTSA method can be used to 
separate the 7 types of samples roughly, there is still a 
certain volume of mode mixing phenomena in the samples 
with moderate faults in the inner ring and the samples with 
moderate faults in the outer ring; whereas FLVPLA can 
completely separate the 7 types of faults and presents a 
high degree of classification, with a relatively ideal 
dimensionality reduction effect. 

In order to verify the dimensionality reduction effect 
of FLVPLA, the set of low-dimensional features obtained 
based on the three dimensionality reduction methods are 
input into the classifier for fault identification. According 
to statistics, PCA has incorrectly determined 6 sample 
categories, with an average identification rate of 97.14% 
(204/210). LTSA has incorrectly determined 3 sample 
categories, with an average identification rate of 98.57% 
(207/210). The predicted results of FLVPLA are entirely 
consistent with the actual results, with a fault identification 
rate of 100%. The analysis results have further verified the 
superiority of the rolling bearing fault diagnosis method 
based on the CMPE, FLVPLA, and BA-SVM. 
 
6 CONCLUSION 
 

In order to improve the accuracy of bearing fault 
diagnosis, a bearing fault diagnosis method based on fuzzy 
logic variable phase hierarchical algorithm (flvpla) is 
established in this paper. By calculating the eigenvalues of 
vibration signals, the original gauvitt collection is 
constructed. The low viterbilt collection after 
dimensionality reduction is classified. Experiments show 
that the recognition accuracy of this method is higher than 
GA-SVM and PSO-SVM. It can effectively warn the 
bearing fault, so as to improve the utilization rate of wind 
turbine and reduce the loss as much as possible. It has great 
practical engineering application value. 
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