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Abstract: The research aims at the serious economic loss and life-threatening problems caused by 
mechanical and electrical system accidents and bearing failures. The fault detection and 
identification of bearings in mechanical and electrical systems are discussed. The structure, fault 
cause, vibration mechanism, and characteristic frequency of rolling bearing are analyzed, and the 
noise of vibration signals is removed and eliminated in light of the characteristics of the initial fault 
signal of rolling bearing. Because of the shortcomings of the wavelet, wavelet packet transform is 
proposed to characterize the normal state of rolling bearing, rolling element fault, inner ring fault, 
and outer ring fault signal. Based on the characteristics of global optimization of GA (genetic 
algorithm), the algorithm falls into local optimal value following the defects of BP 
(backpropagation) neural network and uses GA to optimize the BP neural network algorithm for 
fault diagnosis of rolling bearings. According to the experimental results, when the evolution 
algebra of the fault diagnosis model GA-BP is 8 at the drive end, the optimal classification accuracy 
of the population reaches 98.83%. In this case, a rolling element fault in the test data is 
misclassified. When the evolution algebra of the GA-BP fault diagnosis model is 2 at the fan side, the 
overall optimal classification accuracy reaches 97.62% in total. Under this condition, a rolling 
element fault and an outer ring fault are misclassified in the test data. Through the comparison 
experiment with the traditional optimized BP neural network, it is found that the GA-BP neural 
network algorithm model is suitable for the fault classification of rolling bearings. 
 
Keywords:  Genetic Algorithm; BP neural algorithm; Bearing Fault Assessment; Electromechanical 
System.  

1. Introduction 
 
With the continuous development of science and 
technology, the development of modern industry 
tends to expand towards intelligent integration. As a 
tool of electric energy conversion in 
industrialization, rotating electromechanical devices 
become more and more important in various fields. 
Among them, the bearing is one of the important 
components of rotating electromechanical 
equipment, supporting the spindle and transmitting 
torque of electrical equipment [1]. Good 
performance of bearings has a significant impact on 
the production and equipment operation. However, 
because of the operating conditions of motor 
bearings and their role in rotating equipment, motor 
bearings are very vulnerable to damage. Besides, due 
to the complex working environment of the 
electromechanical system, all kinds of faults will 
inevitably occur. If there is an unexpected major 
fault, it will not only cause huge economic losses, but 
also endanger people’s lives, and even serious social 

consequences [2]. In industrial production, most 
bearings operate in complex and harsh 
environments, such as fatigue, environmental 
mechanical vibration, overload, bearing asymmetry, 
pollution, current slot, corrosion, improper 
lubrication, which results in motor failure in the 
bearing fault. This usually occurs in many cases [3]. 
Some studies show that the number of bearing 
failures is more than 40% of all motor failure events. 
Hence, in the field of motor fault diagnosis, the 
research of bearing fault diagnosis attracts the 
attention of many scholars [4]. After the economic 
development and the safety of industrial production 
are considered, the early fault of bearing should be 
diagnosed, the workload of fault motor should be 
adjusted in a planned way, and the spare motor can 
ensure normal industrial production [5]. This not 
only avoids more serious damage to the motor, but 
also reduces the human, material, and financial 
losses caused by bearing failure. 

Mechanical vibration signal is widely used in 
equipment fault diagnosis because of its mature 
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theory, intuitive reflection, and excellent diagnostic 
effect [6]. The vibration signal extracted from the 
sensor is the original signal, which contains a great 
deal of fault information with a certain amount of 
noise. Separating useful fault signals from original 
signals and extracting useful signal features are key 
to fault diagnosis [7]. At present, many scholars in 
China and foreign countries carry out a lot of 
research in the field of directional feature extraction 
and type recognition and achieve some 
breakthroughs. However, most of the current studies 
focus on denoising and feature extraction of bearing 
fault signals, and then a variety of methods are used 
to classify and identify them [8]. Although the 
research obtains much useful information, the 
process is too complex and time-consuming to 
achieve the expected results [9]. Nowadays, the 
continuous development of deep learning theory 
based on machine learning replaces machine 
learning and is widely used in various fields [10]. A 
deep network is constructed to extract the features 
of the input sample parameters layer by layer, and 
the bearing failure features are obtained by setting a 
nonlinear activation function for each layer of the 
network, thus eliminating the dependence on 
manual operation. 

The motor bearing is taken as the main research 
object, and a large number of bearing vibration data 
are taken as the training sample. Afterward, the deep 
learning algorithm is applied to the bearing fault 
diagnosis to carry on the corresponding research. 

 

2. Bearing Fault Research Ideas and 
Experimental Design 

2.1 Bearing Structure, Fault Type, and 
Diagnosis Method 

 
The bearing fault is one of the main types of 

motor fault and searching for effective and reliable 
methods to predict it is a hot topic that most scholars 
are interested in.  

Given the complexity and particularity of the 
working environment, it is impossible to directly 
observe the size of the small fault points in the 
bearing. Therefore, the main studies of bearing fault 
diagnosis center on the analysis of bearing fault type 
caused by vibration [11]. The machine learning 
algorithm is more and more widely used in bearing 
fault classification with its development. The 
application of machine learning algorithm in bearing 
fault diagnosis includes three main parts: fault 
feature extraction, feature selection and fault 
classification. The feature extraction of azimuth 
tomography mainly refers to the extraction and 
subsequent analysis of vibration signal features. 
Nowadays, the commonly used methods for 
preprocessing bearing tomography X-ray vibration 
signals include envelope analysis, spectrum 
crossover, wavelet transform, EMD (Empirical Mode 
Decomposition), VMD (Variational Mode 
Decomposition). After the features are extracted by 
adopting the above method, the training samples 
used as classification algorithms are applied to select 
the type of training classification [12]. 

Figure 1 shows the structure of the rolling 
bearing. It consists of an outer ring, a rolling element 
(ball body), an inner ring, and a cage [13]. In general, 
the outer ring is connected to the housing of the 
bearing seat and the bearing box, keeping fixed or 
relatively fixed, which plays a role in supporting 
rolling elements. The inner ring of the bearing is 
usually connected to the journal and rotates with it 
together. The rolling elements mainly include 
spherical roller, cylindrical roller, tapered roller, and 
needle roller. They are evenly distributed in the 
raceway formed by the inner ring and the outer ring 
to reduce the friction between the inner ring and the 
outer ring by transferring the track sliding frication. 
The cage mainly keeps each rolling element at an 
appropriate distance to prevent collision and 
shedding between rolling elements. 

 
 

Inner circle

Outer circle

Rolling element

Damage point

 
Figure 1. Structure of rolling bearing 
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Improper installation of bearings and the interior 
materials may cause the failure of rolling bearings as 
well. Besides, continuous overload operation, 
corrosion of acid and alkali or foreign particles may 
lead to the abnormal state of bearings [14]. Even if 
the bearing is made of superior material and 
installed properly, the rolling bearing appears to 
wear, gap, or fatigue delamination in normal use 
under standard operation. Failure types of rolling 
bearings are mainly caused by fatigue spalling, wear, 
fracture, corrosion, adhesion, and indentation [15]. 
The fault analysis methods of rolling bearing mainly 
include vibration analysis, oil analysis, temperature 
detection, and acoustic emission. At present, the 
vibration analysis method is the most widely used 
fault analysis method [16]. There are usually two 
reasons for rolling bearing vibration, one is internal 
factors, such as the structural characteristics of the 
bearing itself, machining and assembly errors, and 
the failures during operation; the other is external 
factors like driving shaft motion. In practical 
diagnosis, vibration signals are usually obtained by 
sensors installed in the bearing seat or other 
positions. The sensor contains information 
generated by the combined action of internal and 
external factors [17]. Therefore, it is important to 
extract the vibration characteristics caused by the 
fault from the total vibration in the fault diagnosis of 
rolling bearings. 

 
2.2 Fault Characteristic Frequency of Rolling 
Bearing 

 
When the rolling bearing runs for a long time, the 

rolling bearing usually has various faults due to 
different degrees of damage to the surface of the 
internal assembly. When the bearing is running, the 
damage point will repeatedly and quickly collide 
with the surface of other parts, causing periodic 
vibration [18]. The natural frequency is generated by 
the impact vibration of the rolling element and the 
outer ring or inner ring and is related to the 
elasticity of the bearing, which is determined by the 
stiffness and mass of the rolling bearing. For various 
bearing assemblies, the natural frequency has a 
limited range. 

Under normal operating conditions, the natural 

frequency nbf  of the rolling element is: 

0.848

2
nb

E
f

d 
=                                                            (1) 

d is the diameter of the rolling element 

measured in m; E is the elastic modulus of the rolling 

element material measured in 
2

N
m

,  represents 

the material density measured in 
3

kg
m

. 

The natural vibration frequencies of the bearing 
inner and outer rings are as follows: 
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D  is the diameter of the neutral axis of the ring 
cross-section measured in m; n is the deformation 

wave number (vibration order), and M is the mass 
of the unit length of the circle with the measurement 

of 
kg

m
. I  is the moment of inertia of the outer 

ring section around the neutral axis, and its unit 

is 4m . When the fault signal of the rolling bearing is 
analyzed, the working state of the rolling bearing can 
be identified by the characteristic frequency 
variation law of the inner ring, outer ring, rolling 
element, and cage of the rolling bearing. 

When the rolling bearing works normally, the 

equation for calculating the rotation speed iv  of a 

point on the inner ring track is as follows: 
 

12 ( cos )i i iv r f f D d  = = −                         (3) 

 

if  is the rotation frequency of the inner ring 

raceway; 1r is the radius of the inner ring raceway, 

D is the diameter of the raceway, d is the diameter 

of the rolling body, and  is the contact angle. The 
angle is formed by the contact point of the inner ring 
and the outer ring with the radial surface of the 
rolling element and bearing. 

The equation for calculating the speed of the 
outer raceway is as follows: 

22 ( cos )o o ov r f f D d  = = +                           (4) 

of  is the outer ring raceway rotation frequency 

and 2r  is the radius of the outer ring raceway. 

The equation for calculating the rotational speed 

cv  of the cage is as follows: 

1
( )

2
c o i cv v v f D= + =                                      (5) 

The above equation for calculating the rotation 

frequency cf  of the cage can be deduced as follows: 

  1
[(1 cos ) (1 cos ) ]

2
c o i

d d
f f f

D D
 = + + −        (6) 

The frequency ocf of a single rolling body on the 

outer raceway is: 
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1
( )(1 cos )

2
oc c o i o

d
f f f f f

D
= − = − −           (7) 

The rotation frequency bcf  of the rolling body 

relative to the cage is: 

2 2

2

1 cos
( )(1 )

2
bc i o

D d
f f f

d D


=  − −               (8) 

When a defect or fault occurs in the inner ring, 
the equation for calculating the characteristic fault 

frequency iczf of z  rolling bodies passing through a 

point on the inner ring trajectory is as follows: 

1
(1 cos )

2
ic i

d
zf zf

D
= +                                       (9) 

When a defect or fault occurs in the outer ring, 
the equation for calculating the characteristic fault 

frequency oczf  of z rolling bodies passing through a 

point on the inner ring trajectory is as follows: 

1
(1 cos )

2
oc i

d
zf zf

D
= −                                      (10) 

When the rolling body has defects or faults, the 
equation of fault characteristic frequency 

bcf through the outer ring or inner ring is as follows: 

2 2

2

cos
(1 )bc i

D d
f f

d D


= −                                       (11) 

 
2.3 Fault Feature Extraction of Motor 
Bearing 

 
The current motor bearing fault diagnosis 

algorithm includes three main parts: fault feature 
extraction, feature selection and fault classification.  

At present, the key to realizing the current 
bearing fault diagnosis algorithm model is to extract 
the bearing vibration signal accurately, and the 
classification model is used to achieve the fault 
classification [19].  

 

Bearing failure feature extraction is mainly used 
to extract and analyze the failure characteristics of 
vibration signals. However, due to the influence of 
electromagnetic interference and the environment, 
the collected bearing failure signals are affected by 
various noises. Therefore, the general algorithm is 
used to extract reliable and effective fault features 
for subsequent fault analysis. At present, the most 
commonly used data feature extraction method is 
Wavelet Packet Decomposition. 

Wavelet analysis theory is developed based on 
Fourier transform, the algorithm of which cannot 
effectively extract the feature of obstacles contained 
in the signal when dealing with discrete signals [20]. 
Wavelet analysis breaks the limitation of the 
traditional time domain to some extent, and the 
processing effect for the discrete signal is better. By 
using the wavelet analysis algorithm, the collected 
signal is decomposed and reconstructed, which is 
more effective than the original data signal [21]. 
Wavelet packet decomposition is an improved 
wavelet analysis technology, which is suitable for 
multi-resolution analysis and processing 
applications. Wavelet analysis can only decompose 
the low-frequency component in the process of 
processing the signal.  

Therefore, this decomposition method cannot 
better reflect the property of the features contained 
in the original signal [22]. Wavelet packet 
decomposition can segment signals in more detail at 
different levels. This solves the disadvantage that 
high-frequency components cannot decompose in 
the process of wavelet decomposition. Wavelet 
packet decomposition better shows the information 
contained in the localization time and the frequency 
of the signal, which is obtained through the multi-
scale decomposition of the signal frequency band 
and the “local refinement” of the high-frequency 
part.  

Figure 2 is a schematic diagram of wavelet packet 
decomposition for the signal with 3 layers. The 
principle and realization of wavelet packet 
decomposition are as follows: 

 

S

A1 D1

AA2 DA2 AD2 DD2

AAA3 DAA3 ADA3 DDA3 AAD3 DAD3 ADD3 DDD3
 

Figure 2. Schematic diagram of wavelet packet decomposition 
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The relation equation of each subband waveform after decomposition is expressed as: 
 

3 3 3 3 3 3 3 3S AAA DAA ADA DDA AAD DAD ADD DDD= + + + + + + +                                                         (12) 

 

Suppose n

jU  is a closed subspace of the function 

( )nU t , and 2n

jU  is defined as a closed space of the 

function 2 ( )nu t . ( )nu t should satisfy the following 

two-scale equations: 
 

2 ( ) 2 ( ) (2 )n n

k Z

u t h k u t k


= −                         (13) 

2 1( ) 2 ( ) (2 )n n

k Z

u t g k u t k+



= −                     (14) 

( ) ( 1) (1 )kg k h k= − −                                            (15) 

 

In the above equations, ( )h k  and ( )g k  is 

orthogonal. 

When 0n = , the two-scale equation is as 
follows: 

 

0 0( ) ( ) (2 )
k Z

u t h k u t k


= −                                  (16) 

1 0( ) g( ) (2 )
k Z

u t k u t k


= −                                   (17) 

 
After wavelet packet decomposition and 

reconstruction, wavelet packet can be used to deal 
with signals changing at any time and frequency. 

Assuming ( )n n

j jg t u , ( )n

jg t  is known according 

to the two-scale equation: 
 

( ) (2 )n j n j

j l n

l

g t d u t l−= −                                (18) 

 
,2{ }j n

ld  and 
,2 1{ }j n

ld +
are used to calculate 

1,{ }j n

ld +
. And the reconstruction algorithm of the 

wavelet packet is as follows: 
 

1, ,2 ,2 1

2 2= [ ]j n j n j n

l l k l l k ld h d g d+ +

− −+               (19) 

 
The energy of the signal function can be 

expressed as: 
 

2|| ( ) || | ( ) |f t f t dt
+

−
=                                       (20) 

 
According to the law of conservation of energy, 

the wavelet packet can decompose the non-
overlapping energy orthogonal to the adjacent 

frequency band. Therefore, the square of the 
coefficient obtained by decomposing wavelet 
packets is equal to the energy of the original signal in 
the time domain. 

2

1

|| ||
N

j i

i

E n
=

=                                             (21) 

j  is the corresponding frequency band after 

decomposition; N  is the number of data sampling 

points, and in  is the coefficient obtained after 

decomposition. 
The feature vector composed of wavelet packet 

energy of the corresponding spectrum is used as the 
feature of rolling bearing fault diagnosis. The 
vibration signal of rolling bearing is unstable and 
nonlinear, and the energy characteristic changes 
with the change of working condition of rolling 
bearing. According to the analysis, the vibration 
signal of the three-layer rolling bearing with the 
wavelet packet is used. The normalized processing of 
waveform energy value is used as the feature vector 
of fault diagnosis, and the process is as follows: 

(1) Noise is removed from vibration signals 
collected from rolling bearings based on wavelet 
transform. 

(2) Eight different frequency band components 
are obtained by three-layer decomposition and 
reconstruction of noise-removed vibration signals 
based on wavelet packets. 

(3) Calculate the energy values of the eight 
reconstructed waveforms and use them as feature 
vectors of the normalized rolling bearing fault 
signals. The normalized equation is: 

1

i
i n

i

i

X
E

X
=

=



                                                 (22) 

iX  is the characteristic energy of each frequency 

band, and iE is the characteristic value after 

normalization. The range of i goes 0,1,2,...,7 . 

In the initial stage of rolling bearing fault 
diagnosis, the fault vibration signal is relatively weak 
and greatly affected by noise, like a noisy bearing 
running environment. Therefore, when the energy 
characteristics of the vibration signal are being 
extracted, the signal to remove the vibration signal 
must be used for preprocessing to eliminate the 
noise interference. Hence, the wavelet is proposed to 
denoise the collected vibration signals.  
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The original simulation signals are created in 
MATLAB to verify the effectiveness of wavelet 
denoising. Meanwhile, the de-noised data are 
performed wavelet packet decomposition and 
feature extraction by using MATLAB. 

 
2.4 Research on Fault Diagnosis of Rolling 
Bearing based on BP 

 

The artificial neural network is a mathematical 
model, which simulates the function and structure of 
the biological neural network. BP neural network is a 
neural network model based on a single-layer neural 
network, and the training is carried out according to 
the error backpropagation algorithm [23]. BP neural 
network is a typical three-layer network model, and 
its specific structure is shown in Figure 3. 

 

Information forward

Error backpropagation

Expected output

 
Figure 3. Structure of 3-layer BP neural network 

 
BP neural network algorithm divides the training 

process into two stages. 
The first stage is the forward dissemination of 

information. The input data calculates the actual 
output of each neuron based on the corresponding 
weights and thresholds. The mathematical model 
expression equation is as follows: 

( )l l

i iy f x=                                                             (23) 

1

1

1

lN
l l l l

i ij j i

j

x w y 
−

−

=

= +                                            (24) 

l

iy  is the output value of the i -th node in the l  

layer; 
l

ix  is the activation value of the i -th node in 

the l  layer; and l

ijw  is the weight value of the j -th 

node in the 1l −  layer. 
l

i  is the threshold value of 

the i -th node in the l  layer; lN  is the number of 

nodes in the l  layer, l  is the total number of the 

layers, and f  is the neuron activation function. 

The second stage is the error backpropagation 
stage. If the error between the output value and the 
expected value of the first stage does not meet the 
precision requirement and does not reach the 
number of the set iterations, the backpropagation 

process is carried out according to the steepest 
descent method. Change the weight of each 
connection in the direction of error reduction 
according to the error between the output value and 
the expected value. The expression equation of the 
process is as follows: 

ij

ij

E
w

w



 = −


                                                (25) 

 is the learning rate. 

The weight adjustment equation is: 

( 1) ( )ij ij

ij

E
w t w t

w



+ = −


                           (26) 

Algorithm steps for BP neural networks are as 
follows: 

(1) Initialize algorithm parameters, such as 
determining the number of input layer nodes, hidden 
layer nodes, and output layer nodes. 

(2) Calculate the hidden and output layers and 
use the weights and thresholds of the external input 
and hidden layers as the hidden layer outputs. The 
output of the output layer is calculated according to 
the output of the hidden layer and the weight and 
threshold of the hidden layer and the output layer. 

(3) Calculate the loss values based on the actual 
and expected outputs of the network model to obtain 
model errors. 
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(4) Update weights and thresholds. 
(5) If the accuracy of the algorithm or the 

maximum number of iterations is not satisfied, 
return to step (2). 

BP neural network has a strong nonlinear 
mapping ability. During the training, "learning 
content” is adaptively stored in the weights of BP 
neural networks. Therefore, BP neural network has 
high self-study ability. But the disadvantage of the 
BP neural network algorithm falls into extremes in 
the training process. Based on the BP neural 
network, 180 sets of four energy characteristic 
samples at the drive end and fan end of the motor 
are selected as training samples, the remaining 80 
groups as test samples. Furthermore, the label is set 
according to the four states of the rolling bearing. A 
three-layer BP neural network model is established 
by using MATLAB. In the light of the input and 
output of the energy characteristic sample, the 
number of neurons in the input layer of the neural 
network is 8; the number of neurons in the output 
layer is 4, and the number of neurons in the hidden 
layer is 17. Besides, the activation function and 
training function are Sigmoid. BP training algorithm 
uses variable learning rates as training targets, the 
training target is 0.0001, the learning rate is 0.01, 
and the training step is 3000. Each of 720 sets of 
energy feature training samples from the drive and 
fan ends is input into the BP neural network for 
training, and then 80 sets of test samples are input 
into the trained fault diagnosis model for testing. 

 

2.5 Research on Fault Diagnosis of Rolling 
Bearing based on GA-BP  

 
A genetic algorithm is proposed by Holland in the 

United States. The algorithm is inspired by evolution, 
namely species selection and population genetics. It 
is an algorithm focused on process calculation. The 
potential solutions to problems in the form of 
chromosomes are analyzed by genetic algorithms. 
Fitness is an important function of a genetic 
algorithm, and its value is used to analyze the 
advantages and disadvantages of dyeing. During the 
process of optimizing the algorithm, each generation 
enters their living environment by gradually forming 
a new generation of potential solutions by using 
algorithms, selection, intersection, variation, and 
other operators, showing their strong adaptability 
[24]. GA has important functions, such as global 
solution space search, parallel processing, and wide 
adaptability. Global solution space search can avoid 
falling into local optimal solutions, and the search 
efficiency is high. Because in the operation of the 
algorithm, each individual of the independent 
variable is searched in parallel in the unit of 
population, and GA can run directly.  

 

As a structure, it has a wide range of adaptability 
[25]. Thus, GA is widely used in many fields, such as 
adaptive control, image processing, production 
scheduling, and combinatorial optimization. 

The basic steps of GA are as follows: 
(1) Coding: The solution space of the problem is 

abstractly mapped to the structure of the gene string, 
and the solution space is usually encoded as a finite 
length binary string consisting of 0 and 1. 

(2) Initialization population: to form an 
initialization population, N individuals are generated 
in the possible problem-solving space. 

(3) Calculation of fitness function values: fitness 
function values are indicators for the evaluation of 
chromosomes, and fitness values for each coding 
gene string are calculated based on fitness functions. 

(4) Selection: The selection operation is based 
on the fitness value of step (3) and forms a new 
population by selecting excellent individuals. 

(5) Cross: Randomly select the same location of 
the two gene strings and form a new individual 
through a combination of crosses. 

(6) Mutations: The reversal of a specific position 
of a particular gene. The new individuals produced 
by the mutation are added to the parent generation. 
These changes mimic natural gene mutations. 

Generally, when the population is small, the 
calculation speed of the genetic algorithm is 
considered to be faster. The number of the 
population is usually 200100, the crossover 
probability is usually 0.45-0.9, the mutation 
probability is usually smaller, namely 0.001-0.01; 
and the final algebra is usually between 100-1000. 
The thresholds and weights of traditional BP neural 
network algorithms are usually generated randomly 
and tend to be classified as local optimal solutions. 
The GA global search function is applied to address 
this defect in traditional BP neural network 
algorithms and identify the four states of rolling 
bearings more accurately, Besides, GA can optimize 
BP neural network model to perform fault diagnosis 
of rolling bearings. 

 

3. Experimental Results Analysis and 
Discussion 

3.1 Experiment on Fault Feature Extraction 
of Rolling Bearing based on Wavelet Packet 
Decomposition 

 
Fast Fourier operation is carried out on the time 

domain waveform with noise and denoising signal to 
ensure that the signal processed by wavelet 
denoising does not filter out the useful components 
of the original signal. Moreover, the fault feature 
extraction results of vibration signals based on 
wavelet packet decomposition are obtained by 
comparing the noisy and de-noised signals.  
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The spectra and results are shown in Figure 4: 
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Figure 4. Waveform and spectrum of noisy and denoised signals 

 
Figure 4 shows that the effective frequencies of 

25 Hz, 50Hz, 100Hz, and 180 Hz are retained after 
wavelet denoising, and the signal noise is effectively 
removed.  

It can be concluded that wavelets can be used to 
deal with rolling bearing vibration signals to reduce 
noise interference and improve the signal-to-noise 
ratio. 

 

(1) Characteristics of normal bearing energy (2) Inner ring failure energy characteristics

(3)  Rolling failure energy characteristics (4)  Outer ring failure energy characteristics  
Figure 5. Energy characteristic of four types at the drive end 
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Figure 6. Energy characteristics of four types at the fan end 
 

The experimental results in Figure 5 and Figure 6 
indicate the variation of the amplitude of the eight-
bar waveform of the normal state is quite different 
after the decomposition of the three-layer wavelet 
packet for the normal state. The inner ring fault, the 
rolling body fault, and the outer ring fault, which 
show that the data information they contain is 
different. After the wavelet packet decomposition of 
the three-layer, the energy characteristic 
distribution of the four bearing states is also 
different. Therefore, the characteristic samples can 
be constructed by extracting energy eigenvalues as 
the basis of bearing fault diagnosis. 

 

3.2 Experimental Results of Rolling Bearing 
Fault Diagnosis based on GA-BP 

 
720 sets of training samples and 80 sets of test 

samples are selected at the drive end and the fan end 
respectively, they match the data used in section 2.5.  

A rolling bearing vibration signal data set 

provided by the electrical engineering laboratory of 

CWRU (case west storage university) is used.  

The genetic algorithm has a crossover probability 

of 0.4, the mutation probability of 0.1, and the 

classification accuracy as a fitness function. 720 sets 

of training samples are imported into the GA-BP 

model from the drive end and the fan end 

respectively.  

Figure 7(1) shows the goodness-of-fit curve when 

the model at the driver side is deployed. 80 sets of 

test samples are imported into the trained GA -BP 

fault diagnosis model. Figure 7(2) is the GA-BP 

classification result of the driver end. Figure 8(1) 

shows the evolutionary goodness-of-fit curve of the 

fan-end model, and Figure 8(2) tells the classification 

results of the fan-end GA-BP model. 
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Figure 7. Experimental results at the drive 
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(1)  Drive end fitness curve
(2)  The actual classification and prediction 

classification map of the test set  
Figure 8. Experimental results at the fan 

 
The experimental results reflect that when the 

evolution algebra of the fault diagnosis model GA-BP 
at the driving end is 8, the optimal classification 
accuracy of the population reaches 98.83%. In this 
case, a rolling element fault data classification error 
occurred in the test. When the evolution algebra of 
the fault diagnosis model at the fan end is 2, the 
overall optimal classification accuracy reaches 
97.62%. Under this condition, a rolling element fault 
and an outer ring fault are misclassified in the test 
data. 

When BP neural network model and GA-BP 

neural network model are used for fault diagnosis, 

training samples and testing samples will be 

randomly selected to avoid the influence of different 

data on the classification results.  

And the corresponding classification results are 

compared in the same experimental data.  

Table 1 lists the classification results of BP neural 

network and GA-BP neural network models. 
 

 
Table 1 BP & GA-BP algorithm fault identification results 

Algorithm Type 
Normal 

state 
Inner ring 

failure 
Outer ring 

failure 
Rolling element 

failure 
Correct 
rate (%) 

BP Drive end 20/20 18/20 19/20 20/20 96.25 
GA-BP Drive end 20/20 20/20 20/20 19/20 98.75 

BP Fan section 20/20 18/20 19/20 18/20 93.75 
GA-BP Fan section 20/20 20/20 19/20 19/20 97.5 

 
The experimental results in Table 1 show that in 

terms of energy characteristic samples at the driving 
side and the fan side, the classification accuracy of 
the GA-BP neural network model is better than that 
of the BP neural network model. The experimental 
results also show that the GA is used to optimize the 
BP neural network, and the accuracy of rolling 
bearing fault diagnosis is verified. 

 

4. Conclusions 
 

Based on the research background of rolling bearing 
fault diagnosis, the GA-BP neural network is 
optimized and improved by wavelet packet 
decomposition and genetic algorithm according to 
the characteristics of the rolling bearing vibration 
signal. The bearing fault diagnosis model is used to 
carry out related experiments on the rolling bearing 
data set.  

Experimental results show that the GA-BP neural 
network rolling bearing fault diagnosis model is 
adopted, and the accuracy and innovation are 
proved. The four-layer wavelet is used to remove the 

noise. The energy values of the eight reconstructed 
sub waveforms of the three-layer wavelet packet are 
taken as the eigenvalues of the denoised data. The 
subsequent classification algorithm can improve the 
calculation efficiency and the extracted energy 
features are normalized. Combined with GA-BP 
neural network, the wavelet packet decomposition 
method proposed achieves a good effect in the 
intelligent diagnosis of the rolling bearing fault. 
However, the method still has some shortcomings. 
Since there are many types of faults in rolling 
bearings, only a single fault in internal, external, and 
rolling elements of rolling bearing is diagnosed, and 
many mixed bearing fault problems cannot be 
detected and evaluated. 
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