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Abstract：Accurate and reliable fault diagnosis is one of the key and difficult issues in mechanical condition monitoring. In recent 

years, Convolutional Neural Network (CNN) has been widely used in mechanical condition monitoring, which is also a great 

breakthrough in the field of bearing fault diagnosis. However, CNN can only extract local features of signals. The model accuracy and 

generalization of the original vibration signals are very low in the process of vibration signal processing only by CNN. Based on the 

above problems, this paper improves the traditional convolution layer of CNN, and builds the learning module (local feature learning 

block, LFLB) of the local characteristics. At the same time, the Long Short-Term Memory (LSTM) is introduced into the network, 

which is used to extract the global features. This paper proposes the new neural network —improved CNN-LSTM network. The 

extracted deep feature is used for fault classification. The improved CNN-LSTM network is applied to the processing of the vibration 

signal of the faulty bearing collected by the bearing failure laboratory of Inner Mongolia University of science and technology. The 

results show that the accuracy of the improved CNN-LSTM network on the same batch test set is 98.75%, which is about 24% higher 

than that of the traditional CNN. The proposed network is applied to the bearing data collection of Western Reserve University under 

the condition that the network parameters remain unchanged. The experiment shows that the improved CNN-LSTM network has better 

generalization than the traditional CNN. 
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Introduction

Bearing is one of the basic components of rotating 

machinery, and 45%-55% of machine shutdowns are 

caused by bearing faults [1]. Therefore, an effective 

bearing fault diagnosis method is the top priority to 

ensure the normal work of the machine. However, 

bearing fault diagnosis is always a difficult problem in 

the field of fault diagnosis. So far, there are two main 

methods about bearing fault diagnosis: vibration signal 

analysis method and data-driven method. 

Vibration signal analysis mainly uses signal 

decomposition techniques, such as empirical mode 

decomposition and wavelet analysis, and observe the 

changes and trends of state indicators, or use frequency 

characteristics for bearing fault diagnosis. However, it 

is often sensitive to changes in the physical properties 

of mechanical systems [2]. For complex mechanical 

structures which especially in the strong noise 

environment, it is difficult to accurately detect the fault 
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characteristic frequency or observe the abnormal 

change of the index. 

In recent years, most of the intelligent diagnosis 

methods which are data-driven have been applied in the 

field of bearing fault diagnosis. For example, Lei et al. 

[3] used 10 statistical parameters to describe the 

healthy state of bearings and input these characteristics 

to the artificial neural network for fault classification. 

Yang et al. [4] took the component energy entropy 

which obtained from empirical mode decomposition as 

a feature and input it into the neural network for bearing 

fault classification. However, the above intelligent fault 

diagnosis methods are all based on shallow machine 

learning models, such as artificial neural network 

(ANN), k-nearest neighbor algorithm (KNN), random 

forest and support vector machine (SVM). Using these 

shallow machine learning models for bearing fault 

diagnosis requires artificial extraction of a series of 

vibration signal features (for example, variance, energy 

entropy, root mean square, etc.), and the extracted 

features are used as model input for fault classification 

by using classifier. Previous research results show that 

feature extraction is an important prerequisite for 

achieving ideal diagnostic accuracy. But in fact, it is 

difficult to artificially extract effective characteristics 

of bearing fault feature, basically has the following 

three difficult problems [5]: (1) need high level 

professional knowledge, (2) in difficult mechanical 

system to eliminate the interference of hardware and 

the changeable environment, the extracted features 

should be changeable, (3) manual extraction features 

may lead to low data utilization, resulting in lack of 

effective information. Therefore, the above classical 

shallow model is not suitable for bearing fault 

diagnosis. 

In order to avoid the above problems, in recent 

years, deep learning methods based on pattern 

recognition and image processing [6] have attracted the 

attention of many researchers in the field of fault 

diagnosis, and promoted the development of fault 

diagnosis methods based on deep learning. Deep 

learning imitated human brain learning process, 

adopted hierarchical structure, extracted high-level 

features of data layer by layer through greedy learning 

algorithm, and then used the learned features as the 

input of classifier to conduct fault classification. Some 

well-performing deep learning networks have been 

proposed, such as deep belief nets (DBNs) and 

restricted boltzmann machine (RBM), etc. These 

methods have achieved good results in highly 

challenging recognition tasks [7], [8]. In recent years, 

in order to improve the efficiency of fault diagnosis, 

these methods have also been used in various fault 

diagnosis [9-11]. 

However, in the above deep learning network 

learning process, when the input is the original 

vibration signal or spectrum diagram, many parameters 

need to be optimized, resulting in a very slow network 

training process, and it is difficult to realize the optimal 

model. Based on this problem, CNN was proposed and 

widely concerned by various fields. Compared with 

other deep learning models mentioned above, CNN 

adopts weight sharing, local perception and sub-

sampling strategies, which can significantly reduce the 

number of parameters to be optimized (also known as 

weights), greatly improving the speed of network 

training. Meanwhile, because CNN is insensitive to 

local changes in the convolution process, CNN has a 

strong noise reduction ability. As one of the main deep 

learning models, CNN has been successfully applied in 

many fields, such as medical imaging [12], food 

classification [13], stock prediction [14] and emotion 

recognition [15]. At present, many researchers also use 

CNN for fault diagnosis [16], [17], [18], and have 

achieved good results. 

However, CNN can only extract local features of 

signals when processing temporal signals [18]. Bearing 

vibration signal is a time-varying signal. The local 

features extracted from such signals by CNN can loss 

the global information of the signal, resulting in low 

performance of diagnostics. To overcome the shortage, 

this paper puts forward the CNN-LSTM network. In the 

network, the inputs are the original vibration signals of 

bearings. The network has been created based on local 
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feature extraction module (LFLB) of CNN. The local 

characteristics of the original vibration signal can be 

extracted from the four LFLB layers. At the same time, 

the long short-term memory (LSTM) network can 

extract the global characteristics of vibration signals. 

Experimental results show that the method can 

effectively improve the accuracy of bearing fault 

diagnosis, compared with the simple use of CNN, and 

has a certain generalization. 

At present, scholars have proposed a method of 

bearing fault diagnosis combined with CNN-LSTM, 

but most of them only use a set of data sets, which are 

divided into training set and test set in proportion, one 

part is used to train the network, and the other part is 

used to test the accuracy of the network. degree. By 

improving the feature extraction part based on the 

traditional CNN network architecture, a batch 

normalization layer and an exponential linear unit layer 

are added to the traditional CNN convolution module, 

which are common with a convolution layer and a 

maximum pooling layer The local feature learning 

module is formed, which can improve some of the 

drawbacks of traditional CNN in extracting signal local 

features. The local feature extractor LFLBs is 

constructed by stacking 4 layers of LFLB modules, and 

the LFLBs are used to learn the local features in the 

bearing vibration signal. During the training process, 

the convolution kernel determines the retention and 

discarding of the extracted features according to the 

target. Therefore, compared with the traditional manual 

feature extraction, the local feature extraction of the 

deep network can be automatically completed, but the 

interpretability of the extracted features is relatively 

weak. The BN layer normalizes the features extracted 

by the convolutional layer, which can improve the 

stability of the network. Compared with the traditional 

CNN network, the extracted features are more 

representative. 

In addition, Wang [19] et al. studied model-based 

fault diagnosis and found that the existence of unknown 

disturbances would cause fault alarms. In order to deal 

with this false alarm problem, the proposed robust fault 

detection method is designed. The H−/H∞ fault 

detection of LPV descriptor system is studied. Based 

on the generalized Kalman-Yakubovich-Popov lemma 

of the LPV description subsystem, a non-single-point 

structure finite frequency domain fault detection 

observer is designed. The sufficient conditions for the 

design of the fault detection observer are derived and 

converted into a set of LMI, which can be solved 

effectively. LFLB is constructed by layers that are 

robust to input noise. Therefore, the features learned by 

LFLB have certain robustness and can also avoid 

failure alarms caused by unknown disturbances. Liu 

[20] et al. studied the design of sliding-mode observers 

for actuator fault estimation in linear continuous-time 

systems under digital communication channels. This 

problem often occurs in a network environment. Before 

transmitting data through a digital communication 

channel, the data must be quantified. Aiming at this 

problem, a new descriptor sliding mode observer 

method is proposed. The results show that if the 

quantizer density is greater than 1-2  , the designed 

observer can fully compensate for the quantization 

error, and the fault vector can be reconstructed with 

signal quantization. Syed Abu Nahian [21] et al. 

proposed a UIOEFIR algorithm with minimum design 

workload for EHA's random sensor failure and state 

estimation problems. This is achieved by introducing 

UIO into EFIR dynamics, so there is no requirement for 

noise statistics. For this reason, an effective sensor FDA 

that can be executed with any controller is developed 

using the proposed estimator to tolerate the position of 

the EHA and the failure of the head-side pressure sensor. 

In operation, this method effectively uses conventional 

control logic for trajectory tracking, and improves the 

estimation accuracy under time-varying measurement 

noise. Since the estimated amount of the design is Nopt 

times slower than the EKF-based method, techniques 

to reduce the computational cost will be studied. It can 

be seen that the improved CNN-LSTM neural network, 

because CNN is not sensitive to local changes in the 

convolution process, so it has a strong noise reduction 

ability, so that the results of fault diagnosis are more 

accurate. The combination of improved CNN and 

LSTM will also greatly reduce the cost of calculation, 

and at the same time, there is no need to perform any 

processing on the data, which has better generalization. 

1 Methods to introduce 
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1.1 Local feature learning blocks-LFLBs 

Local feature learning block (LFLB) is a substitute 

for CNN, aiming to improve some disadvantages of 

traditional CNN when extracting local features of 

signals. After dozens of experiments, it is concluded 

that four LFLB modules are the optimal solution with 

the strongest feature extraction ability of the network 

model proposed in this paper. Local feature extractor, 

LFLBs, is constructed by superimposing 4 layer LFLB 

modules, and LFLBs is used to learn local features in 

bearing vibration signals. The LFLB layer is composed 

of a convolution, a batch of normalized (BN) layer [22], 

an exponential linear unit layer (ELU) [23] and one of 

the max pooling layer (MP), whose overall structure is 

shown in Figure 1. The convolution layer and pooling 

layer are the core layers of LFLB, whose working 

principle is shown in Figure 2 and Figure 3. Due to the 

two characteristics of local spatial connectivity and 

sharing [24], the convolution layer reduces the number 

of parameters that need to be updated when training the 

network and speeds up the operation. At the same time, 

these two features enable the convolution layer to have 

functions similar to human visual system, so that deep 

features of input data can be learned. During the 

training process, the convolution kernel changes 

randomly according to the network parameters. When 

the feature extracted from the convolution kernel 

cannot represent the object effectively, the feature will 

be discarded. If the feature is a valid representation of 

the object, the feature will be retained. Therefore, local 

feature extraction of deep network can be completed 

automatically, but the interpretation of extracted 

features is relatively weak. BN layer normalizes the 

output features of convolution layer after activation, 

and improves the performance and stability of deep 

network. The conversion used in batch normalization 

keeps the activation mean near 0 and the activation 

standard deviation near 1. The ELU layer defines the 

output of the BN layer. Different from other activation 

functions, ELU has a negative value, which makes the 

mean value of activation approach to zero, thus 

speeding up the learning speed of the design network 

and improving the recognition accuracy. MP can reduce 

the noise interference to the fault feature extraction [25]. 

Among the common nonlinear functions, maximum 

pooling is the most common. It divides the input into a 

group of non-overlapping regions and outputs the 

maximum value of each sub-region [26]. Although the 

robustness of LFLB has not been proved 

mathematically, LFLB is constructed from a layer that 

is robust to input noise, so the characteristics learned by 

LFLB have certain robustness. 

 

Figure 1 LFLB module 

 

Figure 2 Convolution layer convolution process with 

kernel size of 4 and step size of 1 

 

Figure 3 Maximum pooling layer pooling process with a 

kernel size of 3 and a step size of 3 

LFLB can be adjusted according to different tasks. 

The differences of LFLB construction are mainly 

reflected in various parameters of convolution and max 

pooling. The convolution layer plays a role in local 

feature extraction. When the data is transferred to the 

convolution layer, it is convolved with the convolution 

kernel according to the width and height of the input 

data. Than the eigenmatrix is generated by computing 

the dot product between the kernel item and the input 

item. 

Convolution BN Max PoolingELU

Convolution

Max Pooling



    

 5 

The signal x(n) is input into convolution kernel 

w(n) of size l to obtain the result z(n). The convolution 

kernel w(n) is randomly initialized in the experiment. 

 ( ) ( )* ( ) ( ) ( ) 1
l

m l

z n x n w n x m w n m


      

Then the features obtained by convolution are 

input into BN layer, so that these features can be 

normalized after activation. After normalization, the 

average value of these features is close to 0 and the 

standard deviation is close to 1. The normalized 

features can be expressed as: 

1( ( * )) (2)l l l l

i i j ijj
z BN b z w    

Where, 
l

iz  and 
1l

jz 
represent the output feature 

of layer l and the j input feature of layer (l-1). 
l

ijw is the 

convolution kernel between the i and j feature.Function 

( )BN    is the activation function of batch 

normalization layer. Function ( )   is the activation 

function of ELU layer. 

After processing by function ( )BN   the features 

obtained by the convolution layer have been 

normalized. Function ( )  is the activation function 

of ELU layer, which can be expressed as: 

0
( ) (3)

( 1) 0x

x x
x

e x





 

 
 

The acquired features are transmitted to the 

maximum pooling layer, which has the function of 

nonlinear down-sampling and can reduce the feature 

resolution. The features generated by the maximum 

pooling layer can be expressed as: 

max (4)
k

l l

k p
p

z z
 

  

including 
k representative indexes for 𝑗 pooling areas.  

1.2 Global feature extractor—LSTM 

The global characteristics of bearing vibration 

signal refer to the timing characteristics of bearing. For 

timing signals like bearing vibration signals, global 

features are related to the whole sequence, and the 

detection algorithm should be applied to the whole time 

domain of the signal. In order to obtain global fault 

feature information in bearing vibration signal, LSTM 

is used to extract global feature. In recent years, LSTM 

has been applied to many fields such as language 

processing, audio analysis and image analysis, and 

achieved very good results. LSTM is a variant of the 

recurrent neural network (RNN), which can effectively 

avoid the phenomenon of gradient disappearance or 

gradient explosion caused by RNN. So it is often used 

to process and predict relatively long interval and delay 

sequence signals in time series [23]. LSTM is used to 

extract global features of signals, which can enhance 

the effectiveness of features and better diagnose 

bearing faults. 

1 1( ) (5)l l

t g f t f t ff W z U z b      

1

1( ) (6)l l

t g i t i t ii W z U z b 

    

1

1( ) (7)l l
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)( 1

1

1 c

l
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l

tcctttt bzUzWicfc  
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tht

l

t coz                 (9) 

Where tc  represents the state of LSTM module; 

W,U and b are parametric matrices and vectors; tf , ti  

and to   are gate vectors; g   is sigmoid function, 

c   and h   are hyperbolic tangent lines; The 

operator F represents the Hadamard product. 

1.3 CNN - LSTM network 

In this paper, CNN-LSTM network is constructed 

to process bearing vibration signals. Local features of 

bearing vibration signals are extracted by 

superimposing four LFLBS, and global features are 

extracted from local features of LFLB4 output by 

LSTM. Its flow chart is as follows in Figure 4, in which 

RB stands for rolling body fault bearing，IR stands for 

Inner ring fault bearing, OR stands for Outer ring fault 

bearing，Cage stands for cage fault bearing. 
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Figure 4 CNN - LSTM flow chart 

The purpose of this network is to learn deep 

features from bearing vibration signals. Bearing 

vibration signals are one-dimensional, so the 

convolution kernel and pooling kernel of each LFLB 

module are one-dimensional, and the convolution 

kernel size of each LFLB module is 3, the step size is 

1, and the filling mode is the SAME. The number of 

convolution kernel of LFLB1 and LFLB2 is 64, and the 

number of convolution kernel of LFLB3 and LFLB4 is 

128. The maximum pooled kernel size and step size in 

each LFLB module is 4. The network LSTM layer 

kernel number is 256, which is used to extract global 

features. Network parameters are shown in Table 1. 

Softmax classifier is used at the top of the network, 

which can identify bearing fault types according to the 

deep features learned. 

 

 

Table 1 CNN-LSTM network parameters (C is the convolution 

layer, P is the pooling layer) 

Module     Number         Size        Stride 

LFLB1     C1     64            3             1 

           P1                   4             4  

LFLB2     C2     64            3             1 

           P2                   4             4 

LFLB3     C3     128           3             1 

P3                   4             4 

LFLB4     C4     128           3             1 

P4                   4             4 

LSTM                          256 

When bearing vibration signals are input into 

CNN-LSTM network, LFLBs first extracts local 

features from vibration signals data. Local features of 

the output of LFLB4 are reconstructed and input into 

the LSTM layer, from which the LSTM learns global 

features. The learning process of local and global 

features is shown in Figure 5 and Figure 6. Therefore, 

the deep fault features output from the LSTM layer 

contain local and timely sequence information of fault 

signals. 

Figure 5 Local feature extraction process 

Bearing vibration signal

LFLB1

LFLB2

LFLB3

LFLB4

LSTM(256)

Fully connected 

layer

Softmax classifier

Cage、RB、IR、OR

Feature 

learner

Predict 

layer

A
m

p
li

tu
d
e

t

n-2 n-1 n n+1 n+2
Zn-2 Z Z Z Zn-1 n n+1 n+2
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Figure 6 Global feature extraction process 

The learned deep-level features are input into the 

full connection layer connected with the LSTM layer, 

and the output fault features of the full connection layer 

can be expressed as follows: 

1 (10)l l l lz b z w    

Softmax is a kind of classifier, the multiple 

classification problems, the tag 𝑧 contain two or more 

values. The Softmax function can be defined as: 

(11)i j j jiz h W  

1

exp( )
max( ) (12)

exp( )
i i n

j j

zi
soft z p

z

 


 

Where iz   is the input of Softmax, jh   is the 

activation of the penultimate layer, and jiW   is the 

weight between the penultimate layer and the Softmax 

layer. Therefore, the prediction class tag is: 

arg max (13)iy p


  

1.4 Hyperparameter optimization 

It is very important to choose a set of 

hyperparameters for a deep architecture. The goal of 

hyperparameter optimization is to improve the 

performance of the deep network on an independent 

data set. Grid search and random search all have been 

applied to some deep learning frameworks successfully, 

and simplify the training of the deep architecture. When 

Bayesian optimization is proposed, it is shown to obtain 

better results in fewer experiments. In our experiments, 

the Bayesian optimization method is adopted to select 

the hyperparameters for the proposed deep networks.  

Bayesian optimization is a sequential design 

strategy and can minimize the objective function 

efficiently. Hyperopt, a Python library, is used to 

optimize the hyperparameters in our experiments. 

Hyperopt defines an objective function which can be 

minimized, and treats it as a random function. A prior 

is also placed over the objective function. According to 

the gathered function evaluations, prior is updated to 

form the posterior distribution over the objective 

function. An acquisition function is created by using the 

posterior distribution. Then the hyperparameters are 

picked iter-atively. In order to select a suitable 

optimization algorithm, the distribution over the choice 

(’adagrad’, ’adam’, ’sgd’, ’rmsprop’) is chosen. After 

the training with the optimized hyperparameters,the 

best model is returned. 

2 Bearing failure test 

2.1 Data acquisition and database description 

The fault bearing vibration signal was collected 

from the HZXT-DS-003 double-span double-rotor 

rolling bearing test rig at Inner Mongolia University of 

Science and Technology, as shown in Figure 7.  

The bearings tested are 6205 deep groove ones, 

specified as shown in Table 2. Four types of 

components faults are induced manually to four bearing 

s respectively, which are shown in Figure 8 and 

expressed as OR for the fault on outer, IR for fault on 

inner race, Cage for fault on cage and RB for fault on 

ball elements respectively.   

To ensure data representativeness for CNN 

training and testing, vibration signals were collected at 

six different speeds: 750, 1000, 1250, 1500, 1750 and 

2000 r/min. at each speed, 800 vibration signals, each 

with a length of 1s were collected with a sampling rate 

of 12,000Hz which results in 800×6×5 datasets in total 

for 6 operating speeds and 5 bearing cases (including 

fault free). 

2.2 Data processing 

2.2.1 The application of traditional CNN  

Traditional CNN is used to process the data set. 

The network consists of two convolution layers and 

LSTM LSTM LSTM LSTM

Zn-2
l

Zn-2
l-1 Zn-1

l-1

Zn-1
l

Z n
l-1

Zn
l

LSTM

Zn+1
l

Zn+1
l-1

Zn+2
l

Zn+2
l-1

Local Feature

Global Feature
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Motor
Speed 

torque 

meter
Radial loader 1 Radial loader 2 Magnetic 

Powder

 loader

PLC

PID

speed

PID

speed

Program loader

Bearing faultTest point 1

Test point 2

two pooling layers, which are arranged alternately. The 

network architecture is shown in Figure 9, which 

consists of two convolution stages: CNN1 and CNN2 

detailed are shown in Table 3. 

 

Figure 7 Hzxt-ds-003 double span double rotor rolling bearing 

test rig 

  

  

Figure 8 Failure bearing of outer ring (OR), failure bearing of 

inner ring (IR), failure bearing of rolling body (RB), failure 

bearing of cage (Cage) 

Table 2 6205 Bearing parameters (D- Section bearing diameter, 

d- Roll segment diameter, N- Number of rollers) 

D d N Angle 

39.04mm 7.94 mm 9 0° 

 

Figure 9 Traditional CNN architecture diagram 

 

 

 

 

Table 3 CNN parameters 

Module number size Stride 

CNN1 C1  32 3 1 

 P1 4 4 

CNN2 C2  64 3 1 

 P2 4 4 

 

Bearing vibration signal

Cov1

Activation(relu)

MaxPooling
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Fully connected layer
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Figure 10 Changes of training accuracy and verification 

accuracy of traditional CNN with the number of iterations 

It is divided into a training set, validation set and 

test set according to the ratio of 8:2:2. 

Experimental results are shown in Figure 10. As 

can be seen from the results, using the traditional CNN 

to analyze the data, the number of iterations to reach 

the optimum is about 230, and the validation accuracy 

is only 76.33%. The accuracy of test set is 75.26%. 

Generally, the higher these two accuracy rates are, the 

better the network performance will be. The validation 

set accuracy is usually used to adjust the parameters of 

the network. The more accurate the test set is, the more 

effective the network will be. Obviously, the traditional 

CNN is not suitable for bearing vibration signal 

processing. 

2.2.2 Improved CNN application on the data set 

The four-layer LFLB neural network is used to 

process the data set. The network architecture is shown 

in Figure 11, and the network parameters are the same 

as those in Table 1. The processing results are shown in 

Figure 12. When the number of iterations reaches 34, 

the model reaches the optimal value, and the accuracy 

of the verification set is the highest at 83.57%. The test 

set is used to test the model, and the bearing fault 

confusion matrix obtained is shown in Table 4, and the 

accuracy of the test set is 80.95%. The results show that 

compared with the experimental results of traditional 

CNN, the number of iterations used to reach the optimal 

network is greatly reduced, indicating that the 

improved CNN computing cost is greatly reduced. In 

terms of accuracy, it also increases by about 5% from 

75.26%, and the improved CNN performance is 

obviously better than traditional CNN. 

However, the accuracy of 80.95% is far from the 

expected effect, and the accuracy of the outer circle is 

only 59.53%. 

 

Figure 11 LFLB neural network architecture 

 

Figure 12 Changes of improved CNN training accuracy and 

verification accuracy with the number of iterations 

Table 4 Bearing fault confusion matrix（accuracy%） 

 Cage RB IR OR 

Cage 92.85 7.15 0 0 

RE 4.76 95.24 0 0 

IR 11.5 12.30 76.20 0 

OR 0 0 40.47 59.53 

Average accuracy =80.95% 

Bearing vibration signal

LFLB1

LFLB2

LFLB3

LFLB4

Fully connected layer

Softmax classifier

Cage、RB、IR、OR
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2.2.3 The application of improved CNN-LSTM 

network on this data set 

The improved CNN-LSTM network is used to 

process the dataset. Different from the improved CNN, 

the improved CNN-LSTM network adds the LSTM 

layer, which can improve the model performance by 

extracting global features of signals. The processing 

results are shown in Figure13. When the number of 

iterations reaches 32, the model reaches the optimal 

value, and the accuracy of the verification set reaches 

98.75%. Test set is used to test the model, and the test 

accuracy is 97.45%. The bearing fault confusion matrix 

is shown in Table 5. 

 

Figure 13 Changes of training and verification accuracy of 

CNN-LSTM neural network with the number of iterations 

 

 

 

 

Table 5 Bearing fault confusion matrix（accuracy%） 

 Cage RB IR OR 

Cage 100 0 0 0 

RE 0 100 0 0 

IR 0 0.36 99.64 0 

OR 0 0 9.84 90.16 

Average accuracy =97.45% 

 

From the perspective of computational cost, the 

number of iterations required by the model to reach the 

optimal value is similar to the number of iterations 

required by the improved CNN, which has a lower 

operational cost than traditional CNN. From the 

accuracy of test set, the improved CNN-LSTM network 

has a higher accuracy, which is about 16% higher than 

the improved CNN. Among them, the ability to identify 

faults in the outer circle is greatly enhanced, reaching 

90.16%, which is about 30% higher than the improved 

CNN. It can be seen that the improved CNN-LSTM 

network has better performance and can be well applied 

to bearing fault diagnosis. 

3 The generalization of improved CNN-

LSTM network and its performance 

compared with other methods 

In order to verify the generalization of the 

improved CNN-LSTM network, CNN-LSTM network 

is applied to the bearing data set of Western Reserve 

University. For comparison, traditional CNN is used to 

process the bearing data of Western Reserve University, 

and the performance is compared with other two 

advanced methods under the same data set. The bearing 

faults are inner ring faults, outer ring faults and rolling 

body faults. The test used electric discharge machining 

(EDM) technology to arrange a single point of failure 

on the outer ring of the bearing (3 o 'clock, 6 o 'clock, 

12 o 'clock direction), the inner ring and the rolling 

body, and the failure diameter was 0. 007, 0. 014, 0. 021, 

0. 028, 0. 040 inches (1 inch = 2. (54 cm). Each state 

was tested under loading conditions of 0, 1, 2 and 

3HP(1HP = 746W), and the rotation speed was 

corresponding to 1797, 1772, 1750 and 1730 r/min, 

respectively. The sampling frequency of the signal is 

12000Hz. On the premise of constant parameters, the 

improved CNN-LSTM network proposed in this paper 

is applied to the bearing vibration data collected under 

the condition of all new, load change and rotation speed 

fluctuation, which can well verify the generalization of 

the constructed network. Each sample of three kinds of 

fault bearing vibration data of Western Reserve 

University was cut to 10 sub-samples with a size of 
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12000 points. Randomly, the sub-sample set was 

divided into training set, verification set and test set in 

a ratio of 8:2:2. 

3.1 The application of traditional CNN on this data 

set 

The data set of bearing vibration signal of Western 

Reserve University is input into traditional CNN, and 

the results are shown in Figure 14. When the model is 

trained to the best, the accuracy of the verification set 

is 63.74%, and the accuracy of the test set is only 

58.65%, when the test set is input for testing. It can be 

seen that the traditional CNN is not good at processing 

bearing vibration signals. 

 

Figure 14 Changes of training accuracy and verification 

accuracy of traditional CNN with the number of iterations 

3.2 The application of improved CNN-LSTM 

network on this data set 

The improved CNN-LSTM network proposed in 

this paper is used to analyze the data set of bearing 

vibration signal of Western Reserve University. In 

order to verify its generalization, the test is carried out 

under the condition of hyperparameters and constant 

parameters. The obtained results are shown in Figure 

15. When the model is optimal, the accuracy rate of the 

verification set can reach 98.50%, and the accuracy rate 

of the test set obtained from the input test set is 98.35%. 

It can be seen that the improved CNN-LSTM network 

has higher accuracy rate and certain generalization. The 

bearing fault confusion matrix is shown in Table 6. 

 

Figure 15 Training and verification accuracy of the improved 

CNN-SLTM neural network varies with the number of 

iterations 

Table 6 Bearing fault confusion matrix（accuracy%） 

 RB IR OR 

RE 100 0 0 

IR 0 100 0 

OR 0 8.94 91.06 

Average accuracy =98.35% 

3.3 Comparison with other machine learning 

algorithms 

In order to more comprehensively verify the 

performance of the method in this paper, the proposed 

method was compared with other machine learning 

algorithms. For example, Xie et al. [27] preprocessed 

the original signal with a bandpass filter to get the 

optimized features, and introduced the Adam optimizer 

to speed up model training. Then, the improved 

convolutional deep confidence network was used to 

complete fault identification. Wang et al. [28] applied 

wavelet transform to bearing vibration signals, used 

soft threshold denoising method to filter the noise of 

vibration signals, and realized fault identification with 

radial basis (RBF) neural network. This method 

reduces the manual workload, improves the accuracy 

and calculation efficiency compared with Xie's method, 

and the parameters are easy to set. Compared with 

sparse coding and BP neural network, SAE and DBN, 
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the above two methods have higher accuracy and better 

performance, and are representative to some extent.  

The identification results of the three methods are 

shown in Table 7. It can be seen that the method 

proposed in this paper has higher accuracy and does not 

need any data processing. Compared with the other two 

algorithms, the method has better generalization. 

Table 7 Performance comparison of three algorithms 

Methods Accuracy Pretreatment method 

The paper, 98.35% None 

Xie[27] 95.64% Fast Fourier transform、 

Folding processing、 

Bandpass filter 

Wang[28] 96.75% Wavelet transform、 

Soft threshold denoising 

4 Conclusion 

Using the improved CNN-LSTM network for 

bearing fault diagnosis can avoid the manual feature 

extraction process and reduce the diagnosis cost. 

Moreover, because it is searching for features in 

massive data, it has higher generalization. In this paper, 

combined with the improved CNN and LSTM neural 

network, the local and global features of bearing 

vibration signals can be effectively learned. Compared 

with the traditional CNN network, the extracted 

features are more representative, and the diagnosis 

effect is far better than the traditional CNN neural 

network. Compared with the other two methods, the 

experimental results show that the designed network 

has better performance in processing bearing vibration 

signal data. However, there are also many shortcomings, 

such as the number of network layers and the selection 

of various parameters, which are obtained through 

continuous experiments and have poor explanatory 

ability, which is also one of the key research contents 

in the future. 
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