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Abstract: Mechanical fault can cause economic loss of different degrees, even casualties. Timely fault diagnosis is an essential condition for ensuring safe production in 
modern industry. With the growth of intelligent manufacturing, more and more attention is paid to fault diagnosis methods that are based on deep learning. However, the 
diagnostic accuracy of existing diagnostic methods has still to be improved. Therefore, a fault diagnosis method called WDCNN-LSTM is proposed by combining Wide First-
layer Deep Convolutional Neural Network with Long and Short Term Memory. Feature information is extracted adaptively from one-dimensional original vibration signals by 
Convolutional Neural Network. The extracted features are further extracted by Long and Short Term Memory, so that the fault feature information can be fully obtained. 
Experiments are performed on CWRU datasets to verify our proposed method. By analyzing the experimental results, we find that the average accuracy of the proposed 
WDCNN-LSTM model is 99.65%. 
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1 INTRODUCTION   
 

Rotating machinery and equipment often operate in 
complex environments with high temperature, humidity, 
and heavy load. Their parts are easily damaged and cause 
equipment failure, which will cause serious economic 
losses and even loss of life [1, 2]. Therefore, an effective 
failure diagnosis of key components of rotating machines 
and equipment is an important condition for ensuring safe 
production in modern industry. The rolling bearing, the 
most widely used part of rotating machinery, is one of the 
most vulnerable. Bearing fault is the most common type 
through the mechanical equipment failure survey [3, 4], 
accounting for 30%~40% of the total number of failures. 
How to accurately diagnose the abnormal state of rolling 
bearings and accurately locate the fault location has 
attracted widespread attention from researchers and 
engineers. 

In the early days, based on the vibration signal 
processing method there is the mainstream bearing fault 
diagnosis method, which is generally split into two parts: 
extraction characteristic and classification [5, 6]. The 
original vibration signal is picked up by the sensors located 
on the bearing equipment, which contains information 
about bearing state as well as a large amount of useless 
noise. Based on the signal processing methods, the aim is 
to extract information about the fault characteristics of the 
original signal using advanced signal denoising and 
filtering techniques [7-9]. The extracted features cannot all 
be used for diagnostics. It will not only increase the 
computational burden, but also reduce the accuracy of fault 
classification. Therefore, usually after feature extraction, 
useless features are removed by feature selection, and a 
suitable feature training classifier is selected to improve the 
computational efficiency. 

In recent years, the equipment in the industrial field 
has gradually become large-scale, intelligent, and complex, 
and the amount of mechanical fault data and fault factors 
that can be collected has greatly increased. However, most 
of these traditional fault diagnosis methods use manual 
extraction of bearing vibration signals. Bearing fault 
diagnosis cannot meet the requirements of social 
development due to its long time, high cost and strong 

randomness of results. At present, deep learning-based 
methods [10-13] have become popular in the field of 
bearing fault diagnosis, which can adaptively extract 
representative features and overcome the limitations of 
manual feature extraction. 

A large number of papers attempt to use convolutional 
neural network (CNN) [14] in deep learning technology for 
mechanical fault diagnosis. Although these approaches can 
comfortably extract fault characteristics and diagnose 
faults, the error rate of diagnosis is high, which cannot 
achieve satisfactory results. There are three main reasons 
for the above situation:  

1) The error or unrelated features in the original signal 
are extracted;  

2) CNN can only learn spacial information in the 
receiving field, but not time series information in vibration 
signal;  

3) As the network structure deepens, the features that 
are learned by the CNN become more and more abstract. 
And it is easy to over-fitting, which will affect the test 
results.  

To tackle the above issues, this paper suggests a novel 
fault diagnosis model WDCNN-LSTM. It cannot only 
extract fault feature information effectively, but also 
prevent over-fitting. 

The rest of this article is in the following order. The 
work that is relevant to this article is talked about in section 
2. Section 3 introduces the components of WDCNN-
LSTM model in detail. Experimental Settings are 
described in detail in Section 4, such as fault diagnosis data 
sets, baseline models, implementation details, and 
evaluation metrics. In Section 5, the experimental results 
of the model on the CWRU dataset are shown and 
compared with some innovative baseline models. Finally, 
Section 6 summarizes the paper and makes 
recommendations for future research. 
 
2 RELATED WORK 
 

Deep learning technology has developed rapidly, and 
the trend of bearing fault detection has shifted from 
traditional methods to methods based on deep learning. 
Since the original signal collected from the accelerator is 
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one-dimensional data, CNN is widely used by many 
researchers in bearing fault diagnosis. Ince et al. [15] 
propounded a one-dimensional CNN that was directly 
applicable to the original vibration signal for real-time 
motor fault diagnosis. Guo et al. [16] proposed a 
hierarchical adaptive deep convolutional neural network 
(ADCNN) based on the conventional DCNN model. Zhang 
et al. designed a deep convolutional neural network with a 
wide first-layer kernel (WDCNN) [17] to repress high-
frequency noise. In this method, the wide kernel of the first 
convolution layer can repress the high frequency noise 
while abstracting the features from the collected original 
vibration signals. Experimental results show that high 
accuracy can be achieved even in a noisy environment. 
Zhuang et al. [18] proposed a one-dimensional multi-scale 
deep convolutional neural network (MS-DCNN), which is 
directly used to process the original vibration signal. First, 
different sizes of convolution kernels are used to extract 
different sizes of features in parallel. Then, the neurons 
after the multi-scale convolution layer are connected and 
input to the output layer for classification.  

In some cases, one-dimensional data are convertible 
into two dimensional representations by preprocessing. 
Chong et al. [19] put an effective method forward to extract 
vibration signal features in a two-dimensional domain. 
Firstly, the amplitude of each vibration signal sample is 
normalized to obtain a two-dimensional gray image. 
Finally, a scale invariant feature transform algorithm (SIFT) 
is used to extract local features. Kang and Kim [20] 
proposed a two-dimensional gray image representation 
method based on Shannon Wavelet, and used SVM to 
identify faults of induction machines to better adapt to the 
requirements of the multi-layer greedy learning based 
diagnosis model. Lu et al. [21] mapped the original signal 
to a series of feature maps by using the image 
transformation method. Wen et al. [22] proposed a novel 
signal-image conversion approach without predefined 
parameters, and suggested an improved fault diagnosis 
model based on LeNet-5. 

RNN is suitable for time series data has been 
concerned by scholars in the domain of fault detection. In 
2018, Tang et al. [23] proposed a bearing fault 
identification method based on a long short-term memory 
network (LSTM). Yu et al. [24] proposed a hierarchical 
algorithm based on stacked LSTM, including three layers 
of LSTM, and the dropout strategy [25] was adopted after 
each LSTM layer to avoid overfitting. The experimental 
results show the great potential of RNN. Pan et al. [26] 
focused on both CNN and LSTM, and proposed a modified 
bearing fault diagnosis method based on CNN and LSTM. 
Subsequently, in Khorrama et al. [27] the original time-
domain feature is reconstructed in the shape of time-series, 
and the Convolutional Long-Short-Term-Memory 
Recurrent Neural Network (CRNN) is proposed. In 2020, 
Chen et al. [28] proposed a multi-scale CNN and LSTM 
combined model (MCNN-LSTM). Signal features of 
different frequencies in the original data are extracted 
automatically by two CNN with different kernel sizes. 
Then, LSTM are used to identify the type of fault. You et 
al. [29] proposed CNN-BLSTM in 2021, the original one-
dimensional vibration signals collected were input into the 
model, and the feature information was extracted by CNN 
adaptively, and Bi-LSTM was used to fuse the extracted 

features. It fully obtains fault information and prevents the 
overfitting of the model. 
 
3 MODEL 
3.1 Convolutional Neural Network 
 

Convolutional neural networks (CNN), namely 
feedforward neural networks with convolutional 
computation, were first employed in computer vision and 
other fields. CNN consists of three parts. The first part is 
the convolution layer, which extracts features through the 
convolution kernel. In this paper, one-dimensional 
convolution method is applied to time series vibration 
signal. The formula for one-dimensional convolution is as 
follows: 
 

   1 ,L L LL
m m my i W x i b                                                  (1) 

 
where L

mW  and L
mb  indicate the weights and deviations of 

the m-th convolutional kernel in the L-th layer, respectively. 

 Lx i  represents the i-th local input in L-th layer. 

The second part is the activation function layer, which 
is the key because it is convenient for the network to obtain 
the nonlinear characteristics of the input signal. In recent 
years, the usually adopted activation functions are Sigmoid, 
Tanh, Relu, etc. When the parameters are adjusted by back 
propagation, the Relu function makes the shallow weights 
more trainable. Therefore, this paper uses the Relu 
activation function, its equation is formed as follows: 
 

       1 1 1max 0, ,L L L
m m ma i f y i y i                             (2) 

 
where  1L

my i is the output after convolution operation, 

 1L
ma i is the activation value of  1L

my i . 

The pooling layer further selects and filters the features 
obtained by convolution operation. In this paper, the 
pooling layer adopts the maximum pooling operation. The 
results of the m-th channel in the (L + 1)-th layer after 
pooling can be defined as: 
 

 
 

  1

1 1
,maxL L

m m
j w t jw

P j q t

   
                                       (3) 

 
where  L

mq t represents the t-th  neurons of the m-th  

channel in the L-th  layer , w is the width of the pooling 
area. 

  
3.2 Batch Normalization 
 

Batch normalization layer (BN) [30] is devised to 
diminish the deviation of internal covariance [31]. It cannot 
only speed up the convergence of model, but also alleviate 
the "gradient dispersion" caused by the deep network 
structure to a certain extent. Therefore, the BN layer is 
generally added after the convolution layer [32]. Given q-
dimensional input of a BN layer       ,1 ,, ..., .L i L i L i qy y y  

After the BN layer transformation,  ,L i jz  is obtained, the 
specific calculation process is as follows: 
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   , ,ˆ ,L i j L i jz γy β                                                          (5) 

 
where  ,L i jμ E y    stands for the mean value of the 

output data at the L-th layer and  ,2 L i jσ Var y     ex-

presses the standard deviation of the output data at the L-th 
layer. ε is a constant, which is added to prevent the 
denominator being 0. γ  and β  are learning parameters. 

 
3.3 Long Short Term Memory 
 

Fig. 1 illustrates the unit structure of the LSTM. It 
consists of a memory cell and three gated units, which are 
forgetting gate, input gate, and output gate. Specifically, 
the memory cell controls the data to be remembered 
through these three gates. The forgetting gate selectively 
forgets the useless information. The input gate filters the 
input information and updates the memory status. The 
output gate plays a decisive role; it outputs information 
according to the memory cell. The specific calculation 
process is revealed in Eq. (6) ~ Eq. (11): 
 

 1( ; ),t f t t ff σ W h x b 
                                                 (6) 

 

 1( ; ),t i t t ii σ W h x b 
                                                    (7) 

 

 1( ; ),t o t t oo σ W h x b 
                                                  (8) 

 

  1; ,t c t t cc tanh W h x b 
                                            (9) 

 
1 ,t t t t tc f c i c                                                        (10) 

 

  tanh ,t t th o c                                                          (11) 

 
where σ and tanh represent sigmoid and tanh activation 
functions, respectively. ft is the forgetting gate, Wf are the 
weights of the forgetting gate and bf are the bias vector of 
the forgetting gate. it is the input gate, Wi are the weights of 
the input gate and bi are the bias vector of the input gate. ot 

is the output gate, Wo are the weights of the forgetting gate 
and bo are the bias vector of the forgetting gate. ct is the 
memory cell, and ht represents the hidden layer state. Wc 
and bc are the weights of the memory cell, the bias vector 
of the memory cell, respectively. [;] represents the splicing 
operation of two vectors. represents the multiplication 
operation of two vectors. 
 
3.4 Proposed WDCNN-LSTM Model 
 

This paper presents a model combining a Deep 
Convolutional Neural Networks with Wide First-layer 
Kernels [17] and LSTM (WDCNN_LSTM). Specifically, 
the WDCNN-LSTM consists of the WDCNN module, the 
LSTM module, and a fully connected layer. The WDCNN 

module has a 15-layer network structure, which consists of 
five alternating convolutional layers, batch normalization 
layers and pooling layers. The LSTM module consists of 
two LSTM layers. The parameters of the WDCNN-LSTM 
architecture are as shown in Tab. 1. 

The original signal is fed directly into the first 
convolution layer without any other transformation, and 
the convolution layer extracts features from the input. The 
first convolution layer in the model adopts the wide 
convolution kernel because the wide convolution kernel 
can suppress the high frequency noise better than the small 
one. To decrease the deviation of internal covariance, batch 
normalization is performed after each convolutional layer 
and before the pooling layer [28]. Then the features 
obtained after convolutional pooling are input into the 
LSTM, which extracts the temporal features. The 
processed features are input into the full connection layer, 
and the classification results are output. 
 

Table 1 The parameters of the WDCNN-LSTM 
Layer 
Name 

Filters 
Kernel 
Size 

Stride 
Trainable 

parameters 
Convolution1 16 64 × 1 1 × 1 1040 

BatchNormalization1    64 
Pooling1 16 2 × 1 2 × 1 0 

Convolution2 32 3 × 1 1 × 1 1568 
BatchNormalization2    128 

Pooling2 32 2 × 1 2 × 1 0 
Convolution3 64 3 × 1 1 × 1 6208 

BatchNormalization3    256 
Pooling3 64 2 × 1 2 × 1 0 

Convolution4 64 3 × 1 1 × 1 12352 
BatchNormalization4    256 

Pooling4 64 2 × 1 2 × 1 0 
Convolution5 64 3 × 1 1 × 1 12352 

BatchNormalization5    256 
Pooling5 64 2 × 1 2 × 1 0 
LSTM1    12416 
LSTM2    8320 
Dense    330 

 
4 EXPERIMENTAL STUDY 
4.1 Dataset  
 

This paper uses the rolling bearing fault CWRU 
dataset that is offered by [24] to evaluate the propounded 
method. The rolling bearing fault simulation experimental 
platform is exhibited in Fig. 1. The experimenter used 
electric spark to manually create faults on deep groove ball 
bearings (6205-2RSJEMSKF), the fault data are collected 
by an acceleration sensor mounted above the bearing seat 
of the motor's fan/drive end. 

 

Figure 1 Rolling bearing experiment platform 
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In this paper, only the driving end bearing fault data 
sampled at a frequency of 12 KHZ is used, including three 
fault states: inner race fault, outer race fault and ball fault. 
The outer race fault is located at 3 o'clock, 6 o'clock and 12 
o'clock respectively. Each fault has three distinct damage 
diameters of 0.007 inch, 0.014 inch and 021 inch (1 inch = 
25.4 mm) respectively. In this paper, only the outer ring 

fault at 6 o'clock position is used. Therefore, there are 10 
fault types, so it is a 10 classification problem. 

We plotted the time-domain waveform of vibration 
acceleration signals, as shown in Fig. 2. It is observable 
from the picture that each bearing the characteristics of 
different bearing states are different, it is hard to recognize 
the fault type directly from the time domain waveform by 
the eye. 

 

 
(a)                                                                                                                                (b) 

 
        (c)                                                                                                                                       (d) 

 
      (e)                                                                                                                                      (f) 

 
          (g)                                                                                                                                         (h) 

 
      (i)                                                                                                                                         (j) 

Figure 2 Raw vibration signal time domain waveforms 
 

The number of sample points in each cycle can be 
inferred by acquisition frequency and speed (sample 
points/each cycle = sampling frequency  60/speed). This 
experiment mainly studies the bearing fault situation under 
1hp load, and the motor speed is 1797/minute, so the 

number of sample points in each cycle is 406.32 (12000  
60/1772 = 406.32). Therefore, the sample points length 
was set to 406. For the training samples, the raw data were 
intercepted using overlapping sampling, with a sliding 
stride of 80, as shown in Fig. 3. 
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Figure 3 Overlapping sampling operation 

 
For the test samples, a no-overlap intercept will be 

used. We collected 10 classes of fault data at 1hp to 
construct the dataset for experiments, each class containing 
660 training samples and 100 test samples. Tab. 2 shows 
the basic information of the dataset. 

 
Table 2 Description of rolling bearing datasets 

Location 
Diameter / 

inch 
Labels Train Test 

None 0 0 660 100 

Ball 
0.007 1 660 100 
0.014 2 660 100 
0.021 3 660 100 

Inner 
race 

0.007 4 660 100 
0.014 5 660 100 
0.021 6 660 100 

Outer race 
0.007 7 660 100 
0.014 8 660 100 
0.021 9 660 100 

 
4.2 Baseline 
 

To confirm the performance of the proposed model, 
we compare it with the following innovative model: 

1) WDCNN: Zhang et al. [17] proposed Convolutional 
Neural Networks with Wide First-Layer Kernels model. 

2) MS-DCNN: Zhuang et al. [18] proposed one-
dimensional multi-scale deep convolutional neural 
network. 

3) MCNN-LSTM: Chen et al. [28] proposed Multi-
scale Convolutional Neural Network and Long short-term 
Memory in 2020.  

4) CNN-BLSTM: You et al. [29] proposed CNN-
BLSTM in 2021.  

To reduce the impact of randomness on classification 
accuracy, 20 independent experiments were run for each 
baseline model. The models were written using tensor flow 
= 1.14, and all experiments were run on GTX3060Ti 
machine. The learning rate is set to 0.001 and the batch size 
and epochs are set to 128, 300 respectively. The cross 
entropy loss function is used to calculate the loss. To 
prevent over-fitting, we used the Early Stopping method 
throughout the training process. When the loss value of the 
verification set did not decrease for 10 consecutive times, 
the training was ended.  

 
4.3 Evaluating Metric 
 

We use accuracy to assess the performance of the fault 
diagnostic model, and the formula is defined as follows 
[33]:  
 

,
TP TN

Acc
TP FP FN TN




  
                                          (12) 

 

TP (True Positives) indicates the number of cases 
classified as positive correctly; FP (False Positives) shows 
the number of cases classified as positive wrongly; FN 
(False Negatives) refers to the number of cases wrongly 
divided into negative cases; The number of samples 
correctly classified as negative cases is represented by TN 
(True Negatives). 
 
5 EXPERIMENTAL RESULTS 
5.1 Case Study I: Effect of the Number of Hidden Layers of 

the LSTM and the Number of Hidden Units 
 

The more complex the network structure, the more 
training parameters. The error of such network structure 
will become smaller and smaller during training, but there 
may be "overfitting". In the following experiments, we 
explore the influence of the number of hidden layers and 
the number of hidden units in LSTM on the model 
performance. We train the two network structures, namely 
stacking one layer or two layers LSTM after WDCNN, and 
the experimental results are corresponding to Tab. 3 and 
Tab. 4. WDCNN-LSTM-i-j indicates that there are i hidden 
units in the first layer LSTM and j hidden units in the 
second layer LSTM. For example, WDCNN-LSTM-32 
indicates that there are 32 units in the first layer LSTM and 
there is no the second layer LSTM. All models were run 20 
times, and the average accuracy and standard deviation of 
the test set were the result measures. By analyzing Tab. 3, 
we find that the average accuracy increases first and then 
decreases as the number of hidden layer units increases. 
The number of hidden units is set to 64, the standard 
deviation is the smallest. In practice, the standard deviation 
is often understood as stability, and the smaller the standard 
deviation, the more stable it is. Therefore, The WDCNN-
LSTM-64 is the best and has an average accuracy of 
99.54%. 

 
Table 3 Results of the WDCNN-LSTM model with one layer of LSTM 

Model 
Average 

accuracy/ % 
Standard 
deviation 

Execution 
time / s 

WDCNN-LSTM-32 99.38 0.40 62.4658 
WDCNN-LSTM-64 99.54 0.21 64.1456 
WDCNN-LSTM-128 99.43 0.26 73.9732 

 
To further analyze the influence of LSTM using the 

different number of hidden units on the classification 
results, we use T-SNE to visualize test set samples under i
 {32,64,128}. Bearing fault features of the same fault 
type will appear obvious aggregation phenomenon. Fig. 4a, 
Fig. 4b, and Fig. 4c correspond to the feature visualization 
results of 32, 64, and 128 hidden units in LSTM 
respectively. It is obvious from Fig. 4 that there are obvious 
boundaries between the different fault types. Nevertheless, 
the number of hidden units is set to 32, there is an obvious 
clustering between label 1 and label 3, label 5 and label 9; 
the number of hidden units is set to 64, only label 1 and 
label 3 cluster significantly. While the number of hidden 
units is 128, label 3 is obviously clustered with label 1 and 
label 2. Clustering among features of different fault types 
affects the classification accuracy of the classifier. In 
contrast, Feature distribution learned automatically from 
LSTM with 64 hidden units stacked after WDCNN is more 
separable. 
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The WDCNN-LSTM model with two-layer LSTM is 
based on the WDCNN-LSTM-64 experiment, and the 
number of hidden units of the second-layer LSTM is set to 
32, 64, and 128 respectively. The experimental results are 
demonstrated in Tab. 4. Through the analysis of Tab. 4, we 
find that the average accuracy increases with the number 
of layers. This also proves that the number of layers and 
hidden units has a great influence on the accuracy of the 

model [34], and an appropriate number of layers and 
hidden units is conducive to a more accurate and stable 
classification of the model. When the number of hidden 
units at the second layer LSTM is 64, the average accuracy 
of classification is higher than hidden units 32 and 128, and 
higher than that of the WDCNN-LSTM model with only 
one layer LSTM.  

 

 
           (a)                                                                             (b)                                                                        (c) 

Figure 4 Visualizes the results by T-SNE 
 

Table 4 Results of the WDCNN-LSTM model with two layers of LSTM 

Model 
Average 
accuracy 

/ % 

Standard 
deviation 

Execution 
time / s 

WDCNN-LSTM-64-32 99.59 0.30 71.1641 
WDCNN-LSTM-64-64 99.65 0.35 73.7502 

WDCNN-LSTM-64-128 99.59 0.24 79.2877 

 
In the following experiment, the WDCNN-LSTM 

model of stacked two-layer LSTM was used for training, 
and the number of hidden units was set to 64. 
 
5.2 Case Study II: Compared With Other Methods 
 

We use the same experimental data to compare the 
WDCNN-LSTM model with the current advanced 
intelligent diagnosis model. The experimental results are 
displayed in Tab. 5.  
The proposed WDCNN-LSTM model has an average 
accuracy of 99.65% under 1 hp, which is higher than all 
baseline fault diagnosis methods. 

To facilitate the intuitive analysis of the model 
performance, we drew the test set accuracy line chart for 

each test of all models, as shown in Fig. 5. It can be seen 
from Fig. 5 that the accuracy curve of WDCNN-LSTM 
model has a gentle trend and is located at the top of the 
figure. It indicates that the test set accuracy for each trial is 
relatively high. The accuracy of CNN-BLSTM model is 
slightly higher than that of WDCNN-LSTM by 0.3%~                  
0.4% in the 17th and 18th trials, but it is inferior to our 
proposed model on the whole. The accuracy curve trend of 
MCNN-LSTM model is fluctuant and the stability is poor, 
which is the same as the situation reflected by the standard 
deviation. The accuracy curve of WDCNN model is at the 
bottom of the figure and the accuracy is the lowest. 
 

Table 5 Experimental results of the different models 

Model 
Average 
accuracy 

/ % 

Standard 
deviation 

Execution time 
/ s 

WDCNN 97.28 0.57 40.3998 
MS-DCNN 98.38 0.24 37.8592 

MCNN-LSTM 98.42 0.98 91.0105 
CNN-BLSTM 98.80 0.49 130.0010 

WDCNN-LSTM 99.65 0.35 73.7502 

 

 

 
Figure 5 Test set accuracy results of different models 
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We selected the results of the 5th trial of WDCNN 
model, the 8th trial of MS-DCNN model, the 6th trial of 
MCNN-LSTM model, the 1st trial of CNN-BLSTM model 
and the 17th trial of WDCNN-LSTM to draw the confusion 
matrix (the number of trials is selected based on the one 
with the lowest accuracy). Corresponding to (a),(b),(c),(d) 
and (e) in Fig. 6 respectively. The confusion matrix can 
intuitively observe the number of true and false for each 
category of the model, where the true label is represented 
by the row and the column represents the predicted label. 
Through the analysis of confusion matrix, it was found that 
the main reason for the low overall accuracy of WDCNN 
model is the low classification accuracy of labels 1, 2, and 
3. And 8% of label 1 was misclassified as label 3. The MS-
DCNN model achieves lower accuracy in label 9, 2, 3, and 
5. The reason for the low accuracy of MCNN-LSTM model 
is the high misclassification of label 5. The classification  

 

accuracy of label 2 and 3 in CNN-BLSTM model is low. 
12% of label 2 are misclassified as label 0 and 4% are 
misclassified as label 3. In conclusion, the reason for the 
lower overall low accuracy of the above models is due to 
the lower classification rate of the model on labels 1, 2, 3, 
and 5. 

According to Fig. 6e, the error classification of 
WDCNN-LSTM model proposed in this paper also mainly 
focuses on label 1, 2, and 3, but the error rate is relatively 
low. Label 3 was misclassified as label 1 and 9 accounted 
for 5% and 2%, respectively. Only 1% of label 2 was 
misclassified as label 3. The similarity between fault signal 
features leads to misclassification, such as labels 1, 2, 3, 
which are all fault types with different fault diameters on 
the ball. By analyzing each category of the models and the 
overall fault diagnosis results, it is verified that WDCNN-
LSTM model can effectively detect bearing faults. 

 
(a)                                                                                                    (b) 

 
                         (c)                                                                                                      (d) 

 
(e) 

Figure 6 The confusion matrix for each model 
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6 CONCLUSION 
 

To enhance the stability and diagnostic accuracy and 
stability of fault diagnosis approach, we propose an 
intelligent diagnosis model WDCNN-LSTM for rolling 
bearing faults, which consists of WDCNN module, LSTM 
module, and a full connection layer. The original vibration 
signals collected were directly input into the model, and 
feature information was extracted adaptively through 
convolution, batch normalization layer, and pooling layer 
further extracted by stacked LSTM to fully obtain fault 
feature information. The processed features are input into 
the full connection layer, and the classification results are 
output by softmax classifier. We use the CWRU bearing 
data set to verify the validity of fault model diagnosis 
WDCNN-LSTM. Experimental results show that the 
highest accuracy and average accuracy of WDCNN-LSTM 
model are 100% and 99.65%, respectively, which are 
higher than other existing fault diagnosis methods. It also 
proves that the proposed WDCNN-LSTM model can 
extract features with high discrimination from the original 
input signal data and is an effective fault diagnosis model. 
Although the overall accuracy of WDCNN-LSTM model 
is high, the classification rate of WDCNN-LSTM model 
for ball fault type needs to be improved. Therefore, in 
future work, studies can be conducted on the ball fault 
types of deep groove ball bearings to enhance the accuracy 
of ball faults, and further improve the overall accuracy of 
the model. 
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