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Abstract 

Traditional bearing fault diagnosis methods based on signal processing technology use 
manual feature extraction, which requires a lot of prior knowledge and human resources, 
and the classification effect fluctuates greatly with different feature designs, resulting in 
poor stability. Convolutional Neural Network can automatically extract features and 
achieve efficient and accurate classification results. This paper constructs a fault 
diagnosis model based on residual network. In addition, Convolutional Neural Network 
with attentional mechanism has achieved great success in the field of image 
classification and is widely used. This paper plans to introduce attentional mechanism 
into residual network to highlight the "key information" in bearing vibration signals and 
increase the accuracy of fault diagnosis model. 
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1. Introduction 

1.1. Residual network 

Theoretically speaking, the more layers of CNN network model, the better the feature extraction 
effect of images. However, in the actual situation, when the number of network layers reaches 
a certain value, the performance of the model will begin to decline, because with the increase 
of network layers, problems such as gradient disappearance, gradient explosion and 
degradation will occur. To solve this problem, four scholars from Microsoft Research proposed 
the concept of deep residual network . 

In order to make the residual network have better performance, researchers made a series of 
improvements to the standard residual module, as shown in Figure 1. 

 
Figure 1. Different residual module structure diagram 

Among them, BN (Batch Normalization) is the Batch Normalization operation, which was 
proposed by Google in 2015 . Experiments prove that this structure, which places BN and Relu 
before the convolutional layer, can improve the generalization ability and training speed of 
residual network . 
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1.2. Attention Mechanism 

Attention mechanism can be understood as the computer vision system can quickly and 
efficiently pay attention to the characteristics of key areas and key information in simulating 
human vision system. The attention mechanism can be abstracted as follows: 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 = 𝑓(𝑔(𝑥), 𝑥) (1) 

In this formula, 𝑔(𝑥)  represents the process of processing input features and generating 
attention, while 𝑓(𝑔(𝑥), 𝑥) represents the process of processing input features with attention. 

Considering that the bearing vibration signal in this paper is a continuous time domain signal, 
and the fault information is at the moment when the bearing fails, and has nothing to do with 
the vibration signal during most of the normal operation time, theoretically speaking, the 
introduction of attention mechanism can bring certain performance improvement to the 
bearing diagnosis model. 

In order to develop an attention module with excellent performance, Sanghyun Woo et al. 
combined the two most commonly used attention modules at that time: Spatial Attention 
Module (SAM) and Channel Attention Module (CAM),Convolutional Block Attention Module are 
proposed. 

Convolutional Block Attention Module is shown as follows: 

 
Figure 2. Convolutional Block Attention Module Schematic diagram 

2. Bearing fault diagnosis model based on Resnet-aTTENTION 

2.1. Improved residual module 

The improved residual module designed in this paper is shown in Figure 3: 

 
Figure 3. Residual module improvement diagram 

2.2. Improved stacking attention module mechanism 

The bearing fault diagnosis structure proposed in some literatures has only one Attention 
module. This paper argues that since CBAM structure is easy to connect to other networks, it is 
better to add CBAM structure in every two residual units, that is, stack multiple Attention 
modules, which will produce Attention perception function. With the further development of 
modules, The perception function of attention mechanism from different modules will change 
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adaptively and can capture more different types of fault information in bearing vibration 
signals. 

2.3. Bearing fault classification model based on Resnet-Attention 

The schematic diagram of bearing fault classification model constructed in this chapter is 
shown in Figure 4. Firstly, 1×800 one-dimensional data signal was input to directly enter the 
first residual unit, followed by the CBAM attention module, which was repeated six times in 
total. Each time through a combination of residual and attention modules, the length of the 
output data is halved and the number of channels doubles. When the data is output from the 
last combined cell, the length is reduced to 13 and the number of channels is amplified to 512. 
Then, after average pooling, the dimension of the data was reduced to 256 and entered the full 
connection layer. Different from the commonly used AlexNet and VGG networks, the network 
in this chapter uses average pooling plus one full connection layer to replace the structure of 
double connection layer or triple connection layer. As the number of parameters of each full 
connection layer is very large, this structure can also effectively reduce the number of 
parameters. Finally, the final classification results are obtained by Softmax classifier. 

 
  Figure 4. Diagnostic model diagram 

3. TESTS 

3.1. Introduction of Data Set 

The bearing dataset of Case Western Reserve University is one of the most authoritative and 
open bearing fault reference datasets, which is widely used in experiments and competitions of 
bearing fault diagnosis . Therefore, this paper selects this data set to verify the proposed 
bearing fault diagnosis model. The data acquisition conditions used in this experiment are as 
follows: sampling frequency is 12K, bearing speed is 1730r/min. 

A total of 12,000 original one-dimensional vibration data of bearings with accurate labels under 
three load rotation states (1HP, 2HP and 3HP) were selected in the established data set file, 
including 9600 in the training set and 2400 in the test set. Table 1 shows the labels 
corresponding to different fault types in ten fault categories: 

                         Table 1. Fault type and label 

Lable Fault diameter（mils） State 

0 0 Normal 

1 7 Rolling Fault 

2 7 Inner Race Fault 

3 7 Outer Race Fault 
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4 14 Rolling Fault 

5 14 Inner Race Fault 

6 14 Outer Race Fault 

7 21 Rolling Fault 

8 21 Inner Race Fault 

9 21 Outer Race Fault 

 

3.2. The Experimental results 

The most commonly used model evaluation criteria in the field of bearing fault diagnosis are 
accuracy rate and loss value. The following figure shows the variation of accuracy rate and loss 
value accuracy rate in the testing process of the model in this paper. 

Figure 5. Experimental renderings 

 

 
                       Figure 6. Comparison chart of accuracy 

 



Scientific Journal of Intelligent Systems Research                                                                                        Volume 4 Issue 5, 2022 

ISSN: 2664-9640                

252 

In addition, the Resnet-Attention model in this chapter was compared with the classic residual 
network model Resnet-18 model, and Resnet-CBAM with only one CBAM Attention module was 
added as the comparison object to explore the influence of the structure of multiple Attention 
modules stacked in the model in this paper on network performance. The experimental results 
are shown in Figure 6： 

It can be found that the average accuracy of Resnet-18 improved by 1.5% after the introduction 
of an Attention module CBAM, while the average accuracy of Resnet-Attention model with 
multiple Attention modules improved by 2.8% compared with Resnet-18 model. This shows 
that the improved stacked attention structure we introduced is effective. 
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