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DACNN based fault diagnosis of rolling bearing in motor

Jia Zhuzhi' Liu Kai® Liu Jiaxin® Zhu Hongyu® Song Xiangjin’
(1. School of Applied Technology, University of Science and Technology Liaoning, Anshan 114051, China; 2. School of
Electronic and Information Engineering, University of Science and Technology Liaoning. Anshan 114051, China;

3. School of Electrical and Information Engineering, Jiangsu University, Zhenjiang 212013, China)

Abstract: In view of the problems of poor generalization ability and insufficient diagnostic capability of traditional
convolutional neural network (CNN) model due to the data distribution discrepancy in strong noise environment and
across working conditions, a fault diagnosis method for rolling bearings based on parallel convolution kernel and channel
attention mechanism is proposed. Using this method, a parallel network structure with different convolution kernel
scales was designed to effectively extract feature information from data while suppressing noise interference. Meanwhile,
channel attention mechanism was added to enhance the feature extraction capability of the convolutional layer, and
improve the anti-noise performance of the model and the adaptive ability in across working conditions. Diagnosis effects
were trained and tested by using bearing data set of Case Western Reserve University. The proposed method was
compared with peer approaches under different signal-to-noise ratio (SNR) cases and across working conditions, it was
shown that the proposed method achieves an average diagnosis accuracy rate of 97. 3% in across working conditions and
in the variable noise experiment on the bearing dataset from Case Western Reserve University the diagnostic accuacy rate
is beyond 93. 8%, which are obviously higher than the competing methods; the proposed method have better noise
resistance and generalization ability under complex and variable working conditions.
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Fig. 4 Structure diagram of SE-Block module
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Table 2 Structural parameters of DACNN
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Table 6 Diagnostic accuracy of DACNN and other models

under across working conditions 23

% A-B A-D BD DB B-ABC B-ABCD
SVM 78.3 87.5 85.4 79.1 88. 3 89.7
WDCNN 89.6 90.8 90.7 86.4 94. 3 94. 2
DCNN  95.0 93.3 93.7 97.4 94. 3 95.5
DACNN 96.3 97.2 99.3 97.5 97.2 96. 3
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Table 7 Diagnostic accuracy of DACNN and other models
under different SNR conditions %0

SNR= SNR= SNR= SNR= SNR= SNR=
—-10 -6 -2 2 6 10

SVM  40.2 55.2 64.5 73.1 76.3 81.7

WDCNN  55.9  72.0 77.6 85.1 88.7 90.6

DCNN  64.9 72.0 76.3 85.8 88.5 91.2

DACNN 86.5 93.2  93.5 95.0 96.7 97.7
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