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Research on fault diagnosis method based on MADCNN

Wang Ge  Wu Guoxin Liu Xiuli

(Key Laboratory of Modern Measurement and Control Technology, Ministry of Education, Beijing Information
Science and Technology University, Beijing 100192, China)

Abstract: Fault diagnosis methods for rotating machine parts include traditional methods and deep learning, and the former often
requires a lot of expert experience and the diagnosis accuracy is poor. A multi-scale attention deep convolutional neural network
(MADCNN) is proposed to improve the fault diagnosis method. The MADCNN method provides three convolutional channels, and the
principle of differential kernel size of each channel effectively widens the network to achieve multi-scale feature extraction of the original
time-domain data. At the same time, CBAM further assigns weights to the exiracted features to enhance the differentiation of the model
for different types of faults. The accuracy of the validation set was improved by 7. 76% compared with the traditional deep convolutional
model by using the bearing failure data from Case Western Reserve University (CWRU) and the planetary gearbox test bench failure
data. The experimental results show that the method has high diagnostic accuracy and good generalization performance.
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Table 1 Network optimization parameters of MADCNN
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Fig.5 Bearing test bench of Western Reserve University
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Table 2 Information of bearing failure data
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Fig. 6 MADCNN training process of Western Reserve Data
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Table 3 Basic parameters of planetary gearbox

KA 154 24
1T R E AL 24
PA 7 P P 4 72
TR R/ mm 0.6
i/ (°) 20
SRV L 8




53 3

FF MADCNN A9 512 W 5 e 5T - 191 -

53 iﬂlﬁb‘(l ﬁgﬁ%ﬁ HAEN2 RIS a

K7 frRkRAERR S
Fig.7 Planetary gearbox test stand

R4 HREYEBREEELER

Table 4 Basic information of gearbox fault dataset
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Fig. 8 MADCNN training process of gearbox data
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Fig.9 Test set confusion matrix
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Table 5 Diagnostic accuracy of different models ( %)
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Table 6 Diagnostic accuracy of different models ( %)
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DCNN 97.17 96. 32
MDCNN 98.75 97. 65
ADCNN 98. 87 97.24
MADCNN 99.51 98.91
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