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Fault diagnosis method for bearings based on
domain adversarial neural networks

LIU Jia-meng' , ZHENG Fan-fan', LIANG Li-bing', MA Bo'”
(1. Key Lab of Engine Health Monitoring Control and Networking of Ministry of Education, Beijing University
of Chemical Technology,Beijing 100029 ,China; 2. Beijing Key Laboratory of High End Mechanical Equipment
Health Monitoring and Self Recovery, Beijing University of Chemical Technology, Beijing 100029, China)

Abstract: Aiming at the performance limitation of the mechanical equipment fault diagnosis, a method of fault diagnosis for equipment based
on domain adversarial neural networks (DANN) was proposed. The accuracy of diagnosis was effected by the distribution of training and tes-
ting data due to the complex and changeable operating conditions when using traditional machine learning methods. Based on the convolution-
al neural networks, the diagnosis model was established consisting of feature extractor, fault classifier and domain discriminator. The diagno-
sis was conducted by minimizing the loss of fault classifier and maximizing the loss of domain discriminator. The fault identification ability
was proved in the diagnosis experiments of bearing fault with the comparison of other methods. The results indicate that the proposed method
has an average accuracy higher than 96% , and it is not affected by the differences between training and testing data.
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S #ﬁ”ﬁz—' 3 3x1/1x1 64 Relu — —
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Ak)Z 5 2x1/2x1 64 Relu — —

X — 100 Tanh 0.5 5x107*

[ T B U ) — 100 Tanh 0.5 5x107
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R — 100 Tanh 0.5 5x107*

SR ) 2% EEE 2 — 100 Tanh 0.5 5x107*
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