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Fig.1 Diagram of generative adversarial network
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Fig.2 Diagram of domain adversarial neural network
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Fig. 6 Selfmade wheelset bearing fault data acquisition

experimental platform
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Tab.2 Domain, rotation speed and load settings

W4 T /(r-min~") i 2k /kN
D1 400 0.8
D2 400 1.6
D3 400 2.4
D4 600 0.8
D5 600 2.4
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I 0 485 AN RE WSS, T e VL R AR AT PR, 27 T 3
B 5 V11 25 e K000 1 o i A BT 52 RO R A Wi sk
b B2 1 27 2 A0 KRB 2 /) o BRI 07 V5 R

/
Ir= i (16)
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Tab.3 Comparison of SAEAN with comparison
experiments
41 WHL HErt SAEAN/%  JDA/Y%  DANN/Y%
D1 D2 99.52 75.76 94.86
D2 D1 99.90 72.09 97.71
A D1 D3 99.29 38.36 82.57
D3 D1 99.52 34.81 84.29
D1 D4 99.90 76.66 78.33
b D4 D1 98.81 61.33 88.79
D1 D5 99.62 64.53 88.19
¢ D5 D1 98.57 34.05 84.79
F-34 99.39 57.20 87.44

&4 SAEAN5HRASEIEXIEE
Tab.4 Comparison of SAEAN with ablation experiments

#H B HAzil SAEAN/%  M1/%  M2/%

D1 D2 99.52 99.24 99.33
D2 D1 99.90 98.71 99.71
A D1 D3 99.29 99.29 74.81
D3 D1 99.52 64.48 98.95
D1 D4 99.90 99.67 99.81
b D4 D1 98.81 98.43 97.90
. D1 D5 99.62 90.29 85.24
¢ D5 D1 98.57 99.24 98.29
Ty 99.39 93.67 94.26
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SCHR H B R A A A [ A R AE B BRI 2%, AT LA R
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Fig.7 Confusion matrix of SAEAN, JDA and DANN
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An exponent adjustment strategy based adversarial network learning method
for bearing fault diagnosis

TIAN Jing"?, SHEN Chang-qing"*, CHEN Zai-gang', SHI Juan-juan®, JIANG Xing-xing®,
ZHU Zhong-kui’
(1.State Key Laboratory of Rail Transit Vehicle System, Southwest Jiaotong University, Chengdu 610031, China;
2.Department of Vehicle Engineering, School of Rail Transportation, Soochow University, Suzhou 215131, China)

Abstract: The fault diagnosis method based on deep learning is widely used in the fault diagnosis of key mechanical components
represented by bearings. The premise of achieving ideal results is that there are enough fault samples and the training set and test
set meet the same distribution requirements. However, the data distribution will change under the actual working conditions,
which makes it difficult to apply the diagnostic model under the original working conditions to the new working conditions. For this
reason, the domain adaptation transfer learning method is used to solve the problem of different distribution of training sets and test
sets, and its key point is to achieve data distribution adaptation, that is, to measure data distribution differences and use the mea-
surement results to guide model training, which can effectively improve learning efficiency and diagnostic accuracy. On this basis,
this paper proposes a new domain adaptation method based on adversarial learning. The core of this method is to combine the pro-
posed exponential adjustment strategy with adversarial network to make the network adapt to different data distribution in source
domain and target domain more specifically in the process of fault diagnosis. The network consists of a feature extractor, a classifi-
er, a global domain discriminator, and multiple local domain discriminators, and the model is optimized by using the adversarial
strategy and adaptive moment estimation algorithm, and adjusted the importance of marginal distribution and conditional distribu-
tion by using the exponential adaptive factor set based on the exponential adjustment strategy, so that the model could diagnose
faults stably and efficiently. The proposed method is verified in bearing diagnosis cases of cross-speed, cross-load and simultaneous
cross-speed load. The results show that the method in this paper is better than other domain adaptation methods in diagnosis effect

and has better stability.
Key words: fault diagnosis; bearing ;domain adaptation ; adversarial learning
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