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Fault detection based on domain adversarial attention
transfer learning in wavelet packet
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[ Abstract] Aiming at the problems of insufficient feature extraction of bearing faults and large differences in data distribution
between source domain and target domain, a fault detection method based on wavelet packet domain adversarial attention transfer
learning (WWRESE-IDALM ) is proposed. Firstly, the time-frequency domain information reconstructed by different nodes is
obtained through wavelet packet transform ( WPT). Secondly, the reconstructed time—frequency domain information data is passed
through a layer of large convolution kernel and channel attention module ( Squeeze and Excitation, SE) to extract the key
information features of the bearing depth. Then the improved Domain—Adversarial Training of Neural Networks (DANN) and local
maximum mean discrepancy (LMMD) are used to align the sub—domain distribution and reduce the relevant sub—domain and the
global domain. Finally fault classification is carried out by a classification network. The detection results of the bearing data set of the
University of Paderborn prove that the proposed WWRESE -IDALM method has a good ability to classify faults under variable
conditions.
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Fig. 1 Structure diagram of residual module
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Fig. 2 Structure of SE module
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Fig. 3 DANN network model
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Fig. 4 Parameter and structure of WWRESE network
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Fig. 5 WWRESE-IDALM network structure
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Tab. 1 PU bearing dataset with three operating conditions data
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Tab. 2 PU bearing data
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Tab. 3 Results of PU transfer model %
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0-1 99.02 98.5 97.23
0-2 96.88 95.91 93.7
1-0 97.66 94.9 92.78
1-2 97.27 96.26 97
2-0 97.85 96.12 96.79
2-1 98.32 97.5 97.83
Average 97.83 96.53 95.89
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Fig. 6 Results of transfer classification
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Fig. 7 Results of transfer classification on Condition 1-0
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