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A noisy fault diagnosis method based on wavelet soft threshold filtering
TIAN Aosheng, ZHANG Ye, MA Chao, CHEN Huiling

(School of Electronic Science, National University of Defense Technology College, Changsha 410073, China)

[ Abstract] Aiming at the problem of noise interference in mechanical fault diagnosis, we propose a residual network based on
wavelet threshold filtering for fault diagnosis. First, the deep residual network is used to extract features. Then, the wavelet
transform is used to extract time—frequency features of different scales. Finally, an adaptive threshold is used for time-frequency

features to remove noise interference. Experiments show that the proposed method can achieve promising anti—noise performance on

CWRU datasets with different SNR noises.
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Fig. 1 The structure of residual network based on wavelet soft

threshold filtering
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Fig. 2 Residual structure
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Tab. 1 Structure of network
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Fig. 3 The structure wavelet soft threshold filtering
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Fig. 4 The realization of soft threshold filtering
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Tab. 2 The details of CWRU datasets
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Tab. 3 Comparison of algorithm accuracy under different SNR %

SNR/ dB
s
-10 -5 0 5 10

CNN 4949  57.82 97.69  99.48 99.64
LeNet 31.13 58.09 82.58 89.67 95.56
MLP 22.24  34.67 4340 61.04 75.04
ResNet 66.77 94.22  98.47  99.69  99.93
WSTResNet 77.00  97.51 99.77  100.00  100.00
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Fig. 5 The distribution of soft threshold under different SNR
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