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Rolling bearing fault diagnosis method based on data
feature reconstruction and transfer learning

LIU Jiaming, HU Shengbin, LU Shuaiduo, DU Zhen'an

(School of Air Transportation and School of Flying, Shanghai University of Engineering Science, Shanghai 201620, China)

Abstract: Rolling bearing is an important part of industrial equipment, and its rapid fault diagnosis is critical to equipment safety.
Therefore, a fault diagnosis method WT-GoogleNet—-BF based on data feature reconstruction and migration learning is proposed,
and the feasibility of this method is verified by rolling bearing. Firstly, the one — dimensional signal of bearing vibration is
transformed into a two—dimensional scale image by using continuous wavelet transform. Secondly, the two—dimensional scale map
is used as the input of the improved GoogleNet network for pre training. Finally, the WT—-GoogleNet—BF model is tested with the
bearing data set of Case Western Reserve University, and the results show that the WT-GoogleNet—BF model has better diagnostic
effect and faster diagnostic speed than other networks.
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Table 2 The accuracy of the model under different initial window

lengths
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Table 3 Model accuracy using different wavelet basis functions
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Table 4 Performance indicator results
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