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A multi-scale branch fusion method for intelligent bearing diagnosis
WANG Lei', LIU Peipei'

(1 Hegang Digital Technology Co., Ltd. Shijiazhuang 050035, China;
2 Xiongan Weisaibo Intelligent Technology Co., Ltd. Xiongan 070001, Hebei, China )

Abstract: As a key component of rotating machinery, bearing health detection plays an important role in ensuring the safety of
industrial production. Methods based on manual analysis can no longer meet the current fault diagnosis needs of large and complex
equipment. With the development of artificial intelligence, the deep learning model represented by convolutional neural network has
gradually become the mainstream method in the field of intelligent fault diagnosis. However, most of the intelligent bearing fault
diagnosis models only use single branch and single scale fault features, which severely limits the feature richness and diagnostic
accuracy. Therefore, this paper proposes an intelligent fault diagnosis method based on multi—scale branch fusion. Specifically, the
method uses multiple parallel convolutional branches to extract the multi—scale features of the fault signal, fuses these multi-scale
features to complement each other through feature fusion, and finally performs fault diagnosis with the fused and complemented
features. Experimental results show that the method in this paper can effectively improve the accuracy of fault diagnosis, which is of
great significance for fault prediction and health management of industrial equipment.
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Fig. 2 Bearing experimental platform
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Table 1 Description of dataset
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Fig. 3 Loss and diagnostic accuracy curves on training and test datasets
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