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Abstract: Because of the disadvantages that traditional motor fault diagnosis methods need experience of
the expert to manually extract the feature information and are with low discrimination of similar signals by
convolutional neural networks. To improve the accuracy of fault diagnosis, an improved structure of
DenseNet-based model is proposed, which can rapidly diagnose the motor faults. Firstly, the collected mo-
tor data is filtered and preprocessed, then the one-dimensional signal is converted into two-dimensional
spectral energy maps and feed to the detection model. Some branch modules are added to the DenseNet

model to perform soft thresholding. The soft thresholding algorithm automatically denoise motor data dur-
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ing learning and training. It not only obtains sufficient classification feature information, but also avoids
the cumbersome and uncertainty of manual feature information extraction. Finally, the proposed method is
applied to real-time motor diagnosis, and compared with several other algorithms. The results indicate
that the proposed algorithm has high classification accuracy and low false diagnosis. The motor fault diag-
nosis accuracy can reach to 99. 49 %j.

Key words: convolutional neural network; motor fault; fault diagnosis; soft threshold
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