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(School of Artifical Intelligence, Shaanxi Institute of Technology, Xi’an 710300, China)

Abstract: Vibration signals are important indicators for evaluating the current motor state and are often
used to analyze and judge the potential faults of motors. However, due to the sparse distribution of fault
signals, the current deep learning-based methods are more likely to predict stable states accurately rather
than fault states. To address the above problem, a novel fault diagnosis model for motors based on regu-
larized enhanced graph convolutional neural networks was proposed by researching the motor fault diagno-
sis task. With the assistance of the encoded motor state correlations and the introduced regularized
enhanced structure, the model can improve its prediction ability for various fault types. The experimental
results show that compared with traditional deep learning methods, the proposed method has good accu-
racy improvement on the motor fault diagnosis dataset, verifying the effectiveness of the proposed model.
Graph convolutional neural networks can mine the intrinsic correlations between long-range signals in sig-
nal sequences. By combining with the regularized structure, they have broad application prospects in vari-

ous Industrial time-series tasks.
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