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Research on Motor Fault Diagnosis Based

on Graph Convolutional Network

LV Dongteng'", HU Chunlong
(Shaanxi Institute of Technology, Xi’an, Shaanxi 710300, China)

Abstract: Vibration signals are often used to analyze and judge the types of faults that occur in the operation of induction
motors. At present, the processing method of fault data is mainly through expert judgment and analysis, and the processing
cost is high. In recent years, deep learning-based induction motor fault data processing methods have been used in induction
motor fault diagnosis tasks. In this paper, a deep learning model of graph convolutional neural network based on multi-head
attention enhancement is proposed to determine the fault type of induction motor by using time series fault data. The pro-
posed method firstly obtains the extended time sequence feature representation, encodes the input fault node data based on
graph convolutional network, and finally realizes the fault type classification of induction motor through recurrent neural net-
work and nonlinear layer. Experimental results show that the proposed model can achieves the better performance.

Key words: vibration signals; motors; fault diagnosis; graph convolutional network
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