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Fault diagnosis of motor bearing based on data fusion and
improved graph convolutional network

SUN Liling, TANG Liyu, XU Bogiang
(School of Electrical and Electric Engineering, North China Electric Power University, Baoding 071003, China)

Abstract: To address the issues of low diagnostic accuracy when using single-type data for motor bearing
fault diagnosis and the over-smoothing phenomenon in graph convolutional networks, a motor bearing fault
diagnosis method based on multi-data fusion and an improved graph convolutional network was proposed.
Initially, the vibration signal of the motor bearing and the current signal of the motor were transformed in-
to the frequency domain using the fast Fourier transform. Subsequently, each frequency was treated as a
node, with the corresponding vibration and current signals serving as node features. Based on the K-nea-
rest neighbor graph construction method, the vibration and current signals were fused into graph-struc-
tured data. This graph data was then fed into an improved graph convolutional network, enhanced by the
addition of an initial residual connection module, for training to yield diagnostic results. Comparative ex-
periments for motor bearing fault diagnosis were conducted on the Paderborn dataset using the proposed
method and various other models. The experimental results demonstrate that the proposed model achieves
a fault identification accuracy of 98. 6% , outperforming the comparison methods, thereby validating ef-

fectiveness of the proposed data fusion approach and the improved graph convolutional network.
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Fig.1 Graph data and the matrix representation
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Table 1 Bearing fault information
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Fig.4 Accuracy and loss curve
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Table 3 Comparative experimental result
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