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Abstract: Industrial sensor signals are essentially non-Euclidean, which makes typical deep learning approaches fail
to gain the true insights of current industrial processes, especially under the variable working conditions. Based on
this, this study designed a fault diagnosis method of transfer learning based multi-scale graph convolutional
networks (TL-MSGCNs). Firstly, the raw data were transformed into weighted graph from a geometric perspective
so that the hidden topological structure could be excavated effectively. Secondly, graph convolutional networks with
deep and shallow layers were disigned to extract multi-scale features, followed by feature fusion and enhancement.
Finally, transfer learning was carried out to alleviate the distribution discrepancy of source and target domains
caused by the change of operation environment, equipment aging and so on. The results show that TL-MSGCNs
method performs good in fault diagnosis.
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Fig. 1 Flowchart of TL-MSGCNs fault diagnosis method
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Table 1  Fault classification accuracy of TE process by different methods %
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EH# 100 100 100 100 100 100 100 100 100
TR 1 80 85 85 77 82 85 80 83 83
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e 5 63 52 70 50 56 53 64 67 71
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Fig. 4 Confusion matrix of TE process
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Table 2 List of monitored sensor variables of diesel engine
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B DM B H &% H) i i Min-ace/ % Max-ace/ % Avg-ace/ % sl /s
AN BB 2) 50 0iF J7 5 B R . TL-MSGCNs 82. 26 90. 24 86. 74 40
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75 Yo e T CH BR D 8918 17 ST-GCNs 77.61 87. 82 81.74 10
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RE) B 43 2845 B8 AN 05 B AH ; A L
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Fig. 6 Confusion matrix of diesel engine working process
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Fig. 7 T-SNE diagram of source domain and target domain of marine diesel engine
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Fig. 8 Parameter sensitivity of network layers
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