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Abstract: Fault diagnosis methods based on graph neural networks usually require determining the correlation between
samples based on a metric, which in turn constructs the topology of the graph. However, the correlation between data
samples may not be accurately measured based on a single metric, which in turn may not accurately reflect the relationship
between samples. Therefore, the choice of different metrics can greatly affect the diagnostic performance of graph neural
networks. In order to solve the problem that the correlation between data samples cannot be accurately characterized by
a single metric, a fault diagnosis model, the multi-metrics graph attention network (Multi-GAT), is proposed to construct
graphs based on multiple metrics. The strength of correlation between data samples is determined by combining the results
of the three metrics. The scoring function of the graph attention network is improved to determine the similarity between
data samples more accurately based on the strength of correlation between the samples. Experiments on a benchmark
dataset show that Multi-GAT is able to improve the diagnostic accuracy of the model and has good stability.
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Fig. 1 Traditional fault diagnosis process based on graph
neural network
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S GEN TN SNE N15-M07_F10_KAO01_1 19
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Table 3 Multi-GAT model parameter settings
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Euc AR R GAT E-Adj
Cos AR GAT C-Adj
Min AR GAT M-Adj
Euc+Cos  APHAEFEENACHE  GAT EC-Inter
Euc+Cos  4AIH4EMEHUGFEE  GAT  EC-Union
Euc+Cos+Min A[ESERFINA4E GAT  ECM-Inter
Euc+Cos+Min AF#4EFEFF4E  GAT  ECM-Union

Euc+Cos Asup Multi-GAT  EC-Sup

Euc+Min Asup Multi-GAT EM-Sup

Cos+Min Asup Multi-GAT CM-Sup
Euc+Cos+Min Asup Multi-GAT ECM-Sup

k5 KRR BRI A
Table 5 Experimental accuracy using different metrics

5 T KL%
1 E-Adj 97.00
2 C-Adj 95.93
3 M-Adj 96.93
4 EC-Inter 96.60
5 EC-Union 97.47
6 ECMe-inter 96.73
7 ECM-Union 97.53
8 EC-Sup 97.60
9 EM-Sup 96.70
10 CM-Sup 97.39
11 ECM-Sup 98.00
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Table 6 Introduction to experiments using different
metrics and data sources

EEf CRAFASIRNERYE 45
Euc+Cos Euc EC-E
Euc+Cos Cos EC-C
Euc+Cos Euc+Cos EC-EC

Euc+Cos+Min Euc ECM-E
Euc+Cos+Min Cos ECM-C
Euc+Cos+Min Min ECM-M
Euc+Cos+Min Euc+Cos ECM-EC
Euc+Cos+Min Euc+Min ECM-EM
Euc+Cos+Min Cos+Min ECM-CM
Euc+Cos+Min Euc+Cos+Min ECM-ECM

F 7 R B4R 405
Table 7 Diagnostic accuracy using different metrics
and data sources

Feis Jiik K%
1 EC-E 97.73
2 EC-C 97.87
3 EC-EC 93.40
4 ECM-E 97.53
5 ECM-C 98.33
6 ECM-M 97.33
7 ECM-EC 97.06
8 ECM-EM 97.47
9 ECM-CM 97.33
10 ECM-ECM 95.67

T2 P SR BURFAE A Bt SR A S th
THZ IR, XA AL RS, K
R, BT BC-Sup SE5 7 97.60% (12 Wi ki i,
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Table 8 Selected files from the Western Reserve
University Bearing Dataset
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Table 9 Experimental results of the bearing dataset of
Western Reserve University

g T FEIE 1%
1 E-Adj-C 98.53
2 C-Adj-C 99.07
3 M-Adj-C 97.13
4 EC-Inter-C 99.00
5 EC-Union-C 98.47
6 ECM-inter-C 99.33
7 ECM-Union-C 99.27
8 EC-Sup-C 99.33
9 EM-Sup-C 99.00
10 CM-Sup-C 99.27
11 ECM-Sup-C 99.33
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