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Abstract: Multi-sensor data can provide more comprehensive and accurate information for fault diagnosis, but current
deep learning algorithms modeled in Euclidean space have difficulty effectively handling the complex interactions and spa-
tial relationships between sensors. Additionally, the non-stationary characteristics of vibration signals in rotating machinery
greatly affect the effectiveness of fault diagnosis. To address these issues, this paper proposes a novel multi-sensor fault
diagnosis method for rotating machinery based on a weighted graph convolutional network. The Hilbert-Huang transform
(HHT) is used to adaptively extract fault features, overcoming the impact of signal non-stationarity. Considering the strong
expressive power of graph structures in spatial relationships and the powerful feature learning capabilities of graph convo-
lutional networks, a weighted HHT graph is constructed based on the distance metric between sensor node feature vectors,
and a two-layer graph convolutional network is built for fault diagnosis. Additionally, two regularization terms are intro-
duced into the network’s loss function to improve diagnostic accuracy. Experimental results on public datasets verify the
effectiveness and superiority of the proposed method compared to other approaches.
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Fig. 5 Model classification results
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Fig. 6 Visualization of classification results using t-SNE
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Table 2 Performance with different hidden layer sizes

Rob % HRAE IZRREL

6 % 6 76 4.8198 x 1073 161
TxT 84 4.8196 x 1073 168
8 x 8 88 4.8199 x 1073 192
9x9 94.4 4.8197 x 1073 6
10 x 10 90.9 4.8184 x 1073 16
11 x 11 86.8 4.8087 x 1073 21
12 x 12 82.5 4.8190 x 1073 57
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Table 3 Structural parameters of different models

Y LD NN PR 254

RF 8*%1024 RF: MHIELH (10); HAIRIE(2)
CNN 8%1024 CNN: 1-10-10; 2i&#:2: 10-5
ResNet 8%1024 ResNet: 1-10-10; iE%E: 10-5

WHHT-GCN 8*10 GCN: 10-9-5; &8 2 20-5

% 4 FRREBEAG MR
Table 4 Performance of different models

A HERZ % FEH021% H1R12/% F1-5350%
RF 85 87 87 86
CNN 84 91 84 81
ResNet 88 92 86 86
WHHT-GCN  94.4 94.8 94 94
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