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Multi-scale dual-axis attention GCN model for remaining useful life prediction
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(1. College of Electronic Information Engineering, Hebei University of Technology, Tianjin 300130, China;

2. Innovation Research Institute, Hebei University of Technology (Shijiazhuang) , Shijiazhuang 050299, China)

Abstract: Accurate prediction of equipment remaining useful life (RUL) can optimize maintenance strategies, reduce
costs, and improve overall efficiency. However, most existing methods rely on separately extracting temporal and
spatial features, which hinders the effective fusion of temporal and spatial information. To address this issue, this
paper proposes a dual-axis attention graph convolutional network based on multi-scale feature extraction for RUL
prediction. The model first utilizes a cascaded scale-adaptive convolution module to perform multi-scale spatiotemporal
feature extraction from raw sensor data, capturing spatiotemporal features across different dimensions. These features
are then used to construct a spatiotemporal graph, where graph convolution operations are applied to uncover deep
dependencies within the data. Finally, a dual-axis attention mechanism is designed to dynamically weight features along
both the temporal and spatial dimensions, thereby enhancing the representation of critical features. In the experimental
validation on the FD001 and FD004 subsets of the C-MAPSS dataset, the RMSE and Score were 11. 87 and 236 for
FDO001, and 13. 44 and 816 for FD004, respectively. The results show that this method has higher accuracy compared
with other methods.
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Fig. 1 The overall framework of the MDAGCN model for RUL prediction
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Fig. 2 The overall framework of the DAGCN model
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Table 3 Comparison of the prediction performance of different methods on the C-MAPSS dataset

- FD001 FD002 FD003 FD004
RMSE Score RMSE Score RMSE Score RMSE Score
BLSTM " 25.11 4793 26. 61 4971
CNN-LSTM™ 11.56 247 17.67 1743 12. 98 808 20.19 3051
InFormer"” 13.13 263 13.20 715 12.58 228 14.16 1023
DA-Transformer™"” 12. 25 198 17. 08 1575 13. 39 290 19. 86 1741
GCN™™ 12.58 237 13.78 849 11.92 218 14. 44 967
HAGCN™ 13.10 263 14.92 1086 13. 46 327 14. 66 880
MAGNN-™ 12. 63 246 13.09 714 12.15 253 14. 30 978
MDAGCN 11.87 236 12. 88 725 11.45 195 13. 44 816
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Table 4 The RMSE and Score values of the MDAGCN model and its three variants on the C-MAPSS dataset

_— FD001 FD002 FD003 FD004 BIA
RMSE Score RMSE Score RMSE Score RMSE Score RMSE Score
R 12. 67 271 13. 89 964 12. 44 271 14. 31 940 13.33 612
AL 2 12.52 264 13.34 869 11.56 203 14. 03 942 12. 86 570
3 12. 42 256 13.5 761 12. 15 238 13.79 880 12. 97 534
MDAGCN  11.87 236 12. 88 725 11.45 195 13. 44 816 12. 41 493
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