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Table 1 Details of datasets

Training Testing Fault  Operating Training Test
Dataset
unit unit mode condition instance  instance
FD001 100 100 1 1 20631 13096
FD002 260 259 1 6 53759 33991
FD003 100 100 2 1 24720 16596
FD004 249 248 2 6 61249 41214
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Fig. 2 Variation trend of sensor values during the full life cycle of aero-engines
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Table 2 Performance comparison of baseline models and ours
FDO001 FD002 FD003 FD004
Dataset
RMSE Score RMSE Score RMSE Score RMSE Score
HierCorrPool!'"! 12.64 227 13.23 709 12.30 220 13.86 854
GCN!2 12.58 237 13.78 849 11.92 218 14.44 967
InFormer!"?! 13.13 263 13.20 715 12.58 228 14.16 1023
AConvLSTM! 13.10 286 13.11 737 12.13 276 14.64 1011
MAGNN!! 12.63 246 13.09 714 12.15 253 14.30 978
AGCNN! 12.42 225 19.43 1492 13.39 227 21.05 3392
DCNN!!7 12.61 273 22.36 4020 12.64 284 23.31 5027
FA-GRU-GAN!™ 13.12 259 15.19 1047 13.24 278 14.32 1002
BACE-RUL!" 21.81 72099 23.19 340131 29.36 94867 26.41 710811
CfC-F2RN20 11.74 198 12.75 705 11.10 195 14.25 863
AD-TCN-MSCDIM®P! 11.39 170 13.41 763 10.17 134 15.28 1483
HDA-GNN™2! 12.25 244 19.06 1343 12.56 274 18.27 2215
CNN-BiGRU-Attention®! 11.69 189 12.73 689 14.89 325 18.20 563
DCDM™ 11.75 195 14.98 1539 11.23 198 16.15 1750
Ours 11.23 152 12.64 673 11.15 187 13.41 789
r . 1.2 ¢
1oLb— Predicted label; — Real label — Predicted label; — Real label
1.0}
0.8 n
= =
D 0.8+
2 | >
= 0.6 9
Eosf
Té =
£ 0.4 g 04l
Z Z
0.2 / N 02+t
Ok . . . . , Ot . . . L
0 20 40 60 80 100 0 50 100 150 250
Time step Time step
(a) FDOO1 (b) FD003
'3 FDOO1 A1 FD003 K4k b 5 A il Fil A i Bl
Fig. 3 Remaining useful life prediction on the FD001 and FDO0O03 datasets
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Table 3  Ablation study of different modules
FD001 FD002 FD003 FD004
Dataset
RMSE Score RMSE Score RMSE Score RMSE Score
GCN 12.58 237 13.78 849 11.92 218 14.44 967
GCN+MS-TG 12.23 219 13.28 798 11.74 201 13.98 913
GCN+MS-SG 12.45 228 13.53 819 11.89 209 14.23 943
Ours 11.23 152 12.64 673 11.15 187 13.41 789

MS-TG—Multi-scale temporal graph; MS-SG-Multiscale spatial graph
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Remaining Useful Life Prediction for Aircraft Engines Based on
Multi-Scale Spatio-Temporal GNN and Fusion Attention

WU Lijuan, ZHENG Hong, LIAO Zhenhong, XU Xian
(School of Information Science and Engineering, East China University of Science and
Technology, Shanghai 200237, China)

Abstract: Remaining Useful Life (RUL) prediction is a critical task in the health management of aircraft engines.
To effectively model the complex temporal dynamics and spatial structural information, this paper proposes a novel
RUL prediction method based on Multi-Scale Spatio-temporal Graphs with Fusion Attention (MSFA-STG). In the
temporal dimension, we design parallel branches of short-term and long-term causal convolutions, which are fused
using an attention mechanism to capture multi-scale temporal features. In the spatial dimension, both local graphs
within subsystems and hypergraph structures across subsystems are constructed, and a gating mechanism is adopted to
adaptively fuse local and global spatial features. Furthermore, a cross-scale spatio-temporal attention module is
introduced to enhance the modeling of critical spatio-temporal dependencies, thereby improving prediction accuracy.
Experimental results on the C-MAPSS dataset demonstrate that the proposed model outperforms mainstream methods,
showing strong generalization and high predictive accuracy.

Key words: remaining useful life prediction; spatio-temporal graph neural network; multi-scale fusion; attention

mechanism; fault prognostics
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