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Remaining useful life prediction of aero-engines based on multi
scale dynamic graph neural ordinary differential equations

Ding Jiayu, Wang Yongchao,Li Feng, Wang Yongming, Tian Daqing

(School of Mechanical Engineering,Sichuan University , Chengdu 610065 , China )

Abstract : The existing discrete architecture graph neural networks ( GNNs) are unable to extract deep spatiotemporal representations,
the single variable dependencies in existing GNNs tend to learn a single type of time scale pattern, and fixed graph structures in existing
GNNs cannot accurately represent the entire degradation process of aeroengine performance, resulting in poor prediction accuracy in
predicting remaining useful life (RUL) of aeroengines. To address these issues, a novel GNN named multi scale dynamic graph neural
ordinary differential equations (MDGODE) is proposed for RUL prediction of aeroengines. In MDGODE, a multi-scale framework is first
established to capture the laten temporal dependence of aeroengine sensor signals at different time scales; secondly, a multi-scale
dynamic graph structure learning module is designed to automatically adjust the spatial interaction of different sensor signals and capture
the dynamic correlation between sensor signals at different time scales; finally, a new type of spatiotemporal coupled graph neural
ordinary differential equations is constructed to capture the deep spatiotemporal representation in the performance degradation data of
aeroengines. Due to the above characteristics, the proposed MDGODE has strong spatiotemporal representation capability and robustness
to complex non-stationary performance degradation processes of aeroengines. Therefore, the prediction accuracy of MDGODE for
aeroengine RUL is significantly improved compared to existing mainstream aeroengine RUL prediction methods. The proposed RUL
prediction method based on MDGODE achieves a root mean square error ( RMSE) of 14.06 and a Score of 879.36 for the RUL
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prediction values corresponding to the test set of FDOO4 subset in the aeroengine performance degradation dataset C-MAPSS. This

experimental result verifies the effectiveness and superiority of the proposed method.

Keywords : acro-engine; remaining useful life prediction; graph neural ordinary differential equation; multi scale dynamic graph

learning; temporal convolutional network
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Fig.3 Simplified schematic diagram of turbofan aeroengine
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Table 1 Description of the C-MAPSS dataset
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Table 2 Basic information of sensor monitoring signals
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Table 3 Setting of MDGODE hyperparameters
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Fig. 4 RUL of the 34th turbofan aeroengine in the FD0O1
subset predicted by the proposed method
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Fig. 5 RUL prediction result for the 236th turbofan aeroengine

in the FD0O2 subset predicted by the proposed method
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subset predicted by the proposed method
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subset predicted by the proposed method
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Table 4 RMSE comparison of different RUL prediction

methods

ik FDOO1 FD002 FD003 FD004
HAGCN 11.93 15.05 11.53 15.74
DVGTformer 11.33 14. 28 11. 89 15.50
LOGO 12.13 13.54 12.18 14.29
STFA 11.35 19.17 11. 64 21.41
PSTFormer 12. 08 13.00 12. 11 14.74
MDGODE 11. 16 12.31 11.18 14. 06

%5 7 [ RUL #llF3i%ER Score 3Ttk

Table 5 Score comparison of different RUL prediction

methods

ik FDOO1 FD002 FD003 FD004
HAGCN 222.30 1 144. 10 240. 30 1 218. 60
DVGTformer 179.75 797.26 254.55 1 107. 50
LOGO 226. 00 832.00 261. 00 944. 00
STFA 194. 44 2 493. 09 224.53 2 760. 13
PSTFormer 224. 60 877. 60 308. 00 1182.10
MDGODE 220. 80 738.08 178. 69 879. 36
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Fig. 9 Boxplot of the overall RUL prediction error distribution
for six RUL prediction methods on the FD003 subset
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Table 6 RMSE comparison in ablation experiments

Ji ik FDO01 FD002 FD003 FD004
MDGODE-NMS ~ 11.94 13.15 11.91 15. 24
MDGODE-NDG ~ 11.67 12.97 11.71 14.77

MDGODE-NODE  12. 56 13.08 13.28 15.39
MDGODE 11. 16 12.31 11.18 14. 06

=7 HRASEH Score XtLb
Table 7 Score comparison in ablation experiments

i FDO01 FD002 FD003 FD004
MDGODE-NMS ~ 247. 86 773.24 229. 86 1 366. 05
MDGODE-NDG ~ 258.28 796.73 206. 60 1163.48

MDGODE-NODE ~ 282.95 724. 54 390. 82 1 376. 87
MDGODE 220. 80 738. 08 178. 69 879. 36
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Fig. 12 RUL of the 40th turbofan aeroengine in the FD004

subset predicted by the proposed method
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Table 8 Comparison of RUL prediction accuracy for
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obtained by different RUL prediction methods

UIRES RMSE Score
HAGCN 7.38 192. 54
DVGTformer 6. 84 166. 73
LOGO 6.68 175.87
STFA 10. 27 338.91
PSTFormer 7.56 224.36
MDGODE 6. 45 144. 44
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