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Tab.2 Results of the ablation study
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eI S

FDO001 GRU 0.964 4 10.5317 0.0654 0.023 4

GraphSAGE 09735 9.0802 0.0566 0.0315

Parallel-GraphSAGE-GRU 0.9792 4.2713 0.0262 0.052 1
FD002 GRU 09679 5.4334 0.0379 0.027 3

GraphSAGE 09722 5.0513 0.0309 0.0351

Parallel-GraphSAGE-GRU 0.988 6 8.7197 0.0435 0.0325
FD003 GRU 0.9736 13.2958 0.0669 0.014 5

GraphSAGE 0.9782 12.0617 0.0617 0.0232

Parallel-GraphSAGE-GRU 0.986 5 10.4382 0.0677 0.0913

FD004 GRU 0.9744 135882 0.088 1 0.0553
GraphSAGE

R T 2D R T B T R A AR RS
Parallel-GraphSAGE-GRU [ fii; 25 % sh AL 4% 1 ] 75
g R N s I N = N7 S S 2 4
(Convolutional Neural Network, CNN) , [&] 35 FH i1 25 %
%% (Graphical Convolutional Neural Network, GCN) |
e 2 M 4 W 4% (Long Short-Term Memory,
LSTM) % J& 45 & $2& T+ A% (Extreme Gradient Boosting
Tree, XGBoost) | F S #E 1 5.2 [ G I NWAFRYICAZ T 142
1 25 . 5C (Consolidated Memory Gated Recurrent Unit,
CMGRU) JHEATXF LG o TEAH A XS FE S5 SR a0 3R 3 PR .
1 2 3 AT A1, X T % 48 7 ik |, Parallel-GraphSAGE-
GRU WYt 25 & 2l ML 4 1 FH 5 i S0 7 12 75 4 4K

0.9712 14.5123 0.0913 0.069 4
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Tab.3 Comparison results of different algorithms

LGRS ENGIKIR7S R Eruse Eyiare
Parallel-GraphSAGE-GRU  0.9839 69617 0.0197
CNN 09528 12.1315 0.0770
GCN 09730 8.7227 0.0487

FDO0001
CMGRU 09801 7.3524 0.0257
LSTM 09742 89453 0.0521
XGBoost 09366 14.045  0.090 1
Parallel-GraphSAGE-GRU 09792 42713 0.0262
CNN 09523 13.2376 0.0769
GCN 09732  9.9597 0.0607

FD0002
CMGRU 09844 75738 0.0431
LSTM 09641 11.4898 0.0665
XGBoost 09375 15.1676 0.090 4
Parallel-GraphSAGE-GRU  0.9886 87197 0.043 5
CNN 09611 16.1424 0.1039
GCN 09646 153951 0.0789

FD0003
CMGRU 09799 11.5819 0.0612
LSTM 09523 17.8755 0.0932
XGBoost 09135 24.0717 0.0708
Parallel-GraphSAGE-GRU  0.986 5 10.4382 0.067 7
CNN 09761 13.7384 0.093 1
GCN 09607 17.8462 0.1201

FD004
CMGRU 09693 157764 0.1037
LSTM 09621 175197 0.1191
XGBoost 09346 23.0107 0.1234

5 it
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Remaining useful life prediction of aeroengine based on Parallel-
GraphSAGE-GRU

GUO Wenwen"> WANG Guohu"?> YUAN Yongliang’ WANG Peiying' GUO Yinxiao'
(1. School of Mechatronics Engineering, Zhengzhou University of Industrial Technology, Zhengzhou 451150, China)
(2. Henan Engineering Research Center of Tunnel Engineering Machinery, Zhengzhou 451150, China)
(3. School of Mechanical and Power Engineering, Henan Polytechnic University, Jiaozuo 454003, China)

Abstract: [Objective] Deep learning-based remaining useful life (RUL) prediction of aeroengine provides a foundation
for guaranteeing the reliability of the aeroengine. However, most researches are devoted to the acquisition of degenerate
information in Euclidean space, while topological relations in non-Euclidean space can provide additional degenerate
information. Thus, a novel RUL prediction method named parallel graph node embedding learning-gated recurrent unit
(Parallel-GraphSAGE-GRU) was proposed in this work. [Methods] Firstly, the maximum mutual information method was
used to describe the relationships among monitoring parameters of acroengine. Then, a series of graph inputs was constructed
using a fixed time window to obtain topological relations in the non-Euclidean space of the aeroengine. Besides, GRU was
used for the acquisition the temporal degradation relations of the monitoring parameters for aeroengine in the Euclidean space.
The implicit vectors of GraphSAGE and GRU at each moment were concatenated and mapped to the RUL values of the input
degradation information by fully connected neural network. The C-MAPSS dataset was used to validate the effectiveness and
advancement of the proposed method, and the best R of the proposed method reached 0.988 6. [Results] The results indicate
that this method is feasible in ensuring prediction accuracy and computational efficiency.

Key words: Engine; Remaining useful life; Feature information extraction; Graph node embedding learning; Gated
recurrent unit
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