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Abstract: The remaining useful life prediction method based on attention mechanism and residual
nested long-short-term memory (NLSTM) neural network was employed to address the shortcomings of
traditional long-short-term memory (LSTM) neural network in the recognition and extraction of multi-

dimensional data features. Two NLSTM neural network layers were used to replace the main structure of
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the residual block, and the shortcut connection of the one-dimensional convolutional network in the

residual block was retained, which can fully extract the temporal feature and use the jump layer to transfer

useful data in the network layer. The method also added the attention mechanism to construct multilayer

network, and the important information influencing the result of prediction can be chosen to improve the

prediction accuracy by the attention mechanism. The proposed method was verified by experiments in the

aero-engines degradation dataset. The results showed that the method can effectively establish the

relationship between the monitoring data and the engines health. The prediction error was reduced by

10.8% compared with the method without residual structure and reduced 18.9% compared with the method

without attention mechanism, which improved the prediction accuracy effectively.

Keywords: residual network; remaining useful life; attention mechanism; prediction model;

nested long-short-term memory neural network
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Table 2 ResNLSTM-attention network parameters

o 4% J2 BEEH iy s R
A Bl 36 (36, 14)
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Table 3 Result of root mean square error

THRAE - T
AW W2l B3R
FDO001 12.52 12.50 12.56 12.53
FD002 19.37 20.34 21.82 20.51
FDO003 11.94 12.03 12.48 12.15
FD004 22.29 20.99 23.80 22.36
x4 FHRBER
Table 4 Result of score function
S
TR FHE
B 2k HE3IW
FDO001 279 259 257 265
FDO002 761 496 2328 1195
FD003 249 258 345 284
FD004 3444 1724 2907 2692
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RUL Tl 6 2% .
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Table S Comparison of the results of ablation

experiments in the C-MAPSS dataset

WIRES FD001 FD002 FD003 FD004
NLSTM-attention 1349 2461 1258 2418
ResNLSTM 1532 2350  16.68  24.80
ASOFEWITHME 1253 2051 1215 2236
AT EWIMEAE 1250 2034 11.94  20.99

R B E T £ 7 L AE AL A & sh AL RUL T 11
AR, RS SCRR [3]. SCHK (4], SCHK [6]. SCHR
[7]. SCHk [9] F1SCHk [18-20] FIr 45 J7 12k Al Uil 25 SR
HEATXE L, T AR R 22 25 BT L 3% 6 B, P43
BREL A SR XS L an e 7 B .

R 6 C-MPASS HiRE TARAFENFTHRRELE R L
Table 6 Comparison of root mean square error results of

different methods in the C-MPASS dataset

Fik o
FD001 FD002 FD003 FD004
CNNP, 2016 1845 3029 19.82 29.16
LSTM-FNN™, 2017 16.14 2449 16.18 28.17
RBM-LSTM-FNNI, 2019 12,56 2273  12.10 22.66
Auto-Encoder”, 2019 1474 2207 1748 23.49
CMRSAM, 2021 1500 2322 1723 23.74
CNN-FNN[', 2018 1261 2236 12.64 2243
Auto-Encoder®”, 2020 13.58 19.59 19.16 22.15
DCNN-FNNPY, 2020 12.61 2851 12,62 30.73
ASOFEWITFHME 1253 2051 1215 2236
ACTFEBIEME 1250 2034 11.94  20.99

& 7T C-MPASS HIRET AR ENTES BRI
Table 7 Comparison of score function results of different
methods in the C-MPASS data set

ViEo3 &
FD001 FD002 FD003 FD004
CNNF, 2016 1290 13570 1596 7886
LSTM-FNN™, 2017 338 4450 852 5550
RBM-LSTM-FNN[, 2019 231 3370 251 2840
Auto-Encoder'”, 2019 273 3099 574 3202
CMRSA®, 2021 381 21766 994 13564
DBN'"®!, 2017 640 10851 683 7210
CNN-FNN[, 2018 274 10412 284 12466
Auto-Encoder®”, 2020 220 2650 1727 2901
ARSI 4 265 1195 284 2692
ARSI R L AE 257 496 249 1724

2% 6 AT AR A SCRT 46 J7 VR 76 T A7 4 L i
) oo B G 1B B SCHIR [3] 7 1% B9 &5 5 43 ) 4 v
32.3%. 32.8%. 39.8% I 28.0%; L. 3CHk [4] HH 4%
B R 22.6%. 16.9%. 26.2% Fl 25.5%; 3¢
Wk [S] A2 SRR T 0.5%., 10.5%. 1.3%
F17.4%; LLSCHR [7] 2530 5 5 15.2%. 7.8%.
31.7% F1 10.7%; AH b F Sk [9] 45 5 0 0l 32
T 16.7%. 12.4%. 30.7% F1 11.6%; & 3CHk [19]
Y 45 F 0 R 0.9%. 9.0%. 5.5% Al 6.4%., fE
SCHK [20] T i 7 2k H, XFF FD002 % i 4 i
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Fig. 7 All engines RUL in different dataset
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