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Abstract

Aero-engine is an important part of aircraft, and its performance and reliability directly affect the
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safety and economic benefits of aircraft. Based on the problem of low accuracy and high data com-
plexity of aero-engine life prediction, a fusion model based on TCN and BiLSTM is proposed. The
model captures long-term dependencies and processes long sequence data through TCN, processes
context information and extracts advanced features through BiLSTM, and inputs the screened data
features into the TCN-BiLSTM model to predict the remaining life of the aero-engine. In this paper,
the C-MAPSS data developed by NASA is used to experiment. Through data simulation, the model
can accurately predict the remaining life of the aero-engine, and compared with the prediction re-
sults of SVG, MLP, CNN, LSTM and CNN-LSTM, and the comparison results prove that the RSME and
Score of TCN-BiLSTM model are lower than the above model method, thus proving that the prediction
effect is better.
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Figure 5. Flow chart of aviation engine residual life prediction
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RMSE Score
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SVR 20.96 36.54 1382 10,023
MLP 25.23 77.37 1205 561,660
CNN 18.45 29.16 1290 7890
LSTM 16.14 28.17 338 5550
CNN-LSTM 16.13 23.26 303 4630
TCN-BIiLSTM 15.31 20.09 298 3589
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22.48%. i#iL TCN-BILSTM FHHA 772508 iR 22 A W FAIS, PRLIHCAS ST R4 e 1) 7 R Re 8 A R s RUL
TRIMHER R

R 725 TCN-BILSTM [ F RS, 141 8 AT 9 43 5I%F FDOO0L A1 FD0OO4 /T M4 5 &
RN RUL B SEBRE AN TIIAE 1R 22 3047 T AAG 0T, W DUR P R Z RN, B AR N KB,
AR F R F o A . [ 10~12 F114 13 43506 FD0O01-31. FD001-34. FD004-57 Fll FD004-86 5 & )
MU, F 4 DR A BA 1) 4 25 i B A T 45 SR LU A A, AR SO VEAE SN RBTHLI RUL A Fitil 7 — 5E i AR
.

DOI: 10.12677/csa.2025.151017 171 PR 55


https://doi.org/10.12677/csa.2025.151017

FRTz 5%

140 { —ruLzs:a
e RUL T (]
120 *
100 J )
80
5
I~
60 A
20 L
0 20 40 60 80
RENHGR5
Figure 8. FDOO1 test set
8. FDOOL MiX &
— RUL S48
175 — RUL MG
150
125
5 100
[~
75
50
2 “ F
0
0 50 100 150 200
RWLgms

Figure 9. FD004 test set
9. FD0O4 iz &

DOI: 10.12677/csa.2025.151017 172 THENUER 5 N H


https://doi.org/10.12677/csa.2025.151017

FRvz 5%

120

100 1

80

RUL

60 1

40 1

20 1

RHG 531
e RUL ZCSEAE
= RUL FRIIE
0 20 40 60 80 100 120 140
AT A
Figure 10. FD001-31 engine No
10. FD001-31 S % Ehi#l
REH T34

120
100
80
—
5
[~
60
40
20
e RUL LS
= RUL FJUME
0 20 40 60 80 100 120 160
BT
Figure 11. FD 001-34 engine No
11. FD001-34 S %4 &
DOI: 10.12677/csa.2025.151017 173 THREVIR 5 N


https://doi.org/10.12677/csa.2025.151017

FRTz 5%

REWLGR557
1704
1601
150
140
|
=)
~
130+
120
110
100 )
— RUL HSEAH
e RUL I 2
0 10 20 30 40 50 60 70
1247 i
Figure 12. FD004-57 engine No
12. FD004-57 S & Ehi#ll
KLY 86
180
/_,M\/A\\lwf‘
160 1
140
5
&~
120 1
100
80 4
= RUL & 314
= RUL T £
0 25 50 75 100 125 150 175 200
AT
Figure 13. FD004-86 engine No
13. FD004-86 S % Ehitll
DOI: 10.12677/csa.2025.151017 174 THE LR 58


https://doi.org/10.12677/csa.2025.151017

FiRY %

5. &

AR T AT TCN #1 BiLSTM il & IR 745 dr TN 7%, KA TCN 2 REERHMESR U
FRAEREAT F AT Hh g B, BILSTM b3 1R S0/ BRI R ZAFE, H TCN Z2f# BILSTM T A % R 6
FERRNE I . 18I 7E NASA FFA I C-MAPSS ##li 68 F kA7 5250, UEEH Tk mA &t 1 Jeidd w4
PR TRALEE, 36 H 75 Ay 18 fb i AR e 3 a5 K R E B - SR )5 #8 TCN-BILSTM %l 42 75 iy T AB 7Y
5 ¥ TCN-BIiLSTM # AU AT SVR. MLP. CNN. LSTM il CNN-LSTM B &Y 3E47%F L, @ik 3PN Sk i
FRITECEL,  BRAUE T AR SC 5 A Jo AR 25 A PO A R AR 55

BARARTEEAR RS IR T RIFMEE R, EETEE— PSR S, KRR ok
TRIE I AT TR EES B S F IR R R R 45 B BRI 7, 0 NIRRT SR 52

E&mE
JEERHTR Tolk 2B 2023 Eh 0 7o AERHIFEIFTIUH (0TH 5 YKY-2023-32).

SEEk
[1] Brandt, S.A. (2017) Introduction to Aeronautics: A Design Perspective. Cambridge University Press.

[2] Mattingly, J.D., Heiser, W.H., Boyer, K.M., Haven, B.A. and Pratt, D.T. (2018) Aircraft Engine Design. 3rd Edition,
American Institute of Aeronautics and Astronautics, Inc. https://doi.org/10.2514/4.105173

[3] Ozgen, S. and Ekmekci, A. (2018) Gas Turbine Engineering Handbook. Butterworth-Heinemann.

[4] Ferri, A., Chiesa, R., Gaudioso, G., Kochanek, G. and Tarabanis, S. (2017) A Review of Prognostics and Health Man-
agement Approaches for Aircraft Engines. Journal of Aerospace Information Systems, 14, 687-706.

[5] Khan, S.A., Rahman, M.A. and Sarker, R.A. (2017) A Review on Gas Turbine Life Management: Challenges, Strategies
and Techniques. Renewable and Sustainable Energy Reviews, 75, 230-249.

[6] Wang, P., Liu, J. and Zhang, L. (2019) A Comprehensive Review on Remaining Useful Life Prediction of Industrial
Machinery. Mechanical Systems and Signal Processing, 115, 213-238.

[71 Yu,J., Dong, X. and Huang, X. (2021) A Survey of Data-Driven Prognostics and Health Management Methods for Wind
Turbines. Renewable and Sustainable Energy Reviews, 135, Article 110165.

[8] Yang, Y., Li, C, Lim, C., Wang, P. and Liu, L. (2020) A Review of Current Data-Driven Prognostics and Health Man-
agement Frameworks. Renewable and Sustainable Energy Reviews, 132, Article 109936.

[91 TiWeAL, 43T, KE. 2T Bi-LSTM MM RIWLA A I[I]. ARk 3% 5 44 TR, 2022, 60(7): 130-133.

[10] Tk, Mamxrs, HEJE S, 2. 5T Transformer KIZRFAERLE BT ZS R SR A (56 F A ar TN L], SRR
AR (B ATHFIR), 2022(5): 219-232.

[11] EFW, 4R, £« FE T BEHUAR ORI a5 W 4 1A 25 R shAL s BTl [3]. 5 HLRAX, 2022(10): 103-
107.

[12] EAkF, 5B, BEN, & KA TCN-HS R 30l T & 6 FH 5 T [J]. JREE T K24 (8 R FH %),
2023, 37(6): 204-211.

[13] wkmzh. ETEZEIPLEIA CNN-BILSTM LR (1 25 & shHL I & 5 dr O[], o700 & 5188 ), 2022,
36(8): 231-237.

[14] #5Z&E, R&E, 28, . T TCON [WHIR & 7 R[] s AR5, 2023, 41(1): 110-113.

[15] BXDhAK, MOBZR, SEefg. BRFAREES S MERRHIEEN Attention-BiLSTM AN &S TR R[], 1AL
N, 2023, 43(S1): 112-118.

[16] Lea, C., Vidal, R., Reiter, A. and Hager, G.D. (2016) Temporal Convolutional Networks: A Unified Approach to Action
Segmentation. In: Lecture Notes in Computer Science, Springer, 47-54.
https://doi.org/10.1007/978-3-319-49409-8_7

[17] Bai, S., Kolter, J.Z. and Koltun, V. (2018) An Empirical Evaluation of Generic Convolutional and Recurrent Networks
for Sequence Modeling.

[18] Schuster, M. and Paliwal, K.K. (1997) Bidirectional Recurrent Neural Networks. IEEE Transactions on Signal Processing,

DOI: 10.12677/csa.2025.151017 175 T LR 58


https://doi.org/10.12677/csa.2025.151017
https://doi.org/10.2514/4.105173
https://doi.org/10.1007/978-3-319-49409-8_7

FiRYC %

45, 2673-2681. https://doi.org/10.1109/78.650093

[19] Saxena, A. and Goebel, K. (2008) Turbofan Engine Degradation Simulation Data Set. NASA Ames Prognostics Data
Repository.

DOI: 10.12677/csa.2025.151017 176 THEAURF 5 R


https://doi.org/10.12677/csa.2025.151017
https://doi.org/10.1109/78.650093

	基于TCN-BiLSTM的航空发动机寿命预测
	摘  要
	关键词
	Aero-Engine Life Prediction Based on TCN-BiLSTM
	Abstract
	Keywords
	1. 引言
	2. 基本理论
	2.1. TCN的基本理论
	2.2. BiLSTM的基本理论

	3. 基于TCN-BiLSTM的剩余寿命预测方法
	4. 基于TCN-BiLSTM的航空发动机剩余寿命预测
	4.1. 数据集介绍
	4.2. 数据预处理
	4.2.1. 特征选择
	4.2.2. 归一化

	4.3. RUL标签设置
	4.4. 模型性能指标
	4.5. 实验结果与分析

	5. 结论
	基金项目
	参考文献

