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Aeroengine residual life prediction method based on improved
generative adversarial network and ConvLSTM

Chen Weixing Chang Dongrun Li Zongshuai

(College of Electronic Information and Automation, Civil Aviation University of China, Tianjin 300300, China)

Abstract: A prediction model based on Wasserstein conditional generative adversarial network-gradient penalty ( WCGAN-GP) and
convolution long and short-term memory network ( ConvLSTM) is proposed to address the problem of unbalanced data caused by the
difficulty of collecting fault data during the operating cycle of an aero-engine. First, a WCGAN-GP model is used to learn the deep
distribution characteristics of the pre-processed time-series data; then, a generator is used to generate fault samples and mix them with
real samples as a training set to input into the prediction model based on the ConvLSTM network for training. Through testing with C-
MAPSS data set, the results show that compared with the single real sample training prediction model, the performance indexes RMSE
and score of the model using mixed data are reduced by 12. 65% and 48.95% on average.
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Table 3 WCGAN-GP structure parameters

A G B0 D
L2 — - — . p T——
Mg Bom Al Pt TR PR
FNN_1 256 LeakyReLU 512 LeakyReLU
FNN_2 512 LeakyReLLU 512 LeakyReLU
FNN_3 1024 LeakyReLU 512 LeakyReLLU
FNN_4 300 ReLLU 1 -
%z 4 ConvLSTM Tl M 4& 1055
Table 4 ConvLSTM prediction
network structure parameters
ey S8 |
M éﬁ% — %*/\& -
Bk R HK
ConvL.STM_1 64 3x1 1
ConvLSTM_2 20 3x1 1
ConvLSTM_3 1 I1x1 1
FNN_1 - 100x1 -
FNN_2 - 1x1 -

x5 HtBESHigE
Table 5 Other hyperparameter settings

PA S WCGAN-GP ConvL.STM
BAREL 1 000 200
LR KN 64 512
Dropout JZ 0.3(G) .0.4(D) 0.2
L7 ia=RFS Adam Adam

(UL 0.000 5 0. 001

3.3 &A%

Y BIE WCGAN-GP [0 45 ik phe 5 415 2 A [ ) ]
T3 R G AR Bl 1 5 A I ZR2E % A 2 ConvLSTM
P2 R AT U 25, 30 S fdE D48 RUL 500 fsf A6 2 1Y
RMSE Fll Score - {E A1 6 PR .

6 A TEHHREIS TN M 4§ £ RMSE & Score &
Table 6 Average RMSE and Score values of the prediction

network trained on the unbalanced data sets

g RMSE Score R?
FD002 22.21 1610 0.71
FD004 24.48 2892 0. 66

BiJe , 1 WCGAN-GP 223 1 000 Y% AR~ > Kdhs
SEFEAS BRI 2 0 A0, A s 5 F I 25 X 4T Loss £ n
K9 FiR, FIAER 3k e A A 0 BiHE R E iR, HA R
AP B S TR, UL TR BN AT IR . R
F(2)  (14) ATFI LA F008 Loss #a T 0 Ui A W
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Fig.9  Confrontation training Loss curve
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Fig. 10  Comparison of RMSE of mixed

samples with different ratios
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Fig. 11  Test set engine RUL prediction
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Fig. 12 Comparison of RUL prediction values and prediction differences for FDO04 test set engine units by different methods
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Fig. 13 Comparison of prediction error range
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Table 7 Performance evaluation index comparison

Sk ‘FD002 ‘FDOO4
RMSE Score RMSE Score
SVR!'! 30.29 13 570 29.16 7 886
RFLY! 29.59 70 460 31.12 46 560
LSTM®! 24.49 4 450 27.42 4255
DCNN[ 23.29 1902 31.21 3624
CNN+LSTM 2] 25.22 2442 27.29 3392
ConvLSTM 22.21 1610 24. 48 2892
WCGAN-GP-
ComeLSTM 18.99 822 21.82 1474
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48.9% , i H FDOO4 %4 i PEREFE b7 RMSE F1 Score 43
BITFRET 10.8% Ml 49% . A< SCHT $& 77 i 09 14 AE 48 A5
RMSE F1 Score -3 F [ T 12. 65% #1 48.95% , J& [A J&
WCGAN-GP i 1:f 2% > B % J2 43 A0 Az il oK 1 19 il e
A%, 5 —REAEE A LL TR A B B AR I 2k i
R 5 AT FE LG IR AR XS 4 £ | S HE R 8] A B, 5
&, HFT Y T BE 45 0 R A5 8., S TN AR 7 48 B
Kol ASGRE B RS T EXEENMEMN, & Lo
iR, WCGAN-GP-ConvL.STM 5.3 1] LIAG #5048 = il &5 & o
HUFESR 2430855 1Y RUL TIOINRS B LA K Fuml e e

4 & 8

AP WCGAN-GP L F =S & sh Al RUL T
IN4SUe A XTI SR 2] AR 2 2 R R R
IFWe A B 55 B SR AR A [ 11 5 T 00 X 4 A Y
TR (5 ] ConvL.STM 4% B AT LA Ak $ 5042 K i [ 4%
WOCER , RN RGE 0] LIdi W2 0 Ay, H i M 2%
LRPEHUERE ST, DRI, MR A O 0 OIS B AR
B TR I R AN T 4 (72 AR PR RE L T C-MPASS $idi 4
AT SEEYHIE A58 T IR 4518 .

1) SHAMAFF I A L, SOl AR R A A
A RMSE F1 Score B, &M E WM ML T A A
ok,

2) AR 2 45 18] B, ConvLLSTM Fi 0 452 750 470 A4

HARAY) RMSE 1 Score , 15 I fif D 50l 2 A7 ) R, ] LA B

PRAR TSR A BN RE ) o IXAEMTAS K BBl 5 2 A

S 2R B A5 U RUL S50 @5l HAT Al LAY K2 s )
TEARF T B 22 AT L b R PR JBE 2~ ) A 7R

R 575 B SEAS [ A2 e i A IS i [ 2L, L s

— PR R AL T PERE

S 3k

[1] LINY, LIX, HU Y. Deep diagnostics and prognostics :
An integrated hierarchical learning framework in PHM
applications[ J]. Applied Soft Computing, 2018, 72.
555-564.

[2] XUJ, WANG Y, XU L. PHM-oriented integrated fusion
prognostics for aircraft engines based on sensor data[ J].
IEEE Sensors Journal, 2013, 14(4) . 1124-1132.

[ 3] Wk, ¥ at, k08, 5 Tl KBS 7Y 5 T M s 2 ae

KBl HLIE 5 PR L) ] 0 R 2 4, 2019,
40(7): 1-12.
MIAO Q, JIANG J, ZHANG H, et al. Development of
aviation intelligent engine under industrial big data:
Chances and challenges[ J]. Chinese Journal of Scientific
Instrument , 2019, 40(7) : 1-12.

[4] LI X, DING Q, SUN J Q. Remaining useful life
estimation in prognostics using deep convolution neural
networks[ J ]. Reliability Engineering & System Safety,
2018, 172 1-11.

[ 5] LIX, JIANG H, WANG R, et al. Rolling bearing fault
diagnosis using optimal ensemble deep transfer network[ J].
Knowledge-Based Systems, 2021, 213 106695.

[ 6] SHAO HD, DING Z Y, CHENG J SH, et al. Intelligent
fault diagnosis among different rotating machines using novel
stacked transfer auto-encoder optimized by PSO[J]. ISA
Transactions, 2020, 105. 308-319.

[ 7] PANY, HONG R, CHEN J, et al. A hybrid DBN-SOM-
PF-based prognostic approach of remaining useful life for
wind turbine gearbox [ J]. Renewable Energy, 2020,
152 138-154.

[ 8] LIX, JIANG H, LIU S, et al. A unified framework
incorporating predictive generative denoising autoencoder
and deep Coral network for rolling bearing fault diagnosis
with unbalanced data [ J ]. 2021,
178 109345.

[9] MEIY, WUYT, LIN L. Fault diagnosis and remaining

Measurement ,

useful life estimation of aero engine using LSTM neural
network [ C ]. 2016 IEEE International Conference on
Aircraft Utility Systems ( AUS). IEEE, 2016 135-140.
[10]  XUSCH, BEALAE BRI, 45, 25T CNN-BLSTM %45 fr) il
ARPERE R AL T [ 7], fs 00 & 5 AR 44, 2021,



53 3

BT UG A P45 ConvISTM A2 % ST A% 73 i LI 7 7 - 221 -

[11]

(12]

[13]

[14]

[15]

[16]

35(2) :80-86.
LIU W B, DUAN L X, GENG F,
performance degradation prognosis based on CNN-BLSTM

et al. Bearing

network [ J . Journal of Electronic Measurement and
Instrumentation ,2021,35(2) :80-86.

SHI X, CHEN Z, WANG H, et al. Convolutional LSTM
network: A machine learning approach for precipitation
nowcasting [ J ]. Advances in Neural Information
Processing Systems, 2015, 28.

GOODFELLOW I, POUGET-ABADIE J, MIRZA M, et

al. Generative adversarial nets in advances in neural

information processing systems ( NIPS) [ J]. Curran
Associates, Inc. Red Hook, NY, USA, 2014;
2672-2680.

CUI S, YONG J. Effective Lipschitz constraint

enforcement for Wasserstein GAN training[ C]. 2017 2nd
IEEE Computational
Intelligence and Applications (ICCIA). IEEE, 2017.
BERTE W 200, 4. BOR A T 2T WGAN Al
GAPCNN FRlRBC RS W5 [ ] AL IS,
2020,37(12) :3681-3685.

XUE ZH 7Z, MAN J F, PENG CH, et al. Research on
bearing fault diagnosis based on WGAN and GAPCNN
under imbalance of data[J]. Application Research of
Computers, 2020, 37(12) . 3681-3685.

SOURAJIT B, RAJIV M. Generative adversarial networks
based remaining useful life estimation for ToT [ ] ].
Computers & Electrical Engineering, 2021, 92. 107195.
BUER, EBESE, ORI K, 4F. CWGAN-DNN; —fifi 2 fF
Wasserstein 2 BT W25 AARKEM L[] ], & E 1T
BRFZAR ( ARFIER) ,2021,22(5) :67-74.

HE J X, WANG X D, SONG Y F, et al. CWFAN-DNN.

An intrusion detection method based on conditional

International ~ Conference on

Wasserstein generative adversarial network [ J ]. Journal
of Air Force Engineering University ( Natural Science
Edition) , 2021, 22(5) . 67-74.

GULRAJANI I, AHMED F, ARJOVSKY M, et al.

Improved training of Wasserstein gans[J]. Advances in

[17]

Neural Information Processing Systems, 2017, 30.
LOUTAS T H, ROULIAS D, GEORGOULAS G.

Remaining useful life estimation in rolling bearings

[18]

utilizing  data-driven  probabilistic ~ E-support  vectors
regression| J]. IEEE Transactions on Reliability, 2013,
62(4) :821-832.

ZHANG C, LIM P, QIN A K, et al. Multiobjective deep

belief networks

[19]
ensemble for remaining useful life
estimation in prognostics [ J ]. IEEE Transactions on
Neural Networks and Learning Systems, 2016, 28(10) .
2306-2318.

LIU H, LIU Z, JIA W, et al. Remaining useful life

prediction using a novel feature-attention-based end-to-

[20]

IEEE Transactions on Industrial

end approach [ J].
Informatics, 2020, 17(2) . 1197-1207.

EEE N

PRHESE, 2003 4F T ARAL R34 5 1
2207, 2006 4FFARAC K 2 RAFI L2207, I
S B R 2 105 B 5 A S A Be dl
Pz, FERIFE 5 1) g Ll AL R R S8
BRI
E-mail: cw007x130@ 163. com

Chen Weixing received his B. Sc. degree from Northeastern
University in 2003, M. Sc. degree from Northeastern University
in 2006, respectively. Now he is an associate professor in College
Civil

interests

of Electronic Information and Automation, Aviation

University of China. His main research include

industrial Al, IoT systems and smart civil aviation.



