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Abstract;

reliability.

As a high precision mechanical component, aerc-engine has important influence on aircraft performance and

Accurate prediction of remaining useful life can reduce maintenance costs and reduce the occurrence of safety

accidents. The existing prediction methods only focus on the temporal relationship between sensor data, ignoring the

spatial relationship between sensors.

and uses graph convolutional networks and

This paper proposes a network model that integrates spatial-temporal features,

long short-term memory to extract spatial and temporal features,

respectively, The parallel structure is used to integrate the temporal and spatial features. The RMSE and Score of

subdataset FDOO1 are 12. 81 and 252. 04 respectively. The experimental results show that the proposed method has

higher prediction accuracy than other prediction methods.

Keywords :

0 35l B

A s KB MR — i B B 22 R 2% LA, O kAL R
AR s M BRI CHLE O BE”, B3R E AL
MorERE R Al SE . TSR A, TAERBEE S W £
32 BN A0SRy ofr L R 25 5 R AR R

GGG T AR 5 e e 4L e . H 5 418
EARHIM IR A R AW R 2 J5 BEAT A8 7T DL iR 45 1 45
B (E]  (H X B 2858 B 28 TC B 0, o 2 4t s 2 B
PR, HIEV I & R S R, &M E R Z W, 1T
REAEATA BN 4E 15 H I th IR, 3 A 2%, T L 1B
M A 1R AR, ARG LR R T 5 g B A
(prognostics and health management, PHM) £ AR $#2 i .

Wk H 9 :2023-06-06
* HAETH : ER A AP A (51905074) .1

aero-engine; deep learning; remaining useful life; spatial feature; temporal feature

P4 FF A W (remaining useful life, RUL) 2 PHM [y
EEANM Y. RUL 238 0000548 M5 5 i 6] 2 % 4E i
i st A IR TR B o RS B A RUL B T D25 A 4 /i 19
205 WA SEAFVA R T Lt i 2 g s TR RIS & R
HHH AR, B A, CRIBEAUAL B 4 19 22 &k A0 AT
A,

RUL T 4 77 35 7T LA 43 2y 458 280 (v T80 5 5 o B T3
306 B B 1 T 7 5T . R T A R T Oy 9k R
FEE ST LN X G L R R ke T A SR R A Sk
FEARASHEATIPAG o JH TR B B 5 0 vk 0 A A2
W (E B S R AR A A R B AR A A LT R AR Y
BRI LA BE S BT A2 (B T R SR R S . BT R
PR ITE T — L W BT HEITRE N TR B FRE

HTH B RPBl R4 (2019-KF-04-04) i H ¥F B



% 46 & B F o

T #H XK

BLAS 22 ST I B AL TR BE 22 S vk . Horp e TR 22
ST R BB AR B 24 M B AT B T o iR BURAE . B
ey Iz N

W 22 2 % W RUL #0545 45 AL & M 2%
(convolution neural network, CNN) . 1§ ¥f i 28 & £
(recurrent neural networks, RNN) . 1 2= 71 §L # Cattention
mechanism, AM) fl Transformer 21, SAS7 &SI T
—FEl B sh & 1 K & H19E 12 (automatically expandable
LSTM, AELSTM) AR, ¥ T — A P i iy 3 iR 244 )5 —
LB L B T AR G B R 2, T R AR i
W4k CNN FEN (B 24 2 E AT SR8, ZIEAE N &
RS BB FIRF A Z MR IR 8 T BUNRE B2, 153
THRIRN AR . ZERE A A BRI O RS
% F B4 4y ¥ i (kernel prinicipal component analysis,
KPCA) # 7 R 3 i AR R RS 19 2 ROE B fb e b, 45 &
Informer BE7Y, S2BLR B K RUL Fijil

BB T R B 2 2] I i zs R s Al RUL T SR %
b & N R U S WG = e - N i R e el 1 B D
EER. B, ASCRM T —ME4G GCN Ml LSTM i1 M
SR, MR A ) GON 2 U 825 =2 1) 119 2 [ A AE L i
F LSTM $2BUET [RIRFAE . 4 B (8] AR A 55 25 [R) AR AIE fl - tH
#AT RUL 0, 78 43 F) 7 B 8] #0028 [R]RRAE , 42 = RUL it
TR BE

1 EEME

1.1 E#HENE

[&] 1 22 W % (graph neural networks, GNN) 2 {& Fj f#
25 W 45 S 5 > I 25 0 M » B IR R i L 5 R 8 HRE T Y oy
TEFAR 2 L W86 A2 425 T 45 4F 55 75 B ST I RS
SRR T MR B L, T AR R R Z AR R,
T SRR TR, R Z RN BR RN TR Z RN CR.,
KM AERR R G=V,E) , K V RRWTEHNES E
KrRAWESE.

[&] %5 FH 0 22 ) 4% (graph convolutional networks, GCN)
E—Fhets BEEH T ROHE H R E B NS4S N
% . GON (i 2 AR T a1 8, BT a 48 L
FESMASHREGFR . EHASELE. WE 1 iR,
GCN BT 0h

1

H™ :a(ﬁ—%lﬁ?—?mww M

AdH™ RARH LJZ GON Rk H RRH L2
GCN ERHA H' €R™ yn R BT SN d Fm

A A AL AL A — A+ 1, L A 26775 T [l 1 1 46
B Iy FoR n R NLRAE . DTS PR B R

D = > A, W €RY BREEUNGNSH L B4

o 64 o

B o SR PTE PRER

R

A1l GCNfLBREH

GNN b 4T 45 7T LS 45 2 AT 55 R AT 450
TRGAT S B I A R — A R HUTE
BN AN RREEGAES P BB E— AR
KORBFEEREITERR RERBENBEHRR,
BT AREFME, BREFFEAMAE kLW
B2 IR B R R BRIR A A . RUL B
BT EHRES .

1.2 FAREERE

RNN 7 40 #1477 51 B0 B 00 PT LARAS #5309 )3 51 1)
52 X T HOL Y 7 5 AR B A B ILIZH6E . 2 BUE B
E 4, KEBHCIZM % (long short-term memory, LSTM)
& RNN 5 — Pl 4548, M3 F RNN T 5 . LSTM (17 5
MMEFRLEH AIA 4 MRS, I 2 frs. LSTM A 2k
fR DT RININ i HA A5 087 o) L

h

B2 LSTM 40 i &% #5111

LSTM 40 Md 3= il S A] B s ] At ) Bl Herp
WM R — 2, FERENEL WAT]

P AR 2 R SRS ¢ 205 BT EARAE
1T o, F 24 3G I 20 60 PIFIRAS ¢, T A 1 4 A TR A A,
MOfEE . R £ AT i M o, MTFRAR K

fo=oW, s [h_,x,1+0b) (2
A, SRR TIOS EA A R 1 REZR
et 2R AL W, BRI 4 AL L b, A
TTHI R 48 205 B o S R

i, =cW,s[h, 1s2,]+b) (3
A ed, AT W, R AT 4 R A E b,



WERE F LT 2RI A E R )AL S AR A & & T

5 23

A TR 48 2 .

o,=cW, «[h_,x,]+b) €Y
o, SEH TSI E W, 2R T R RE b,
T TR R R AR .
1.3 FRim4EE

AR SCEE Y T — Pl T B (] AR A2 ) AR AE 1 RUL il
AR, A5 R R AT 5 48, M T R AT S5 R, R AT 4

2 LW

2.1 HIBE&ENSE

ASCHEF CMAPSS iR & . IR E R EEER
WU MR R BrR AL B 2 RO FEAT S & 3 ML RUL B,

CMAPSS #r ¥4 i 4 4~ 1 8095 & 4 5, 4% 3¢ 3% B
FDOO1 $X# & 1T LB B0 IE . 3% B9 48 A 300 A0 i IR A =R
EREESHHEED 7 THER 3 M RELM ITE
B AR ) e SR A A T . U R BB LA 100
B bR & ST IR 31 58 4 2R 80 42 R BHE , ) R 4 2 o
118 100 &% 3 & Sh AL b 31 55— o 20 1 0 0
2.2 HEmAE

1) B ¥ b 4k

ZEAREA S 21 MR BT 3 M RE R EUE
25 ) B AL R AR By B2 17 R AR Ak M 28, 1% R 4% 2 A8k ih
LEMAE 4 FrR. HPERE 1.5.6.10.16.18.19 Hdi bl
AT TR B B AN BT LK 3 S £ RS B 2 IR DA R AR RE
AT AR YERE

644 5]
644.0
643.5
&
% 643.0
o
&
6125 1

642.0

641.5

0TS0 I00 130 200 250 300 350
A
B4 R 2 bR E

2) B A e AL

XL AR R AT AR HEAL AL BR L W LI BR th TR A
7 5 | A2 AR 22 32 v 5 TR BN B RIS SO R . AN SO 2-
score FRAEALTT ¥ Hat A A

A T L e i R B R AE  — 2520 ST LSTM M 2% J2= 32 ]
2 IR 5 2 1P A I TR 5 3R, — 4% 40 SO 4% AR
FAVEE SR 1 07 5 AL GON 45 J2 $2 UL a8 B0 10
25 [B) R AL » 42 U 25 [ AR IE & MaxPool BRAL 3R, 45 4 )
o B ISR R RN O B AT 55 R I AR AE 45 25 1)
FRIERL & 22 2 AR g R, EegERy
[FIZR N Dropout Jz%, By ki UG & 4. WA 3 BT .

=T £ (5)

Ko BARMEAL AT (% B AR  « ™ R AR AL IS AR R AR B
P& o g AT RIS B W39 (H . o AT RSB R ER

DIRFIEE

Wias & shpL vk AR bt BT Ay = B, 78
BATIN A R SIALAL T AR s R s Pl & A iR 1k
PIREZE/IN, BT LA BB B a5 & s bl RUL N BB, A S0 8
WEMER 125, L EZE, & HLRFL R LR
. WA & sh Pl RUL 2Rt il = 0,

) Rt s

FIF Pearson #H 3¢ & £ 1+ & 4~ 15 2% 4% 22 (8] A9 #H 3¢
P, Pearson 56 ZEOT R A6 BiR" . FIHILA
KB & MEERAZ BB AH M, & B B Z | f 1+ B 4
KUK 5 PR, Pearson #MCREWBELE ML —1,1],
AN E AR 1 s PIF A G HE AR,

cov(X,Y) .
Pay = — (6)

KA cov (X, Y) RAGER X MERIRY Wh £ ,0. &
RIS X BPRHEZ o, BIGRER Y MPRdEZE . (JRIGTTR
iR SR

5 Pearson A5G R B BN 0. 75, F W ML IR A%
B Pearson A 3% Z8 HU 46 %o (8 < T B {7, 00 80 2 X W - £
RGBS Z IR TEAE I 45 0K X AL B8 2 M AN TR AE K
B, 38 5T & AL RS Z ] 9 Pearson AH 36 R £0FH B E . #
W7 25 1 R AR 22 [ I R DG 1) R A5 R AR Y P 454

5)REAR 1) s

AR E DR AeAR, WalE 02
T8 i [ 5 K BE R R 4B [RD R 8, 45 18 3 — S B ) AR B —
AFEAS I 6 BT, T B4R & shpLECHE A s B ok, 1
SE RN B EAR T RSP ST R %R
FDOO1 ##i 4 i & sh LIz 47 i BA gcie /N 31, i LAAR 3¢
B sh & B R HEE N 30,



55 46 % W F o F H K
1.00 x1 BEBHEE
0.75 B W E
0.50 Ak #F RMSprop
. 25y % 0.001
b 40 B/ 512
0 LA/ ¢ 30
-0.25 GCN 2 1 BACL T %64
-0.50 GCN 2 BRI 32
05 MaxPool 2 EH1
s3 54 s7’58 <s9 s 512’513514315317520521 LSTM }:'Z: 1 Eé& Lﬁ‘ﬁﬁ 64
e LSTM )2 2 BECL, T R 32
5 RIS R B FCJ2 1 TR EL512
FCJ2 2 T RA
Dropout 2 0.1

o R

K6 WahE HnERE

2.3 FMIER
A 3CiE Fl CMAPSS S 42 45 H 1915 43 B 41 (Score)
Y1797 H % 22 (root mean square error, RMSE) 1 X ¥ 4 48
bro HHREAKXJEBATEEA 5 X
T

RMSE:/\/%Z":(?,ft,)Z )]

T -
i i

JZ@”—UZ i<t
i=1

Score = X (8
WZ(ew—ly i, =t
i=1

K on RORBERNE L, RORE i DRERWBNAE, . £
NG § AR SE(E
2.4 BSHMIEE

MSEE TG AR IR S B S BRI
BT AR TR B YN R A SO B S R AR K, R 1 PR,
O TRE R A RS E g LSTM E 19805
Bl ReLu pR#L, 8 4 F 12 22 (mean square error, MSE)
YE R B Ok e
2.5 LWHERSH

AT B B R AU A R, AR Bt 3 AR b s
By, 43 00 2 R A GON ZE 4R H 2 [ RRAE B9 & 8L, i F GCN

¢« (6 o

JE PRI [WARIEAT LSTM JZ SR HURHAE 1) HR AT S5 A B, LA
LG GON JZR AR B2 (] F5 A A1 LSTM J2 52 BUSS )RR 19
AT SCR AR AN 2 PR .

R2 WHIXEER

o A RMSE Score

GCN 23.78 1 488. 86
GCN+LSTM H 17 14. 49 412.76
GCN-+LSTM 347 12. 81 252. 04

WA 2 o T LA 4 LR 90 2 A 0947
LAY T L) B G b ) D PoF I R AE R0 25 (8] 4R AR R B FE RMSE
Rt Score ¥ 45 B K # T, M B T 47 45 B9 RMSE # 7}
11. 6%, Score 27+ 38. 9% . WP 7 FiizR 4% FD0O1 Wik 4
W A AL 75 B Y % & S AL RUL A1 E 52 RUL i
Rt L

- B o B

t
100 i

e R

T

SRS
w-w »?

PPAREBENII. e Sesss

0 20 40 60 80 100
Bl 7 WIMES EREX A

WA SO T B A R K L il A R I AT X b, X G &S 2R
F 3R, TTLAE B, A SCHT Y 1 B A 5 F Al
#l, £ RMSE # Score W Jy H ¥ A W K& F. MHITF
LSTM # % RMSE T & 20.6%., Score T ¢ 25.4%; 5
BiLSTM fiI ED g & B £ 5%} b, RMSE T ¥ 11. 5%, Score



WERE F LT 2RI A E R )AL S AR A & & T

5 23

TR 7. 7% s %t RBPF £2%1 ,RMSE F [ 19. 6 % , Score T
M 34. 3% M4 F CNN 458, Score T 7. 9% ; 5 KGHM
KA % RMSE F R 28. 1%,

R3 BEAERERIK

I RMSE Score
LSTM 16. 14 338. 00
CNNEI 12. 61 273.70
BiLSTM+ ED**®! 14. 47 273. 00
RBPFL'" 15. 94 383. 39
KGHM"® 13.18 250. 99
AL 12.81 252. 04

3 % it

ASCEF XL ZS BB HL RUL W, $2 8 7 —Fh &5 & 1%
AR BE B [V RRAE A 2S [RURRAE A R 28 20 . F ] GCN 2
R ZS (B R AE 5 HoKs 45 15 IR ES o 19 A0, 4 IR B AT 55
Ab3E L AR LSTM 22 BB [A] 4R 1E , 8 23 (] 40 11 1 B 8] 47
TER AT IEATRLE f . 2 SE 500 IH T 4 S P
AU, 75 2% Hh Rl A B IR)RRAE A1 23 [RLRRAE . 78 32 T 8L A FDOO1
BARE FRUE A B R E AL 7865 RMSE 1 Score
VIR RERF. ERRMPR T, NELKREL TN
23 HEHLE RUL B MR E R,

S % Lk

(1] ZE5,FEER, ZH4E. %5 ZHEBBENIES L3l

SEGW HF BRI BT EHE A, 2022,45(22)

135-141. DOI:10. 19651 /j. cnki, emt. 2211502,

Aoy, ZE T EE T PLH A CNN-BILSTM £ # (%) fiip

ERNPBE A FGBWI]. B FUESNIHFR,

2022,36(8):231-237. DOI: 10. 13382/j. jemi. B2205473.

(3] ARfk. TR0 & ShHLE TN H R 5D
4500 . 75 1 B 35k 2%, 2022, DOI. 10. 27415/d. cnki.
gxngce. 2022. 000004.

(4] 90K, TBL Talk A T8 B A4 56 4 5 R B HiAe T
e b b B A ELIR LT, B 3h 4k % )k, 2020,
16(10) :2013-2030. DOT.10. 16383/]. aas. c200333.

[5 WS T RZS B R T AP B LSTM 4
B B A 2SS ALTRD A 5 A B O 9% [T/ OL . 3L
FHBF 5% 2023, 40 (8): 2311-2322. DOIL: 10. 19734/j.
issn. 1001-3695. 2023. 01. 0010.

(6]  hib, SRatfh, B 5, 45, 5 1 sl 6 B pd 28 R 4% 1 9
WREIFSEMMT] SELTEREFRER
B2 IR ,2020,21(6) ;19-25.

(7] ZE7 18, S8, k57, 5. —Fl Informer #5251 () 7R Sl 7K
477 6 O 5 ¥ LI/ OL], AL Rl 5 45 R . 1-8[ 2023
06-06]. DOI;10. 13433/j. cnki. 1003-8728. 20230117.

(8] i, BAE, kAW 2R, & A2 ™%t ES RN
AL B4R, 2022,45(1) . 35-68.

[9] LIT, ZHOU Z, L1 S, et al. The emerging graph

neural networks for intelligent fault diagnostics and

(2]

prognostics: A guideline and a benchmark study[]].
Mechanical Systems and Signal Processing, 2022,
168. 108653.

[10] LINDEMANN B, MASCHLER B, SAHLAB N,
et al. A survey on anomaly detection for technical
systems using LSTM networks [J]. Computers in
Industry, 2021, 131: 103498.

[11] RAMASSO E, SAXENA A.
benchmarking and analysis of prognostic methods for
CMAPSS datasets [ ] 1.
Prognostics and Health Management, 2014, 5(2):
1-15.

[12] WU Y, YUAN M, DONG S, et al. Remaining useful
life estimation of engineered systems using vanilla
LLSTM neural networks[J]. Neurocomputing, 2018,
275 167-179.

[13] Z=E. BT 30 3K 30 1 il = & 3h AL R & 75 Ay 75000 B
FELD]. HAM T g K 2, 2022, DOIL: 10. 27114/d. enki.
ghnau. 22 2022. 000726.

[14] ZHENG S, RISTOVSKI K, FARAHAT A, et al

Long short-term memory network for remaining useful

Performance

International Journal of

life estimation[ CJ. 2017 IEEE international conference
on prognostics and health management ( ICPHM),
IEEE, 2017 88-95.

[15] 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.

[16] YU W, KIMI 1 Y, MECHEFSKE C. Remaining
uselul life estimation using a bidirectional recurrent
neural network based autoencoder scheme [ ] .
Mechanical Systems and Signal Processing, 2019,
129. 764-780.

[17] CAI H, FENG J, LI W, et al. Similarity-based
particle filter for remaining useful life prediction with
enhanced performancel J]. Applied Soft Computing,
2020, 94 106474,

[18] LIY, CHEN Y, HU Z, et al. Remaining useful life
prediction of aero-engine enabled by fusing knowledge
and deep learning models[ J]. Reliability Engineering &-
System Safety, 2023, 229. 108869,

EEE N

BER B E . FERR I IR E Y R R FE

T,

E-mail : 1527783974(@qq. com

BEAR, B Bl AR, B R h TO B AT L Rk
Tk CT KA R I %8 45 .
E-mail: linxue@dlut. edu. cn

Dol AL WP A, EET S Tolk CT EIR AR B
BB aEL
E-mail: 2423959211 (@qq. com

BE@, AR A, BT T MO, B
K,

E-mail: gaven yangyd(@163. com

. 67 o



