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Civil aviation engine remaining useful life prediction on
optimal feature selection and Informer
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(1. College of Transport Science and Engineering, Civil Aviation University of China, Tianjin 300300, Chinaj;
2. College of Aeronautical Engineering, Civil Aviation University of China, Tianjin 300300, China)

Abstract: There are many sensors for civil aviation engine health monitoring. The proper choice of sensors will directly
affect the prediction effect of engine remaining useful life. A sensor selection method based on optimal feature selection
is proposed and Informer algorithm is used to predict the remaining useful life, which improves the prediction accuracy.
Firstly, the differential clustering algorithm is used to classify the real flight conditions, and the health factors are
constructed from the degradation mechanism of civil aviation engine, and the regression tree model is established with
the data of cruise stage to select important sensors. Finally, the remaining useful life of civil aviation engine is predicted
based on Informer algorithm. Using NASA's newly released civil aviation engine degradation database under real flight
conditions, the experimental results show that the root mean square error of prediction results decreases by 14% and
the average scoring function decreases by 29% compared with no sensor selection. Compared with the traditional
selection method based on sensor degradation trend or sensor data difference, the root mean square error decreases by
10% and 8% respectively, and the average scoring function decreases by 48% and 27% respectively. Compared with
CatBoost, LightGBM, XGBoost, BiLSTM and Transformer algorithms, the accuracy of the proposed remaining life
prediction method is improved by 36% ., 24%, 14%, 6% and 5%, respectively.
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0 3| AR A R BHLIE AT 4 AV 2 B VR R T0I  A4 4 L
B PEIL
Wi zs K& B HLF 4k 75 o T 2 k3l WL T 5 f R A BE T 22 I 45 114 T o 5 i T B2 R EL A A B | 2
(prognostics and health management, PHM) H1 (1) — I &% .0 FH P AR FL 00 808 4 9 R A5, 9 BLRE % 35 B BT & bl

il

W B 1 .2025-03-19
* HEATH  E R B AR E S 4 (U2433213) v [ R K2 0F 58 A BHIF BB 5 H (2023 YJSKC08009) ¥t Bl

. 10 -



B F R T ERE A Informer $9AL T K S AL 4 F TR

%22

SR IAL L R GE AL FRT A AL I A S U T L 5 R T Y AN 9 A
HEEEMN, YT, BN E LS R E N %
(convolutional neural network.CNN)2 ™ K45 BHig 12 #h £
M #% (long short term memory, LSTM)™ ™) |74 il 25 B 57
(gated recurrent unit, GRU)™™ | Az it % 4t [ 2% (generative
adversarial network, GAN)™ Sy JE Rl , % 76 4% %5 i 751 900 £
Pt 25 X 2 455 R0 TF R AT 5 . CNIN 3l ok 265 FRUAZ Jf 12 15 (7] ) 371
IR JR PR R AL, B AL 0 22 A B0  (H R 45 32 R T R
KN A RIEFRAE B RE A BR . LSTM AR AT LU 550 i
2 ) I 8] 7 B L AH 2 &) 32 W 75 52 0 BT T 4R 1Y
AL HERIA SR AE . GRU TR RCRE & L H T R )
5 B AR A A PR i 8] P SR b M . GAN B A &
Bl B I AT R B 1 3 5 L SR RN RN R X & A R
i BRI RRAE 5 B DA B L TR 4 2 i T RS B R AR E
HELLPRAIE o

2017 4 PR T — Bl o8 A B T 1 R AL Y b N 2%
BERL, B Transformer #8817 [ SR 1 55 Ak 1470480
55 204 i 5 A A R R R AH LU AR R T 2 A 00 LR BT a3 4K
I H H2 A 558 1Y I 47 8 B, Transformer 33 i b FH 21 i
25 R BB A 75 A WO AT, 2021 4R, Zhou AR 3
F Transformer $&H Informer #5780 , XF B, ) A8 2% 19 1 2%
HEAT T O AR — AP B AR T T H A 2R B e T 4
IR 28 S 40T HAR 0 — 20 3R A% I A T 45 21, A o b 42
T ERCR S WA E . Informer ALRITE 1] 154 28 4F 55 v
B BENBNR T B R ET Informer MALE K SIHLF
AR A T R AT SR B D

REAIE A4 28 B0 T 080 20 THBR0 19 52 2% B, 2 e A Y ) 0
ROR S BEAR K B AL 8 A B GBS . TEML 2 K
B HLA 512 i TR, 2% 3 DA% R 22 [R) 9 2 M A DG 1 | 1% R
178 B B R A% R A TR) 98 R TR T 5 O 1 T 5 A% R A0 1 ik
X T TN AR R A 5 0, Hou %55 2 RE 4% A8 18] B9 £
ARG 38 I R R 30 A O R B0 N 44 A A% SR Hh it
6 A~ AB IR A T A & B ML W T A T L 4R o
TRRAFC AL 12 A R (938 P s Glorgi 1 X5 Ik
HEAT T RO S A B BR T RSO Y 15 B (AR B 1
BERETBRET — 28, B A8 T 880 88 6B
Urbanowicz ™" % [ % 8 &% 2 18] 19 58 B A FI X 3 F 53 5 1F 1Y
LA, T ASE T T LA R A 3% 2O [ AR 4R
TR,

AH LG T AEAT 25 & B HILIK B 12 W v i) A% a2 6 5 O 0
I 72 ) 4 7 i T AT v 119 £ B A L R T BT R AR B Y
R A TR A TR A A B A R AR L B A A 1Y A
R 2 R Sh AL RO 1) A8 1k 22 S e PR AL IR AR aX
PR 7 2k R R T UL A B T, s R g ) B — Y B9l
EAAF B BRI R4 L R BB LR IE 15 SRR 18 95 1 A Ok
T AE ol PRI 2 2 2] A5 AU 8 A5 55 i T 1) o 2 o, |y T30 4
R A I IR BURRE A% IR =2 () 179 2 P A O 1 i 3 1% e 2

Z B AH B 2 BUE B ITA TR R RS R v 22 1
[ 780 48 117 5 SR AR ) FOUIU AR BEAIR . TRt 2 R 1 2 1 %
78 e S AL 4 73 i U SR 6 2 G T

FET I A SCHE Y — Bl 3 T RRAE R 2E X Informer 095
25 R SR 4 5 o T 07 i, 2 R T A5 R S L RE R
FRIE Rt R 3 BL 1 A< 0 1 o e 2 s B4 BRI T
T SR R DR A AR i ok A% A L 58
FEAEAR L - SR )5 35T Informer XL 4E & shHLIEAT 0 4% 75 A
T

1 FRFalAE

1.1 ETEFRUBENFKEGTNRR

BT AR A B 1) AR A A A N A R AN R 1 TR
AT A FR SR 3 AR B 12 s R s AL R
A B AT B UL B 5 45 2 4B, JEAT R AE AR 6 L B 0 A
725 R B WU AR S o T B AR A 5 58 3 b A K B
HILT 4% 77 i TUI A7

FE B AL BB B K Y1 25 50 T A 57 A I A e
BT A B2 1 T A A O . B A B K
TR AL IR B vh S5 A S W s TR 7 2 1 8 0 4504
PEATRE MR AR B . S TR A R BhHL T A4, R T3t
S DL R AL AR, P 25 TR B x i s kBl
ML T 1T 43 2%

FERRIEAR B BE . 32 2 25 R 25 & 2l AL A R 1k 1 3
B R E 2 K Sh AL FE R ST ISR R SR A5 K g
ML 13 T 2L B [ 6 5% [ DA A a0 47 8 S Ak s B de AR
114 2 5 R Je /N P 50 B R 2R Yk 8 5 4 R T A AR Y A
AN B R BUR N 5 AL IR N T 55 A 0

TE T4 75 A TUIN B B o 3 B3 T Informer ¥4 8 77 iy
DALY, 25 2 55 i TO0I A9 G B2 AN 5 5, D 98] 8 24 5D 25
AP G0 (A BE LA R fige B 2 v i AP 90 10 B (R 5 S 56 )
HIA B T3 3 8 ) 0 2 i A 0L A 7 2
1.2 ITRE%

E B8 T4 BB B o R 22 43 B S R 0 o s R sh bl
TBIEAT 26 R4y & s AL TE T+ T . B & 3 A4S ©ATBY
BEF B T80 Uk 20 1A B A 3 B, 22 4y RS E Hoik
L DO~G IR,

Deta =W,,G+1) —W,G) Q)
{alt,} = find (| Deta | << a) (2)
climb = [alt, smin({alt,}) ] (3)
cruise = [min({alt,}) smax({alt,})] 4)
decend = [ max({alt,;}) salt, ] (5)

X W, G+ D RIBFHFIIFH i +1 s B9 AT B,
W () A FFE T AR CATR B, {alt,) HERATE
HLIE AT B B 9 CAT R 51 o i B TROHL I 5 38 0
B, climb N R CHURT S B AT EAE 31, ale,
A QT A 21 (4 4% RS BT+ ale, Ry 35 Bl B 200 A 15 SR 25 4

o« 11



i I
' I
|
. R N !
[ I I
| ) !
| wigs | | | s I
[ | ﬁ I
| | S 0% SR :
| I SLY - > > A
| I FRIERT] RS :
| v I y |
! TR ! [
L 1] I
. — — — — — — — ——— — — — — — — e — —— — |
i ! e !
| ‘ ! B SESE !
| R T il i I
| 2 46EfE e I
! v MES BYRA I
| HF RS i ! I
. femB AR i % SR / !
i Y H HERT ol 215 6 L I
I
: ! : : -
' et wrREEn| | N Sf
| TR i I R ER
I kAR shemes | ) M WA S I
: FEYE il I
| :: Y |
| i R :
' I

B1 e A sh LRI A 2 i TN 3 7 4]

Fig.1 Flow chart of RUL prediction of civil aircraft engine
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Fig. 2 Deta value in a typical flight cycle
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Table 5 5-fold cross validation results for regression trees
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