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Prediction of remaining useful life for turbofan engines based on
parallel TCN-SE-BiLLSTM model
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Abstract: The maintenance and prediction of turbofan engine lifespan are critical to modern aviation, playing a key role
in ensuring safety and minimizing operational costs. This study addresses the challenge of predicting the RUL of
turbofan engines by proposing a novel hybrid model that integrates Parallel TCN and Bidirectional BiLSTM.
Traditional methods often struggle to capture both local features and long-term dependencies simultaneously; the
proposed model overcomes this limitation by using TCN to extract short-term local features and BilLSTM to capture
bidirectional temporal dependencies. To further improve feature importance recognition, an enhanced SE attention
mechanism is introduced, which dynamically adjusts feature weights to better highlight critical information.
Experiments conducted on the FD001 and FD003 subsets of the C-MAPSS dataset demonstrated that the proposed
model achieved RMSE values of 12. 15 and 11. 16, and Scores of 230. 4 and 209. 84, respectively, outperforming other
approaches in terms of accuracy.

Keywords: turbofan engine; temporal convolutional network; bidirectional long short-term memory network;

attention mechanism

0 2 W U A AL GE B I 8], I BOR D 4 B e SRR T IR ST
Benh B TR A R AR T AR Al

THUI 4 ft B 45 B (prognostics and health management, fir (remaining useful life, RUL) 1 #i i1l & PHM £ R v —
PHMD £ AR 38 ik $5000 AW 428 i # oA AR RO B I A i AN EE A ER S, B R R A N Y AR S Bk g

il

W H 199 :2024-09-22
* FE AT H VLIRS w2 AL FARB = JE 42 (22KTB460039) it H 7% Bl

* 179 -



5 AT & v F o

T # K

B RS T AR IS AT R R, R Kk ShHILAE S i A 4 3K
MR OB, LTSV 3G R B AT R 2 & B A%
PRI I, 6 T 36 b & ALY RUL XF A2 A F) Sk i &
KEE, — MR, RUL S0 Y 32 20 58 0y 26 7T 43 S
T T AR 1Y D 1 RN 3K 3 1 i

BT Y AR Y 7 SRR T X S as A VEBL I Y TR
T iff 38 0o ST BRRC R ke 4L 1 A 1 S R
Pead B OBl 2 A O A5 RE S e B T R AL R
PR TR (H G R BR M A T 75 G i 11 ) B 2 ORI A A T A
TR, 3 7E S B B A v A0 A s LA AR B s AT . B BOH
Qb PG AR PR R U R AL 2 T BOR iy k25, B4 3K
BhJ7 ik C R I AR RO 9K 3h 1 1k g
WAL AL A R KB AT HE AR5 R AL 22 > VIR
JE 27 33 45 5 vk 03 B P SR 02 AT 308 ke R ) e R A 2R 5
RUL, X5k R G H o T 500 . 4140, Wang 55 5 B
BLAR AR5 125 0 28 13 368 13 & Bl ML i) O B R AL 4 4, B IS R T
Z R BALEEAT RUL (9 B0, IR J7 UL it 357 06 4k AR
T AR HEAT SRR AL . SR P T A A A E) A AR Ak
B AE e b R R B B A AR PR AT A2 SR B AR
2 2 05 B AR A X LA AL B 2 BN L 5 OB R BE R R

W2 J5 i oy J2 450 B SR B2 )2 WORRAE . T
A A PR L P R R S A RO R, X — R
TR Vo TR (Y o A R R . B S A O e
R IRACRFE I 33 F 3 8000 00 A R A A e B b B 2
Hi A 2= — 48 % LA & W %% (convolutional neural
networks, CNN) , LA S B 4l 500 4% 25 iy 0O T000 . K177, BR
Y CNIN AR TR 3 5 AN 2 DA 3 8] 7 1) H %) A 40t
(Al , K4 W2 42 M 4% (long short-term memory, LSTM)
BT TR AN X — BB B0l S R Y 1 45 5 AL AT RO A
PRAG BB 3, B8 0% 4 B2 1 OR 457 i TR) 5 40 08 v i ¢
AR R . AR o AR T S — 2 U 4 ) 4 Ok A
B K S IR AL RRAE L 2R 05 X SR R AR 4 A B LSTM Hh it
7 RUL 30 R LSTM RE 4% 4l 42 K W4 it ¢ & . (1
FLAE b BEA 7 5 B BT B 1 B O O % o Ak 2 AR IR A
B B FRAE B IR T A R L I R0 AR LR A U R
A O

[F] B, 36 B 2 Sl RUL T0I0 e, B — o £ 55 70 3 432 ¥
V)38 43 Ak ¥ 22 2 5 25 B84 v %) T AR 1 1) AT, il 45 AR
% & (temporal convolutional network, TCN) K H 7£ 4b #
BT AR b O, O IR AR SR — R BT . i
SFUUR L OTCN #4790 B & gh Wl RUL # . 45 R 240+
CNN Al LSTM. X 168 i & gh L ik 28 5 2 Ko i . SR i, 2.
— 1 RUAE AR ME DL 3 20 il £ 30 52 A% 22 4 A v Y OC BERRAE
R T RUL B Ay qe s . S AF sk T I HLil g iz i
FH T 8] PP 510 S50 v, B RE 4% 2 A I ACEE i O BE R 43
SRETL TR A v A AN AR Li ZEUO0KE H TR T ALR AR A
F|T CNN-LSTM [ v, 52 307 AL AR A4 o7 23 I ok 1

+ 180 -

LSTM H ({5 B & 2 [,

JUE VR B 2% 2 6 i B & S AL RUL 5000 (3% 107 1 B A5
T R R G — LBk AR TR R R S PL R TAE IR
58 2% N B AT A R vh A ) R B B B R A
LR R 5 2 A% B AR B 2 RS 8, X
Tl A2 et 2 50 A B RVRRAE 42 B R TR K IR A, o —
R £ H5L TR 30 3 LA 70 4 B B 2 A% SRR B3CHE v B G B AR AT
FH RUL WU A HERRME AR . UL B8 & sl 42
B A ORRAE B2 BOFURS A6 5000, 47 4R 7% 2L ik — 25 I BiF 5
itk

BEXt DL b 1] B, A WF 5% 4 T — B 5 9F 4T TCN-
BiLSTM 4 W 4 %5 44 , il i 45 & TCN 1 BILSTM W # £
e, TCN RE 8 A 25 46 42 i 18] 7 50 o A 4 300 40 o O &R, T
BiLSTM 3 3 X [ia] 25 449 [7] Bsf K 35O ) o ) st 26 AR SR A7
B T = T OB R R B & R B RE ) . BkAb, it i
SE ¥ 2 1 AL i 45 A & )R 7 ¥t 4k (global average
pooling, GAP) #1 4= J&) &% K # & (global max pooling,
GMP) , ARG 38 T % 38 2R A 1 G 3E , s ik T 15 4% SE
PR 0t 46 7T 6 2 BOCHERHIE R By a8, AH LT
A TR B 2 2] 5 o P B ) A 8 o 4 B 5 4 2 o BUAR
FP ) G B R AIE A A S B] R A AR G R O TR W 3 A
N FE T RUL T A4 RS B i ek

1 IS EA

1.1 TCN

Zheng %"V F 2018 4EFF & T TONL IZH AR C 412 H
T A BRAS FlOF BB AT AT 45 . TCN W 4% ih— 251 5% 22
EEER 2 T 56 22 A e A A2 43 2 DR 5 35 ORI B ik 35

e B B B e ) A R T 1R S R
H2Z A B S A B A 2 B0 ) 2 S RO . X
i OR A AT T00I0 B S 25 2% 2 A B R 5 D ASE RS 25 A i
il FH AR SR AU B DR SR BURT L o X i A B 0 4708 2
R LR 7R S SR L 38 g R B 8 o P 45 2R e K
BRI R SR 56 5 B 0 B2 BT, & T B0 45 19 1 F 5k
AW ERE . N TP A ) 8 5T B A A
25 FE PSR X Fp O IR o ik BB, Pk B R RE 68
R I 4% 1 S 32 B (A O v R T A RE S T R
7 B A B TN AT 22 B4 17 sk 508 i G 7 A A
FHE G, S TFRFEYE 2 € R” F— D& 1.0,
1,k — 1} = R, HEKEBIHREA X0 R,

k—1

F(s) = (@ X, () = D0 fG) ey, (D
K. d AEKEF KA, b HEBREKRN, s —d i TR
18] 7 3 3 2 04 5 1

FR2EH i ok SR B AR OARCE I3 — 4k Relu #4075 pR 5L
L& Dropout 40 %, TCN M 2% 5k =2 i 4 22 5% 22 S e B
L1 JEART n IR HE B W R A TCN M4, Hp



FR A& A T AT TCN-SE-BILSTM A A 84 % 5 & 3 AL Fl 4 & 4T ) 55 24 )
BARERT BRI RNR b, 5 a0 4582 b 9 g ik h,
J2m
RSN 6 R D 0,
fe it % g‘ .
] o %
................ hH N J h,
B Pn X
: K 2 LSTM JF3E
@ Fig.2 LSTM schematic diagram
5 %2523
1 I’/‘ \‘:
(e )
T o |

Bl 1 TCN 54

Fig. 1 TCN architecture diagram

1.2 BiLSTM

LSTM &2 —F e i RNN, 13- fi# P £ 55 RNN 7E Ak
PR 7 90 4045 sF 38 ) 00 6 R T O BB B AR A A ) A,
LSTM i i 51 AFR A “ 177 (gates) f 45 #3845 15 L B9
X TR AT GRE T MR, B2 iRl
LSTM WIEHEE . £ () i) a@) Fo ) 53R t i Z)
Mg s T A TR T A . TFRA (2 ~ (D
B,

() =cW,h,_, +U,x, +0,) (2)
i) =cWh,_, +Uzx, +b) (3)
a(t) = tanh W h, , +U.x, +0,) (4)
o(t) =cWyh,_, +Uyx, +0b,) (5)
cWHO=ct—DXFDO+i)Xal) (6)
h(t) = o0(t) X tanh (¢ (1)) (D

K. W, W, W, MW, 53R, ERET] AT
TRV AR SR BT R b ¢ — 1 A 2 WA OIS 1 R A RS
U, .U, U, U, 53R o, RIS AT i T VR AR
PRBGEFE P A E REL b, .0, 00 b, ST HNE 2, BB
FTEATT T RRAE SR B R T B . ¢ () 103k ¢
Ik 2] R A RS S 1 (o) AR 36 ¢ B ZIAY BRBOIR 25 L tank 1R
EVIRUM R A, o ARFR sigmoid BT BREL.

BiLSTM J&if i 45 & W A~ Bl 7 1) LSTM M 4%, an (& 3
FE7R s —ASREBRIE [0 77 3, 55 — A A B 19 )7 3] 5 DT i 5
A SR BT KRB LT XUE A
1.3 X SEEE DR

FETR B v, e B 0 AL S8 S D A B 1 AN TR

N

WAR %

Kl 3 BILSTM J5 # &
Fig.3 BIiLSTM schematic diagram

A3 A3 RS TR) B A R, S T 6 B AR AT B s A 6T SE
FEHL T S5 5T GAP 1 RRAE B Y 2 ) 48 B A5 B R 46 o — 1>
K Rl B M) 1 (squeeze) » 2R Gl i A~ & E M
— ANV PRV B 1 3 TE Y HE B M A (excitation)
X RE B TR R GG R AR B Y & R G BE AT i AL
(reweight) , AT 5 Ak DG SHEFRRAE (1) 22 30 , 4100 i AS 40 O 5 H
AURRE . X T — N ARHER X OB H X W X C, H
BH CAEE,. W ORSE, C BEELO, RARE TR
W

1 squeeze $AE . W 45 0] 4 BE ST 4R AR K 9E 47 R 46, TR
FERIER R 1 X1 X C MFRAE 0] & R

2 = %WZ DX, (8)

i=1 j=1

K. 2, BIHIE c WLRFFHMibi . X, R
TERE Gag) AERYERE o AN IE e

2) excitation #2AF . 8 & A 5 N H FE B AR HE B 8
) T B SR B SR AR AT L 5 A BRLE HL B -, SR RCT
VR c/rs FETHAES] o, AU RIE WA, THEARX
mE

s = o(W,0 (W,2,.)) (9)
A . 2, JE GAP JGIIZE R . 6 & sigmoid B6 REL, s &8
i excitation 515 | [ EEALE , W, W, B RAE R,

3reweight #:E ., B excitation 75 3 19 45 1 5 5 17 45
1 &1 3 . 15 BB YRR THE A .

+ 181 »



5 AT & v F o

T # K

X=F.(:X)=5+X (10)
o, X FREH reweight J5 5B B EEE, X &R IGE
A,

AR SE 18 S H AT T ek, i 4 fros L 7R
JEok GAP By ERE F LM T GMP, 454 GAP #il GMP

Fifi 75 3 RE A% T 4 T Ml Of B R AE P R B0 2R B . GAP
T TP A A A AT A B RS 0L T GMP DU g
BCER AR M AR A T v ) S 3 PR AR o K A B0 4 2R
B Gt S R AT B 2 R R A B A 2R IR AR AR
FAR 3Fe 5 2 AU B FRAE

R
&@%) 1x1Xc Excitaiton 1x1Xc
X @@ OVg I
1x1xc
B P=——rrrrrrn
X
- ng/% & | I N s #585
%‘ N
=2 (R T ®— II h
1x1Xc Excitaiton 1X1Xc I W
c

B4 Bk SE FE &y

Fig. 4 Improved SE attention module

1.4 TCN-SE-BiLSTM 75 il #& &Y
JT 4% 14 19 TCN-SE-BILSTM # #1 45 # tn &l 5 ff 7,
TG A0 B X R R A SRR B AT o B Ak B AR
HUE A AR I ] 80 R B B2 TR A A3 Sy G 2%
FATHRAZ TR AR R I, 25 1 A B4R 1 TON 4% 42 B

O 11110

B O]

S [ 1 41 o A A I RR AIE L TON SR JH R A FRZE 4 L 1
PRASERITE AT A K R A B A T T e 2800 42 )5 ) 0 A<
WA . BT, 20 B Y SE W 0 R B 28 Bl gt 45
& GAP Hl GMP., F 3 i Hi ] B 45 388 38 ) A F . DA 38 5
TR BRI R TE

EEER

Errrrrrrrn —] o | Bossemn

BT 111
H‘J‘fﬁllﬁ)ﬁ

5

Fig. 5

85 2 SMEARE i BILSTM W 4% X ik i) ) 41 %5 45 k47
L] ARG B4 AT 2, BILSTM 38 2 H: 0L 1) 25 44 , fiE 4% [W] i Ak
B H) bR AN 145 L A A xR 3 4 SR 3 SR R i
HRGREL, WA B R AE A 4 )5 8 3T concat $RAE HE
TRbA, BB G MR IE B e R e E % 2, sl — 2w
e 2 P AR 4 RTRRAE R 40 5 S 2 4 HORE IR B & s PL RUL 19
FIIAE .

2 kit

S {8 Pycharm #F 478 RS 1 Y11 25 00 3 45 1
FLE PR Pytorch 2.0. 1. iR #HERA LT ACE
B3 A ML F iz 17 Windows 11, AMD Ryzen 7 6800H,
NVIDIA RTX 3060,16GB RAM,

2.1 HR&EXRIR
AT R F T2 0N AT B Tl A A i s HE HE R G4

H. (commercial modular aero-propulsion system simulation,

+ 182 »

BIiLSTM#E 1R

concat

TCN-SE-BiLSTM # %!
TCN-SE-BiLSTM model

C-MAPSS) 4 45 X %7 $2 1 19 RUL i I 455 780 3 47 37 4k
ZEAREE R 4 A FBE 4 41 5, B FDoo1 . FD002, FD003
1 FD004 il 4, B4R i Scmk [14]. A BF 58 3% BL FDoo1
1 FD003 s 48 H T S0 50 50 3E B A T IS £ 0 B
PR RN GEQT T & ML IE # R 5
BR S TERAGR AL R T 2 RES RIS B
FRF [ 0 8508 o 0 A A T R R T RIR S S8
P ECHRE T SR s DL RO I 1 B 4 A (e . #F C-MAPSS ¥
S P IRAE BT A £5 R Y B0 0 X 5 A T A R L, B
L BIBR S 9 1.5.6.10,16,18.,19 ML S A5 55 R 4%
M 14 A5 AR AR TN 3 Fh 4R AR 2% R4 Ry SE 56 1O B A RRAIE .
2.2 HEmIE

D Fed =3 —1k

AT A [ G R B A T L L b 280N T A B
PEATIH—4k . ABF 5T 2R F e K-t/ NA — 16 K A5 A 38 18 1Y
e B R i R FE R0, 10, B — A A D AR,



A& %A F 47 TCN-SE-BILSTM A & 44 3% B & 30 U H 4 & 4 Fa

5524 W

x1 HEENE
Table 1 Description of the dataset
PGS FD001 FD003
YIZRAE & LA~ 5L 100 100
WA £ K 3 HLA B 100 100
YIGRFEAR 20 631 24 720
W FE AR 13 096 16 596
il i A 2 1 2
T A= 1 1
g /NG I8 J] 1) 31 38
Ts, = i minfz, ) an

max{z,} —min{x,} +eps

Kfre o) FORE s NG RERTES ¢ A 1] 25 A v Ak 1 $08E
max{x,} Fl min{z,} Z30FRRE s DGR DI s K E
B/ME . eps = 1077, FE B R R T B 15088 % 15
o B0 H BT A R

2) W b

AR OoRplnE 6 iR, X kPN iE
TR R BOEA W B RS DL BB AT R sk T, %
AX/NRW, BsBKA S, BRI W XN,

Forp N ORISR . XPTHS 4+ 1 AREA L O RUL

HRAXWT

RUL =T—W—i XS 12

TEBLE W 30 67 1 S 800 B0 R 2, 3 1 OR/NVAS g
KT N ZR S AP A Hh 59 d /NG 20 U8 175 U AT B & B0k
i B I A B A 9 I A R /N R R B AR 1 PR
AT LR KNS =1, WHRAW = 30, ZHA]
PABRUE 45 A A o 12 08 1 BT 1) 55 2 [ I e R P R A %
B Ay, AL, K S S RO PR R Gl i 2 S
6 5 19+ 28 RN AT LA SRS 200 3t 4 B B i I 8 v Y
AR A L T BT 1T /N PR TS R T L 2 o ) k(] 5 47 )
KR 2

RUL=T-W(i=0)

Sensor

Time Cycle(7)

K6 shE KRl
Fig. 6 Sliding window example

3) RUL brZab 3
T AR IR B & B AR RUL , ASHF 58 4 25 08 47

TOBELMAE ., KINPLLE BT B8 F A B0 aR
PEIES P 2 RUL KT R A BE I % RUL HE A
R SRS AR R AR BESE ) RUL W7 1%
FEN 125, VSR Y i # ) RUL K+ 125 B, BRiA RUL
H R 125, X bR 25 Ak B 5 12 AT AU /0 A3 o B %) 45 0 91 5
P T 70 i b B o 40065 281 i B A B 1) 5

4 TE R

AT ST FH AN 4 bR R PR AE BB Y MR RE . AR 1
Fh B J7 MR 22 (root mean square error, RMSE) , RMSE
RE W8 T UL b F B s 000 5% 2 1) S KO, 5 2 R RS 4
BREL (Score) . PIFPIEAHEFR A AR A A3~ D),

RMSE = (13

N Ay,
JZ‘,(e“’D, Ay, =0
Score =< a4

N Ay,
E(e =D, Ay, <0
i=1

A Ay, =y — vy My, BIFRS  DHEARK RUL
SEBR{E A RUL F30 {8 .
2.3 ZXWRTE

W Z S HL RUL S0 0 2 B 7 firas . &5k,
M C-MPASS %4 5 3 556 3 19 A% 182 Bl , ot 38 2 o
BE D EARETEIEA B, ARG B R E G LD
ML H5c 5 — A I T 2 1A Sy s 4 L U1 25 4 5080 T 1 )1 4%
TR A BT, 38 5 3 S A R R 1 A% 3 A A AR AL, I 2 —
B IR A M — R, B B A R R R, BT, ik
W AR AT AL AR R B0 [ 2F 47 RUL F0 , 3 455 4 1) 35
W5 5 IEAT VAL D36 E M BE

W O AR

K7 k&SPl RUL 50 i 2 K

Fig. 7 Flowchart of turbofan engine RUL prediction

+ 183 -



W47 % v F oM F @ R

2.4 REBHIGE 120+ 1
LAY AL H ) BLR S BB S B0 Bk 2 s, 1ok § .

=g =R R EZ vk §-: W 53 28 I NI NI Y LU A = 80+
ABFH R T Adam PoAL 5 B HH%: T 2B B H 0. 001, 3X S s}
A R IR S R, S 2 R SR KR, 58 1% 7E 45 40¢
RN R B AL RS 2= I B K DI i s, XS 20'_—;—_;%:
I P 2 3T 25 T 5 0 4 R 00 R L B 7 - R T
MAPSS $4i4 FFR I RAER RUL BUNAE T . REHLG T

®2 HEBHKE
Table 2 Model parameter settings

B4 B 28 ALl
ESL I 3
TCN #iR kR 1/2/4
LR 25/30/50
BiLSTM ## B 02 R/ 25
SE 3 it 24 H 451 4
EEEE 1 1500/20
iz R 2 1.500/20
R 3 20/1
X KN 128
AR/ € 50
e 2R 0. 001
Dropout 0.2
1 2% pREL MSE
R Adam

3 ERHER

8 FiE 9 4y 5 R T FD0ool #l FD003 % ¥ 4E
100 & &ZhHLAY RUL W45 5%, & 10 FE 11 43 5 R 7s
T FDoo1 MA4E h 24 % & S HLA FD0O3 Ml 4 99 5
R RUL TIN5 5%, B ol LA L £ Z 1T )
W B, Z B PL RUL BRI A E M, X R LSl T
RAF 0 EFRES . AR, 7R AR Ak B B 1, S0 /9 RUL 5
B RUL ZEFERRMZER X EEEH TRMAHE
WIFHEAGE I TS, W& & S MLk ARk 0 )5 100, 50
4 TN 9 A v 3 B Oy 7 U B B K B L 1) 3R AR R AE
EXCTIITE N

9T B Fr 4 ) TCN-SE-BILSTM 5 ()45 R 1 , A BF
¥ H 5 BILSTM-ED'™ | LSTM™ | MSDCNN-LSTM™ |
ResNLSTM™ . DBN-SO-BIGRU™ [ 44 #1471 % bt 525,
S RS gk R A BE LM, B — SR AT T Pk
B IFER T AR, £ 3 4t T TCN-SE-BILSTM ##
5 H AR A B FE FDO0L A1 FD003 %4 4 | 59 RMSE #i
Score X b 4%

SER U TR TR A B R A R R $HE 45 1 RMSE

+ 184 -

RUL

K8 FDOOT T4k 5
Fig. 8 Prediction results of FD001

1201
100
80
60
40+
20
0
0 20 40 60
KAWL S
B9 FD0o3 il 44 &
Fig. 9 Prediction results of FD003
i A - B
120 — et
100
S 80 r
e~
60
40 -
20 L 1 1 1 I 1 L 1
0 25 50 75 100 125 150
Time Cycle
El 10 FDOOL ff 24 5 & S LB 45
Fig. 10 Prediction results of engine 24 in FD001
120 F v VT TN T e e ---- F{E
100
B 80 [
=)
=4
60
40
20 [
0 50 100 150 200 250
Time Cycle
B 11 FD003 H 99 5 % sl WL Tl 45 5
Fig. 11 Prediction results of engine 99 in FD003



k&R . & T IH47 TCN-SE-BILSTM £ A 89 % B & 3 AL E| & & 4 T 5 24 )
3 AFEEEMAENXNLER
Table 3 Comparison of the results between the proposed method and other methods
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Table 4 Ablation study results
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TCN 13.10 247.19 12.43 271.50
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