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Remaining Useful Life Prediction Method for Equipment
under Multiple Failure Modes

SHAN Susu  XIN Mingjiang
(School of Railway Transportation, Wuyi University, Jiangmen 529020, China)

Abstract: To address the issue where different failure modes of equipment have varying impacts on its service life and

degradation trajectories when the equipment fails due to multiple failure modes, this paper proposes a multi-task branch model based

on deep time-series clustering (DTC) to achieve failure mode identification and remaining useful life (RUL) prediction. First, DTC is

employed to extract features from the input data and perform failure mode identification. Then, based on the DTC based failure mode

identification results, the corresponding branch model is selected for RUL prediction. Experimental results on a turbofan engine simu-

lation dataset demonstrate that, compared to models that do not consider multiple failure modes, the proposed model achieves higher

RUL prediction accuracy, with the mean absolute percentage error reduced by 5.69%.

Keywords: remaining useful life; multiple failure modes; deep time-series clustering; failure mode identification; branch

predictor

0 35I5

FIREHF 4 (remaining use life, RUL) Filli{E
NG R PR S LA AR o), S2 B AR TR,
FH 2 N, RUL Tl B TR AT HIT 55 1)
YEBTT%, MR T RIFRTAERE, Pribvesk
RRHPECS), ek, FEA 1B RUL il 1
Z RNV T A SR LA T EUASH S 3 ST SR 8]
MG 2 AL B IR 969N 5 JFi34T RUL

54

W, FERAFRIRISEIE FIS 7 RIEFACR . STHR[9]
KR FEAEAR P2 28 il i e KU R BHLE) RUL,
BT LA SERARE LT, FZs R 7R
ZEM12.61 J& A SCHR[ 1013 TR HHZE 24 (recurrent
neural network, RNN) i3RI 8] 7 71 SR R
T &SR RUL B0, $2 1B 581
(IERTE. N AE S RNN ZEUIZRad R B
FEETH S BRRAE 1) A, SCRR[1 13 S —Fh 2 T JE A
1Z. (long short-term memory, LSTM) ] RUL Tiill4E



B8, FHEE SRR T LSTM 7ERT [RI$iE fl A 75 T )
PEREIR T RNN. SCER[12]58 tH— bt T 1063 #oo
(gated recurrent unit, GRU) 3748 257 Ha it RUL il

W77, il 7 RNN BEHI B 781125 S 80 K0
WAEI R, I A DS HEE A R B 254 . B
FRTTANGE R T R, K T 2R
Iz SN A, BT MEZER. 37
BRI AR, WA e 2R R4, EA ]
PIRERL S, WA I RE IR RS FH 77 25047
FEZS, X R £ ) RUL F0ST, STk
[L6]3E R 1 X AN [R] dfbgdss =707 gl S Tl A Y ) 2 46
RTT AT AR T

Z AR % RUL TN, 385 R W5
FAZAT55% 2] (multi-task learning, MTL) V2. F5
R SR B8 IR, P R i
RS A TS o SCRR[17]48 Y —Fhill 2R A R
FES W BT AR O FE A& T71, T804 RUL Ftil
TERAGRICER S EIUS T RIFRCR . STHR[18]5EHR
P RSN, P ST DU R ALY,
FHET R RUL Tl Ay i b s =t o 2 R0
ik 1R ESE AR A . MTL 35—
— R 7 AT AL, AT [ I SRAS 1 A () s A
A RUL 5 S o SCHR[19138 HE — B S 4R BN
PR X 28 B0, T PSR AN RULL Fi
ARG TERRZ AR ST, BEC T 0 E AR A
AR . SCRR201EH X KAWL | — AN T2
FUZHRHIER & M2 AT AT 7 ST FIAELE, i B
B IR R EOHA TR 2 RUL 0, 67 AR
i e R G007 B8RS EARIH R 4P iz Atk
G A R TTVERRMO T AR5 55080, ISRl
e (0 1 S M e 2 ) B LA 25 i s B R AR A
2%, IXAESEBR M ARSI

BN EIRTNEAEAERIA R, ARSCER N —Fh 2 b
B #E RUL Tl 5. 105K 3 TR
i) 75115828 (deep temporal clustering, DTC) 24T
5503 SOBAUHAT B A& AR A AT RUL F500

1 HBxARE

1.1 GRU
GRU 7&7E RNN Jtfili Bk R —FpAsik, S5Myan
K1 Fs.

Vi
A

hy

Bl 1 GRU Z#&

1, ST BULE Ry, e
Z| GRU [1finttts FERRAs h_, -1 %] GRU %
s 7 NEET, g Bzt A2 MER
BENHEINZITHE; o 9 sigmoid WaE R 4, N
b A, IR DB R RSRRAS s 2, ST
PP o 2 BRI 2, A h X H AT %] GRU
Bt ORI REE o

GRU [it5 A N

z, =cW, -[h_,x]+b.)

oW -[h_,x]+b,)
tanh(W -[h,_,,x,]+b.)
(-z)-h_ +zh

N
Il

(M

SN
Il

t

=
I

t

b WAHLD 4350y RCEE R A i T

XAl 1A B G (bidirectional gated recurrent
unit, BIGRU) & GRU [f§ &, H— ik GRU A
—/M A GRU & M4, £ BiIGRU 1, Hi R 2
HEEPIANFER T R H GRU W2 2T 2], &4 %0
H EIX S HL A ) GRU it L Rl YE .
1.2 FEEHNS

TR IR AT DU S N ARk P 52
ATRCE ST, AT I HY B R A, b4 s 2R )
TSR o AR BEE N F 2 E AN

e, = ptanh(wH, + D) )

2025 % H 465 F28 BFUEEERIIRE 55



ZLA%

b e N e NZIRER I3 Al Flw 9L
H, H NERIZ0EN, b ARED, o NEET
JE SRR AN [FIR R AE
1.3 BY%miEsE

HYmiggs (autoencoder, AE) & —FpClaE 2]
BRL, B ZoR S I BIR I R oR, A& miDds
(encoder) FIfftf#% (decoder) Piifisr. Hrt, 4mhd
AR ANEE A7 AR HE VS AE R R Ee i i e
FORIEIF RS AR AN B AR A R ]
2 fR.

N\ —|II~ ~|I|~ N\
it 4y

©)

B RN FHIE ER k6T
S &%

K2 AEFHE

AE ZtRBT— 2RI, WMARS
it 2= B R B RORRZE 7T, N2k H Fro SERIL R

PERIIR, B NS S B 2 1] 22 57 e o

2 1REURAE

HT DTC B ZAE55 7 ST 3 B4 DTC A%
I SCHRMES PR 7y o o, DTC &7 AT LA B iR
U (W R U ST s s i e )
FIHARNT, FHET DTC B 2R 2 Rk #t
SRRy ST R 3EAT B % RUL J300, I ZIEANH]
[ S pEs

LI RUL T i G A 1
BERANZRB BORTE LR TR B -

BN B B, AR SR
BB (X REAEE A R T R AR 1) A
AR TR DTC BHTIR: 85, JIZRT
(] DTC MAHASUE UL R IS%: f)a,

56

AR FEARFAL I R R 7 SR AR iR
FIE LT O ) o

FELLTRMI B : ¥ 5%, DTC W AN Eds BEAT 45
TEAREL: AR5, THERRMER] & PO A RS, Jf
FEAZ R AL 73 B0 21 B33 R J5T 4L 1) 2SI It 3 A6 2GR
s BB s BRI 70 ST 4% 3EAT ¥ % RUL T3l
W HeT DTC 2 AR5 7 SRR RAE Q&L 3 o -

LR B FELL TR B B

=

Hi 1 | [ m e | :—>| il 224

|
1
— e e — = J

O T

c |

&

—_—— —_—

K3 T DTC 2 AR50 SR AL A

T DTC M ZATS 5y SR BAT LU RS A

1) LB DTC SEl bt s iR ),

2) KRR R A RGN RUL TR,
DREL STMNES TG, HRBGEHAT:

3) MR AR R R RUL FR—k
WA, B H SR RBOHTE I Z2AMES, BT
B S ZHE, ART R R A AR RS .

3 FMAEE

DTC 53 1 BiGRU JZ VER 215 K2 B
Hrr, BiGRU JZ2 M AR 8] 7 F1 2 URHIE s 3=
JEREERHERAT I 73 RZHT K-means &K
FET BRI, FE B 2RI 25 B B A4 s ot
RG] B, FEAEZR TN B I v SRR 2 % /5
O EEEE T8, TR S8R RFER AT B
(53 SRR o AN RRBRARE ) 23 SRt #5437 e
ZEAEEEEARN. T DTC K255 SRR RS,



B BRI SHEEA THREFRERESTYSGE

I 4 fhios.

I—‘ i‘ wf

Dense Dense

M BIiGRU 2 —'—Iai
W2

Dense
Dense

K4 T DTC HIZ AR5 7 SR 5K 1]

3.1 Bl
T DTC B4R 0 AR 2 H bR
AT, WSR2 3 AN B, il S B

reE BT

SH -l B<

MB—: v _____
| A _ (c®0 !
! AAO A K-means 2% \ 0 © I
1 o AOO AAAA :
i a2/ |
B =

0'° [z ]
HD+ .
@ f'MJ%ef

Bs  BZiIZRm 3 AN
—PrB, DTC TilylZr. R mE-fERS 1) AE 45
Faxt DTC AT EM BTN, Jmliddshy DTC; fif#ig
ARHES AEZ . BiIGRU JZHIAERZH K. Jnid
HONFNEARE x, PHREURHIE X, = £,,(X)) , fEISeR%L
SET SRS A S g X, = £, (X ), VIZRH
Pt MUK L, -

21X x| @

e | ABRIRBEES, m ARSI .

FHrB K K-means JEREEHRAF] AE
FREAE )T o ) 5, RN R o ) 22 [T )
PEES, DASRAFEEATIVRBAR . 1EXAB B 0%

RIEFEF, K DTC FEEFIRHER R N MK, 15
PRI RS L FIRNFBE RS L o WIZRE bR

BRACHRIFPHRE RS, B/ MURRN TR . R
R Ly THEAN
2 N-Ix N
L =—— =0, 5
inter N(N—l) Z[ Z/:H—l 51 5]“ ( )

1 1 nk
Lintra = FZIZ:;I n_kZi=1

L L. —L

‘cluster = intra inter (7)

faxn=5]  ©

Xh: s APLOIE, 74 (x,) N DTC #EEUI#
SIICEEE k AMRIVRHIE, n* R kMRS RHIE

NG B ERR, EFHEEMILR L, - 45 B
&, 5 IGRM BURLE ARG B FR s IME s 2k
AL + Anser Larusier + FeH A, 1 A 7 FHTSHL, 1
KT 023,

/b iy AR X G AR A A AR B A TS B
Bo ERRIOEAERE S, TolBASS B ME S5 AL
Bidttr, LR DTC 24, S5l EMES kL
HARXN
=0.5-(1-batch _y)-d, ®)

equal
L, =0.5 -batch _y-max(0,margin—d,) (9)

e bateh y —SGIhREREARIIbRES, R
B0, FEL 15 margin NURSEHIE; 4, A—X159
IRBEREARZIT DTC FE4EJS IRHERK FQER S .

55 M8 BTSSR B bR iR/ ME SR L

equal

L, -

SE=RBL 0 SIS AT A I SR fE5E
PIEALRE, DTC fRHUAVRHIE X, BRI N A
fR s SYHCER X NI SCHE A, AFETE . 5
Y ST I T RIRZE N

\/—Z Ywe = Vo)’ (10)

BER, IANERK L, MEERBIK

NEEGAE)

20254 H46% F28 BFUESEETIRRE 57



Lo+ MBI BRI H bR i M SR L -

cluster
L= /laeLae + ﬂ’clusterl‘cluster + //i’pre (ZZI Lz) (1 1)

KA LRSS, A, Ay TH
Aove IV BT SHL

BERZRTE R, 10 RTERUI Lo i
3.2 FELFm

AR AR IRARAE ¢ I ZERFEREAE R x, W ¢ B
ZPNERIIREAR X, N

Xt :[xt—p’xt—pﬂﬁ'“’xz]T (12)

GREARTERN (p+1)-q» HA p+1 NEHE TS
FHCEE, g SRR .

H5E, BIGRU JZPIANTT I SN (A RFAE, T ¢
i %) BIGRU JZ i vl R s Ry

(s By s h]=gru(X,)

t—p> "t—p+1?

- - (13)
[h h B ht]:gru(Xt)

t—p> "t—p+1°

B Je — MR A N, A R R R AT N
BURBLIG, #33) ¢ I 20 S 2 HORHE S,

S, =20 e +h) (14)

A, THEARHIE s, 550 R R R ERER
2, IR s, BB IR R, THE Ay

dy =\ (S, =) (15)

IRJe, MRAEFRAR, KHRHE s, NSRRI 75
SCTRUMZS, 20 3 JZAiE =, 193 N ZIFEAR ¥ RUL
TiIME .

FEHET DTC MZATS 7 S, wERANTK
IR N[30, 50, 16], BIERAERAN 30 MEA, H4
FEAHRAE 50X 16 B —4ERERE, Horh 50 ARFELLM)
TG, 16 ARERFHIERUE . RAIT7% % (mean
squared error, MSE) i 2k B TH 5, FIH
Adam RS FHASEL, WIS IR R E N

58

0.005. APk E, FEAERZH N dropout
=, FF1BE dropout 24 0.1, 3T DTC HIZAL5% %
SUBERIZHINER 1 PR,

*1 ETDICHEZEFZHIRESYH

W 2% |2 ZHEE it R ER AR
WMNE - [30,50,16]
it #BIGRUZ 60 HLIT [30,60]
Ml EER I E - [30,60]
RIS ELE MEE 50K [30,50,60]
Y 2 BIGRUZ 60N HLIT [30,50,60]
i g LR 50x16~ 40 [30,50,16]
HRE - [None,60]
WM AEEEL 4050t [None,40]
T AeEEE2 - 2080t [None,20]
Linheyea AT [None,1]

4 KB

NEHIERET DTC A5 5 SOBAE 2 i p b
N, WA RUL Tl RO AR A, 7RI R
SN HAREEE LT 52860 500E . 7E TensorFlow 2.6
TRFES: SIRESR FIE LT DTC AT S5 A5,
IZ1TIAEEN Anaconda 3 Al Python 3.6, 115 % NHC
#% AMD R75800H (3.20 GHz) CPU, 16 GBRAM [1]
THE L
4.1 HIEE

ARSI R F )5t 45 /2 FH TEACHES B R4
FRETIREE R ENIEHREE, BFEIREFNRE AT
. Hr, NSEILE TR KW ZAIRESHL
NI Z11 B8] o A e e 8 o) A N BRI s A
BT WA T R — B T 5 2 HT BRIRES S HUE DLRO
JRZFK) RUL o SE46 H Ao TR AR BN e A sl
) RUL o SEANFAE A2 3 Pl 2R it 1
bR 2 AR 3D, AR AR AR
BRI A 3(16) 2 TSR R AR -

M m
ED I (16)

e 1 AR kR T n i R
T M AEZTRINEL, g, FRRIIEIESHL.



B BRI SHEEA THREFRERESTYSGE

MRS 1 AR 2 AR AR MR (L
(M =1), #Fst3 FIsIeh —UGE( M =2),
WK 6 fiw.

—_
(=}

9
8
7
6
H_,
5
#
@ 4
3 |
) o M1 ||
—— 2
1 —— 3 | A
50 100 150 200

FF [a]/ JE 3
K6 3 Rt F i Ree REHLIB IS
YIGFEEFIMNREE &4 150 MREAR, TR
EERTRIFHIR 16 MERBSMEE, AREEAZE
FIR TR P EAS— o B AR 3 PPl AEAS
B A ingk 2 Fizs.
R2 3 MEIERRXMEAREST A A

[ 5N g RS
WA LR A KR 30 30
MR 2 R A K 70 70
MR 3 A K = 50 50

42 BUETMALE
Ho, NHBEAFRRHEZ [ ER 2R, FIFHZ%
14 PR %X max-min normalization X 31T IH— AR FE,
HEAXN
N 9

(17)

X — X

m

A X NEAE R, x ARIGEEE, .,
Hlx, o3 AR SR E R i/ ME AR KB .

WJE, WEEEATIEE AR, W ORNEER
50X16, 50 FoRIfEFHIMAKSE, 16 FoRFHIESEL,
WEPPKN 1, BAE CEABE P — AN

e, SNSRI FFHEEA L 50 BIFEAR
BT, RO FHREAS s — N 8] R A 1A T
Wy, ERBRFIHLEELF 50.

wJE, NTPIEBARGE G, ez bikae, #
FITA i AR I PR 25 b 2 A [RIR I T LU o
43 TFMNIEFR

AR HIH— 1t HEAEE (normalized mutual
information, NMI) Kffif & DTC FJSRREE R 5 E SN
Rt PR AR RE RS, AN

___1(4B)

U H(A)+ H(B)
I(4;B)=2. > P(a;b) 1og% (18)
H(A)=-) _ P(a)logP(a)

H(B)=-)  P(b)logP(b)

b 4 4 DTC X ANEHR I RREE R B N
NEHR 1) B A En: [(4;B) REAEE, H
BRI, A\ B Z IR H(4) 1 H (B)
SN A B XRIIRE, REBOR, LA ERA
WhEPEROR: NMI MEICN[0,1], NMIEHCR, FoR

PRAN SRS 2 SR L

KHHERZ (accuracy ) 1E N7 AT ITEIN AR,
BB ERA R AR N AR B8 SR TR
%7 (rootmean square error, RMSE) FISFRA46%} H 43
tLi%Z (mean absolute percentage error, MAPE) 1EA
TSR AVEA R, XN FEIRERN, FoRTRIIAS
R, R AR

1 <—n
ORrMmse = \/E Zi:l Yo — Yprc)2 (19)

Y,

true 7 pre

Y,

1 m
OmarE = ;Zi:l -
X m TR SE, v, IR RENNL
RUL HSH, Y, ikt sl RUL BEiifE.
44 ZILHER
ELRNZRES B B NMI AR BB 7 B

(20)

20254 H46% F28 BFUESEEIIR 59



12
1.0
0.8
m
S 06
Z
0.4
0.2
0 5 10 15 20 25 30 35 40
ARUEY K

K7 YIZRAES B BE NMIEA ALK 50

H1& 7 AT DTC $RHUARHIEAEIZRPI R
FAE G, P TRNZR H bRy > 8 PR ER
s, HXEHEI A TGS RE M RIUES: HE
IEAREUEN, DTC #t— LB SR IE N R FRAES,
HLPRIRORAIEZ AT 7 L B SE e, RIBCRZE IR
Tt G5 —BrBUIZkia, NMIEEE T 0.96, &
W SEREE RS SR bR RS I — Sy, AT LA
Bl S SR A SR 70 AT, T T DTC fE
B AR SS LR AR

DN A ) g A SR &5 SRR R 1 n 8 8
B

50
- 50 9

40
3
= " 30
f:EN
o 20
ik

T e

B8 ke R 4 SRR i

A 8 AI%n: AR R R 1 30 MR
AARRBILE R, 5 21 AN IERE, 9 MR, IRBHERR
N 70.0%, IX T et AR 1 FIREAREEA L,
B BB > IR W IR AN A SORERL N i e
B 2 1 70 AMFEARBUNZE R, A 52 AN 1ERG, 18 4

R, AR 74.3%, X 0] AE S R R
2 PEARREA T AR 1 ML, SRR AR 4

60

PEAE s ASCEARIRSIEAE T 3 1 50 MRS,
Rrh, 42 N IER, 8 MR, IRIERRZE N 84.0%,
XATRE R R AR 3 FIRE AR RFIERE B . )
REEILH 150 MR RBINUREA, Hrd 115 MEARR
SIER, BRI 76.0%.

REC K BHL RUL TIN5 R 9 s, FREZ:
WA 53 SCTRIES TINS5 S

160

o) iy

= 100
E
60
40
20

0

RUL/JH

100 120 140
KA S

K9 i KB RUL Tl gh 53

HIP 9 RT3 Al st T e RS LA
¥ RUL BA—E 25, IR AN R ibats
B AL A R R AR . (BT
AN SR 2 SRR, IR T AR AT
2tk

FEA SO MO 5 R 18 22 M AR M

(REE D IaAEARD | FREA T EEC
PRI bR AR M2USTREAT LA s, 5 1
R 3 FIme

#=3 AENRRAEIH RUL FUNERILER 3T EE

TR WS/ % MAPE/%
MO 76.00 6.18
Mi - 11.87
M2 92.00 3.56

FHZ 3 W% ASSCRE MO ) MAPE EUARZ M1
P T 5.69%, UERH T AN SEREAE IR A [F) i e =,
TSt A A e S S PR T, P v T
FhRE; A5 M2 (5K 5 A SRR MO ARBL, (RASC
B MO ) MAPE fICT M2, 3X AT RERBRIAASE
AL MO (U AEFH T 5 b B A D RS hR 28, st



B BRI SHEEA THREFRERESTYSGE

R M2 RIS T b S A bR as . ASCYIZRT7
TR MO 4544 T 50 TRONAEFE, (L3R5 T S 4P
ZAGRETT o

Nt DR BB (G R AT, MIIZRER
HHHHEL 2 5. 8 5. 59 SR 84 5 4 M RIF A K
PIFEAR, TIlimEe K BIHLIK RUL, 45541 10 Fis.

2 B 8 HHA
120 — % RUL 1201 > — A% RUL
100 \ B 00 B
§ 80 ~. = 80
3 60 S 60
2 40 2 40
20 ! 20
0 ~ 0 - :
0 20 40 60 80 100 120 0 20 40 60 80 100 120
I [/ 440 EIEREE
50 A 84 BHEA
{ig' —JU9RUL 175 —H5:RUL
120! LA Bg A
2 60/ 2 751
= \ 2 50|
20 i 25
0 \ 0
0 20 40 60 80 100 120 140 160 0 25 50 75 100 125 150 175
I 1)/ 440 SR

K10 ksl RUL [ 4 3

HPE 10 FJ51, 2 5. 8 5. 59 S84 5 4 Mt
AAEIRMEFEYIH RUL TNE 5 BSHE 2 [RIAFATER
KiRZE, X5 HTFEATEIR A B E EAL,
HH AL RIS R F T8 SR AR T VRS it R 3
HIHAEIRARIT, RUL BITRINME S S #h2k 2 [m] 4L
GREEEEGE, AR T ASCBRA HAA B ) RUL
TRE BEAZ A, JEHAE BRI mARN, AA—
58 (S FHAME

5 ZHig

ASCHEH T —F3ET DTC RIZAE5 7 S,
FT 22 ttss T s A i BAsE =GR 0 RUL 15l o
2T BiGRU. & IH LI F K-means ZREH LM DTC
o aene s 4k, KIS [a] 21 S URFAE, Rt it
SRURRAAE 380 45 W S ABE 05 o [ 8 (10 B2 2 DA TR 1) e P A
o BRI 73 SCHES 7] DARRAS [Rl i pAsi Xz
(257 o IR R BB RS kAT s,
BIE 7 FT DTC WIZ2AE55 70 SR A Rt Az

Vo (HIZMIUEANIE 2 H R AL I, (OB 245
TIRZSs:, S H BN B BE AR EUR .
Bt BT R GEH TR AT 55 Z [ P R Ja BT 7T
N

©The author(s) 2024. This is an open access article under the CC
BY-NC-ND 4.0 License (https://creativecommons.org/licenses/
by-nc-nd/4.0/)

SE 30

[1] DJEZIRI M A, BENMOUSSA S, ZIO E. Review on health
indices extraction and trend modeling for remaining useful life
estimation[J]. Artificial Intelligence Techniques for a Scalable
Energy Transition: Advanced Methods, Digital Technologies,
Decision Support Tools, and Applications, 2020:183-223.

[2] LELI'Y, LI N, GUO L, et al. Machinery health prognostics: A
systematic review from data acquisition to RUL prediction[J].
Mechanical Systems and Signal Processing, 2018,104:799-834.

[3] LIU H, SONG W, NIU Y, et al. A generalized cauchy method
for remaining useful life prediction of wind turbine gearboxes[J].
Mechanical Systems and Signal Processing, 2021,153:107471.

[4] CHENG F, QU L, QIAO W. Fault prognosis and remaining
useful life prediction of wind turbine gearboxes using current
signal analysis[J]. IEEE Transactions on Sustainable Energy,
2017,9(1):157-167.

[S] ZHANG H, CHEN X, CHEN W, et al. Collaborative sparse
classification for aero-engine’s gear hub crack diagnosis[J].
Mechanical Systems and Signal Processing, 2020, 141: 106426.

[6] Ren L, Cui J, Sun Y, et al. Multi-bearing remaining useful life
collaborative prediction: A deep learning approach[J]. Journal
of Manufacturing Systems, 2017,43:248-256.

[7] DEUTSCH J, HE D. Using deep learning-based approach to
predict remaining useful life of rotating components[J]. IEEE
Transactions on Systems, Man, and Cybernetics: Systems, 2017,
48(1):11-20.

[8] YANGB, LIUR, ZIO E. Remaining useful life prediction based
on a double-convolutional neural network architecture [J]. IEEE
Transactions on Industrial Electronics, 2019,66(12): 9521-9530.

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

[10] MALHI A, YAN R, GAO R X. Prognosis of defect propa-

gation based on recurrent neural networks[J]. [EEE Transac-

2025 % H 46k F28 BFUEEETIRER 61



(11]

[12]

[15]

tions on Instrumentation and Measurement, 2011,60(3):703-
711.

YUAN M, WU Y, LIN L. Fault diagnosis and remaining
useful life estimation of aero engine using LSTM neural
network[C]//2016 IEEE International Conference on Aircraft
Utility Systems (AUS). IEEE, 2016:135-140.

SONGY, LIL, PENGY, et al. Lithium-ion battery remaining
useful life prediction based on GRU-RNN[C]//2018 12th Inter-
national Conference on Reliability, Maintainability, and Safety
(ICRMS). IEEE, 2018: 317-322.

WANG W, YANG N, WEI F, et al. Gated self-matching
networks for reading comprehension and question answering
[C)//Proceedings of the 55th Annual Meeting of the Associ-
ation for Computational Linguistics (Volume 1: Long Papers),
2017:189-198.

VERBERT K, DE SCHUTTER B, BABUSKA R. A multiple-
model reliability prediction approach for condition-based
maintenance[J]. IEEE Transactions on Reliability, 2018,67(3):
1364-1376.

LIZ,L1Y, YUE X, et al. A deep branched network for failure
mode diagnostics and remaining useful life prediction[J]. IEEE
Transactions on Instrumentation and Measurement, 2022,71:1-11.
WEN Y, WU J, ZHOU Q, et al. Multiple-change-point
modeling and exact Bayesian inference of degradation signal

for prognostic improvement[J]. IEEE Transactions on Auto-

EE RN
IR, T, 1999 A, AL TRAE, EEM IR SEARAEHE TN, E-mail: 2793153005@qq.com
EUNT, 3, 1999 4, fEEmEAFRAE, TR AR Ea M. E-mail: 1474412073@qq.com

(17]

(18]

(19]

(20]

[21]

[22]

[23]

mation Science and Engineering, 2018,16(2):613-628.

YAN D, WEI X, ZHAI G. RUL prediction for railway vehicle
bearings based on fault diagnosis[C]//2017 29th Chinese Con-
trol and Decision Conference (CCDC). IEEE, 2017: 2097-2102.
CHEHADE A, BONK S, LIU K. Sensory-based failure
threshold estimation for remaining useful life prediction[J].
IEEE Transactions on Reliability, 2017,66(3):939-949.

LIU R, YANG B, HAUptmann A G. Simultaneous bearing
fault recognition and remaining useful life prediction using
joint-loss convolutional neural network[J]. IEEE Transactions
on Industrial Informatics, 2019,16(1):87-96.

ZHOU L, WANG H, XU S. Aero-engine prognosis strategy
based on multi-scale feature fusion and multi-task parallel
learning[J]. Reliability Engineering & System Safety, 2023,
234:109182.

IENCO D, INTERDONATO R. Deep semi-supervised clus-
tering for multi-variate time-series[J]. Neurocomputing, 2023,
516:36-47.

JAIN A K. Data clustering: 50 years beyond K-means[J].
Pattern recognition letters, 2010,31(8):651-666.

LI X, LI X, MA H. Deep representation clustering-based fault
diagnosis method with unsupervised data applied to rotating
machinery[J]. Mechanical Systems and Signal Processing,
2020,143:106825.

255955 25> 25> 06> 55> 265 265 255 063 26> o6 o5 25 56> 365 55 G 8EH A6 o5 25 05> 365 55 565 55 0EH A6 26 05> 05> 565 55 55 3G A6 o6 o5 25> 25 855 55 6 868 06 o6 o6 o 8 2G> 5>

R85 31 5O
[14] HOLLAND J H. Adaptation in natural and artificial systems

[15]

[M]. USA: University of Michigan Press,1975:126-137.
PRI B AL B ] B VRP RS ARAR AR R
S A B RE 58 H,2023,59(13):82-91.

[17]

[18]

fi#%i2,2023(1):102-103.

U S ARIRA 22 PH, 5 JT 2 T O R SR AT 28 VRP K&
TR AR RLR K FIR]. 185 5 H,2022,31(1):92-98.
B R T LRSS T SRE IR 2 B R[] 7L

[16] A8 T-hrFHERR AR = S0 2 M A2 vl T, A 5iAk,2023(8):7-11.
{EE BN

WOk, 55, 1968 A4, AR, TFEIM, FEFETM: IAREL W EEI R AL NS BACE . E-mail: zhxgg8816617@
163.com

62

BAKIR, 55, 1975 24, AR, TREIW, 205077 1) BRI ER 4R B4 T 5 4L 5% . E-mail: 1281850757@qq.com
RN, 53, 1987 4E4, AFL, TR, FEEBFA . B2 LM DL F AL S . E-mail: yutaisong@sinopharm.com
XM, 55, 1996 44, AFL, B TR, FEWFRITM: W STEF K. E-mail: livjiapeng@sinopharm.com





