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Abstract : The remaining useful life ( RUL) prediction of rolling bearings under frequent start-stop cycle conditions is affected by the
frequent switching of working conditions, which results in the weakened correlations between features and degradation states as well as
periodic fluctuations of degradation trajectory. These issues make it difficult for traditional methods to construct effective health indicators.
Accordingly a virtual health indicator construction method based on SA-PSO-STL is proposed to address this issue. For the weakened
correlation problem, a simulated annealing particle swarm optimization ( SA-PSO) algorithm is used to screen sensitive degradation features
strongly correlated with degradation states. This process extracts feature information highly relevant to the bearing degradation process,
thereby enhancing the monotonicity, trendability, and robustness of degradation representations. Then the principal component analysis
(PCA) is utilized to fuse the selected features. Furthermore in order to mitigate the interference of periodic fluctuations in the degradation
trajectory, the seasonal and trend decomposition based on the loess (STL) is employed for extracting the trend and separating periodic

fluctuations as well as residual noise, thereby obtaining the virtual health indicators that can clearly and stably characterize the entire life
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cycle degradation process. Finally an adaptive multi-stage degradation model based on the sparse gaussian process regression (SGPR) is

performed for the remaining useful life prediction. The experimental validation is conducted using three sets of full life cycle bearing data

under different frequent start-stop cycle conditions. The results show that the constructed virtual health indicator ( VHI) achieves

comprehensive evaluation scores of 0.955 5, 0.962 2, and 0.989 2 on datasets A, B, and C respectively, while the corresponding RUL
predictions demonstrate root mean square errors (RMSE) of 0. 106, 0. 047, and 0. 014, as well as mean absolute errors (MAE) of 0. 012,

0.002, and 0.002, respectively. It's found that all quantitative indicators are significantly superior to all comparison models, which

demonstrate the effectiveness and innovation of proposed model in enhancing the characterization of degradation trends and improving the

prediction accuracy of bearing remaining useful life under frequent start-stop cycle conditions.

Keywords : frequent start-stop cycle condition; remaining useful life prediction; seasonal and trend decomposition using loess; sparse

gaussian process regression; multi-stage degradation model
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S EET 1 B Bor T B 4 L (Matérn ) 4% DA3E e B
RPN 5 A ZELE TR, i (30) Fin
V2u (=t (s —t’)) «
q,

_ 2
Ky =63 (1 +

( V2u (1 =1")"(e —t'))
exp| — 5
q,

o, 85, AES 2 v W ESE v K, KL
T8 (BN BRE A P R B A IR BB B, g, WK
JEREE. B B B b I s AR v iy 22 Ak, T R
Matérn 5/2(v=>5/2) Matém 3/2(v=3/2) B E[{EE
ANEY v AL, DASE A3 I DT 80 T 200 3 R AR

K4 5 #R iR 22 (root mean square error, RMSE) F
SEI AT 22 ( mean absolute error, MAE ) /E W B34y
PRt = (31) ((32) B,

(30)

= -
RMSE=JZ(Di—Di)2 (31)
n, i=i

1 & .
MAE =—Y |D, - D,| (32)
n, =i
Horr, D, 5 i AR SEBRE, D, S %S LA T
n, 9T R
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3 SRIGTENIE

3.1 ZWEIESIR#EIR

SR B UE BT R PO B bR A 5 2 B B e BT Aot
R B U5 FIOASS A A s R e FE Rl — 5256 i ad
WE AR S TR, RET 3 e B i
PR THLT 6007 BITRIAERAR I 2 ar i sh Bt . 5250
B 3 FR HROCHEESENGR 2 Fin 3 AR E 5
BN 3 Fros, AR AUBE 24 7 55 (B 31 58 42 2k
B A R SRR S T AR B IE IR T IR AEFIT

O e A (R NTP

o Pr

K3 S 1RSI &

Experimental table 1 Faulty bearing test rig

Fig. 3

R2 KBAE 1RABREK 6007 TIESH
Table 2  Experimental table 1: Operating parameters

of deep groove ball bearing 6007

IR SE Bty JRAESEL Hufl
HME AR 62 mm N AR 35 mm
FLE 14 mm BT HER 7.92 mm
BT 17 Hefih s 0°
AT R R 38 400 FAEAIE 51.2 kHz

=3 3 HELBHEIEIRA

Table 3 Description of three experimental datasets

40 Hedsrpm E/N O TER/R REESCHER
A 7200 8 000 2 427
B 7 800 6 000 6 2992
o 7 800 6 000 11 7542

3.2 EPMERIEMMERHE RSN

KT ¢ SA-PSO-STL J5 ¥4 & VHI: 55 i SA-PSO
15 31 DHIGFRAE i Ve IR A BURRRE (A Hbrgs &
BRI B BN B DL PCA RS 15 B0 46
(@B F 9, FeZe5m ik STL 3 B J& S0Pk T 00 8 30 5 Bl AL I
A RIBGRMEIR LR VHI,

Kl 4~9 5% 4~6 LR T %4 A B.C EA
) 7 A R (A (R R B 6T LS5 3L . A B0 TR T3 7 VA AL
e, X b B AR AL Ge 4 5 MR (root mean square, RMS) 8

B AHFIE PCA RBlG, DL 43 0 T 38 58 BEAE 42 1Y) SC B 20
%R SA-PSO FHIEAZE+PCA filif 5 2 4F1F PCA Rl &+
STL BRI, FH LLBG GRS PR 2 45 6 1Y) 50 8 I F 1) b 22
PRSI, b RMS 8454 R Tolk 4= 30 73 B i) &
SR, S PEREIT AR SR AE S 5 U . IR BT 4 i
BIHTHE, SIA 3 Bl BA R A TR B 7 ST BRI S S
— 2k & A 22 ) 2% ( 1-dimensional convolutional neural
network , 1D-CNN) Bl 1sTmM™ , B B 4% ((temporal
convolutional network, TCN) 7! 6 56 fr $12 J7 1 70 4% 25 53
PRI AU 2 A0 T 2 i A K s 5 vk

100 150 200 250 300 350 400 450
K4 A BRI ARG 0 A7 15 P SRR R AU

Fig.4 Dataset A: Construction of virtual indicators by the

0 50

traditional, distributional Methods and the proposed model

— RS o LSTM
-+ CNN -+ TCN

A& /(m-s?)

150 200 250 300 350 400 450

Bl5 A HBEE  RIE S ) 5 TR AL A R AU b

Fig.5 Dataset A: Construction of virtual indicators by the

deep learning and the proposed model

~e-rms -= PCARA -4 SA-PSO+PCAREA ~¢-PCARE A +STLAME = Friiti s

g T ‘

N LAY
2500 3000

1500 2000

K6 B UK ALGE 77k S PSR i B A kR S A

Fig. 6 Dataset B: Construction of virtual indicators by the

0 500 1000

traditional , distributional methods and the proposed model
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—PHRARA o LST™M
+~CNN  +TCN

IB{E/(m-s2)

0 5(‘)0 1 0‘00 1 5‘00 2 (;00 2 5‘00 3 (;00
K7 B AIEUAR TR ) 5 I S R Ry i R FULHE 0o L
Fig.7 Dataset B: Construction of virtual indicators by the

deep learning and the proposed model

-o-rms -% PCARA -4 SA-PSO+PCARES -#-PCAREA+STLAME = T HLAERY
1.0 YA X
e T 5

05
é 0
ﬂli g
= s
~10: ¢ i i .y,
0 2000 4000 6 000 8 000
K8 C B ARG A3 AT ik I R a2
SRR

Fig. 8 Dataset C; Construction of virtual indicators by the

traditional , distributional methods and the proposed model

—FTiRMA e LSTM
~+CNN -+ TCN

0 2000 4000 6000 8000

B9 C AR R 5 P P R R S R fUL4 A
Fig. 9 Dataset C: Construction of virtual indicators by the

deep learning and the proposed model

F 4~9 nf ARALIR PR e T WL, B 5 245 %)) VHI A3
SRR B AR A A5 5 ) AR A I U ol 5 R AL | 5 S
SEARAR TR AR Y Fi 0 3] bl L T B0 | S i AR 1k
RS MHZ R, PCA Al G K PCA fl 4 +STL #3482
BRI 0 5, A 2 ) 35 Bt R S B8t 3
RMS 55 SA-PSO #HAEFfi 5 +PCA Bl A BE A7 R4 341 15 8 3
PEE 3 5 W R S B0k 4R Uk sh R ZL R R Ak 25
ID-CNN LSTM ,TCN % J5 ) 1E ff , {H i 1 D5 e 7 40
FEH A7 I R AR B D Bl

St W E PP NEE 4 ~ 6 FIFs , SA-PSO-STL 7 3 4
B Y BUS F s A B | R e B v AT
4y, BT AT ik

R4 ABHEE. FREBIEREETE

=
oE

WXttt

Table 4 Dataset A: Comprehensive scores comparison

of different virtual index construction methods

Mg R A Bt LAY
RMS k% 0.9098  0.909 6 0. 806 8 0.908 8
PCA -0.8991  0.909 2 0.5720 0.303 8
SA-PSO+PCA  0.9173  0.9153 0. 600 4 0.913 1
PCA+STL  -0.9430  0.945 8 0.794 9 0.3153
ID-CNN 0.5033  0.605 4 0.8619 0.549 4
LST™M 0.7130  0.7427 0.807 3 0.726 3
TCN 0.6999  0.7129 0.8270 0.706 7
PR R 0.970 4 0.949 9 0.814 5 0.9555

®5 BAKES  TREMEREAET ARG TSI

Table 5 Dataset B: Comprehensive scores comparison

of different virtual index construction methods

H R Ty 1k P A A LA
RMS k% 0.5982  0.578 6 0. 845 4 0.593 1
PCA 0.5982  0.5786 0.559°5 0.589 7
SA-PSO+PCA -0.7341  0.7522 0.6803  -0.1087
PCA+STL  -0.750 1  0.8652 0.9662  -0.068 3
1D-CNN 0.2855  0.5999 0.9212 0.4218
LST™M 0.7395  0.7787 0.860 5 0.757 0
TCN 0.7135  0.691 4 0.904 0 0.706 7
FriRiER 0.956 5 0.970 1 0.969 0 0. 962 2

®6 CHHEE AREBIETHNER EZEEGTILE

Table 6 Dataset C: Comprehensive scores comparison

of different virtual index construction methods

F T i P I B LEAIESY
RMS #6845 0.596 6 0.593 3 0.824 8 0.598 3
PCA 0.5966  0.5933 0.516 4 0.594 3
SA-PSO+PCA -0.2743  0.2915 0.5638  -0.0552
PCA+STL  -0.9621  0.9543 0.9858  -0.2317
1D-CNN 0.4963  0.670 1 0.942 8 0. 566 0
LSTM 0.7030  0.7390 0.861 3 0.718 3
TCN 0.6922  0.7223 0.959 6 0.706 8
FriRiE sy 0.998 5 0.973 6 0.985 3 0.989 2
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BT BiRSAT VHL ZEBUREE A (B C I3 R 518
T4 F5 gt LR A S N 2 i B w7, 5t
FIFH BIC ¥ D)3 4% Joe D0 B AR A 45, DARA 2 1R Tk B Be 4k
AR SRR A AN 10 ~ 12 T, 284k 55 K6 0 45
m=E7~9 P,

1200
1100+
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Fig. 10 Dataset A Optimal state number selection
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Fig. 11  Dataset B: Optimal state number selection
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Fig. 12 Dataset C: Optimal state number selection

®7 ABHEE . AENTUSENER
Table 7 Dataset A: Adaptive change-point detection results

Kl ARfesS 1 MSE_ 1 ARfkdi2 MSE 2 A-fksh 3 MSE 3

BS 175 0. 003 296 0.010 378 0. 008
DA 179 0. 004 287 0. 007 375 0. 007

EWMA 186 0. 006 374 0. 050 381 0. 009

®8 BAKEE.AENTLAKNER
Table 8 Dataset B: Adaptive change-point detection results

LoAlIpIRzS AR MSE_1
BS 995 1.781x107*
DA 981 1.588x10~

EWMA 996 1.796x107*

x9 CHYEE . BENTHRKENER
Table 9 Dataset C: Adaptive change-point detection results

Rk a1 MSE_1 AR 2 MSE_2
BS 2 395 4.940x107° 3 641 1.989x107*
DA 3607 3.000x107* 3 669 2.163%x107*

EWMA 1971 2.815x107* 3621 1.882x107*

SEILIRW, T HE O VA R HE Y R BUEE bR RB A AL AT A
T8 IV 22 [y B AL SR I A RUL 00 . A 2H 080 45 ol %l
SrNIEH R MAR AL IR R R IR 1k 4 A B, 4%
Rk By Br A 38 Ik PR B P AR SR DN O iR K R R
BS-DA-DA , X W A8 5 (FEAS T 5 ) o 175,287 Fl1 375, B
HBHREIN 3 M IEH IR 2 AR B, A s
AF R iR BS X R AR S (FEAR TS ) S 995, C 4l
Bs DR 5 IEH SR Ak insiR 1k 3 BB, 4
IR A B 1 305 1 2 5 i f0 A% a5 A I 7 VA AK YR O EWMA-
EWMA , X R A8 s (FEAF5) 2 1971 F1 3 621,

SVEAG AR RUL 500044 B8, >R 43 B B 18 )1 25/
R 53« B — i B I ZRAN 0 2 B B oA ) 0 S UE 0 sk
G T — i B BOE AR R s — B Bl g A . ZE IR
SR AR AL T E AR RN B B SGPR, AR
A 4D SH, I E R PE R B e, 54K
T e, s M 22 REUAFIE R ERUE 6 555 %9, HS
B Wi AL B e A BUR I S EGER ([ -10,10] ) X
X4 NSHCRRE KN 1M R, 5 2045 i d
A, LS O fEH£0.5 RN LI K 0.1
PTG AR 2R NI 3AT— 1/ INEORS FE I B S 504 &
B S , LAIERT UG S8 A Rl 5, DAdse /M 570 2500 B B
R BARBRE AL S50 0, A3 50 3F 5 19 RMSE I
MAE 1E MRS F b5 e S B &
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BT Z N 1~207 W SER B i . 3 48R A4
HESEFMALSEON .

1) A 48 . 2R A B WIS 4. {e, = 0.3,
e,=1.4,6 =42, q,=1.3} {ftS%.0=10.003, 0,
4.021, - 61.686} , THIRIBTE: VI SEL: e, =
3.1,e,=9.1,8, =3.6, ¢, =— 0.4} , it S % 0 =
[0.005, —1.288,3.6, —1.371}, JnEEiB1LBBL . #0116
B {e,=10.1,e,=7.4,6,=1.5, ¢, =7.3} ,fiftZ
$. 0=10.012, 7.394, 11.221, 3.227} .

2) B K nH R IE B B, MIIRBHL. {e, = 8.2,
e, =8.9,5 =8.2,q,=0.6} ,4tZ%. 6=1{-0.002,
8.900, 8.759, 1.510} .

3) C A EHE . R B, WIERSHL. {e, =9, e, =
5,8,=9,q =8, LS. 6=1-1.630 x 107,
4.975,9.388, — 0.364] , JnEiR BB W16 S 4L,
e, =0.6,¢,=8.3,8,=8.9,q,=58|,tS%. 0=
14.610 x 107, 8.300, 19.876, - 0.749} ,

& 13~15 2 3 AR 1) RUL S0 45 5% | I v ik
B REAR T 5 G\ il Sk (8 T ik ) S 1 R Ok B
FEARE , SLRAC BT 3L 1 T AR Tk R 3, jE 2R A0 3%
BB B EE 95% BASIX Al A] LAWLEE F|
FETA IR Ak By B, 100 14 3R Ak 4 5 50 B AR bk 44
FARW A RATER I8 5, Sl R 1h i $opl 3
T SGPR 4 A & IV Z B Be RUL WA %cddi 3k, Ard
TR VHT S0 22 B A% 7 18 | 55 Ml IR B S
AR, Ju H R AR 1R Ak S 0, A PR 1k By B
i, TN pil 2 R 6% R A A R A B i 5 0 B i
WM VHT SR T 35 0 9B k15 5, A 5 28 Wi 24
SE T AESLAY

AN R

————— VS e 5]
1.0F - - - fhHE {
— I
:
E 0.5 ,/
= i
s

200 250 300 350 400
HAFS

B 13 A 28 5R  RUL FU4,
Fig. 13 Dataset A: RUL prediction results

XA B.C 3 ARSI T 008 , 4 5
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035f  --- e
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030f = J3e
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Fig. 14 Dataset B: RUL prediction results
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- - - flTHE
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=
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Fig. 15 Dataset C: RUL prediction results

(RMS 48 #5. PCA il 45 . SA-PSO + PCA, PCA + STL,
1D-CNN LSTM \TCN) #£47 H 1& N £ B Bt il 74 ) 4% fd
FEAT TN, BT R YR A 2.2 R R £ B B T
TNARE B DA Eb 358 A [) A B 4 A 6T 380 00 1 g A 52 el
F10~12 F£/" A B C X 3 48048 O T 45 58 & XA
[F) 73k, Fe b g AR b s BT | 45 B B R FH 19 28 Ak A
R 7 vk 1A B N PEAl 25 R /WY, BTt kg A
FEOEARIE 5 S5 B8 U AR 34 78 3 A 8088 b ¥ ik B i
IR BE ) H RMSE 1 MAE #54% T Hfth XF e 7 v
&4 1 (RMS #8 b5 .\ PCA filt &) K434 7 % ( SA-PSO
+PCA PCA+STL) [ i #4) S fat B 45 A A7 7 U 2 T 40 5k
R 2R IE T i B B ) AH R, 5 B0 RUL FLi0AS B
A PR ; ID-CNN |\ LSTM , TCN F AE i #1 18 1k %, ()5 11
PR B T4 A i e BB R T R 25, MHLZ T, P
PEO7 A Y VHT S 1000 455 780 2 43 7 vy o A, S
B L R BE X T4 B UE T 4R O A Y VHI
P B R B T K B AR Ak LA R 38 i R AE R b
ORI THT (4 A 2801 QI8 P, AT A R 01 25 i3 45 41 A0
T4 At RUL 3
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F10 A BHIEE:RUL WHEELIGER
Table 10 Dataset A:The comparison experiment results of RUL

S Y

F Ty i R VAT RMSE ~ MAE
RMS F8#5 1 DA SE 0.278 0.199
PCA 1 DA SE 0.869 0.753
SA-PSO+PCA 2 DA-DA  SE-Matém5/2  0.790 0.650
PCA+STL 2 BS-DA  SE-Matém5/2  0.108 0.084
1D-CNN 1 BS SE 0.497 0.482
ISTM 2 EWMA-BS SE-Matém5/2  0.453 0.300
TCN 1 BS SE 0.478 0.451
RT3 BS.DADA U MBMEMYZ 6 0,047

-Matérn3/2

F 11 B EHHEE RUL MLEXKER
Table 11 Dataset B: The comparison experiment results

of RUL
AR s ARl A

Ik Z;;u }TJJ;; W RMSE MAE
RMS F5#5 2 EWMA-DA  SE-Matém5/2 3693 3542
PCA 2 DA-EWMA SE-Matém5/2 4309 4025
SA-PSO+PCA 2 DA-DA SE-Matém5/2 3367 3018
PCA+STL 1 BS SE 0.187 0.185
1D-CNN 2 BS-EWMA  SE-Matém5/2 8516 8382
LSTM 2 EWMA-BS SE-Matém5/2 5634 3481
TCN 2 BS-BS SE-Matém5/2 6 267 4 386
gy il 1 BS SE 0.014 0.012

F 12 CHAHIESE . RUL XFLELIEER

Table 12 Dataset C: The comparison experiment
results of RUL

Ak ARk
a AN S Y
[CIFE RN . o 1% REL RMSE ~ MAE
B M7k
B SE-Matérn5/
RMS F8#5 3 DA-BS-DA 0.094 0.074
2-Matérn3/2
SE-Matérn5/
PCA 3 DA-BS-DA 0.096 0.075
2-Matérn3/2
DA-EWMA-  SE-Matérn5/
SA-PSO+PCA 3 0.233 0.177
BS 2-Matérn3/2
PCA+STL 2 DA-DA SE-Matém5/2  0.015 0.014
EWMA-
1D-CNN 2 SE-Matérn5/2 1479 94
EWMA
LSTM 1 BS SE 1.022 0.985
TCN 2 BS-EWMA  SE-Matém5/2 2374 241
EWMA-
FrijiEEl SE-Matérn5/2  0.002 0. 002
EWMA

4 # i

AW T 151 A B SR AR ER T 00 N VR Bl Al R AL A
HERS H2 T T SA-PSO-STL ) KE 1oLt FE 5 45 b 2t 5
SGPR WK A FI i ML 2 By B RUL B0 J5 i, di 4 SA-
PSO Bk Ve BUR AL R AIE , IT 456 STL 43 ifk 31 15 J5 31
We gl A RAEVEREIR AL BT MR b . 7ECEEAN B R
JHR e 307 o A I O S B S 22 B B RUIL M, 3 28
A SR IR BT 0 1) Bl 7 4 7 i S 6 S TE R W i 4
E R PETE T AR AR B T TOORS B, A Y
VHI £ A B.C 3 4188 ERYZREPEI 00k %] 0. 955 5
0.9622.0.989 2, RUL i 7& A7 i %4 L 19 RMSE 5
MAE 43 5 2 0. 106, 0. 047, 0. 014 F1 0.012, 0. 002,
0. 002, % TPERELY W E A0 T A AT X LU Tk . RARWTIEHS
BT IRATE T R, 3 — LAk SA-PSO FRAE i
Ve N STL J fiff ok R0 153030 32 Dl 2 DR 25040 1 R 1

SRR TR U 3R T T AR S

&% 3k
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