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Rolling bearing remaining life prediction based on AELSTM and
model transfer learning
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(1. School of Automation, Nanjing University of Information and Science, Nanjing 210044, China;
2. Jiangsu Collaborative Innovation Center of Atmospheric Environment and Equipment Technology,

Nanjing University of Information Science & Technology, Nanjing 210044, China)

Abstract: Rolling bearings are important components in mechanical equipment, and their operational status is directly
related to the operation of the equipment. When a failure occurs, it can disrupt the normal operation of the entire device,
potentially leading to significant safety accidents. Therefore, predicting the remaining lifespan of these bearings is of
crucial significance for equipment health management. This paper introduces a method for predicting the remaining
lifespan of rolling bearings based on the transfer of an AELSTM model. Firstly, an autoencoder is utilized to
automatically extract features from the raw vibration signals in the source domain. Subsequently, a two-layer LSTM
model is constructed to predict the remaining lifespan. The AELSTM model is trained in the source domain and then
fine-tuned with data from the target domain to adjust the model parameters. Finally, the adjusted model is used to
predict the data in the target domain. By employing parameter sharing and fine-tuning methods, the training process of
the model in the target domain is greatly simplified. The experimental results indicate that, under different operating
conditions of the same bearing, the proposed model exhibited a reduction in root mean square error compared to four
other transfer learning methods by 45. 9%, 58. 9%, 42. 8%, and 83. 8% respectively. In the case of different bearings
under various operating conditions, the proposed model demonstrated reductions by 16. 9%, 18.9%, 11. 7%, and 8. 9%
respectively.

Keywords: remaining useful life prediction; model transfer; long short term memory; autoencoder

75 B 89 :2023-08-17

TEEWMBEK HARBFEE S (621051600 A BEMAMBAFE R ZH A ESALEE (ZH-TRERE FRESE
(XJSK202105) % Bl

Hh B O T EAAR AR — 43



Big 5 B &

0 5 F

TR Bl il 7R R B LR &5 TP R OB I R 2 — il
R RERE ST AN RSN BRI A E BN R, i
Ge it , R sl AR B IR 5| R 0 e ML AR B  T p
(430 %6 LA 11 PRIt % 7 3h il R 1) 980 A 7 i 00 LA
B,

I B X Al R R R Ay A A O A 3 RO Rk 4
SR EAR IR By ik B TR RIIR B ik DL R IR A R T
o TR T RORAY B0 Ok BEOR B K &k TR
I HAETR KM AT 1 2 A Z R, BT LA H i
e ) FERE P ERIEIR S Ik ARk IR T
IR T2 o B AEXS LA ke & v v 3l A 7R 1 12 W R 35 0
FESRA T HEENHENEM . 2 E NI FELRETH
— RN BE T 1Y £ 3K 3l 5 AR X il ) 4% 75 i T80 Al
TYRAWESE . Cheng %" #3773 FHRE S /N I AR 0 1 )5
T A A FR b 25 D0 2% 5 g, R D R e o S 0 45 SR B IE T
BT B IE A . B AR AR B VR B il R R 3 15 S 1
WIPERr AR T — R T Autoformer BB 14 VR 2l fl 7K
ARAF AT 7 kL 52 TR Bl il R T 4 A i B0 Y v
. Yan S5UOR FHUR B B 05 I 45 B2 AR 20 I bR ROE I £
FUBEAR B S 30T X RIR BB AT A i W, 7 = 45T 3k
F Zynq7020 5 AR BE 2= 2 B 1T T —Fpim A Uk
W2 KT R G0 i e T A% G 12 W X T A 5 1 B g A%
A R P B B T L O DL B A A R R X A 1) A,
PINFEAE B R 2l R IR 315 5 1 SR AR e M R AE L
LA R B 28 AR 5k — [m) A, 4 3 T LA AE DG U BE RN Lya-
punov F8ECH LEG H b 06 B 0 A6 2 43 8525 40 i 2 80IR
A J7 s ST X il AR 2

SR, B 5 I AT A TR A AATT & BR324 > A6 T30 %
RPN A7 52 B T AR 2 R, TR B 2 2 R R 2
SR AR, O HL SR IR R A0 B AR Sl B840 A7 AR ALY
SRR RRAE A BE R I B M ROR . SR T Al R BT AE BILA 3
N TAERRBZ T RER N BIEE B A E R
BEHLYE S B0 B 2 S M RCRIE A R AR A, TR
(transfer learning, TL) I GEAR 47 Hb 7 R i 2 ] #, H B
AR 5 11 S5 7 L A i R TR A A7 i TR0 7 I AT 5 R
. Guo FREH T BB B ML, I H A T 401 ik
BL -5 25 1R 00 5 LA R it e B s ARl 1 ML A 3 52 12 W 45 1
A% A5 A TOUIN A5 [R) A, Singh A5 A BT HRE ARG B
IR G B RS IR EE S 2 0 3d M RN IUR Bk G
BSREEER F I HEQARZS & i e T3k — [ R, 7 b
SECV YR P R B A R 4% (DBND XHIR 3h 5 5 0 g Bl R
{8 B PR 14 SR i 7% B4 o 4 T FE 1212 (long short term
memory, LSTNVD R Sy 5 A, 3 47 & 3l il 7k 7w 049 #0000
T S B — R TR B I Tk T
FEAE TOUAE 30T X il AR il B 9 8RR IZ T L M e 17 e e 12
o PR T B AR PR G | ) 12 W R B M R R R A I, g

— 44 — BESETEEA

20244 ¢ B
H435 FH

Xt 22 00T 8 e R R Sl Al A R 7S B S 1 T, T
FEAEDVE T — R4 A LSTM 58225 ~J (il BE R 51 05
T ABIBET X S 50 W A 1 1o M . Zou BTN TR
R LR Y T A% 12 W 1k R 0 T 7 25 29 R B R TR B AR
Wasserstein X P £ ¢ AiF 1) 3R & g 77 . {1 15455 78 BE 48 AR
PR IR FRRRAE . RO SE R T —Fh 2 IR T A8 4
2 07 R T AE SE S B IE AR A 0 VR Bl AR R 12
I3 NG PR Y )

FOHCET D L R B 2 20 BRI 2 it ] 4, LSS B AR
rh SR BRI 1 A BR P R B 8 R T LR AT AT R 4K
T, AT 30 R R A A 9 A R S B 3] 5 R TR o O
A0 X 2 B T R X K e AR A 18 AR I 5 £ ]
S S B S B AR o A ) A A i TR A G B

L5 b Xk SR AR v Y [l RO [R) BN ()
HARAR TR MTEBAES RN T —MET 8 %560 (au-
toencoder, AE)-LSTM-TL [ V& 3 4l 7K Fl 4% 75 Ay 10000 77
B R A Sty B Sh 4 SR P R IR R S (E S i R
AiE, PR A AUZE LSTM 8 8 Xof 38 4% 77 iy 647 F0M 3 5 IR
Wbl R 3813 AELSTM B84, 75 J H b5 380b 19 £ Xt
AELSTM #8125 , 56 % B 180 S 4000 10, o i FH 0
S AR X H AR B HE AT 0N L 4R i A B T LA
AR S A PR B ] R 86 G 2R 1 B I 30 5 L IR I
TR BT RBAT 55 09 7R 3l b 2K ) 4 5 i T

1 BEAXFEE
1.1 B%H

AE JE IR 27 > W 465 v — X BR B9 19 26 254 L B T iR
e AR PG AL 34 (B AEE 24 Z W T 24
SR AU AR BURFIE A5 . AE & — BRI A R
R O 4 B0, LI 2% 7R AN 1 R

iz

)=

L YN

F 4T o A L5 1

—> [ i A BT PR A R R A A T SR
TR AL AT A B B, 28 0 Al e P A B0 R B
AT A5 80 iy A B0 B AR AR . K A2 B BUZ 1
JE IR RS« B AR R

h=g0(x)=0cW,x+0b)) (D
Kb Wy 5 b, g i B BUE (i B 5 o0 o 4 B2 B0 PR
B AE 85 PIZE M & . 570 57 40 G 12 4% 412 JBCAS) 4R AiE 3

Hh BB O T



2024F 2 B

e 54385 F 2 Hf

(FERONTEES THIECE PN -E:8° % NN T 9k i yip)
fir i AR

xz=g0,(h) =o,(W,h +0b,) (2)
s Wy F b, 2050 S e A J2 B9 B ARG 5 0, RIS )2
PR T PR — P S A 4 ) U2 LB R e D
5T R A AR RE ST X T m JE A G L L

AT Gl o
h, =oc.Cw, h,:.+b,.) (3
W=, (wpiiihpir +00ii1) (4)

KPew, o0 M, SR EE m 2 AE 9% &5 A5 65 A
s b, M b, IR E B, RS m RRA L, BE
H o T AL VA R A g R R 22 B B B,
R, W22 WL B D01 H AR RN T -

L o
T (wab) = 72 I, —n', Il (5)
i=1

7 P K B 0 BB T 2 i 28 I 4% 10 A7 22 5 1 5
2% 2 B0k S I G T 45 (14 T BE |, B2 11 A A A B 1Y
FRAE . [RIE AT LA v 8] 2 0 i B AT iR A, S S
JEL, M KU 5 0 4% (B R 25 AE — E Al
A5 22 A R S 1T LA A 32 0 4% B BB 1) AR F 2 58 45 14 o A 3
8T i A B K A RUE A
1.2 KEHFEAIHMERE

LSTM ¥ 4% HAT AR5 (493012 BE 145 2% > JE £ 1k e g
FABE 1 o 3 3 AT 5 R B R P E R TH A B R S5 T L
PR 15 B R I LSTM % 32 BR300 %4l b i T
T ORI R B 15 IS AL 4 X U T LSTM M 4%
T IR A B AT A K AR B G A 1] R B L LST M 45 4
e 2 B,

(=)

N

—>C@

BT

I il

v

BN

S

v

/

>

B 2 LSTM %5

LSTM PG ¥R 50 R FH 38 01 587 171 LA B B R 1T L
I3 2 N A R N K e S et W N O (=) <

TS TR T S B P e R AR B T IE L,
X AR AR A i T s (s B R B S LI s A R e —1
B 2 B BB 2 A5 B by FUM T ¢ B 205 AR B o, s RS
= vg /(1

fo=0(W, « [hyrsa, ] +b,) (6

A TTARYE R A S LA 20 00 Bk )2 S Ak B4R

Hh B O T

g 9 D&

BRSO B SZ B 5 L 2 NP BE AT e
1 o £ B HOHE OO tanh ARAF 2T ¢ 209 R
Pkl (U /A W 1l

I, =c(W,«[h_sx,]+bD 7
C, = tanh(W¢ « [h, 12, ]+ be) ®
C,=C_ X f, +C, XI, (9

i L0 T4 R WA IR A E e FI T o THIAL AN T RS
2T AR R o, HUOKE ¢ i 20 AR B o, Rt B2
AN ITRAS C, Wit tanh TH5 AR R ¢« B 2 BROR)ZE E 2
hos HRHAKXWNT .

0, =Wy o [hisx, ]+ by) (10

h, = tanh(C,) X o, (1D
1.3 EBFIER

TER 2 20 S8 0 T A i T oMl 40 3 55 4l A dle 1 ] A 2
1Y JE T HLAS % ) B 3T E W L ST 4% 2 2 A L ae =
B — A~ SR Y T 45U, I B RO i 2 2 3 8 R
7 FH BT Y 4008 e, Sfe B i T B BIL A DR A DB IR A Y e
J1. SHEAIRE " 0 E LIy ik B 2] e B
T RS D 5IRGUAE I ETE S Ts, BRI
D, 5BERSEMHEHEIMES T, FHEIWEHBMK
RF ISR Ds FIAH W 2 AT 55 Ts Fris i i s 7
oGO SRF W2 ] B AR SRR £ ()

TE VR AT 1Y) B A 48 1 AT 55 A5 kg AR AR I R AT A
RVE] DL 25 B X B b 4B HE AT RS B PP AL . O T AR IE
T8 50 3 1 RS TR RG W T A TR R A 20 00 I R TR Kk Y 4
WO B B — E R, T e ORI R 08 AR A B
I8 ok AT 0 26 BB 1 I 5, O B SR 5 I R AR
B 43 AT — 50, T4 2 U5 40035 1 1Y) 4% S R, O 58 B ASE AR
Y%,

MRS B ARG S A A — B AT B A T
e 2 NS FF IR S, TR0 90 245 00 R AR 42 U2 19 2 B IR 15
AR 38 Ao R R T 0 2 PR S B RS U WD IR S
B A/ i BB A AR X ) £ 14T P I 2 B AT A5 3
JERETAY , AT IE RS AN A AT LA sl 20 I S5 45 T BT 7 2 Y I
V] o AL e T A Tl B0 90 2 g 1) R S T I e
AR U 1 FEASE )

2 ETF AELSTM-TL BEZhH AR & EH TN

&l 3 fi7m 4 T AELSTM-TL B & 3l Gl & #5 8L,
e, PRI S A B & G A AR AL 0 AT R AR B B, R 4 A
AELSTM B8, S 2 B 2L =2 SR )5, 481 B 0 45038 1 £
Pt AELSTM BRI 45, 58 i i A S 8 ol . i %%
2 SRR 5 S O SR B R O i, R KT R T
RIYE H bRl - i Zrad 72 .

ARSCAEFPIZ I LSTM #8155 1 2 30 M40, 58
22 30 M AT G R 1 A2 0 X IR AT
B ARG AT 4 A AL, 5 R A LSTM LAY AH [b , 32 B

HAARFMEHEAR  — 45 —



g 5 P&

HHES AU

L) N [ =i ?

A |t

Ao O=» ||\ Y. R e S
1lEnr

g L poawE

f oo ]

Bl 3 AELSTM-TL #{#

IF) S 1) s 7 T 2 1) R 3 AR, ) Ak R K R 446 8 56 2R Y I
B B 45 40 1 M BB B 47, A SCHR B U2 LSTM. W 46 5
Bk 1 pis,

£1 NELSTM M&SH
Layer Units_number Param
LSTM 30 5 040
LSTM 30 7 320
Dense 1 31

3 ERIRBAFIEMIERR

NI # HE & A

ARICRT 3 BT IR 4 Bk T A e AR
K2 7R 3h R 19 & F ar A B9 5 O IEEE £
PHM2012 304 42 i Bk K85 v i $2 418 1 8040 467 1 Sy TR
AU ECHE R B  3A A e

DR H R A

B S 35 1 S 3 IR 4 K5 BT R 4R R Bl il R 42 75 A
JEEAE R BT A2 BN 4 B, P e
T 4 UK, R 85l Rexnord ZA-21, A SCAY R JH i
1 TR R BRAE TSR 4, BVBR 1 9 4 54 R
G, BIEE A MCRFESE R 20. 48 kHz, % 10 min
FedE 1 s(20 480 D BIBUE .

3.1

R D%mﬁﬁg piIbd; 3
o o ®

B 0
o 0

Bkl BgR2  BR3 B4
HL

Bl 4 s AR E

2) IR AT EE B

Hdl D9 PHM2012 B4l 12 4 Bk 3% b BT 2 3t i Ko 4

— 46 — HEAETMEEA

20244 ¢ B
H435 FH

S5 CBE P IRIG SRAEE E N 5 iR E BB T £
T TR Sk & 77 A AR s 5 5 MR 48, 1 98 1 K
bearingl_3 YE AT XF 42, Bl T R %% 38 1 800 r/min, %l
FREATH 4 000 N, FUdE4E B M REENI 2Ky 25. 6 kHz, &
B 10 s SR4E 0.1 s(2 560 ) BB .

S s | weann I
oo e

E 5 4 B A C il &

3) B iy St s C

SHARAE B BN R T8 W — Bl 09 4 75 1 J5 9
BUYE % $E T MK bearing3_3 VE M WFFE X 4, B T 00 M 5%
#1500 r/min, 7R AT 5 000 N dla g C RAFMIAR
SR A [ I s ] ) B9 4R B
3.2 iFMEERR

R T PPAL TN AR AL 4 M B L AR SC3E 48 U7 % 22 (mean
square error, MSE) ¥ H #ili&2 (root mean square er-
ror, RMSE) 35 45 %1% 2% (mean absolut error, MAE)
gk 2 20 R® 4 WM 4655 .

MSE Sy F5 I 50 47 1 Ji s Z50C408 Xof o7 5, 15 22 14 - 5 F Y
B, Hita AT,

1
MSE:72<y,—y,>2 (12)

K. n FoRFEARRUE; v, BoRHE | MEERIHIAY(E; v,
FOR T AFEARM YA,

RMSE 2 T {8 5 20 52 18 4 25 109 °F- 07 5 B AR B0t »
B AR A SF 5 KR D SF 687 e 00 00 {2 (] £ 22 0 ) O 22 . 3T
BT

RMSE = (13)

X n FORBEARR R v, FORH DREAR M HIE; 3 R
INER i ARSI 4 1

MAE $5 2% Y I 455 1 10 246 %3 i 22 1) SF 449 {8 . H 7T LA ke
B 1% 2 AR EL AR 14 [ L, DRI R LA o s ke 52 o 1 00 452 2

K, HAtFEARWTF
1< -
MAE:;ZU,—%\ a4
i—1

X FORFEARRCE s v, RN DREARI HSES .
RN AR 4 1L

Hh e Rk B A0 0



2024F 2 B

e $43% B H

R* 2275 [0 5 75 72 68 L0 e Fy 4005 2 B e T R R
A AL SRR A I U OC R A AR B R A L.
RN

E<y; _5/:)2
i=1

Z(y, —y)?
. n AR E; v, TaE ADMIE; v, R
ATUAE 5 v FR ESEMSEHE,. R WBUE B R0,
1], — ol il HE K L e am A A A SOR

4 HRWIESHH

4.1 AE SCI451FREN

AE J&—Fh I Wi B 42 BURAE 14 X FR 20 4 iE 2 2 )
2 TR SR o AR v REAS W g A T I AR AR R AR HR 25
A Y5 BB SIS FRAE S 10 4, XF AT 5 N YFAE AT AT A4k
WK 6 5 7 frs . v LLE W, Bl 5 B IR 8k B K, REAE 8 1R
{0 of K

R’ =1 € [0,1] (15)

. 00
“a 1000 0%
6 Sl A $RELAY 5 ASFRE

500
1000

n 1 500
'77’”7//05, 2000

B 7 4 B HREUH 5 AN4RAE

4.2 E-T LSTM HiR SUIE0UER Bh 5 74 71 i 42 2Y
DR A SR I 2R
A BUEE— L1 983 Ant Al S A5 5, A 333~783
ANIHA] SR R U 2R, N 783 ~ 883 VE R ERIE 4R, BT
100 4™ i) 5 (883~ 983) 1/ M il ik £E .

Hh B O T

g 9 D&

fifi FHXUZ A9 LSTM B R, 4 A8 Aisf i) 767 11 A9 /DN o 1
IR 1N 25 G i A5 2 e 00 5k 4 0 A7 T, 43 501 i 5 A ()
Biof 1] 25 A5 B B T 2R 22 N3k 2 BT L 45 AR R BT E] 25 K
20 B TN R e 4 B TE] 25K D 20 B TN 45 2R an E 8
F R o

F2 ML (AH)

i a] 25 K MSE RMSE MAE R*
30 143. 24 11.968 3 10.3550 0.828 094
20 36. 87 6.072 1 4.081 1 0. 955 750
10 331. 30 18.201 7 14.988 6 0.602 395
5 514.56 22.683 9 20.527 0 0.382 461
100
80 |
=
& 60 |
4
s
&40}
&
20|
0 L I I 1 I 1 1
880 900 920 940 960 980

I IE)/10 min
8 B 2Ly 20 B i T 25

DFEH B B I ZRAE R

B I S 36 A 2 375 AN E] AT (RS, B 1 400~
2 075 AN]SR YIEREE 55 2 075~2 175 AN [] 50 36
TEAE BRI 200 A4S (2 175~2 375) B[] a5 A D 3 4

I XUZ Y LSTM REAL, 228 i 6] % 150 f) /) fd )
IZRAE LI R B L b i 4o 4R 2 A7 0 RS Al L A g
)20 K e 4 PRAN 48 b, 45 SR 3R 3 T am L R B ] 20 K
oA 20 AR Sy di (A AY 45 B 1% 5 4 A5 i T 45 R A 9
N

x3 o H(BE)

A ] 25 MSE RMSE MAE R*
30 336.61  18.346 9 13.9324 0.899 014
20 430.04  20.737 4 16.959 1 0.870 984
10 490.16  22.1397 20.290 6  0.852 945
5 1578.55 39.7310 37.3387 0.526 421

4.3 FEHAARARIRERE(B>C)ERSIF

AT R EIE B AR TR 1 A Bt L R AT R RO [R) TR
(B~O BRI, B GRSEHEMA AE &5
A ELEE A C AR RRAE R SRR AT 3 AN RRAE AT T
AL, & 10 Frs . 7] UG W, BEAE 3247 B 1] 9 AR K, R AR
RSBt TSR

FESN R ESEAR  — 47 —



Big 5 B &

Tl A

)
\
[

=50 B , " . . " \ . L
2175 2200 2225 2250 2275 2300 2325 2350 2375
BF8)/10 s

B9 KA 20 MF 47 G 0

0 3507
100 7 L2s
200 07500 R
,99«/57/10 300 0 5050 @'@v
S

400

E 10 4 C #2ELAY 3 ANERAE

i C TR R B 2 W FE A, X B 3y LSTM 2 it
TBBOE AP e AR 4 2R 4 B, 45 BRI YA
Bk 88 WHiR2ZE &/, HIL KGR 88 1E S BUM R Ay A A
B AFF A C AT A 75 oy UM 25 SR an i 11 B

x4 BCEELSH

HE A
FeA% MSE RMSE MAE R?
R 2 A1
48 111.28  10.54  9.81  0.4656
B—~C 68 57.27  7.56 7.09  0.7249
388 13.09  3.61 2.81  0.9371

I 7€ A A0SR 1 3 2 6 AS B R 88, o AR SCHR Y
AELSTM-TL 5 £ 55 4§ 31 #h 28 W 28 3T #% B A (recurrent
neural network-transfer learning, RNN-TL) % & i 25 [
2 i # FE Al (deep neural networks-transfer learning,
DNN-TL) , % K ¥ 22 7 (maximum mean discrepancy,
MMD) . % B X} 1 W 2% ( domain-adversarial training of
neural networks, DANND 4 Fifi Fl i % 2% > AH ¢ Ay 50 74 33t
ATXF A AT FEAR TR X L 28 5 B 7R, W LIAS s BT 42
) AELSTM-TL #2 B F H Al 4 Fp 4R, AELSTM-TL
B ) MSE XA 13. 09, B /8 T oA A5 0 44 359 5 2 22,

— 48 — HEAETMEEA

2024 2 H

$43E H
sof —- FLAR
a2 -x- PRIIME
40 +
=
=30}
&
%
420
®
10|
oL . L L L .
390 400 410 420 430
18)/10 s
11 88 MHEAIEAT S EIAROR

X F A A ST H 1 AELSTM-TL A5 %I 3% S 56 47, 3F H A
A U5 1 S M P 5 40 0E O M L SIE I e O 9 T & TR
SR AN T 00 R A R RS AT 55

£S5 B>CARRERIBRSH

T 2 551 MSE RMSE MAE R*
AELSTM-TL  13.09 3.61 2.81 0.937 1
RNN-TL? 44.61 6.67 5.21 0.785 7
DNN-TL™ 76. 60 8.75 7.26 0.632 1

MMD"" 39. 94 6.31 5.48 0.858 6

DANN™ 497. 29 22. 30 18.80  0.357 8

4.4 AEHARBIREIB(AC)ERTHT

e AN T gl A [ T 20 99 38 #% AT 55 08 T 428 A A2 Y
HEAT B0 F e AR R A A A B R Y AE. BRI
U C BURHAE A3 B R TT 3 RHAE A9 AT B AL 45 R A 12
B

200 .00
Loy 5070 ¥&
Yigg 400 T, 025
Bl 12 4 C Ay 3 A 4FAE

FI AR C A R B AR AR WA AL 1 Y LSTM 2
T35 500 L 15 FH VR 38 S5 A BB X 45 C B9 s 50
AR HEAT TR A 25 A WO, WU 45 SR A0k 6 Fron . 45 R R A
SHREARN 88 BRI/, M IS REA N 88 W45 2] 1 bl A%
Far g K anE 13 Frok. X 11 f 13 KL R
RS [ T 00 893 B AT 45 T A0S B0 5 % A0 00 3% 22 B B

Hh BB O T



20244 ¢ B
H435 HOH

KT R R A 7] T e AL 55 .

x6 A>CIERSH

HEH

BRAE MSE RMSE MAE R*
G2 S
48 132.79 11.52  10.65 0.362 3
A—C 68 117.26  10. 82 9.74  0.436 8
88 70. 80 8.41 7.65  0.6599
i . —o— LA
N - FRME
50 F
40 |
=
B
£ 30 |
i*®
&
® 20
10
0L ‘ ‘ ‘ ‘ ‘
390 400 410 420 430
B ME)/10 s

P13 88 AMNARAHEAT 2 Bl i Tt [

[ B 48000 8 2 R A By 88, 8 AR SCHR Y
AELSTM-TL # # 5 RNN-TL,DNN-TL,MMD, DANN
ST 43 B HEAT X b $8 AR P X 3% 7 B AR L T LAAR
T BE A5 T B 119 VR s Bl 7R R 4 5 A TN AT: 55 op , AR SO
$EH Y AELSTM-TL #E8I68 F H Al 4 A4, AELSTM-
TL #E# ) MSE & 70. 80, B & /)N F JH: Ath A5 74 1) ¥ Jr 5%
2%, X FWIA SCER I Y AELSTM-TL 45 % &% 5 05 47, 2 B
Fr 4R B 5 Bl TS [l R AS T T T B AR R A
1%

x7T FEETHBEBEXE S

H5E 0 28 B MSE RMSE MAE R*
AELSTM-TL  70. 80 8. 41 7.65 0.659 9
RNN-TL"*! 102. 53 10. 12 7.23 0.507 6
DNN-TL™  107.70 10. 37 8.75 0.482 8

MMD"" 90. 79 9.52 8.12 0.528 1

DANNM 85. 27 9.23 8. 45 0.552 3

5 & it

A —Fh LT AELSTM-TL By ¥ 3l il K ) 4 %5
A O 5 2%, B A 56 R Bl R 7 8] R COR ] T R ]
R T00F BT RBAT 5, EER BT 4L,

DT o S0 A HE SR AR AE H Sh IR (5 5
HYREAE 42 38 9% 3 15 5 vh VR 2 KRR AE , 75 H W2 LSTM
P IEUEST () 3 0 P R AR S o ST 8 S A A ) Ak K i ) 4K
2K FR 1 B [0 370 BB 1 M R AT

Hh B O T

g 9 D&

2) 32 56 7 ) il AR AS [] 1 0 DA B S [l Bl 7R ] L 50 7
Fobi A 0 T X Jalt 7 1% R0 A A i AT S0 L O T A R 8K
I A AR 2 X L 2 BT Y A 5 2R
DR 2E BN BEOIE AN R IR A 55 F B0 Ax A7 i B

2 % x o

(1] KT, W, LR R, S sy [ IS N % > 240
AT BE AR 2 0 2% A8 il 7K i B 32 Wi b i 2 B SR LT .
MR T2 2241, 2019, 55(7) ; 81-88.

[2] MENG Z, ZHAN X, LI J, et al. An enhancement
denoising autoencoder for rolling bearing fault
diagnosis[J]. Measurement, 2018, 130: 448-454.

[3] SHAO H, JIANG H, LI X, et al. Rolling bearing
fault detection using continuous deep belief network
with locally linear embedding [ J]. Computers in
Industry, 2018, 96 27-39.

[4] CHENG Y, LIN M, WU J, et al. Intelligent fault
diagnosis of rotating machinery based on continuous
wavelet transform-local binary convolutional neural
network[J]. Knowledge-Based Systems, 2021, 216:
106796.

[5] Wetk, £Z, ExFk. 5. £F Autoformer BJIR il
AR A A A B L) ] A R, 2023,
46(13): 169-175.

[6] YAN X, LIU Y, JIA M. Multiscale cascading deep
belief network for fault identification of rotating
machinery under various working conditions [ J ].
Knowledge-Based Systems, 2020, 193 105484.

(7] Z==W, memnst, AW A UK R 2 B R 2
WSS BT ], E AR IR . 2019, 38(11):
147-152.

(8] FhHE, &iLik, &4, & IAE B R53HE
) RA R SRR RS Wk [T, 3h o T
R, 2023, 43(6): 749-758.

[9] LEIY., 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.

[10] GUO L, LEI' Y, XING S, et al. Deep convolutional
transfer learning network: A new method for
intelligent fault diagnosis of machines with unlabeled
data [ ] .
Electronics, 2018, 66(9): 7316-7325.

[11] SINGH V, VERMA N K. Intelligent condition-based
monitoring techniques for bearing fault diagnosis[ J].
IEEE Sensors Journal, 2020, 21 (14). 15448 —
15457,

[12] ESrdfe, EER, RGN, 5 ETHRELR¥IN
TR R 4 il A5 A U (T, s AR SR,

IEEE Transactions on Industrial

EAARFMEEAR  — 49 —



3

[13]

[14]

[16]

[17]

[18]

[19]

[20]

[21]

55

2020(12) . 130-134,137.

I &, M, F T WREEX TR ] A
TOT HUMO B2 W [T, ¥k 8 A2 2% ik, 2023,
36(3): 845-853.

T B, XU, 4 BT TL-LSTM #Y Rl R i e
FAR AR S AR LT ] XA AR % 4R, 2019,
40(5): 51-59.

ZOU Y, LIU Y, DENG J, et al. A novel transfer
learning method for bearing fault diagnosis under
different working conditions [ J ]. Measurement,
2021, 171. 108767.

PRORZE, BR2dy, H3CoR, . DREART IR SR ik
Wi 2 IR BT R 2 W ik LT, Mt 5 AR 4R,
2022, 36(2): 219-228.

PREmde . MRV, 0w, 5. BT A RN
TEER I W BE BT AR S S [T, AR A 3R %
2019, 40(1) . 257-264.

MR, gk, BB, 4F. BLSTM 2 [ 4 1
AR ) 4 fdE ) S A U ORRE 5 [T, R B TR A IR
34(2): 411-420.

JEARSR, BV, fIu, S TREIWR R &K
PR, 2015, 26(1): 26-39.

QIU H, LEE J, LIN J, et al. Wavelet filter-based
weak signature detection method and its application
on rolling element bearing prognostics[ J]. Journal of
Sound and Vibration, 2006, 289(4—5): 1066-1090.

NECTOUX P, GOURIVEAU R, MEDJAHER K,
et al. PRONOSTIA: An experimental platform for

bearings accelerated degradation tests [ CJ. IEEE

50 — HEShEmTIEERAR

2024F 2 B
F43IE FECH s

International Conference on Prognostics and Health
Management, 2012 1-8.

[22]7 ZHANG A, WANG H, LI S, et al. Transfer
learning with deep recurrent neural networks for
remaining useful life estimation [ J ]. Applied
Sciences, 2018, 8(12). 2416.

[23] ZHANG ], WANG Y, WU Y, et al. Inverse design
of on-chip interconnect via transfer learning-based
deep neural networks [ J]. IEEE Transactions on
Components, Packaging, and Manufacturing Techno-
logy (2011), 2023, 13(6): 878-887.

[24] JIA X, ZHAO M, DI Y, et al. Assessment of data
suitability for machine prognosis using maximum
mean discrepancy [ J J. IEEE Transactions on
Industrial Electronics, 2018, 65(7): 5872-5881.

[25] MIAO M, YU J. A deep domain adaptative network
for remaining useful life prediction of machines under
different working conditions and fault modes[J]. IEEE
Transactions on Instrumentation and Measurement,

2021, 70: 1-14.

£ & & v

R AR, 2 FWE ST 0 TR S R VE RE VRS 5
Tl 4 75 A T
E-mail: 3426338574(@qq. com

kg GEAFMEFRD Sl IR, 258 75 ) AL 3R
GRS W 5 70 4 55 T

E-mail: zhangwan@nuist. edu. cn

Hh BB O T



