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Domain-Adaptive Transfer Learning Method for Rolling Bearing
Fault Identification

SHEN Wei, HUANG Jinying, FAN Zhenfang, WANG Yuxuan
(School of Mechanical Engineering, North University of China, Taiyuan 030051, China)
Abstract: To address challenges in practical engineering where bearing data contains noise and labeled
data is scarce, this study proposed a transfer learning method for fault identification using a wavelet packet
1D-CNN and compound domain adaptation loss. The developed wavelet packet branch attention CNN
(WPBA-CNN) integrated wavelet packet analysis and attention mechanisms for noise-resistant feature
extraction. A branch maximum mean discrepancy (BMMD) loss was designed for multi-scale branches,
and combined cross-entropy loss with fast batch nuclear-norm maximization (FBNM) method to form the
domain adaptation compound loss (DACL). Experimental results demonstrate that the accuracy of the
WPBA-CNN-DACL method increases by 16 percentage points compared to the TICNN method, and the
accuracy of the BMMD component increases by 3.3 percentage points compared to the traditional MMD.
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The average accuracy rate of the 20 migration tasks reaches 98.24%. These experimental results validate

the synergistic advantages of our method in noise suppression and cross domain adaptation, and this

method can serve as an effective solution for unlabeled bearing fault diagnosis.

Key words: convolutional neural network; transfer learning; domain adaptation; composite loss function
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Fig.2 Attention structure diagram of branch convolutional block

HARRARNT

D RRIEFT AL : K50 A4S 53 32 I R AE VT 38 1)
AR, B SR

2) 4y ST B 53 SR RRAE T R
GmIE ", BIE I — R RE S

3) 4y ML : THAAS HBYGEIE I CAMAE ,
SRy S EEEEE, T RS 2 R REE A Tk 5

O FHERG 5 E 15 IRE R IR 5 8
¥, Rk 43 S 4 B i i A bR CBAM AR ER , R4 5
WIS A R 2R .

1.3 NMNEEEERE

NIRRT LHA LN SRS
U R, )P B /N DB 0 i O VR AL R AR
MR BT, AR SO —FioRg /N £ 23 ik 4

___________________________________________

Conv(64)x8

- 'ﬁ‘ Jiéé)%}% \
VAN
{

Conv(3)x16

=

R

1
"""""" >L INHA 4

o

--------------------------------------------

o= =
"""""" N J_

-------------------------------------------

FE R 25 I 45 T 1) /NI A S S A2 Tk

BN e LY GLEREZ DA KU AP S O (e 5Tl
TTTACEE A R, TERSRY N ERIEATI5 5 20, JFxt
VA5 RO i [ St SE A A AR, i
FIWUHI RS . R AR T 1850
e AP O i RN WS, I AN N8 I T(TAE B i BU R E 6= A L
Tl 1 35 A ST, RN T ARG MM R R R B
TR 55 PR YR A A SCERRAE , NI 250kt e T AT
VERERUBEAS ol st . ELACE TR

1 FER B E N AL #1773 i B, Daubechies
INBETE A db 4 /NS T ERE A UMAR h 155 AR
PRGN, PRI, AR SCBERE db 4 /N T R AR
WG ST =EH o, USRI )2 55 0/ 4
i, R 20T, WAL S AWK
FEWCE i, TR0 4 .

____________________________________________

Conv(3)x8

Conv(5)x8

Conv(3)x8

Conv(3)x8

Conv(3)x16

Conv(64)x8

BCBAM
(R PP

~

K3 N REERZ

Fig.3 Wide convolutional layer of wavelet packet

2) XIS UL — R i 205520
i, R B 64 1 96 UL HEA T8 AR A . A8

AR — 2 BRI TE BB, B S
P00 — 4k % 3l 45 5 v 23 TR RRAE £ 5 A 2 HRE



CEVEE 223 1)

TR Bl RO I I A% 2 > R T i (- 45 635

71, RHRERIZ M, ARS8 T i
FURHIE . BJS , XA S AL A ST IE R
A A AL AR, X AR 15 5 AT XU R
MR, TE i KA OR B3 W R AR 1 [ B, A DR T
A 1555 o8 1 RSO — 3

3) ik T B I PN T 451545 43 SO -
G ORHE R, HOCHR(E 5 0 REAE 12 W P X 45
AT R T INEETEERZ I M4 455
e 3 iR, I S EONERAE R R BB R
D X f M AR

1.4 ZERESRE

2 N2 R 22 M 45 J2 AR (T 2 A AN TR R/
& B TR R SR I . XL RO BA A TH Y
A2, BERSTEAN R RO LA AR PG IE

TERZR R, B M B L T TR 51
(18 JE B ARRSE P RT2 AARAALE, A DR AR A s Halc e
BT  BRIYE BN BEAS 1 L 2 S
] B E AMEAURRAIE , A SIS s S
Z REERUT LB 4 A K LA R R A A
¥, (BT REAS 15 221> 18] RUE b Al F 5 1Y
IR , S ABAL BT 4 ik 1V 4% Fi A2 e 2 AE AL
AR s o Sk e B BEAS B o MR v 1 81 4
Jta SR AR R, DA IS SR AR A (5 S R Y 22
FROBEPRfRRE S RO BRI 4 s .

( ZNEERE )

-l
Conv(1)x32

K4 ZREERZ

Fig.4 Multi-scale convolutional layer
2 WENEBFI MK R
2.1 RZRIFMK R

7N
id
2
I,
&
B
2

NIk REE

A8 U A5 2 (Cross-Entropy Loss, CEL) /&4
i G, R R AE S S ) T T —
bt 2 pR RS, T B B R i S S LS AR 4 2 ]
(22 5, JF I EGE i e/ MEX S 22 SR AR AR

TEZ2 o3 ey, B RL iy s %) 0 2
SO 8 TR ME 5, X SEARE AR 3 Softmax bR F
TR BT A S R TR 2 2 F oy 1, BShR % y,

Je— GRS R 1, Ko U — iR 1,
TR TR T IJ], HARILE N 0. 28 Uit
KRBT LR

C
LOSS('EL:_ny log(&i)5 (1)
i—1

A g R BN 5 CONREA R ISR
ASHIF T X IR B 2 (0 R , SR S8 U
RN R PR IR e 43 2 bR B

2.2 SXEAHEER

TEIE R o7~ Fr 0 B 5 3 2 ik ke H AR
PRAEIL, S A RLE H AR R Az (R RE ST, I
752 BUE B 2 ) B A 8007 v o e RIS (ER 2 5+
(MMD) 4512k bR A S 22 ML 17 07 125, FEBLAS =
> FE RS 27 > vheb T BE R P AN R EAH S 1 73
A5 Z (B A EE RS . MIMID J 748 2 He A w1 A B
R WS IS B 4 (E 28 ok PR B AT 2 1A A 22 5%
MMD i 5 pR BRI 23 30T AR

1 n 1 m
Lo.s‘.s‘MW)—Hztﬁ (x)==>4(3)
ni= mi=

H

2

1 n 1 m
ij=1 ij—1

2 77777

DK (), (©))

nm ==
Kb o 5y, WD AE AR PR ITE;
GO MG K n 5 m MESG KA K(a,y)
b Wi R, B RBF A% pREL
K(x,y)zexp(|x_3)2), (3)
20

Krbr: o N SES AL, RIS R B IR R E

T b N R A WPBA-CNN A2 7 H
1) 5 SCEEH, 4 T 43 3 i K A 25 5 (Branch
Maximum Mean Discrepancy, BMMD) J5 i, ¥&
BMMDHESE T, 7R EAsr 15 MMD 2%,
DIKSHRITAG RS BRI Z R R E S (8] 43
A2 5 o

BLACRE, XF TR RUEE, B Sl ol A A RE
TEFR I SR BURFIE R , SRS TR SR H A
FEIEZ A MMD BEES , AS[R] RUEE () MIMID 5 A
FWe T 4% HREE R oA 22 SR AR B, B AH B AR
gt I 2 i1 R AR 1) S e N A

R T LA AR MMD 2k, SR Ik
ARG TT F R 2 BMMD 4556 pRAT S0, DI A




636 b R A s CASRBREROD

2025 45 5 )

[ ROBERAIE Y B EAR I . BMMD 512k R A AR 56
INHZA MMD #5355 pRAEGE A E AR

B

1
Loss pyin = z E LUSSMMD, ’ (4)

K B R AR AS TR RUEE (15 MMID 453 2% 114 1R B2 44
5 Lossynm NI K MMD K

I I A5 2 oRBIGH B 5 4 SR RS A
L S Z SR . ABFOE CEL fl BMMD
P 25 A b T 2 A 1R pR G A T I N A RS 2
2, VASE B R AR 0 B B 1R

2.3 #ELEHRRWL

PRI W TR 2 AT 55, i T H AR s
B ZARZAG B, TR R AT A KRR
Bt AT RERER AR, Cul & R T HE A
I8 B & KAk (Batch Nuclear-norm Maximization,
BNMD, 7EAE N 25 BRSPS BB R 32 T, A
AT S0 0 2 A O A B X i B 2 ) ek AR
G AT T A

3 1 A B e KAl AT DA v AR A (1% AT )
MZ R, PTLAHE S8 o TR FIEEC S8, it
T BB REE y h R I & SAE, S TR AL
HuTHAA, SR P p v 2% 258 531l w7 1) 2H 65 A 3 B
it R A o, 7T LU N

m

T

0, Zap(z:yj,f, i
j=1

3H AR SR AR AL, AT LAFE AN 520 P B Y
TOLT, AR 7 SO R R g, B R R
M 1 4% v B i K fk (Fast Batch Nuclear-norm
Maximization, FBNM), 2330

min (m, n)
lyl= > Jo. (6
j=1

L AT, FBNM (EBECR , F0im 6 B4 1) m )
SIVE S Z AR, Ol A S E N S R, AT E
SCFBNM i 25 PR %K

Losspan=—13 [ o 7

V€O, ...,min(m,n), (5

2.4 HIENE SRk EE

T8 3 T 30E N AR 2 ) v, SRR PR
JE— R KA T H o 7E8IE I G #8272 A HE 48
T, O T R AR A B PR R 1) AR 2L
TR, A RS AR SR R B LS TF ve iR o —
U pR A JR BRAE AT 50 5 2345 AU Y 52 3L

F 40 2% PR CCELD | 50N H AR 6] 19 0 S i
KIE 2 5K REC(BMMD) , DU £ 5 H Ak
FOOI AT S 0P 0 22 P 8 A% 9 U R AR 2R pR AL
(FBNMD , $& 7 — Bl 08 B 52 4 4 2% R ER
(DACL), HAHPKE epoch AL T 2 A, A=A
J—
Leg 0.5 X Ly, epoch <100,
Lee + Liyns 100 << epoch << 150,
L+ L + Lo, epoch =150,
(8
XFPE G R REES S T 2 DA F R R
B, 3l A U A O R B, e KRR AR A T
By e rkae . PES H bR Y AR S5,
DY QER S AINECT I BUR TS SV c ST RO B =T
MR ) 3CHE o IZRECRU & T3
N IE RS 5 o] BRI AR R, A O S BRI A de
T 7 [ R AL 1SR ) M R S

3 ERBFI LGS
3.1 Y&F*®

WPBA-CNN-DACL J& — R I#7 04 3808 1 1
Fop 2] ik, R/ N AL SO R T B R &
M 2% (WPBA-CNND 5 38 i& [ & A #1 2% R 5L
(DACLOYAMLE G, B ERTH T B IE R 1
PERE . %07 B B OB AR B PN I -

TERRAE SR U7 1, WPBA-CNN SR /N 49
IR B AR i AU AT 22 RUBE 438, IR T
TR A5 . A A L, fig
% 2 25 PR AL X AS TR RRAE 2R 7R (1) SC T E AR, AT B
A R FE O 73 FAT 55 f P M R AE . X R
P AL I 5, 1 AR Y hb P Je MR A fE T, AE
FPERE T RGP A

TEBE R AR AL 7 T, DACL 2k B & T
SFhOCEI AL, 2B Bt B ARSEAT AL« 28 U
PRk (CELD W ORI S 7 JE Pk fig L o0 Sl RIS 22
SR (BMMDD fe /MU R] 3 A 25 5%, Pk dit i
B KA 2 (FBNMD 3458 H AR B ) 1)
PR X G5 B BOOL A S m S 1 iR s iR
] BRI A REER

S >R H Python 3. 9 #4335 Fil Py Torch AE 22 52
P, 1% & batch_size 4 50, 2% #1r }y 0. 001, fdi [
Adam AL #5347 250 1~ epoch A Il %4



CEVEE 223 1)

TR Bl RO I I A% 2 > R T i (- 45 637

3.2 SLIGHEE

AHIFSE S 50 504 35 FH 7 [ R A TR K 2% (Pad -
erborn University, PUD VR shili x5l 42,
TRAEE PR IR SIE S, BlR SE g B AN 5
FIi7R o

5 HUREHE LI G
Fig.5 Bearing data test bench

N T AT R 00T B SE2 BT IEIE , A
PR T AR RO S AR S 362 A 3 AN [
TN RIS ECE, FURSCRIMEZS RN 1 PR,

R OLEBIERET N

Tab.1 Experimental data collection conditions

gt 3/ (remin ") U/ (Nom) 1 J1/N
A 1 500 0.7 1000
B 1500 0.7 400
C 1 500 0.1 1000

FEIX 3 Fh TB0 T R AL A R R R 3h (5 514
JT AW ST R S R e A o AR e e ) P AR
FIE W7 AR, BEHCT 1RRIE RSB | 5 M4k
Pl S S R 3 T A BB B e 2, 3t O Aol e 2t
B, RIS B o R SR IR A Bl R
BRI SR AR PR A TR AR S BNk 2 Fs

Tab.2 Experimental data types

ErRe WAL R R IE 1 77 =X
0 {athR - -
1 1% ] LKA (BE80)
2 1% N FELJAfE 2] (o)
3 29 PN FELJAfE 2] (o)
4 1% ] BhFL (9%
5 24 N FhfLCGHITE )
6 1% A HL KA (BE80)
7 1% ] FELJAfE 2] (g el )
8 24 P Pl FiL 2 (ol )

3R g Rl TS Y R AR S 06 ROHE 34 R 4
500 Z& 54, B AR B B 2 048 SR AE B A,
B A i B A 5 AR 1) LB 91 1 1A T Bl
HLELF S 43, BIAEFR T80 6075 4 050 25l 28k dis
450 5 EHE o

TR (B RE , R RIR IR SIS S5
IYHIMA—4, —2, 0, 2, 4F16 dB AR MRS, 78
SR Tl T PREE MR th 2RI | AN HE

OIS LS S IR AR S e AR S
TR B, YRS PRI 22, X e
(O IE — M 2 T R oA o DRI, SR e 30
PR LA M R AT ASALL AT PR ANAT

3.3 MiERE

9 T Y6 AIE T 42 H A WPBA-CNN-DACL )7
BERVLE M 75 IABE T 1S R PE LR, ASBIF 5T ik
BT PR R

1) FEPERERINS L2

WPBA-CNN ARG H 095 8 53 S i 2
D28« HAIH 1 /INEE 3 S B A5 R TR T A5 A
TR RE T .

TICNNUE G THEIIZ CNNDY' : [RFEL G5B
FERR 28 I 28 EAT: 55 h I JE R

SOCNN G 25 A AR AL TR BE 26D A Ry
WEF T AR, X EAT T 45k 4k o

2) 11K REON LSS

WPBA-CNN: R 38 #5225

WPBA-CNN-MMD"™ » 5 F i K ¥ {H 22 7
Wk, AT AL GE R3S N T R 2 ] .

WPBA-CNN-BMMD: FEF U H 537454
fo FHRRE ) 9 BMMID £k sREIGHEA TIlE IR R 2~ o

WPBA-CNN-DACL: Afiff 5% $ i 1 &2 4
KRB, SR T 4Bl 2 A .

AR SR A5 R AN AT DL SIE WPBA-CNN
BERVLE M 75 IABE T 0 & AR PE AL, i8R T
DACL 38l i s mg o HoAE RE SR T B2

3.4 R

HRAEG AN LS a1, X AR s A AR R 5
AT R, X ER A 2 BRI S 1k
78T, FASERIH T 5 WOTRBCEAME, BRI an
3 R

T M7 PR T IR 3 Fh AR A | 3 o v R
(9% HE A3 BT T AT, WPBA-CNN7EZ DT 5
L . AN MR —4 dB BB
. 7E C>BiIEBAE S+, WPBA-CNN H brif
1) 7 ff 2R 3K 3 85. 33%, % TICNN Jik 7+ T
7.78 EH 43 5, B SOCNN F kT 7 5.11 /4
) ; 7E B—~A T %, WPBA-CNN J5 ¥: i AERf %
(83.52%) # TICNN #& J& 7 5.84 & 4 o1, &
SOCNN £ 7+ 17 4.98 | /0 sl o X FZA 28 T
WPBA-CNN (/N A 43 32 1 7 01 45 14 RE % A7 34



638 b R A s CASRBREROD

2025 45 5 )

M A, ST e, R4S SOCNN
K2 RELBRGPEREM T TICNN Jri%k, {H/)h

WAL TE A BUZ 16 R e IR B P PR R SS L B63E T
WPBA-CNN 4

F 3 AW ANIE AR F R R R

Tab.3 Accuracy of different methods in target domain under each noise

FbRR 0%/ %
ERBIIE W/dB
TICNN SOCNN  WPBA-CNN  WPBA-CNN-MMD  WPBA-CNN-BMMD WPBA-CNN-DACL
A—>B 4 90.12 93.42 94.67 99.05 99.23 99.57
A—>B 2 85.76 88.17 92.14 95.63 97.34 98.07
A—>B 0 82.25 83.12 86.04 90.42 95.78 96.87
A—>B —2 81.22 82.45 85.33 89.36 95.28 97.56
A—>B —4 79.85 82.56 86.53 91.01 93.12 96.58
A—>C 4 99.12 98.89 99.78 99.94 100.00 100.00
A—>C 2 98.16 97.25 99.85 99.72 100.00 100.00
A—>C 0 98.91 98.04 99.64 99.72 99.81 99.78
A—>C —2 97.15 97.42 98.75 99.21 99.14 99.33
A—C —4 94.55 96.28 98.53 97.12 98.96 99.12
B—~A 4 91.23 92.55 94.25 98.56 99.78 99.89
B—~A 2 83.24 87.22 91.22 93.54 96.12 97.75
B—~A 0 80.56 81.25 85.11 89.63 93.22 97.89
B—~A —2 81.22 82.17 86.14 88.67 94.17 95.18
B—~A —4 77.68 78.54 83.52 87.56 91.24 95.32
B—~C 4 84.35 85.89 91.12 94.94 98.24 99.89
B—~C 2 80.16 81.56 88.14 92.54 99.03 99.78
B—~C 0 79.54 82.01 87.52 89.78 96.89 97.78
B—~C —2 80.25 80.51 85.16 90.15 95.12 96.00
B—~C —4 74.28 77.21 82.42 87.56 91.22 94.44
C—~A 4 99.25 99.17 99.78 99.89 100.00 100.00
C—>A 2 98.96 98.78 99.81 99.75 100.00 100.00
C—A 0 99.15 99.25 99.78 99.62 99.85 100.00
C—A —2 96.25 96.31 98.56 99.34 99.52 99.82
C—>A —4 93.28 95.21 97.56 98.05 99.12 99.32
C—>B 4 85.26 87.25 90.44 95.24 97.67 98.54
C—>B 2 79.96 82.76 87.58 93.55 96.25 97.89
C—>B 0 80.56 83.05 88.22 94.22 98.75 98.89
C—>B —2 81.26 81.05 87.24 92.16 94.24 95.12
C—>B —4 77.55 80.22 85.33 89.68 91.56 93.56

B X E B VA A RE ST, fE C—>BiERS
J7 ] —4 dB # ¥ B 75 R, BMMD (91. 56 %)
MMD(89. 68 YO #EF+ T 1. 88 H 4 fi, WEHHET 43
LRI BMMD 451 2% R B RE 54T 50 b X 55 25 35
FRIE A o 7E A>BILR )y —4 dB MR 6T,
WPBA-CNN-DACL f4 #i # % h 96. 58 %, 484V
FH A8 SUR A1 2 I SR 2R RSS2 T 1 10. 05 & 43 A,
WAL MMD J5 8271 T 5. 57 B 43 4., Fe /R BL
T o B B AR W DL, RR R A AR i M A%
fF Ctn C—>B i # —4 dB) , DACL (93. 56 %) 147}
PR R IR R E TERE , 8 MMD ik F+ T 3. 88
oA, B BMMD(91. 56 )T+ T 2. 00 [ 4315

S TR b X b G N 2 S, 2 E] 6
T 7 10 25 A5 7Y 3 BURRAIE J2 J5 19 -SNE ¢ 1iE F 4k

P, 3 o AR A R AE 22 R] ) B 5 0k A T A A AE H A
OB A PR AR

H1 &l 6 FORAIEREAE T LA BT & B, WPBA-
CNN 7E 3 Fp SR o 1) 73 B8ORS AR, (HASffE FH
T N NGRS, RRAEREZE 1] A o i, e
MMD FiEJG FER I, ZARHIED B2 TT,
BMMD J5 3R FH 2243 SCAH AR s BE B8R, (Hih
FRAIRYE , T B DACL Jr ¥kid i 43 B BEv
HIBMMD 1 FBNM J5 i, TERHIE R4 & i ot
TR, S ONRCR el . WPBA-CNN-
DACLAE R E AWk sh%k, oy B Bt A7 fifk,
AT B 28 5, AL T 3G A FRoR, fERT
DK DL R I RCR et , R T AR 75
TERE2E 2 IRBE T 1S et AR



CEE 223 8D TR Sl AR I R AT
15 8
7
10, LI
. 6
5 S R
%@ u.'. " ,} 5
= . -“'.‘.} .. > % ‘:- =
E 0 ’%:.‘: 26 *3, ".’;., 4
— ow g 2. 3
-5 o ,”: ’;"
o« &t h 2
-10 “.:'2 y
Y50 3 0 5 IO G
X7 1n] B 25
(a) TICNN
10 8
8 R 4
6 T, "
af ooy § .
Eof ey ’
o 03 ; :.‘ ..'.'.0.
TR L
Y & .o :. .. ° (%
il B 3‘.0:' . PR~ 3
4 s
. g 2
-6 &
3 4 1
B TR T - — 510 15 20 0
XT7 1n) 1 §
(c) WPBA-CNN
15 8
10 7
oe . 6
5 e
e e® Vi .'.
(i 408 ' A A 2
E‘E . S e .;‘.::: 3 &
o 0 03", .ﬁf 4
E &
= . 3
>~=5 - wl
2
-10
Py 1
-15 -10 -5 0 5 10 15 0
X7 1)

(e) WPBA-CNN-BMMD

o WU s (- A 639
13 8
10 . ° ® P 7

oo "'... k '.-. 6
5 2 -’5’ ° .\ ° \1

Worwees 0or 5
ﬁf 0 R ,:.‘" '.:2,“::..‘{3" 4

= o ° o0 .r .:0 °
E_S o .ﬁ: ° 3
o o @ eo® 5

A ° 3 @t
-10 S LY |
- 4 .

5
-10 -75 -50-25 0 25 50 75 10

X7 ]
(b) SOCNN
10.0 8
75 7
5.0 8 1 f {{”v 6
5 2.5 ., P ¢ lgh 5
g t |
B 4
’5 o’.‘-

25 o, 3
_50 % ;'. )
o rd ¢

~10.0 .
215 -10 =5 0 5 10 15 =0
XJ7 1m) B 5
s (d) WPBA-CNN-MMD
8
7
10 .
e I 6
I -2
A - 5
E’E 0 ' :'"..# ts 4
= Y
B wt s, 3
-5 : 3 l{a
@ 2
-10 ] 1
0
-5 -0 5 0 5 10 15
X7 a1

() WPBA-CNN-DACL

6 A&TTETE—4 dBWE T C—B AR FHAERELER]

Fig. 6 Characteristic downscaling map of C—B target domain in —4 dB noise forr different methods

4 HRIE

ARSCHE T — PP TN ) — 4G B 4
I 28 114 4 S B 1 SRR 22 M 4% (WPBA-CNND
Wit H oy LM E T R KRB EER
(BMMD) J5 ¥, Jf 2 T Bk CEL #1 2& pR £ Al

S BR T AR TR B R A Y LG O

T PURR B R 0 REAT 55 % LI ga
FLREE T2 - 72 —4 dB = S AT
i ) WPBA-CNN RS TE C>B iF #4155 H
FREAERG AR5 85. 33%0, BufL 48 TICNN(77. 5560 F
HI T SOCNN(80. 22%0) 43 i & F+ 7. 78 ' 43 s Fl

FBNM 75 i 2t [7] # 8 7 B0E I 2 2 3 de g 5 1L B, BAE T /N0 00 303 78 45 i b
DACL. &M AN —HRNES, LRy i R, WPBA-CNN-DACL J7 ik e AH[R] e

SHEATHAL TR, H A AREAOE TOAR A, SENAT

Yt FIUER R HE T} 2 93. 56 %, #88A—MMD Ji ik



640 b R A s CASRBREROD

2025 45 5 )

(89. 68%0) FIBMMD J1:(91. 56 )43 347+ 1 3. 88
AP 2. 00 50, REL T & A R P IR]
fER. A, BMMD J7ikAE B>C i #8 J5 [ 4 dB M
TN AIUERR A 98. 24 %0, ARG MMID(94. 94%0)
PET T 3. 3 E 4 AL, UERA 3 S A R e A VM G S
PERAE A3 .t --SNE Al 943 & B, DACL
Ti i B R IE W, FRE S R EER , TR R
RO A

S 2k :

[1]LIJ, LUO W, BAI M. Review of research on signal
decomposition and fault diagnosis of rolling bearing
based on vibration signal [J]. Measurement Science
and Technology, 2024, 35 (9): 092001.

[2]WUGG, YANTY, YANGG L, etal. A review on
rolling bearing fault signal detection methods based on
different sensors[J]. Sensors, 2022, 22(21): 8330-8330.

[ 3 HRRAT, 2388k, FMGS . 15520 MHAE U2 W7

TR AR LR LT ). BB T AR 24, 2020, 56(17)
91-107.
CHEN Shiqgian, PENG Zhike, ZHOU Peng. Review
of signal decomposition theory and its applications in
machine fault diagnosis [J]. Journal of Mechanical
Engineering, 2020, 56(17): 91-107. (in Chinese)

[ 4 JHUANG N E, SHEN Z, LONG S R, et al. The
empirical mode decomposition and the Hilbert spec-
trum for nonlinear and non-stationary time series analy-
sis [J]. Proceedings of the Royal Society of London
Series A: Mathematical, Physical and Engineering Sci-
ences, 1998, 454(1971): 903-995.

[ 5] ALTHUBAITI A, ELASHA F, TEIXEIRA J A. Fault
diagnosis and health management of bearings in rotating
equipment based on vibration analysis-a review [J].
Journal of Vibroengineering, 2022, 24 (1): 46-74.

[6]LELY G ,JIAF, KONG D T, et al. Opportunities
and challenges of machinery intelligent fault diagnosis
in big data era[J]. Journal of Mechanical Engineering,
2018, 54(5): 94-104.

07 ] wlfifh, A, ARYE, 55 . AIMEARIRE RS Wb 52
ZERIT]. WAHL TR SR, 2023, 59(6): 45-56.
SI Weiwei, CEN Jian, WU Yinbo, et al. Review of
research on bearing fault diagnosis with small samples
[J]. Computer Engineering and Applications, 2023,
59(6): 45-56. (in Chinese)

[ 8]LIX, MAZ, YUANZ, etal. A review on convolutional
neural network in rolling bearing fault diagnosis [J].

Measurement Science and Technology, 2024, 35 (7):

072002.

[ 9 ]ZHANG W, LICH, PENG G L, et al. A deep con-
volutional neural network with new training methods
for bearing fault diagnosis under noisy environment and
different working load [J]. Mechanical Systems and
Signal Processing, 2018, 100: 439-453.

[10] ZHENG B, HUANG J H, MA X, et al. An unsuper-
vised transfer learning method based on SOCNN and
FBNN and its application on bearing fault diagnosis[J].
Mechanical Systems and Signal Processing, 2024, 208:
111047.

[11] WOO S, PARKJ, LEEJY, etal. CBAM: Convolu-
tional block attention module [C]//Computer Vision-
ECCV 2018. Cham: Springer, 2018 3-19.

[12] MISBAH I, LEE C KM, KEUNG K L. Fault diagnosis
in rotating machines based on transfer learning : Literature
review [J]. Knowledge-Based Systems, 2024, 283:
111158.

[13]ZHANG S Y, SU L, GUJF,et al. Rotating machin-
ery fault detection and diagnosis based on deep domain
adaptation: A survey[J]. Chinese Journal of Aeronau-
tics, 2023, 36 (1): 45-74.

[14]LIXY, YUANP, SUKY, etal. Innovative integration
of multi-scale residual networks and MK-MMD for
enhanced feature representation in fault diagnosis [J].
Measurement Science and Technology, 2024, 35 (8):
086108.

[15] CUI S H, WANG S H, ZHUO J B, et al. Towards
discriminability and diversity: batch nuclear-norm
maximization under label insufficient situations [C]//
2020 IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR), 2020: 3940-3949.

(16 ] KRN . e T B 1IN gl A8 450 f) AT £ SO 9 532 07
EOEID]. dbat: destfk TR, 2017.

[17]LIJ M, MAO W L, YANG B X, et al. RUL predic-
tion of rolling bearings across working conditions based
on multi-scale convolutional parallel memory domain
adaptation network [J]. Reliability Engineering and
System Safety, 2024, 243: 109854.

[18] LESSMEIER C, KIMOTHO J K, ZIMMER D,
et al. Condition monitoring of bearing damage in elec-
tromechanical drive systems by using motor current sig-
nals of electric motors: A benchmark data set for data-
driven classification[J]. PHM Society European Con-
ference, 2016: 3(1): 1577,

[19] @k, BRERTE 500 R I TXs > SEE B it
MR WOED]. dbat: Ut TR, 2024.



