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Cross-domain fault diagnosis of rolling bearings based on trusted multi-
source domain adaptation

ZHOU Kuang't, QIN Wen-bo', SUN Tian-yu’

(1. School of Mathematics and Statistics, Northwestern Polytechnical University, Xi’an 710129, China; 2. Xi’an
Modern Control Technology Research Institute, Xi’an 710165, China)

Abstract: To address the limitations of existing multi-source domain adaptation (MSDA) methods for fault diagnosis,
which fail to adequately account for variations in source domain data quality, this paper proposes a trustworthy multi-
source domain adaptation-based fault diagnosis (TMDAFD) model. First, an optimal common embedding space is
constructed between the source and target domains to achieve effective feature alignment. Second, based on evidential
deep learning theory, a domain adaptation model with uncertainty quantification is designed to measure the reliability
of diagnostic results in the target domain under different source domain supports, providing a trustworthy basis for
multi-source decision fusion. Finally, an information fusion strategy is designed based on the obtained uncertainty
measure, which effectively integrates decision information from multiple source domains and consequently enhances
the accuracy of cross-domain diagnosis. Experimental evaluations on rolling bearing fault datasets from Case Western
Reserve University (CWRU), Jiangnan University (JNU), and the University of Ottawa (UO) demonstrate that the
TMDAFD model significantly enhances the performance of cross-domain fault diagnosis tasks, validating its
effectiveness in complex multi-source scenarios.
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C 1772 rpm 31 4,5,6 3x118
D 1797 ppm 3R 7.8,9 3xl118
A 600rpm H 0 1466
10) 1 488
INU B 800 rpm 4 4x128
I 2 488
C 1000 rpm R 3 488
A ik H 0 1953
B o 1953
uo ) 1 3 3x256
C' S hniE FHscE 1953

D Seics s I 2 1953

KA 359 LR A 1A 5 500, DRI, 7% ZEXT 4
FEHAT AL EE, FARERS: &, (K E N 1024 (1)
W AKIHE 5 AT RAE; AR5, A R PR A S A e
(FFT), KA J5 1 B 38005 5 3 Al A5 5, 1 o st
RUHIN. SEE R T 6 Fioxt bL 72, Bk R,

1) DAN-optimal: DAN & — Fft 55 47 3, [ 33 o
J5 ik, @ KA ME 2 ok i YRS H AR ]
30 2 M 22 43 A 22 5% 3£ T DAN-optimal 77 4 1)
S | e NG R A TR I SR e L e 4
DAN, F4 G It/ E F R s A I k.

2) DAN-combine: 1% J7 A 1E & Fid #2 A% &
SRS, B 2 U R A T B A D — N, AR
J& R B 5 BRI S5 53 2R 28 K12 W .

3) DANN-optimal: DANN J5 238 i | F 5k A5
I 2 0N A AR A 0 b 25 B, (1508 P 2 I 4%
BE S 7 5 4 2 2] b 2T " DANN-optimal 7572
3 ) AN )05 4 5 0 AN b el s T e SR, I
FEFTA IR E R IR A 2 W k.

4) DANN-combine: 1 i3 K 22 J5IURE A 1] B 5F
AR, P SZ DANN J73%, BLSZELF] ] £ U5
SR I RS T 55

5) MFSANY: 1% 75 925 5 T 22 5 g I B Jel o
(MUDA) HEZE, FAZ% 0o JB AR 53 1 25 AT R0 X 55
T 2, 15 2 N REAE 25 8] 4y i) 55 B AN RS
H R0 70 A ; SR, G0 I 38R e Y s i vt 4y 2 4
(0%t HEAT S 5% 1% 07V R 5 AT RRRL T 22 R IR 1)
AT 2 S B SR Bk AR.

6) MSSA": Z ik R T AN R TR T
28 1 22 AN TRIRE 52 1 0 465 1) 4 B I 8 B AR | o0 A ot
PR IR E BRI 2 57 W S 22 R T PR AAE 72 [ R ek
W%, 3B 2 73 S W 4% o kAl o) S AR AN IR S H
PR (] FFIRFAE, AT B2 2 W R RG 2.

32 XLHRHE

SIS AE Pytorch ¥ & 2% S HESL R HE4T, GPU hi
79 GeForce RTX3060, .77 4 16 GB.

£ TMDAFD 8 rhr: 550, B — 4 CNN K
SR BEIU N BE IAFAE . 1Z M4BT 1T ANMRNZ, B
6 NERUZE 6 MAL)Z 4 I Fagsk 2 B & 1 AN
2. TERRIUZE R, BRI & n AN B0 3R 4. 8. 16,
24, 32 F1 32, el 73 R AHHE T — 4k CNN P 2% %
#, B 1ANMMNE, H2ANERE 2 MR,
2 AN AR R A R BRGEE A S 1 N 2. Hoe
%5 AUZ AL E W1 U616 R H Kaiming #4646 )5 1%, 4
R IR E Y IGAGR F Xavier 7715,
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6 MXT LU ITVE IS EUS BB NVERIAS . IR
SIS A, 6 Pt b 772350 R R ) 40 ok
7 X IF K — 4 CNN W 26 X 4R AIE 3547 $2 5. [
INF, i/ BE AL S 56 25 SR s, K4 BT 7V AE
AT P EEPAT 10 K, IR 10 R T 1
Rl
3.3 SR

A2 (1) AT, 72 BT AL 3 R 450 2K oR B e, A A
BEZ 4, 43779 MMD 85 5 4 2K 1 ~F- 47 P55 A\, Fi
KL 50 T0 1~ 18 R N, N B HH IR KB KT 5E
AT 0T I 2 B0 AT BUR 5258, T S
AT TR VE BE (1) 52 SI2EG 73 PR 43

5, BB kP K annealing step & 52 A 50, %
), € {0,0.001,0.01,0.1, 1,2, 5, 10} % % % [ %4
T H bR B 2 W B R g2 e, 25 BN 18] 2(a) s,
] 2(a) AT WL: BEE N\ AE G0, 2 Witk i 22 2L
Je B R BERE S SR TEREAEN, = 0.018) &
B AR, 5 Ny I 38 IO A 26 1 52 e AR AL AN 2 3
MAEN B — € B E )G ERe B T . R )G, ¥
Ay B €4 0.01, 4351418 kK K annealing_step
7£{20, 30,40, 50, 60} N 324k, 13 2 A AR KB KR
1) 5 12 W oA A 26 25 SR ] 2(b) . e & 2(b) 1]
D, B R KA AR B3 0, 2 Wi i 22 (R A B T
BT R

IOOW
. 95 \
N
> 90t
s
= L
S 85 - A,B,C—D
s B,C,D—A

80r . 4B Do>C

- A,C,D—B

75 1 1 1

QQ.QQ\Q.Q\ o) NS 5 0
Ay
(a) ZH0, WA FME I )
I FEHER A

100
R 99M
N
58—
s
5 9 —uBcop
2 B,C,D—4

9T . 4B D->C

—~A4,C,D—B
95

20 30 40 50 60
annealing_step

(b) SHu, HIR KRB FME I )
Ve iHTES

E2 SRS
H BB 70 A 45 2R AT AL, MMID B B 453K Ly

FIE WA IR Loy, TG T 15 R VE BRI A (R BEE . 5
B S BB AR — € Yo B I, B8 52 A2 1 .
R 4 S5B 23 r SR B 0 45 R, K B bR e £ MMD
PR T~ i 2 N W B 0.01, K P e I Ak A
RIS HN, 1B KB K SH0 A 50.

34 SRAW

AR S5 45 SR AT 4, /£ CWRU, JNU
T UO &5 M 5 I S 2 W A i 48 b, il P
b 9 Hff 2 B IE VA R, ARG IRk 2 ~ K 4
Fi7r. TS 5% TMDAFD 5 85450, 1 5 5 DA &
ZPRAIIE 3T N 5 VEREAT R A A, S 2R A VR A
#5575 TMDAFD TEAN R 380d B 37 5 7 VAL

1) 5t G s A, 5 1 B 7 VERT L.

HHEE 2 ~ % 4 K455 0T W, TMDAFD J5 V5 %L
TR IR A T 1 UL SR G I T, AR I
A B RE. AR BT B A i X6 B 7 3%, TMDAFD 5 2
E3NBARE TR RS ERR SRS T
3.25%- 4.76% F1 4.13%, iX K TMDAFD {E N Z i
Sk [ & B, e S TR A R A AR 2 AN R
BEARE, SOk 7RI R R R 1.

2) 5 ZYE AR H 1E BRI EE.

& 2 ~ K 4 B985 R nT W, 5 H AR R 2 IR 40
I, [ 3& M7 (MFSAN / MSSA) XF Eb 1) 45 3 7%,
TMDAFD #8473 AN E4 5 B3 HAS 1 W2 1 i
REFRTE, 3543 S HEfh 2 A0 LL T X6 b J7 953 70l 92
T 4.53% / 2.13%. 4.75% / 6.07% F1 2.70% / 2.47%.
TMDAFD 5 MFSAN. MSSA #J /&3 T 2 5 5
SEHLEE SR 2 KT Y, T TMDAFD J7 k8 i &4k 5
M B IR ISR T H RIS Wi 2 RS EKF, TRk
T R A g IR T B 2 S U IR I B s AR Y
BRI T A% 58 2 P53k 7 2 TR 7B 358 1] 73 A (i B8 A2
B 2 5 B S B AUT B n) R, B T 2 RS I
VTR (1) A .

3.5 JHBhSEES

AN 78 JE B R Ril4y 7 7 /2 TMDAFD A3 2 1) 56
AR B0 R PR A T RS, B8 E
XN REAE A Y /R .

TMDAFD 5 84 ) 3= 22 57 ik 7 T 38 1 95 2R
S OTVE, BT TR AN E R A R, N
BRI s g5 R AR T RIS B, IR R kst
TR R A DG T AN R B B Bk S B kT
FU 5925 ) 437 % R B30 460 Dy 5 8 1) A8 SOA 4 R A Ok,
Tk Rl 73 B 4 1T B 0 /D BTN 2 B # 5E.
TE R TRlA J7 3207 B2 56 K0t b7 v A R
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&®2 CWRU HiEE LRISETEIRZR %
ik %% Ml
A,B,C =D A,B,D - C A,C,D— B B,C,D — A
DAN-optimal 94.38 +0.02 94.54 +0.03 92.17 +£0.03 91.34 +£0.04 93.11
DANN-optimal 94.64 4+ 0.02 92.33 £ 0.03 93.84 +0.02 92.75 +£0.03 93.39
DAN-combine 96.86 4 0.02 95.49 4+ 0.03 95.57 +0.03 94.95 4+ 0.05 95.72
DANN-combine 96.75 + 0.02 95.21 £ 0.03 93.83 +£0.02 93.05 £ 0.03 94.71
MSSA 95.49 4+ 0.02 94.28 4+ 0.02 94.69 + 0.03 93.30 £ 0.02 94.44
MFSAN 97.82 +0.02 97.29 +£0.02 96.85 + 0.03 95.41 £ 0.02 96.84
TMDAFD 99.45 + 0.01 99.53 £0.01 98.01 £0.01 98.87 + 0.01 98.97
=3 INU HRE LRSHNERZR %
o F%4 -
A B—C A C—B B,C — A
DAN-optimal 91.04 £ 0.01 92.32 £0.01 87.44 +0.02 90.27
DANN-optimal 91.76 £ 0.02 93.41 £0.01 90.46 +0.03 91.88
DAN-combine 92.07 £ 0.01 92.97 £0.01 94.68 + 0.02 93.24
DANN-combine 92.56 £ 0.02 93.75 £ 0.01 92.13 +0.03 92.81
MSSA 92.52 4+ 0.01 93.69 £ 0.01 93.55 +0.03 93.25
MFSAN 90.21 £ 0.01 92.54 +£0.01 93.04 +0.02 91.93
TMDAFD 97.78 £ 0.02 98.29 + 0.02 97.94 +£0.01 98.00
4 UO HIBE LAISHNERZE %
JiE % Ml
A, B,C—D A, B,D—C AC,D— B B,C,D— A
DAN-optimal 93.28 +0.03 94.48 +0.02 92.37 +£0.02 91.57 +£0.02 92.93
DANN-optimal 92.56 +0.02 91.86 + 0.02 90.23 +£0.02 92.75 +0.04 91.85
DAN-combine 95.66 4+ 0.01 95.28 +0.02 94.38 +0.03 93.31 £0.03 94.66
DANN-combine 95.56 + 0.01 94.38 +0.03 96.48 +0.03 94.58 +0.03 95.25
MSSA 97.03 £ 0.01 96.88 +0.02 96.23 +0.02 96.56 + 0.02 96.68
MFSAN 97.32 +0.02 96.45 £+ 0.02 95.56 + 0.03 98.29 +0.02 96.91
TMDAFD 99.28 + 0.01 99.44 +0.01 99.28 +0.01 99.51 +£0.01 99.38

VREAR G I — AR, I—RBUZIR S BRIy
AL IFAE RN 23 8] FRO 55, S8 I — AN 2 S8 A ) iR e
iz W g R B8R XI5 vE e il o

TMDAFD_w/o_Uncertainty., TMDAFD_w/o_Fusion,
H 5 TMDAFD J7VALE 3 MRS A A SE 4R b i) st
e R 3 k.

100} 100 100
© 80} © 80} < 80
g 60t gam §60
5 40t 3 40t 3 40
Q Q Q
< < <
201 201 20
0 0 0
C/D O/B o/,c O/A
Bo A B Co Bo C»
Ao Ao Ao Ao bR
Task Task Task
(a) CWRU ¥k (b) INU ¥fli4E (c) UO%¥itk
= MSDAUQ = MSDAUQ_w/o_Uncertainty =MSDAUQ_w/o_Fusion

El3 THHEEERESMATANEMSIEER

1P 3 ] %0, TMDAFD 7 3 N Eis 4 b 1
F ¥ i T TMDAFD w/o Uncertainty Jj % 5
TMDAFD_w/o_Fusion J7%. iR g5 R, Frd

AN RE JEE B VR RE AT R A IR R SR AT H
PRIBUS Wt SR AN S8 1. 3 IR A AL, S
T2 RABRFE R EFIER.
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4 & #

B IR 22 YR AT O B A R 2 T VR R R
53 2% FEAS TR JRIAE JE R 2 22 S 1) I, AR SR T
— Pl T RIE 2 YR AT 1 38 I PR 5 R ) il 2
LW B A TMDAFD. %45 AL ¢ S5 F Ff MMD JE 25,
M TR S B AR B R A SR N S E], ST
REAEA RO 55, BRAR T 300 oA 22 7 SR G, Wit 7
BT E B IR S A e R, EREA
[F) 50 T H AR 02 W e 5 0 R A5 B2, Z i T A [H]
PRIBREARTE B AR B 2 WA 45 MEH, N E B
RS SRt AT SRR, B, IR TR B RTE A,
PR T 25 PR AE Rl G SR, A R 2 AN TR
SN B TE T H bR W SR R T B S, 43
FEILHT PO Ak K57 VLR K AR R R 7 IR Bl
AR R 4R BT R T SEIG IR UE. SLIh A R,
TMDAFD Jj VA 7E 5 3 b 12 WA 55 Th A 1 R 35
(1 RESE T
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