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Cross-domain fault diagnosis method of rolling bearings based
on joint distribution offset difference
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Abstract: Most of the existing unsupervised domain adaptive fault diagnosis methods are only implemented based on a single domain
signal,, and the extracted fault information is not comprehensive enough. Only focus on realizing the edge distribution alignment of source
and target domain features, ignoring the conditional distribution differences of samples, which limits the improvement of diagnostic
accuracy. To overcome the above problems, a cross-domain fault diagnosis method of rolling bearings based on joint distribution offset
differences (JDOD) is proposed. Two structurally consistent CNNs are used to extract the time-domain and frequency-domain features of
the signal respectively to obtain more complete fault information. Joint distribution offset difference is proposed to realize edge distribution
alignment and conditional distribution alignment of different domain features. Comparing experiments with various advanced methods on
two multi-condition bearing datasets, the average diagnostic accuracy of more than 99% is obtained. The experimental results show that
the joint distribution offset difference effectively improves the cross-domain fault diagnostic accuracy.
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Fig.2 The structure of feature extraction network.
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BN ZRIAAL T H FRel, 4E Sy 25 5ol i 5 12 D i
£

2) DAN"Y . 58 5t 2 4% Bt K F 1 2% 52 (multi kernel
maximum mean discrepancy, MKMMD) SEERE SR S H AR
FEIE ) 0 A5 X S5 A 7 85 Bl R a2 T

3) DANNP I AR AIE 1 B2 5 45 26 531 28 8% %t B )1
Zx(RIEXTPL B R |, SEBRRHBAN SRR 127 2

4) DSAN' il 3 JR ¥ f K OF ¥ 22 5 (LMMD ) #4545
AN BT 5558 S LS B A2 T

5) Deep Coral > . i FH & A8 5 7 265 P58 AN H b
WA I GE TR AT X6 55, S T W B A
BTN

6) BNM"*" . % F] Fisher-norm 5 4 fIF 4 [ 9 7 43 31
S BRAT TI0 M S5l T 235 SR 1 ) A 2 SR 2 R 2

7) DCTLN'"™ . 1y P B 1) 35 5 R AiF 42 B 14 4 2
2 MKMMD 53 531 2 2] B80AS 728 R A 1 55 R A 321 ¢
I3 A

8) LMMD Adv . f#i i LMMD Fldsl % [ 18 7 52 20 85
WIS W, MR X RS A R 25 5 UL s
LMMD FIXS 4T H & E etk 78

9) JDOD - A SCHTH2 H (R 3 TR 0 A1 S 22 5= 1Y) 185
WS Wk
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1) CWRU $#a 8N4

CWRU %8s v S A (b AR B 08 4 o i ARG
SR HUAR 12 W 125, J2 o FH B 22 1) SR v A 4 2

—, CWRU BHEM LI 5 3 FoR, Bl 4
Pl RS - B8 VR Bl (A e | P Pl e s A 71 Pl e
EEXF 3 FlilcRR , 4 BIBETE T 3 Al R 5F . 0. 007.,0. 014
F10.021 Fef, [l BEE T 4 B TR SE 8 484 4 14
(B4 F TH) .1 797 rpm-0HP (1 972 rpm-1HP . 1 750
rpm-2HP F1 1 730 rpm-3HP, 7K 3CLL 3 Fifiifle 8 <111 3
PR RRR A 5 IEH RS A dE 10 ikl S T k47
B B2 W S8, 8 4 Fh T VRSS2 A AS TR Y 4
AL A RER 0.1.2.3, S0 T 7 B [ A O 5 b, SR
H 1024 HAKE AHES, A TH R 118x10
A FBR T+ 3 B LRl o3 DI ZRER RNl 4E |

N -

K3 CWRU RREEESSH-F- 5
Fig.3 CWRU bearing fault test rig

2) CWRU SZEa45 5 K 4y Hr

NS 2 TR, BT 7 vk 0 I FH — 2 3 AR 45 o 4%
VAR HESEEUES | 2 22 P ) 2R 45 M A Pl 1 BT,

AR SEEG IR B batch size Sh 16, B B W) 3208 1) 2 2%
= 3] R, 32 98 R BOM R A 53508 0.9 A1 50, Y1125k 500
AT, 1 3k ) B LA BE T [ ( stochastic gradient
descend ) VAT HT M SHL, St S50 0.9,

4> Tab FER IRIK a 2 HAREL b A9 15 80 12 W AT
55 LTI A AU e A RIS AR A B2 R 45 SR (10
WH S SR THME) W R ansR 1.2 F1 3 iR,

#£1 CWRU #EE LETFRIBEMANRZEER

Table 1 The diagnosis result based on time domain input of CWRU dataset (%)
1% Source Only DAN DANN DSAN Deep Coral BNM DCTLN LMMD Adv JDOD
TO1 90. 00 100. 00 100. 00 98. 06 95.32 100. 00 99.72 99.72 100. 00
TO2 88. 89 99.72 100. 00 99.72 93.61 100. 00 100. 00 99.72 99.72
TO3 82.78 98. 61 100. 00 99.72 90. 00 100. 00 100. 00 99. 17 100. 00
T10 89.72 99.72 99.72 98. 06 94.72 100. 00 100. 00 95.00 99. 44
T12 90. 00 100. 00 100. 00 97.78 95. 00 100. 00 100. 00 100. 00 100. 00
T13 88. 06 99.72 100. 00 96. 39 93.33 98. 89 100. 00 97.50 100. 00
T20 88. 61 100. 00 100. 00 96. 67 94.72 100. 00 100. 00 99. 44 100. 00
T21 88. 06 99. 72 99.72 97.78 92. 50 99. 72 100. 00 98.33 99. 17
T23 90. 00 100. 00 100. 00 98. 06 95. 00 100. 00 100. 00 99.72 100. 00
T30 86. 39 90. 56 99. 17 87.78 81.94 99.72 99.72 94. 17 99. 17
T31 85. 00 91. 11 99. 44 90. 00 81.39 98. 89 98. 89 91. 11 99. 17
T32 87.78 99.72 100. 00 99.72 93. 89 100. 00 100. 00 95. 56 100. 00
SFEE 87.94 98.24 99. 84 96. 65 91.79 99. 81 99. 86 97.45 99.72
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Table 2 The diagnosis result based on frequency domain input of CWRU dataset (%)
1155 Source Only DAN DANN DSAN Deep Coral BNM DCTLN LMMD Adv JDOD
TO1 86. 67 96. 39 96. 33 84.17 91. 06 96. 61 95.00 85.28 96. 67
TO2 85.83 95.28 95.50 88. 06 89.39 96. 33 97.50 83.61 97.50
TO3 77.22 92.50 92.72 80. 83 81. 06 94. 39 94.72 80. 28 95.00
T10 85. 00 92.22 94. 94 82.78 87.17 94. 94 95.28 88.33 95.28
T12 88. 61 97.22 96. 61 85. 00 91.33 97.17 97.22 87.50 97.78
T13 82.50 93. 06 94. 94 80. 28 84.94 96. 06 96. 11 81.17 96. 67
T20 83. 06 91. 11 93.28 86. 39 84.94 92. 44 94.72 87.22 94.72
T21 86. 39 93.06 93. 83 86.94 88.56 95. 50 94.17 88. 06 94. 44
T23 85.28 95.83 94. 67 90. 56 87.72 96. 33 96. 11 89.44 96. 11
T30 78.61 89.72 92.72 85.56 82. 44 92.17 93.61 83. 89 93. 06
T31 80. 56 88. 61 94.11 85.83 84. 67 93. 83 94.17 86. 39 93. 89
T32 88. 06 95.28 96. 61 90. 00 91. 61 96. 89 95.56 89.17 96. 94
FHIE 83.98 93.36 94. 69 85.53 87.07 95.22 95.35 85.86 95.67

xR 3 CWRU #iz& L E TR NPISET &R

Table 3 The diagnosis result based on time-frequency domain input of CWRU dataset (%)
115 Source Only DAN DANN DSAN Deep Coral BNM DCTLN LMMD Adv JDOD
TO1 90. 00 100. 00 100. 00 99.17 95.44 100. 00 100. 00 100. 00 100. 00
TO2 89.72 100. 00 100. 00 99.72 95. 00 100. 00 100. 00 99.72 100. 00
TO3 86. 94 98. 86 100. 00 99. 44 86. 67 100. 00 100. 00 100. 00 100. 00
T10 90. 00 100. 00 100. 00 97.50 96. 33 100. 00 100. 00 99.17 100. 00
T12 91.13 100. 00 100. 00 99.72 95. 44 100. 00 100. 00 100. 00 100. 00
T13 89. 89 99.72 100. 00 99. 17 93. 61 99. 44 100. 00 99.72 100. 00
T20 89. 17 100. 00 100. 00 97.50 95.13 100. 00 100. 00 99. 17 100. 00
T21 89. 17 100. 00 100. 00 97.50 95.44 100. 00 100. 00 98. 86 99.72
T23 90. 00 100. 00 100. 00 97.22 95. 00 100. 00 100. 00 99.72 100. 00
T30 84. 44 95.72 99.72 98. 09 96. 11 99.72 99.72 98.33 100. 00
T31 83. 89 99. 44 100. 00 95. 00 91.39 100. 00 100. 00 98. 06 100. 00
T32 90. 00 100. 00 100. 00 100. 00 94.17 100. 00 100. 00 100. 00 100. 00
SEHIE 88.70 99. 48 99.98 98. 34 94. 14 99.93 99. 98 99. 40 99. 98
MRIELA L 3 AFAALE R iR Xt b, T AR B Rl ARAE IR T A 42 1 5 Sk M B2 WS 5

DANN,BNM, DCTLN Pk B 4% 3 #2 i 9 JDOD 5 % &
CWRU Ri7REHE4E L #F AR HUASHEIE 100% 11)°F- 34112 Wk
B, It A XT e, 78 R 44T 55 4 T03 T30 Fl T31 %548
IS WAT 55 h, SR O IR R B I B TR, @Rt
XL 3 AR, T LA R 3 HRE A3 A DO 246 R L B — Sl g A
HA T EEE2 Wk B L T i 545 B (s 8
HAMTHS WOk B B A $EHE . RIEE, B4 3 59 JDOD
P S T [R] b g5 s 1 - 42 WS B UE B T T R
S B2 W AR R A R, RS WSS R R A, TR
CWRU 4L 1 1% 5256 AN REAR I M 36 UE BT 42 1 1) 7 vk
FEAPE | PR G 2o JLk AR (2 WA T 55

X CWRU SEB45 5 0 438, v] LA &k B T 000 25 5+
K, B Wi Re R 2E . BRSO G 1B, T.00 22
KAl 25 3 JCHE AR B 1 B3040 4 A1 m 8% PRI o JIR 5040
AW FS FXE B gt o, e T o ELk Rk Y 2 T

2.3 CQU BSigid FEi2 i

1) CQU HHa 41

TS50 VR sl AR LR A6 - & Q18] 4 Foi il
Al AL IRt R RS TR SR A% IR [ S R A A
e AR, RANBAREA S 5 FME RS IEW REh
IR | P Rl 9 RS e A S TR Bl e, o 5 il e
HIBRAE V1 ~5, 3 TE Rl R A [F] 7 MRS B 0% ik 2
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Table 4 The diagnosis result based on time domain input of CQU dataset (%)
1£:% Source Only DAN DANN DSAN Deep Coral BNM DCTLN LMMD Adv JDOD
TO1 97. 36 99. 44 99. 86 99. 86 99. 17 100. 00 99. 86 100. 00 99. 86
TO2 96. 81 98. 89 100. 00 100. 00 86. 67 100. 00 93. 36 100. 00 100. 00
T10 92.36 98. 61 99. 86 98.33 90. 56 98. 61 100. 00 99. 44 100. 00
T12 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00
T20 56. 67 77.25 77.50 77.50 68. 47 97. 36 78.75 90. 50 99. 03
T21 99.72 99. 86 99. 86 99. 86 99. 58 100. 00 99. 86 100. 00 100. 00

S 90. 49 95. 68 99. 12 95.93 90. 74 99.33 95.31 98.32 99. 82

F5 CQUEHIEE LETIHUSMNAMIZHER
Table 5 The diagnosis result based on frequency domain input of CQU dataset (%)

1£5% Source Only DAN DANN DSAN Deep Coral BNM DCTLN LMMD Adv JDOD
TO1 90. 06 93.19 97.50 90. 56 97. 36 96. 72 91. 81 78.75 96. 81
TO2 67.36 80.97 92. 36 76. 67 68. 06 89.22 78.75 77.08 91. 06
T10 83.47 87. 64 94. 44 86. 67 85. 14 93. 47 93.61 87.36 92.50
T12 87.08 94. 17 96. 02 92.50 80. 14 97. 08 97.78 93.75 97. 36
T20 76.53 70. 42 91. 00 73.75 72. 08 90. 00 85. 14 81. 81 92.92
T21 97. 58 99. 44 99. 31 98.75 99. 17 99.72 98. 89 97. 64 99.17

SEHIE 83.68 87. 64 95.11 86. 48 83. 66 94. 37 91. 00 86.07 94.97

F6 CQUHiEE FE FRSAMANRISH &R
Table 6 The diagnosis result based on time-frequency domain input of CQU dataset (%)

1% Source Only DAN DANN DSAN Deep Coral BNM DCTLN LMMD Ady JDOD
TO1 95. 83 99.72 100. 00 99. 58 95.97 100. 00 100. 00 99. 86 100. 00
TO2 84. 86 99. 44 100. 00 100. 00 89.17 100. 00 94.03 99. 86 99. 86
T10 87.08 98.75 99. 86 98. 89 89.03 98. 89 100. 00 98.75 99. 86
T12 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00
T20 70. 14 78. 89 96. 31 78.19 78.33 97.08 80. 69 98. 89 99. 86
T21 100. 00 100. 00 100. 00 99.72 100. 00 100. 00 100. 00 99. 86 100. 00

FHE 89. 65 96. 13 99. 36 96. 06 92.08 99.33 95.79 99. 54 99.93




%10 39

LT IR 01 % 25 5 ) 5 SR sl AR e a2 Wi i - 153 -

X TN T R IIAR L AT 55, ARG Tt £
KT, AT A PR AR R B AR SOk R A R O R
WiEE R 22 AR T20 AL 55 AT IH e b, 8
Source Only }i% JDOD ¥ LL K JDOD Jr il 2
BB 9 77 ¥ DAN (MMD ) . DANN (38 % $1 [ 36 1)
DSAN(LMMD) .DCTLN ( MMD + 38 %5t [ 38 57 ) |, 2 T i
WA TE T20 455 th s g SRk 4750 .

& 5 R T ILR s g R TR H R . g%
#| Source Only F1 DSAN FP TR L A4 7R T

[\ 72l 0.00% [27.78% | 0.00% @ 0.00% (VLAY 2.78% |32.64% 0.00% 0 93.06% QR 6.25% | 0.00%
j ' - 08
il 0.69% | 0.00% | 0.69% | 0.00% ELNIE | 0.00% LRG0 0.00% | 0.00% [44.44% 1 SK7100.00% RN 0.00% | 0.00%

{i=1

B UK SE LMMD SR 2 /5 ; DCTLN Al DAN — /& 72
PR T X TR 1R 4 AR 1) A IR RE A B 4
2 MRS B ; DANN 3% 3006 Bt [ 38 ISR, B 7 H
AR 5) HAS P 285 1 ABATY SR A AS /N b T3 [ 5 %
DANN F DCTLN 0] L& SR SE MMD Xt 5530 2% 73 A
TR T R JDOD J5 YA AE RS HRE] 1i2 Wt B
AT T ARSI UE I T BR A A A D B 22 S 7E B 1Y
B B2 AT 55 v ELAE I AR

1.0
0.69%

0.6

.56% .00% 3 .00% = 0.69% .44% | 4.17% y .00% .00% B33 4.17% | 2.08% g .00% | 0.69%
ESON 5.56% | 0.00% [EERELE 0.00%  0.69% KSR 19.44% | 4.17% (IR 0.00% | 0.00% ES 7% | 2.08% EENL/® 0.00% | 0.69%
g g g
= RS &
S T T 04
kY 7.64% | 0.00% | 7.64% [:IWFIZE 0.00% 5 % | 0.00% [EEPIZE 0.00% Kl 0.00% | 0.69% : 0.00% [LEILZN 0.00%
SO N S NN I W—— 02
Pl 0.00% | 0.00% | 0.00% | 0.00% RN\ ANNY 0.00% ELINJZSNNNE 0.00% | 0.00% : 0.00% | 0.00% MKl
0 1 2 3 4 0 1 2 3 4 0 1 2 3 4 0
TME FE TIAE
(a) Source Only (b) DAN (c) DANN
1.0
[REEXGE 0.00% | 1.39% | 0.00% = 0.00% WEECKSLE 0.00% | 0.69% | 0.00% | 0.00% (LAY 0.00% : 0.00% | 0.00% | 0.00%
r 1 - 08
0% Il 0.00% BN 0.00% | 0.00% | 0.00%
po | pou| 1 0.6
ﬁﬁjz 13.89% | 0.00% [CERPIM 0.00% = 0.69% %ﬁz 4.86% | 1.39% [CERILN 0.69% | 0.00% s
< =& £
A 00

%

RJ 0.00% | 0.00% | 0.00% pLMZF 0.00% KE 0.00% -

Yl 0.00% | 5.56% | 0.00% | 0.00% RELXEE YR 0.00% 20.00%
3 4

1 2
TIE
(d) DSAN

0 1

5
04
46.53% | 0.00% 3 0.00% | 0.00% { 0.00% JLLKIFZY 0.00%
0.2
(R[S 73 VI 173 100.00% 4 0.00% | 0.00% : 0.00% [ Ne[0738100.00%
3 4 0

2
TR
(e) DCTLN

0.00%

%

|l 0.00% |12.50% | 0.00% | 0.00% E:ZEIDA 1 ORI 64.58% MXu
o
o

0 1

2 3 4
TRIE
(f) IDOD

K5 R[EDJFETE T20 4155 s s R IR I HE

Fig.5 Confusion matrixes of diagnostic results of different methods in T20 task

ST S ZE R IR oA RS 22 S 48 5 BB
AR BRI 25 (PR BE , 15 tsne B8 38 XoF A 380 R 35 45 A
RS FEE A T O LA T T Ak Tl 6 B, W
52 5| Source Only J5¥:H1 DSAN J7 32 AU 4FAE 4346 H , il 5%
1 F 4R B Ry 3h ™ 3 1F 5 TR A B 1 45 SRR XTI 5
X} Et DANN A1 JDOD 753, DANN J7 % Hiie B 0 12 Ay
BRI R R A PR 22 REE T R ALMMD S2ER 45
GRS E AR E IDOD J7 VA SR ER A REAE 23 A A RRTIE SR 4
TR EE RN AT 2P I S P T At 5 s

3 & i
AR T — R T 43T i R 22 S5 ) B 4 7 3l

R SRES Wy TR WA S BLA5 R —E) CNN
AR 265, 7353 A I S5 5 DB 3% v £ JBURE i 5 32k

TRl . P T 2R R 22 5 | A 38 N R ek
S22 5 R 5l s 0 2 0 2R R R I I e A D RS 22
S, SRS 0 B o Bk — IR R SRR SR AR Y
SR, A2 TV TR T 85 I i
WS B i O ik AR R AR RS TR T R A
SN RN S R =8 X N s I e R
R T A AR AR B 3R A S A R R A s
WA YIS WORE EE 4y 42T T 0. 11% F1 4. 96% , A LL
TCI 38 IO 5 W i DA R B — P e R 24 25 S5 R it
PUHIE N 7 v FE FE T IR A S5 A B T
10. 28% 3. 80% 1 0. 57% , 254k FUE I T I AR5 AiF 32
BURBR A - A WS 25 57, BEAE A7 042 THSE AL (1) 38k 1 36 v
FE ) I S R 2 RS



- 154 - G R - C I T 5 36 &
20
10
0
-10
-20
e 0
300 . é?*: %*
© 2 P 9}”.
40| . 5
S 0
-40 -20 0 20 40 -40 -30 -20 -10 O 10 20 30 40 -50 -40 -30 -20 -10 O 10 20
(a) Source Only (b) DAN (c) DANN
30 1w Y
20 + 431 30 + 2‘2;1 20
10 : : wo i
0 0 w%%g
-10
=20 .
30 e 1o o
2 e o
-40 ﬁg;ﬁ*% ig . o2
20 -10 0 10 20 30 40 =30 20 -10 O 10 20 30 -40 -30 -20 -10 O 10 20 30
(d) DSAN (e) DCTLN (f) IDOD
K6 AIFJEAE T20 2 WHE S BBl FR AR A
Fig. 6 Fusion feature distribution of different methods in T20 diagnostic task
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