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Bearing fault migration diagnosis method based on
improved domain adversarial network

Zhang Jinhui  Xie Linbo

(School of Tnternet of Things Engineering, Jiangnan University, Wuxi 214122, China)

Abstract: Aiming at the difference of bearing fault data feature distribution caused by complex working conditions in industrial scenes
and the difficulty of obtaining a large number of labeled data, an one-dimensional convolution subdomain adaptive adversarial neural
network (SANN) based on Wasserstein distance and local maximum mean discrepancy (LMMD) is proposed. Firstly, the network
constructs a feature extractor based on CNN for pre-training and learning the domain feature representation. In the adversarial training
stage, the adversarial layer introduces Wasserstein distance to measure the difference between the source domain and the target domain,
realize the alignment of marginal distribution and solidify the training results. In the feature extraction layer, LMMD calculation module
is introduced to capture the fine-grained information of each category to realize the alignment of conditional distribution. The performance
of the model is verified by the bearing fault data sets under two different working conditions. The experimental results show that under
unsupervised conditions, the proposed method improves the recognition accuracy by 5.0% and 6. 9% respectively compared with the
basic domain adversarial network on the target data set, and the performance is better than the existing migration algorithms.
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P PUIPRT L . T ARFTAR"S SR S B 00 4% B I e 1)
fE, B /M Z B B K E 2 % ( maximum  mean
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Fig. 1 Simple distribution diagram
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1) Edln e iA 5 Fidh 24
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TSI Y 2 RSl 6205-2RS JEM SKF [ 5
R R IR AR S o A R [ ) f Bk IR ERE
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(OHP) r/min 53 BIRAE IR ShA | PN Bl KL A MBI R Bh (5
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H1 21 mils , Rk 55, 2 O Tl B bR 245 A — P fgkt e
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Fig.4 CWRU bearing dataset experimental device
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Table 2 CRWU dataset condition information

5 0 1 2 3
4%/ HP 0 1 2 3
55/ rpm 1797 1772 1750 1730

PRS0 R IR 3l i B 2RO A 120 000 4
KM AEREZORAS T B BEAS S5 2 P, T —
HR I HIPR RN ZRREAS | J5 — 8073 R o e A 4l
SINERREAC I, Oy T B AR A i, A 3 7 Ui
2R 732 200 DMREA B FEAR T 1024 %K
P sSAE L, AR SRR AR R v O St A, 5 2815 3
50 AMEAAE g MRREA AR5 52 56 15 480 10 A ] £ k)
53k 4 BB, AR ST 2 000 NITZRERAFT 500 A4~
WAEAS N3k 3 s,

#®3 CRWU BURERSHIR
Table 3 CRWU dataset state description

fERER S P TR A FEAS BB S
IEHARA 0 250 0
PR VR T 0. 007 250 1
TRERT 0. 007 250 2
A BRI 0. 007 250 3
PN TR TE T 0.014 250 4
TRER 0.014 250 5
HMRER BB 0.014 250 6
PN TR T T I 0.021 250 7
TR PRI 0.021 250 8
DR BRI 0.021 250 9
2) I R E

ARSI E T 12 AR AL ST A TE B AT
BALSS o LMES 01 il ACHER B T 00 (OHP) T
IR T A2 WP ARG RS 2 TO0(THP) T Y H bn it
frizhi,
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BERE W SR I01 A5 (epochs ) A 100, XF &0 7 3L #E4T 5
IS 5% 5 LI IME I Zh s B A A i
(BatchSize) 24 64, o RRIZE Z R S50 A, 1% E 2%
Flr=0.001,BZ%1,=0.1, 1,=0.25, C =5 {§i ] RMS
optimizer XY HEATOLAL

3) B LS R AT

ST BRSO R A AR 2R
ZAFIRRT BT I 4% (CDAN) 2 B iR K- 14 22 53 (MK-
MMD) 21 S %457 16 2 ( DANN) U S 45088, [ 538 B 7 vk
AT N AR RIS WS FE Nk 4 s, DA ik
Y 5 ARSI PRAR TR SR FH — B0 9 24 25 K A S50, DAARIIE
X b S 56 1A S TN A 1IDCNN Fl WDANN 45550 k47
XF LS8 BRI N

CNN (Basis) , 1ZME5 hy HAH FHAG 45 25 19 TR 5 )1 25
AR AR I 1A H AR A A7t

WDANN, >~ T 500E SAAN AR o 4 {4 () 4 Rk, 1
WP R A FERY 51 A WD 2% ) BURASERE | e AR
BRI 055

x4 TEAEZENIBISHRE
Table 4 Transfer diagnosis accuracy of different algorithms
(%)

f£% CNN CDAN MK-MMD DANN  WDANN SANN
0—1 59.95 96.48 98. 41 94. 62 98.29 99.75
0—2 60.14 98.16 98. 69 97.38 99. 18 100
0—3 50.24 93.25 96. 26 87.62 91.48 98. 48
1—0 68.96 96.89 96. 12 92.94 97.32 100
1—2 89.03 96.82 99. 85 98.97 86. 98 100
1—3 78.74 98.67 92.26 95.85 98. 88 100
2—0 69.15 94.38 97.70 89. 18 91.07 96. 43
2—1 81.18 96.40 99.32 97.90 100 100
2—3 81.92 96.49 99. 28 99. 21 100 100
3—0 64.63 90.21 99. 14 87.54 92.56 99. 32
3—>1 75.92 94.38 94. 48 92.78 99.17 99.17
3—2 79.21 98.70 100 99. 25 99. 42 100

AVG 71.58 95.90 97. 62 94.36 96. 19 99. 42

H1% 4 AT A1, CNN B9~ P30 B AU 71, 58%
XEMTARAE TR CWRU #li& S £ B A A E H
BRI S8, SAEBREIEAESWREE LEH T
AT WU T RL S EE . Horf MK-MMD
1 DANN PFFP R L% 58 T 4 Ry B RR A 20 A 10 5% 5, -3
WS AR T 97. 62% 1 94. 36% , CDAN %4171
FRIE s M3 288 2 18] A 28 S 22 EA T R AR X6 57, 4
WK IR R T 95.90% , WDANN [1)°F 2112 Wik B ik
27 96. 19% , FH# T DANN B | 4 3005 B AT 55 B B
AR BT AR A AR ) A A A5 R
G HbSERL T A5

SANN 7E 12 AT BAT 55 HER LS T 18 55 (1 i2 Wi 45

B OSBRI T 99. 42% , Hrh 7 M55 2 W
KEEEIRE] T 100% , B 84 F % He 592 , 26 A HLAE 10 5
FrI SR _F AT AR AT SR A R . EAR A T A
BRI DANN , HORUAERS B B8 T T 5. 06% , 11 25
T R R A N 55 SR £ Bt G /N T DANN R HLA 8
T

DMESS 10 I Zhad #2 R 6], H bR 8800 76 SANN
DANN Fil CNN #AY [ (0 &5 R an &l 5 fr s, b B AT
1, AHEST DANN, Bk A s 3 oA 8 SANN HLAT B b
FISCSIGH B, B /R 2 RS J3E DA R R A e

mﬁ/{
80_.2« M joamd \/"\M’*/”A«A‘\I\”W /
!
< 6op
5
E sl
& CNN
ol DANN
— SANN
0 20 40 60 80 100
AW

K5 IRl B HARE LSS

Fig. 5 Test results on the target domain during training

3.2 Ffi 2—INU RSB HIEE
1) et FE 4t i 5 Fiak 3
INU il R0 Hs 4R 02 VLR R 5 2R 4R B — > Tl R B i
£ TE 3 PPN [EFE 3 (600 800 F1 1 000 r/min) T, i %
FHAIA Ry 50 kHz BB nEEE 1, 647 T 4 A ERR SR
S AL IEHOIRAS P Rl AR R S A R
R 5 Jrow , MR 5 28 7Y 9 A [R) A R KN 43
32K,
x5 INUBREIREER
Table 5 JNU dataset condition information
115 A B C
%38/ rpm 600 800 100
ARSI R I SRCHE AT R A, AR Al Y E B R A T
EIIEOLT BRI 1024 A SCRFE—R . i 100% 1
PRIBAEARN 80% 11 HAREFEAAE il 2548, H AR 42
14 20% PIREAAE I A, 36 6 B — 0L T 4 bl
REHIARAF
F 6 INUHIBEREHER
Table 6 JNU dataset state description

TR FEAR AL brsg
IEH RS 488 0
PN R 488 1
PNl 488 2
TR D AR B 488 3
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2) ST RE

ARSI E T 6 DA AL E T W IC i E T
f£5%5 . LMES A—B R, 4545 B8 T (600 1/
min) T IEI 2 2] 2 W AN HUE RS 2 T4 (800 1/min )
T ARG T2 W

BOE Nk 15 KL (epochs ) 2 300, X AR 75 15 2E47 5
U 105 5 SR HME IR I A4t e AS Bt
(BatchSize) 2y 64, FHorp BRI 2R S0 43 Hr, B o
K Ir=0.001, 838 1,=0.1,1,=0.5, C =5, fdi[l] RMS
optimizer MR AT AL

3) LB LW Rt

T BEAR Y T5 1k B A R Az A AR SR SR
YR PG5 5 R ] — PR — 2, SR B R AR 7 s

xR7 AREEHIBISHIEE
Table 7 Transfer diagnosis accuracy of different algorithms
(%)

f£% CNN CDAN MK-MMD DANN WDANN SANN

A—B 70.47 86.37 89.38 84.50 85.39 93. 46
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Fig. 6 Confusion matrix of transfer task
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