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The structure of model
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Tab. 2 The description of bearing experiments
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Tab. 3 The hyperparameter of bearing experiments
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Tab.4 The transfer diagnosis results of bearing experiments

=R T B AE R/ Y
TR RS -
1 2 3
TO 85.75 94.75 100.00
T1 87.25 92.25 100.00
100 —
sor — B
)
B gl ol 5753
ﬁ e
20
0 1 1
TO T1

F5 Rk T B2 Wi a2

Fig. 5 The transfer diagnosis result of bearing experiment

i iE #5912 Wi 45 2 0 BT, Wasserstein B 5 F1 B {5
M 75 X LA T A0 (8 P 448 e TR Y A RS R 2
Wrie . Horh T ik 5 I8 BT B M T L AL TR
D7 XF b, 26 W1 B AR 2 M 6 LAl T R 8 7S A S i
BE Z (B A5 B 28 TG O, 8 T R B AR SR A
BRIk e m TR R 2 W RE T I e
J7 k5 MMD J7 ik X e 45 2R 3% B Wasserstein i 2
B R IO T MMD BB 8 E B T HAE T 5 > 7 1
B R R 2 M MET R A T BT S5
IO F I 1, uk B T B AT B W 75 5% LAk T X
LT 8 9 5% ) KT Wasserstein # 5 .

T RE S U M 08 58 TR FE X L AT B8 A 2] B AL Y
TER RO A R Ay 2 0 AR AT e R A5 B R AR S
(Isometric Feature Mapping, Isomap) J5 ¥ #£ 17 7] ¥
Mo =7 R AT AR RSCR X L an 1 6 TR . A
6 Ha] DL Y T 5 T 1 3% B A A 1 B T RS
FHR B 2 2R, B AR SR R SRR IR B S A —
MNEE IR =2V N E S = W S 2l N O 1 S S
B IS PN BB 1) R A, K AR B TR AR i K T A R L R 12
BT 8 77, 8 8 S B T B0 DR S ML A B B 2 A T
H bR LR % B 0 3E 22 W T Al R R O ik R
R S R 7 5 Rl I R A S W Y IX A I (B
W) HR H bR Pl e E S ™ i EL R B
5 HPRBUR 23 0] 53 A0 2 5 B R, R BULE B2 K g
R



5% 3 PRI A BT RN LT AR 2 2 (R LT HURGAK B 2 851

* VEEIER Xk EHRARESEE Sk AN R
W RIS Yo BRRRIER Y BisEA R
O BErisrEsE O BirgiRshikiiE

BR52
*

G
2%
(2) TCEAS MGk

(a) Without mutual information noise contrastive estimation method

(o]
R
®
2 %0
(b) MMD 7%
(b) MMD method
/\j(\ql
B

a1
(c) IREXT TR

(c) Deep contrastive transfer learning
K6 ERi2Wis el Ak

Fig. 6 Visualizations of the transfer results

4.2 HHRIIBEM

4.2.1 RIBA B AR REIE R R

R T ik — A5 B AE BT 4R O A R AT A
1% B 72 G 5 A 0L 52 50 15 3K AT AR A B A 4
SCEG AN 7 TR o AT AL CRE AR Sl R o
R RFENUR 16 kHzo 47 52 5 1 £t FE bR 0 4 45 1

B RV SCRUE 5, AR R DL SR AR AR
[a] %5 58 T 09 808 L 43 912 600 r/min(iEfED T4 ) |
1200 r/min (i2 4 E T. % ) A1 2400 r/min (i /E F T
) o BEFCIRBLE 100 S FEA RS BEAR AL 5 1024 4
BHs 5, R R R B bR SR 4 o AL 4 X
100X 1024=409600 > ¥ 4 i o & J5 , F P BRI H
B BRS04y IS I BAT 55 (T2 F1 T3) , HAk
i w2 5 FiR .

pIEE ITEWRA R

ZHEAS AL

BT ARG RGNS R

Fig. 7 The fault test bench of planetary gear transmission

system

®5 HHRLHHIERHR

Tab. 5 The description of gear experiments
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Tab. 6 The average accuracy of gear experiments
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Fig. 8 The iteration process of different methods

M 8 AT LI, &5 K2 800 IR EAR G |, T
JEEX LI B 2% > BT A I 2R B A S A 3k &) 100 %6, T
DANs W I ZrE B 25 F b3k 2] 17 100 %, B8 T 8%
R EMS A RS . WNIIZRIR BF BT L
TR 5 )RR A K R B R IR B R, Hak AR AR
T, 1M DANSs #9272 TP, 3 3% W IR B %
LU A 78 27 ) 1AL 0 I S AR B AR g, e B T
Wasserstein #1251 4y 1 £% 27 > 155 1Y 1) 43 2% B R & 4%
BEARL R PERE | BRIz A 9 I 7 i % = T DANGs,

Sy TR W] A R R AR E ML A it T = A
IR A R bn e 2, R 7 s . MR 7R LLE
L BT T AR E 2 TE WA T BAL 5 BT
DANSs, 8 IR B2 0T AT A% 2~ 185 30 i I 3 435 2R B
AISE TR T Oy i B R i AR e . R TCA

RT ERIEIREE

Tab. 7 The standard deviation of gear experiments
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Mechanical fault diagnosis using deep contrastive transfer learning
under variable working conditions

SU Hao', YANG Xin', XIANG Ling"*, HU Ai-junl'2 , LI Xian-zeé'
(1.Mechanical Engineering Department, North China Electric Power University, Baoding 071003, China;
2.Hebei Key Laboratory of Electric Machinery Health Maintenance &. Failure Prevention, Baoding 071003, China)

Abstract: The distribution discrepancy between source domain data and target domain data will be aggravated due to time-changing
operation conditions of the mechanical equipment in practical. Therefore, the performance of the intelligent fault diagnosis model is
weakened. A novel method based on deep contrastive transfer learning is proposed for mechanical fault diagnosis under variable
working conditions. Multilayer convolution block is used as the prepositive feature extractor to extract representative features from
raw vibration data, which can improve the performance of fault classifier and domain discriminator. The feature extracted from
prepositive feature extractor is transmitted to feature fusion device, and the convolution features can be refined and connected by
the local and global receptive fields in prepositive feature extractor which can strengthen the feature-expressed capacity of the mod-
el. The refined features are utilized for fault classifier and domain discriminator to diagnose mechanical fault under different condi-
tions. The Wasserstein distance is applied in fault classifier for measuring the discrepancy between source and target domain data.
Based on the mutual information noise contrastive estimation, the mutual information domain discriminator is proposed to distin-
guish working conditions. All of them can raise the transfer capacity of the proposed method. Experiments on bearing and gear dem-

onstrate that the proposed method diagnoses mechanical faults under variable working conditions based on transfer tasks effectively.
Key words: fault diagnosis; variable working conditions ; Wasserstein distance ; transfer learning ; contrastive learning
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