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Tab. 6 Parameters of 6204 type motor bearing Tab.7 Evaluation parameters of fault bearings
WAz iz Wi 1237 NE R 3" S 1 P&l IS Sl
Inner Outer Pitch diameter/ Ball diameter/ Number of Inner ring Rolling element Outer ring
diameter/mm  diameter/mm mm mm ball bearings MMD FH S
20 47 334 7.94 8 MMD distance 0.06 0.043 0.058
3.2 AREBBIES TS HELE Mo 026 028 031
ean squared error
iﬁﬂy 3 ﬁﬁﬁ Fﬁ% %’Hﬁ?& E‘Jﬂfﬁﬁ]ﬂﬂiﬁﬁ }ﬁ(ﬁ/ﬁz y‘jﬁi Wasserstein fi 55
4 T N % AL, W in di 0.41 0.42 0.62
BEREA AT REA Y™ 5, IR 38 5 A4 i dh A 1E il 7K asserstein distance
e i 4 S N N N 5 R R
BT IR, SR LA 822 Ll BE AL 431l 2 B 59 41 48
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Fig. 8 Time-domain comparison between the generated data of
faulty bearings and the original data (test)

Euclidean distance
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Tab. 8 Test dataset of bearing fault bench

FGIIE S RS b4 FEA
Dataset Bearing status Label Sample size
1E % Normal IE % Normal
YIRS RS Rk
Training set  Rolling element failure ~ Rolling element
B i s 3136
ﬁ‘[ﬁi‘]ﬁiﬁ ' S Outer ring
Outer ring failure
- 1
WI%]MU;E P& Inner ring
Inner ring failure
1E# Normal 1EH Normal
WA ke eI
Test set Rolling element failure ~ Rolling element
- 784
M\@Mwﬁ H1 R Outer ring
Outer ring failure
L
3 NI Inner ring

Inner ring failure
F 9 (a) T T, I R4 v I FIVR Sh A A AR
Y IEF AR T 100% ; S BRRE A 732 IE A 2R
4 98. 64% ; P BBl B FEAS 73 S TE 1 %8 97. 84% ., Hi
B9 (b) AT %0, I 4R P IE 5 FVR sh RS R RE AR 0 2 0E
TR AB A 1009% 5 MBI BERE AR 732 E 2% 8 98. 64%;
PN P gL B A A 3 25 IE B 23k 98%
1 10 Ca) AT A0, I 2548 v IE 4 S5 IE B 2R A #
T 100% ; TR SR AR AR 53 S5 IE 28 96. 38% 5 S
i RERE A 43 2 TE 02 R 94. 24% ; DY RBI LR RE A 432K 1F
%4 92. 58%., H1I& 10(b) AT %0, M3 4 v iE 402
1E i 2 100%; V8 3l 1R B % B A 43 28 1 5 R H
98. 429% ; FINEI Bl BEAE AR 73 JAE 5% Ky 96. 66% ; P T
BB AR 4325 IR %0 96. 64%
FH & 11 Ca) AT, IR AR i LE 8RR Bl A i e A
AR 5325 1 B ZRAR R 1009% 5 1B 5 e A AR 3 2 I g 2%
4 96. 86% ; APl kL B AR 3 S5 IE 1 %6 R 96. 78% . Hi
1L () R0 3% A b TE 3 R0 7 S 4 ik 853 285 1E 1
FHRN 100% 5 HMEI R A M S IE 260 96. 86% 5 N
Rl A AR AR 43 2B 2R R 96. 9% .
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Fig. 9 Confusion matrix of BIGRU-1D-CNN model (test)
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Fig. 10 Confusion matrix of 1D-CNN model (test)
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Fig. 11 Confusion matrix of BIGRU model (test)
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Application research on fault diagnosis of double fed wind turbine bearings based

on improved generative adversarial networks

HU Weijun' LI Daoquan® HU Jijun’
(1. School of Mechanical Engineering, Inner Mongolia University of Science and Technology, Baotou 014010, China)
(2. Beijing Urban Construction Design and Development Group Co., Ltd., Beijing 100037, China)
(3. CRRC Zhuzhou Electric Locomotive Co., Ltd., Zhuzhou 412001, China)

Abstract: Aiming at the problem of the low fault diagnosis accuracy caused by the lack of fault samples for the rolling
bearings of doubly fed wind turbines under normal conditions for a long time, an improved generative adversarial network
fault diagnosis method based on expanding high-quality fault samples and using dual feature extraction was proposed. Firstly,
a finite number of rolling bearing fault samples were expanded through a Wasserstein type generative adversarial network with
maximum mean discrepancy and penalty constraints. Secondly, based on the dual feature extraction model, the time-frequency
converted temporal features and local features were extracted separately. Finally, the fault diagnosis of the rolling bearing
balance data was completed through a classifier. The standard dataset and test results show that the proposed method improves
the fault diagnosis performance while lacking fault samples.

Key words: Generative adversarial network; Bidirectional gated recurrent unit; Double fed wind turbine; Fault diagnosis
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