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Fig.1 Principle of wind turbine bearing fault diagnosis via

combined features adaptation
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Fig.6 Diagram of wind turbine bearing fault diagnosis method

via combined features adaptation
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Table 1 CWRU cross—domain diagnostic task division
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T TR sk BdESk Bk tRid
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0 2 10000 10 000 02
3 10 000 03
PR 1 2 10000 10000 0:10000 12
3 10 000 1-3
2 3 10000 10000 1:10000 2—3
01 2 10000 10 000 012
T 01 3 10000 10000 2:10000 01—3
02 3 10000 10 000 02—3
12 3 10000 10000 3:10000 12—3
012 3 10000 10 000 0123
UL 2 10000 10 000 0132
023 1 10000 10 000 023—1
123 0 10000 10 000 1230
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*2 1D-CNN BHigE
Table 2 1D-CNN parameters setting

2% = , M%%ﬁ%%& %AUHJI HE
(BRERGT B, 0K 353
Input - 1x2 048 -
Conv 1 1x64,16,8 16x1x256 =
Maxpool 1 1x2,-,2 16x1x128 w5
Conv 2 1x32,32,8 32x1x16 =
Maxpool 2 1x2,-,2 32x1x8 &
Conv 3 1x5,32,1 32x1x8 P
Maxpool 3 1x2,-,2 32x1x4 5
Conv 4 1x3,64,1 64x1x8 P
Maxpool 4 1x2,-,2 64x1x2 &
Flatten 100 100x1 -

% 3 Resnet-50 SHIEE
Table 3 Resnet-50 parameters setting

P 2% 2 ZHGE e, K Lingaakeidin #HE
Input - 3x224x224 -
Conv 1 7x7,64,2 64x112x112 =
MaxPooling 3x3,-,2 64x56x56 =
1x1,64,1 =
Block 1 3x3,64,1 [x3 256x56x56 &
1x1,256,1 i
1x1,128,1 i
Block 2 3x3,128,1 |x4 512x28x28 &
1x1,512,1 =
1x1,256,1 =
Block 3 3x3,256,1 |x6 1024x14x14  J&
1x1,1024,1 i
1x1,512,1 &
Block 4 3x3,512,1 |x3 2048x7x7 £
1x1,2048,1 i
Gap - 2048x1x1 w
Flatten - 2048x1 -

FEITEEXS 01 AR S BATINH E , th TR 5%
X AN R AR G FE ot P S 3] 32 R ), PRI e A B
(R HEAE[0.6,0.91 , G R WIET 7 7R o 4 =
0.6 I, 405 il 2k 11 HAR A5 3 1 I 252 Ak vk
REHTAF, MR 225030 w HHUE N 0.6,
2.3 A5 AAT

AREAES T, AFIT RSB S a0
RAPTR, XA ST 7 > SR E ¥
A+l Hoh ARG sy AR IR o
43 BT (Transfer Component Analysis, TCA ) i Fl1EE
A 4 7 35 BE (Joint Distri —bution Adaptation,
JDA) J7 k) YR 2 2 +3E 85 %% ] (Deep Learning
& Transfer Learning, DL+TL)fiH5 7 B 38018 ¥ ™
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Fig.7 Model accuracy performance under different u values

#% (Deep Domain Confusion, DDC)#& A 45 H i
I 4% (Domain Adaptive Networks, DAN) AN
35 %F 41 B 2% (Domain Adversarial Neural Networks,
DANN) 5 5 USIRIPR B 7 40038 i 7 (Deep Subdo-
main Adaptation Network, DSAN )Y
ARSI ELAARGAE  TCA L MMD Sy, it
SRR S A LA 48 /NGRS 1) A 22 57 5 JDA 7R
TCA FEatly 5| A 43 A 1N ; DDC FEF AlexNet
PIZEAEE, FEER 7 )25 IMA MMD H3IEE e )2
DAN 5 DDC &5 8 — 2, J5 4 vfi I 5 8 o MK -
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Table 4 Performance comparison of various diagnostic methods in cross—domain scenarios %

% TR Ik
5% TCA JDA DDC DAN DANN DSAN CFA
0—1 74.83 78.46 87.17 91.61 95.43 96.63 98.53
0—2 71.40 74.36 88.09 90.19 93.90 95.28 99.94
0—3 72.52 76.01 89.93 92.66 94.82 97.48 99.71
1—2 69.40 72.66 85.83 93.77 94.56 96.79 99.77
1—3 73.33 75.09 86.26 90.76 93.68 96.12 99.94
2—3 75.53 77.43 87.94 93.74 94.72 97.35 99.90
01—2 66.57 74.33 84.46 87.30 87.80 94.62 99.92
01—3 70.60 74.03 83.46 90.79 91.54 93.39 99.53
02—3 65.27 70.83 85.49 88.54 89.98 91.23 100.00
12—3 85.17 87.70 85.92 89.42 90.91 91.10 100.00
012—3 73.93 68.80 80.27 81.50 90.22 90.66 100.00
013—2 78.77 76.37 83.76 85.38 87.98 90.83 100.00
023—1 75.13 82.87 82.73 82.50 89.71 89.18 99.33
123—0 82.00 85.30 81.91 83.49 88.71 92.45 98.20
SIS WTHER % 73.89 76.73 85.23 88.69 91.71 93.79 99.63
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Table 5 Diagnostic performance of the proposed method
under cross—domain conditions without data selection
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Table 7 The diagnostic performance of this method in
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Wind turbine bearing fault diagnosis method via combined
features adaptation

Wang Na'?, Wang Zicong', Liu Jialin'
(1.School of Control Science and Engineering, Tiangong University, Tianjin 300387, China; 2.Key Laboratory of
Intelligent Control of Electrical Equipment, Tianjin 300387, China)

Abstract: In response to the weak generalization of cross —domain fault diagnosis for rolling
bearings in wind turbine units, a Wind Turbine Bearing Fault Diagnosis Method via Combined
Features Adaptation is proposed. Firstly, a data selection method based on one —dimensional
convolutional neural networks is introduced to filter data from the source domain that is similar to
the target domain, forming a new source domain to reconstruct the training dataset and mitigate
the negative transfer effect. Secondly, the continuous wavelet transform is applied to obtain two—
dimension time—frequency features of the training data, these features are afforded for the residual
neural network, which generates one—dimensional feature vectors as the initial features for transfer
learning, ensuring comprehensive extraction of the training data’s features. Thirdly, a new
combined feature adaptation loss function is presented. In it, not only the feature transfer loss of
the source domain and the target domain, but also the classification loss of the source domain is
considered. This enables effective feature transfer from the source domain to the target domain.
Finally, the softmax classifier of the constructed residual neural network is used for the diagnosis
classification of the fault. By the simulation under different kinds of migration tasks between
source domain and target domain,the proposed model is of higher diagnosis performance in the
cross—domain environment.

Keywords: wind turbine; rolling bearing; cross —domain diagnosis; deep transfer learning;

combined features adaptation
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