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Research on fault diagnosis of wind turbine icing characteristics based
on LeNetSlike transfer learning
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University , Betjing 102206, China; 2. School of Control and Computer Engineering, North China Electric
Power University, Beijing 102206, China)

Abstract: A fault diagnosis of wind turbine icing characteristics based on LeNetSlike transfer learning method is proposed, to address the
problems of low accuracy and slow modelling speed of icing characteristics fault models, which wind turbine units are in offshore wind
farms and high altitude areas. Firstly, the recorded data from the SCADA system and the wind turbine icing situation are pre-processed
to build a training dataset; secondly, the icing fault diagnosis model is constructed based on the improved LeNetSlike network to extract
the correlation feature information between multiple variables in the dataset; then, the model is trained by the transfer learning fine-
tuning to achieve the rapid establishment of ice-cover fault diagnosis models for other wind turbines; finally, the model is experimentally
validated to have an icing fault diagnosis accuracy of 98. 90% , a 28 s reduction in training time and an improvement of about 15. 91%
over the transfer module-free network, verifying the accuracy and speed of the LeNetSlike based transfer learning wind turbine blade ice-
cover fault diagnosis method.
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Table 4 Statistics of test results with different

convolutional kernels sizes

E A INAN R HTES Ak JiF FHIR 8]/
64 0.98 052 0. 05 779 49
32 0.97 807 0. 06 490 42
16 0.96 613 0. 09 561 39
8 0.95 223 0. 13 050 39
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Recall = ——— (22)
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Table 5 Table of experimental comparison results for W1

Jrik EEF/% AR/ % F1/%
KNN 94.74 99. 41 97.02
RS 94. 04 91.91 92. 64
REALARAR 97. 54 92. 60 95.00
LeNet-5 97.40 97.24 97.27
LeNet5like 99.20 99. 61 99. 41
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Table 7 Table of experimental comparison results for W2

WRES ERE/ % EUER/ % F1/%
KNN 95.09 98. 85 96. 93
PSR 93. 88 95.93 94. 89
BEALARAR 98.25 91.52 94.76
LeNet-5 94.97 97.70 96. 32
LeNet5like 99.22 99. 86 99. 54
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Fig.27 Confusion matrix of diagnostic results for W2

data by various algorithms
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Table 8 Table of training results for expanded data
I xS i TR MK
HE /% EES HE /% ik i/ HEBI R/ % EES i Ta] /s
W3 3762 91. 40 0.219 1 930. 17 0.186 8 19 97.00 0.127 4 12
W4 11 352 94. 99 0.1329 96. 84 0.090 1 59 97.94 0.109 1 39
W5 15 000 95.74 0.117 5 97.71 0.073 7 77 98.24 0.099 2 48
W6 1971 87.78 0.295 4 90. 45 0.2551 13 97.02 0.137 1 8
w7 7 701 93.49 0.1659 94.71 0.144 7 44 97. 69 0.113 9 26
w8 18 528 96. 62 0.091 9 97.99 0. 060 2 109 98.52 0.084 7 68
W9 10 368 950. 24 0.1240 96. 93 0.087 1 61 98.52 0.095 9 34
W10 38 187 970. 69 0.064 1 99. 00 0.031 1 188 98.77 0.076 6 121
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Fig. 30 Results plot for testing set on expanded data

by transfer learning
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