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Fault Diagnosis of Multi Wind Turbine Based on CNN-Ensemble Learning

YE Yini, LI Yanting
(School of Mechanical Engineering, Shanghai Jiao Tong University, Shanghai 200241, China)

Abstract: Offshore wind farms are located in remote environment and have been constantly corroded by saline alkali. In
order to solve the problems of multiple-fault detection and identification in the operation process of wind turbines, a model
is established based on the traditional convolution neural network LeNet-5. The model adopts the ReLU function as the
activation function, and a convolutional layer, a pooling layer and a full connection layer are incepted. Aiming at the
datasets of the wind turbine supervisory control and data acquisition (SCADA) system and the condition monitoring (CM)
system, a multi-category fault diagnosis is carried out. A cluster analysis is implemented on several wind turbines, followed
by ensemble learning to build a multi-machine wind turbine fault diagnosis model. The experimental results indicate that the
diagnostic accuracy of the proposed method is 97% ~ 99%. By comparing the experimental results and other algorithms, the
effectiveness of the proposed method is verified.

Key words: fault diagnosis; LeNet-5 network; supervisory control and data acquisition (SCADA); multi-category;
ensemble learning
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Table 1 Examples of wind turbine status code

R RS HA g i) S i A
30101 2R R 2019-06-30 06:34:11:455 2019-06-30 06:44:59:979
220011 FREHLEE 2019-12-19 05:00:55:300 2019-12-19 05:02:41:260
30903 AL A IR (RE 4 DI) 2019-05-08 16:02:01:277 2019-05-08 16:09:56:190
140011 PR 1A ARt 2019-03-28 09:23:38:059 2019-03-28 11:18:06:448
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Figure 2 Fault diagnosis process of wind turbines
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Figure 3 The structure of convolutional neuro network LeNet-U
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Table 2 Fault diagnosis results of single wind turbines %
R ARS
(XL BE
37 38 39 40 41 42 43 44 45 46 47 48
LeNet-U 95.32  97.83 93.59 100.00 98.16 98.16 9933 9097 9415 9950 91.20 98.16
SVM 93.49 9316 8749 9825 97.66 9649 9750 97.00 9332 9566 92.48 92.28
AC MLP 92.64 90.80 93.59 99.25 98.33 86.12 97.16 9147 8930 9632 89.77 97.66
GPC 9432 9132 5636 9774 9816 93.82 99.67 9733 9282 93.66 91.28  96.99
LeNet-U 99.46  99.74  96.01 100.00 99.49 99.46 100.00 99.45 99.74 100.00 96.72  99.75
SVM 9483  94.67 92.00 99.75 98.66 92.67 9833 9833 9450 100.00 9221 99.50
MAR MLP 9551 91.14 9421 9754 99.24 99.68 99.25 9743 97.47 92,65 90.50  96.56
GPC 99.72 8824 9524 9565 9898 9881 99.74 98.73 9583 97.06 93.75 99.75
R
Hae AR )
49 50 51 52 53 54 55 56 57 58 59 60
LeNet-U 91.85 99.83 9850 86.68 88.56 9599 9833 9365 8995 9629 99.37 9548
SVM 7297 9850 9775 9098 86.70 9324 9816 87.15 91.23 91.09 95.62 90.73
AC MLP 67.79  99.00 97.62 8392 8655 9524 9799 9398 85.68 94.09 96.12 91.71
GPC 7534 99.17  97.12  87.69 8592 9487 9499 93.01 93.98 9424 9550 94.97
LeNet-U 95.57 99.75 99.49 9858 94.67 99.82 99.74 98.96 100.00 99.22 99.48  98.91
SVM 72.00 100.00 9737 9524 8550 97.12 98.67 9483 9575 9790 98.87  98.25
MAR MLP 87.38 9875 9883 9410 91.18 9929 9974 97.87 100.00 96.17 90.99  94.60
GPC 7588 99.50 98.81 95.16 9244 99.46 100.00 9838 9737 9822 97.70 97.34
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Figure 8 Confusion matrices of diagnosis results
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