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Abstract To solve the problem that the contact measurement method is susceptible to the limitation of the sensor
acquisition channel and the additional weight, a wind turbine blade crack diagnosis method based on three-
dimensional (3D) vibration information fusion and convolutional neural network is proposed. First, based on the
principle of binocular photogrammetry, a multi-channel sample construction method of 3D vibration information
fusion is proposed. This method can integrate the motion information of multiple measurement points on the surface
of the wind turbine blade, gain the acquired signal with more abundant features, and greatly decrease additional
weight interference. Secondly, in order to obtain multi-level semantic information of cracks, a new multi-scale
convolutional neural network is proposed. A type of 1.5 kW wind turbine blade was selected to carry out crack
diagnosis experiments, and a database of samples of different crack states was established. The prediction accuracy
reached 93.4%, which verified the effectiveness of the proposed method. Comparative analysis with the classic
LeNet-5 and VGG-11 networks shows that the improved convolutional neural network has higher identify precision
and faster convergence speed. Multi-channel signal samples can offer a better effect in wind turbine blade crack fault
diagnosis application.
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Table 1 Structural parameters of the proposed CNN model

Layer Kernel or filter size, Output
output channel size
Convolution 1X1, 24 294X294X24
Convolution 11X11, 24 59X 59X 24
Max pooling 3X3, 24 30X 30X24
Convolution 5X5, 64 30X 30X 64
Max pooling 3X3, 64 15X 15X 64
Convolution 3X3, 64 15X15X 96
Convolution 3X3, 96 15X15X 96
Convolution 3X3, 96 15X 15X 64
Max pooling 2X2, 64 8 X 8X 64
Fully connected,dropout 512, 0.5 64
Fully connected,dropout 512, 0.5 64
Fully connected, SoftMax 8 8
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Fig. 4 Photogrammetry experiment chart. (a) Binocular high-speed camera measuring instrument; (b) wind turbine blade;

(c) labels for different cracks; (d) code identification map
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Fig. 7 Image samples. (a) YPA; (b) YPB; (¢) YPC; (d) YPD; (e) YPE; (f) YPF; (g) YPG; (h) YPH
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Table 2 Contrast results of experiments

Method Mean Training

accuracy /%  time /s

CNN (unfusion-signal) 76.62 323.45
CNN (fusion-signal) 89. 54 327.82
LeNet-5 (fusion-signal) 89. 16 423.59
VGG11 ({usion-signal) 92.27 1162. 19
Proposed-CNN (fusion-signal_A) 93.24 548. 27
Proposed-CNN (fusion-signal_B) 93. 32 552.36
Proposed-CNN (fusion-signal) 93.41 559. 21
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Fig. 8 Train accuracy. (a) Experiment 1; (b) experiment 2; (c) experiment 3
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