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Weld defect recognition method with magneto-optical imaging based
on convolutional neural network

Ji Yukun', Gao Xiangdong', Liu Qianwen', Zhang Yanxi', Zhang Nanfeng’

(1. Guangdong Provincial Welding Engineering Technology Research Center, Guangdong University of Technology,
Guangzhou 510006, China; 2. Huangpu Customs Technology Center, Guangzhou 510730, China)

Abstract ; Detecting the surface and subsurface micro weld defects is the key to ensure welding quality. A weld defect detection method
with magneto-optical imaging based on deep convolutional network is proposed. On the basis of Faraday magneto-optic rotation effect, the
principle of magneto optical imaging is analyzed. A deep convolutional network prediction model is established to study the influence of
different model structure parameters on the training results. Through analyzing the intermediate mechanism of deep convolutional neural
network, the model training process is studied and the optimal parameters of convolution kernel are found automatically. Experiment
results show that the optimal prediction model can be achieved by selecting the size of the first layer convolution kernel as (7x7) and
using the Relu activation function. The average training accuracy of magneto-optical imaging of weld defects is 98.61% , and the
prediction accuracies of 5 weld samples with pit, crack, incomplete penetration, incomplete fusion and non-defect are 84.38% ,
98.05% , 84.38% , 100% and 100% , respectively, and the average prediction accuracy is 93.36%.
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Table 2 Training results for different convolution kernel size
WXW Acc_s Loss_s P_ace/%
3x3 0. 067 0.127 93.36
5%5 0. 052 0. 159 93. 35
Tx7 0. 028 0.079 93. 36
9%x9 0. 059 0.162 92.19
11x11 0. 026 0. 066 92.97
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Table 3 Structural parameters of the prediction model for

weld defect magneto-optical image

Layer Kernel Size Output Size
Input 400x400
Convalution 64, 7x7 197x197
Max pooling 1, 2x2 98x98
Convalution 128, 3x3 98x98
Max pooling 1, 2x2 49x49
Convalution 256,3%3 49%x49
Max pooling 1, 2x2 24x24
Convalution 512,3x3 24x24
Max pooling 1, 2x2 12x12
Convalution 512, 3x3 12x12
Max pooling 1, 2x2 6%6
Full connected 18432x128 128
Full connected 128x128 128
SoftMax 128x5 5
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Table 4 Prediction results of different weld defects
MR HETRR /%
LB 84.38
My 98. 05
RIHE 84.38
KIEG 100
Pt 100
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