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A multi-task deep learning method based on A-scan defect recognition
Z0U Chenwei, WANG Diyang

(Aviation Portage College, Shanghai University of Engineering and Technology, Shanghai 201620, China)

[ Abstract] For ultrasonic phased array (NDT) defect detection, this paper proposes a method to classify A—scan defects using a
multi—task deep learning network. The ultrasonic phased array detector is used to detect object defects and obtain A—scan defect
waveform images; the obtained A-scan images are pre—processed and the data on the curve in the waveform images are extracted
and converted into one—dimensional time—series data using MATLAB; the obtained one—dimensional time—series data are converted
into two—dimensional time—frequency images using wavelet transform (WCT) ; finally, the deep learning network Resnet is used for
training. The experimental results show that the defect recognition method using wavelet transform combined with deep learning has
a high accuracy rate.
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Fig. 1 Residual structure
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Fig. 2 Resnet network structure
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Tab. 1 Network training accuracy %

EES 4 I B AR Train—Ace /N8R Train—Ace

Letnet=5 67.3 73.9
Alexnet 71.7 87.5
Resnet18 92.2 98.9
Resnet34 89.7 98.4
Mobilenet—V2 47.2 79.2
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Fig. 3 Original drawing data
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Fig. 4 Two dimensional time—frequency image
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Fig. 5 SGD+Ir=0.0001 training curve
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Tab. 2 Maximum accuracy of two optimizers corresponding to

different learning rates

R (s =3 R o WERR R/ %
SGD 0.000 1 98.90
SGD 0.001 98.57
SGD 0.01 93.15
Adam 0.000 1 85.24
Adam 0.001 81.79
Adam 0.01 86.71
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Tab. 3 Recognition probability

T PRI S ESiA WER/ %
1 2y e 99.5
2 e e 96.7
3 J& J& 100
4 B4EIsS B4EIs 99.8
5 HEE TH5E 99.2
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