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Application and development of defect recognition using deep learning in

ultrasonic testing
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Abstract Deep learning is one of the most powerful machine learning algorithms and convolutional neural
network (CNN) can automatically extract features which outperforms other deep learning model in the field of
image processing. We briefly describe the development history of deep learning, then summarize the application
of deep learning in ultrasonic testing defect recognition which from the early shallow neural network to the
deep learning. Learning from the field of medical image recognition and ray image recognition, we find that
the CNN is also suitable for ultrasonic image identification, so we propose to use it to identify the ultrasound
images directly. Finally, we discuss the problems and practicable strategies in ultrasonic image recognition
using CNN.
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Fig. 1 LeNet-5, a convolutional neural network
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