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[ Abstract | Computer aided diagnosis (CAD) has been used in ultrasound medicine for many years, and has achieved good results

in breast, thyroid, carotid artery, liver and many other fields. In recent years, with the emergence of deep learning, the research of
ultrasound image classification and segmentation based on it has gradually emerged. This paper introduced the main features of
the traditional ultrasonic CAD technology and the new ultrasonic CAD technology applying deep learning, and reviewed the latest
applications.
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