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Medical image segmentation methods based on deep learning YOU Qi-jing, WAN Cheng. College of Electronic
and Information Engineering, Nanjing University of Aeronautics and Astronautics, Jiangsu 211106, China

[ Abstract] In recent years, the increasingly developed technology of deep learning of artificial intelligence
makes many fields gradually realize automatic intelligent work. In the field of medicine, with the developments of
medical data electronization and internet medicine, it has become an inevitable trend to develop a new medical mode
to realize computer-aided diagnosis systems based on convolutional neural networks, which includes positioning, seg-
mentation and classification. Medical image segmentation technology is the difficulty and key point in the automatic a-
nalysis of medical image. At present, there are still many problems to be solved. In this paper, the progress of medi-
cal image segmentation will be systematically reviewed from three aspects: the characteristics of clinical medical im-
age , the introduction of deep learning mainstream segmentation networks and the application of current medical image
segmentation networks in clinical application, and the current development situation, challenges and future develop-
ment direction of convolution neural networks in medical image segmentation task will also be analyzed.
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