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[Abstract]

Medical imaging technology plays an important role in the detection, diagnosis and treatment of diseases.

Due to the instability of human expert experience, machine learning technology is expected to assist researchers and doctors

to improve the accuracy of imaging diagnosis and treatment and reduce the imbalance of medical resources. In this paper, we

systematically summarized the methods of deep learning technology, introduced the application of deep learning in medical

imaging, and discussed the limitations of deep learning technology in medical imaging.
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