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[ Abstract] Deep learning, as the most popular research field in artificial intelligence, has been developing
rapidly in recent years and become the focus of global attention. Deep learning has demonstrated a powerful role in
many application areas. In some visual and auditory recognition tasks, deep learning even shows better perform-
ance than human beings. In medical domain, deep learning has become the top choice for researchers to analyze
big data, especially medical imaging. This review briefly introduces the history and development of deep learning,
and elaborates on the progress of research on deep learning in medical imaging by reviewing the latest and most
influential research results. In addition, this paper briefly discusses application of deep learning in medical ima-
ging analysis, as well as the future prospect and challenges of deep learning.
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