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Overview of Medical Image Optimization Technology Based on GAN

Li Jiage, Wang Hao, Ren Haiping (National Institutes for Food and Drug Control, Beijing 102629, China)

Abstract Objective: To keep track of the global research progress of GAN in the field of medical devices,
clarify GAN and its evolutionary related in-depth learning methods in order to provide references and help for
domestic Al medical device enterprises. Methods: GAN and its evolutionary algorithms and its application in
medical image optimization were summarized from two aspects, technological evolution and clinical application.
Results and Conclusion: GAN, as a new hotspot of in-depth learning in recent years, has been intensively studied
around the world, and has been initially applied in the field of medical devices through a large number of clinical
trials and representative products on the market. At present, there is no Al-based process enhancement and image
reconstruction medical device products approved to the market in China, but academic research of them is very
active. Domestic Al medical device enterprises are also actively exploring image reconstruction, segmentation,
registration, mapping and other aspects.
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