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Medical application of video-based intelligent action recognition
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Abstract: Video-based intelligent action recognition remains challenging in the field of computer vision. The review analyzes
the state-of-the-art methods of video-based intelligent action recognition, including machine learning methods with
handcrafted features, deep learning methods with automatically extracted features, and multi-information fusion methods. In
addition, the important medical applications and limitations of these technologies in the past decade are introduced, and the
interdisciplinary views on the future application to improve human health are also shared.
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Figure 1 Overall framework of video—based intelligent action

recognition system in medicine
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Table 1 Comparison among 3 video—based intelligent action recognition methods
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Table 2 Medical applications of video—based intelligent action recognition methods
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