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A survey of action recognition in videos

LU Xiusheng, YAO Hongxun
( School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China)

[ Abstract] With the development of mobile communication technology, the online video data is exploding, and the demand for
intelligent video analytics is increasing. With the application of deep learning technology, the field of video understanding and
analysis has developed rapidly in recent years. As a core task in the field of video understanding, the research on action recognition
not only provides better video representation, but also promotes the research of other video—related tasks. In this paper, the definition
of action recognition task in videos is given and the four concepts of act, action, behavior, and event are distinguished. Secondly,
the research progress of action recognition task is introduced from two aspects; the traditional methods and the deep learning based
methods. The traditional methods include the recognition methods based on global representation and local representation. Finally,
representative action recognition datasets and the development trend of these datasets are also described.

[ Key words] video understanding; action recognition; event analysis; deep learning
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