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A Review of Human Action Recognition Based on Deep Learning

ZHU Yu! ZHAO Jiang-Kun' WANG Yi-Ning? ZHENG Bing-Bing®

Abstract Human action recognition is an active research topic in intelligent video analysis and is gaining extensive
attention in academic and engineering communities. This technology is an important basis of intelligent video analysis,
video tagging, human computer interaction and many other fields. The deep learning theory has been made remarkable
achievements on still image feature extraction and gradually extends to the time sequences of human action videos. This
paper reviews the traditional design of action recognition methods, such as spatial-temporal interest point, introduces
and analyzes different human action recognition framework based on deep learning, including convolution neural network
(CNN), independent subspace analysis (ISA) model, restricted Boltzmann machine (RBM), and recurrent neural network
(RNN). Finally, this paper summarizes the advantages and disadvantages of these methods.
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Fig.1 The flowchart of action recognition
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Fig.6 Movement information representation method based on optical flow method
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Table 2 The results of methods based on the interest of time and space on the KTH, UCF Sports and
Hollywood databases (%)
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Densel!!] 85 / 86 / 45 86 / 82 / 47 79 /77 / 39 88 /83 / 46 - -
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Table 4  The results of ISA on three databases (%)
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