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Abstract As an important research hotspot in the computer vision community, human action recognition has important research
significance and broad application prospects in many fields such as intelligent surveillance, smart home and virtual reality,and it
has attracted the attention of scholars at home and abroad. For the methods based on traditional handcrafted features,it is difficult
to deal with human action recognition in complex scenarios. With the great successes of deep learning in image classification, the
application of deep learning to human action recognition has gradually become a development trend, but there are still some diffi-
culties and challenges. In this paper, firstly,according to the difference of the feature extraction approaches,the early traditional
handcrafted representation-based methods for human action recognition were simply overviewed. Then, from the perspective of
network architecture,some deep learning-based approaches for human action recognition were discussed and analyzed, including
Two-Stream Networks.3D Convolutional Networks, etc. Besides. this paper introduced the current human action recognition data-
sets used to evaluate the methods performance, and summarized the performance of some typical methods on two well-known
public datasets of UCF-101 and HMDB-51. Finally, the future trends of deep learning-based methods were discussed from two as-
pects of performance and application,and the shortcomings were also pointed out.

Keywords Human action recognition.Deep learning,Convolutional neural network, Human action recognition dataset
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Fig.1 Pipeline of human action recognition
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Fig. 2 Categorization of human action recognition approaches
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Fig. 6 Architecture of two-stream network
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Table 1 Human action reognition datasets
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