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Action recognition based on key frame extraction using order verification

ZHANG Zhou, WU Kewei, GAO Yang
(School of Computer and Information, Hefei University of Technology, Hefei 230601, China)

[ Abstract] As an important issue in video classification, human action recognition is becoming a hot topic in computer vision.
Since there are many video information, some videos have redundant information and few discriminative frames, so how to extract
key frames unsupervised is very important for action recognition. To this end, the paper proposes a new key frame extraction method
based on order verification and apply it to action recognition. First, this paper defines an order verification module that verifies the
order of frames in a local interval, learns the key description of the frames in the local interval, and then integrates them to obtain
the key description of each frame in the entire video; Second, key frames are extracted based on the learned key descriptions of the
video frames; Finally, the paper discusses experimentally how many key frames are extracted to be most beneficial for action
recognition. Experimental results show that the proposed method can reach 95.40% on UCF-101 and 68.80% on HMDBS51, which
are all better than some current advanced methods.
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Fig. 1 The overall video serialization process of the model in this paper
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