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Fast Video Action Detection Based on Action Subject-Detection

ZHANG Jiehao,CHEN Huajie, YAO Qinwei, HOU Xinyu
(School of Artifieial Tatelligence ,Hangzhou Dianzi University , Hangzhou 310018, China)

[ Abstract] The existing video action detection methods adopt the sliding window operation when generating candidate
regions, which process long video speeds slowly. Aiming at this preblem Ja fast detection method is proposed by detecting
the static action subject. First, a long video is divided into several unmitsjand/the Fast R-CNN algorithm is adopted to
detect the action subject in the first frame of each unit. Then, time zones are defined in the units with action subject to
generate action occurrence candidate regions,so as to reduce the input data of the action detection network. On this basis,
this paper uses 3D Convolutional Neural Network (CNN) fo discriminate the classification of candidate regions. Finally,
the boundary regression is performed on action regions,thus obtaining an accurate action time axis positioning.
Experimental results show that the detection speedf the proposed method is 2 times higher than that of the TURN
method , with an mAP indicator decrease by merely 0..7% .
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video unit
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