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Temporal action location based on spatio—temporal information fusion
WANG Qian, FAN Dongyan
(School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] The temporal action location task needs to identify the action classes, the start and end time of actions in a long video.
The selection of candidate areas is an important factor affecting the recognition effect and efficiency. In this paper, a candidate region
extraction network based on fusion of spatio—temporal features is proposed, which makes full use of the temporal and spatial features
of video segmentation segment to determine whether it is a candidate region. Then, the candidate regions are input into the trained
CDC network for frame level granularity action classification. Finally, the action state detection network is trained to repair the
candidate regions, so as to get a more accurate time region of action occurrence. Experiments on THUMOS 14 dataset show that the
proposed method can be effectively applied to temporal action localization in untrimmed videos, and has a higher accuracy than the
existing methods.

[ Key words] temporal action localization; temporal and spatial features; candidate regions; CDC network; action state detection
network
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network frame diagram
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Fig. 6 Action starting and ending state judgment network
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