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Abstract: The human and the human actions are three—dimensional information. However, the traditional feature description method of
human interaction based on RGB video without the depth information lead to a lower discriminative ability. Considering the respective
advantages of the RGB image and the depth image and the characteristics of information complementarity , we propose a novel multi—
source information fusion algorithm of human interaction recognition. Firstly,the spatial-temporal interest point and the BOW model are
used to represent RGB video. Secondly, the histogram of oriented gradient is used to describe the frames of depth video. In addition,the
histogram representation is obtained by using key frame statistical feature. Finally,the nearest neighbor classifier is used to classify two
kinds of video features respectively, then human interaction recognition is achieved by weighted fusing recognition probability of two
types of video. The experiment shows that the accuracy of the human interaction recognition is improved by combing the depth informa-
tion.
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tion;bag of word (BOW)
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