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Abstract ; Many methods adopt the technique of multi-feature fusion to improve the recognition accuracy of RGBD
video. Experimental analyses revealed that the classification effect of certain behavior in some features is good;
however, multi-feature fusion cannot reflect the classification superiority of certain features. Moreover, multi-feature
fusion is highly dimensional and considerably expensive in terms of time and space. This research proposes an
adaptive feature selection method for RGBD human-action recognition to solve this problem. First, random forest
and information entropy were used to analyze the judgment ability of the human joints, whereas the number of
human joints with high judgment ability were chosen as the feature selection criterion. By screening the threshold
number, either the joint feature or the relative positions of the joints was used as the recognition feature of action.
Experimental results show that compared with multi-feature fusion, the method significantly improved the accuracy
of action recognition and outperformed most other algorithms.
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