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Abstract: An action recognition method for people is proposed based on on-line random forest voting
to judge the action classification. The on-line random forest voting model is established and its algo-
rithms are researched through the two parts consisting of on-line training and on-line detection to im-
prove the precision of the action classfication. As people action shows important information in both
space and time, the method firstly trains the random forests in line by extracting 3D image features
containing a lab color space , the first order difference, the second order difference and displacement
optical flow. After training, a strong classier is formed. Then, the classifier is used to vote for detec-
tion images to produce an action space map. Finally, by seeking the maximum in the map, the catego-
ry of action in the detection images is complemented. Experimental results indicate that the method
determines the category of people action in the low resolution video images. The accurate rates of the
Weizmann data, the KTH data and the UCF sport data are 97.3%,89.5% ,and 79. 2% ,respectively.
These results show that the accuracy of action recognition is improved. Moreover, the model proposed

adds the feature representation of light flow energy field, expands the traditional forest voting theory
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to a 3D space, and uses to update information. It improves the stability and the reliability and will be

of potential application in the intelligent video surveillances.

Key words: action recognition; random forest voting; large displacement optical flow; action map; in-

telligent video
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