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accumulated orientation-magnitude histograms of optical flow
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Abstract ; In order to improve the recognition rate and efficiency of optical flow in the human action recognition sys-

tem, a novel method for human action representation based on the accumulated orientation-magnitude gradient his-

tograms of the optical flow is proposed in this paper. First the image optical flow is computed, and then every flow

vector is counted according to the orientation-magnitude to obtain orientation-magnitude histograms of single frame

image. Finally information of the video sequence can be represented by accumulating orientation-magnitude histo-

grams in time dimension. The proposed feature is evaluated on a standard database of human actions; KTH. The ex-

periment conducted on the four scenes demonstrates that this algorithm is effective and achieves a correct recogni-

tion rate of 87.5% with the KTH dataset.
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Fig.1 Feature extraction process
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Fig.2 The examples of region of interest
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Fig.3 The process of accumulating orientation-magni-
tude histograms of optical flow
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Fig.5 The results of different frames and numbers of grids
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