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Human Action Recognition Framework with RGB-D Features Fusion
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Abstract Human action recognition is an important research direction in the field of computer vision and pattern recog-
nition. The complexity of human behavior and the variety of action performing make behavior recognition still as a chal-
lenging subject. With the new generation of sensing technology, RGB-D cameras can simultaneously record RGB ima-
ges.depth images,and extract skeleton information from depth images in real time. How to take advantages of above in-
formation has become the new hotspot and breakthrough point of behavior recognition research. This paper presented a
new feature extraction method based on Gaussian weighted pyramid histograms of orientation gradients for RGB ima-
gessand built an action recognition framework fusing multiple features. The feature extraction method and the frame-
work proposed in this paper were researched on three databases: UTKinect-Action3D, MSR-Action 3D and Florence 3D
Actions. The results indicate that the proposed action recognition framework achieves the accuracy of 97.5%,93.1%,
91. 7% respectively. It shows the effectiveness of the proposed action recognition framework.
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Fig. 2 Diagram of Gaussian weighted PHOG feature
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Fig.4 Action recognition framework
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Table 1 Feature grouping of relative shift of skeleton between frames
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Table 6 Comparison of recognition ratio between different classifiers
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