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Abstract; To improve the efficiency and accuracy of human action recognition in the home environ-
ment, a method of action recognition based on Principal Component Analysis(PCA) of Kinect data
was proposed and realized. Firstly, the time series data of human action feature description was col-
lected by Kinect, and human pose description vector was constructed. Then, the PCA method was
used to analyze the difference between the feature values at different time points and to obtain the re-
cons-tructed eigenvalues, by which the distinction between different types of actions can be more obvi-
ous. Moreover, the action discription feature of the redundancy was filtered to reduce the redundancy
and noise, which was conducive to the judgment and recognition for the human action. Finally, the
recognition and classification of the action were performed based on the features of the reconstruction
and the nearest neighbor principle. The experimental results show that the accuracy of this method is

more than 80% for the simple human motion recognition. The identification time of a single sample is
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1. 67 ms and 3. 93 ms, respectively. It can satisfy the human action recognition requirements for high-

er precision, strong anti-interference ability and real-time recognition.

Key words: robot; Kinect data; action recognition; Principal Component Analysis(PCA)
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