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Local feature extraction using time domain information for human action recognition
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Abstract: In the human action recognition application, the traditional 3D template convolution
method is time-consuming and difficult to avoid defects of pseudo interest points of background.
To overcome this weak point, we propose a motion human local interest point detect method com-
bining motion information and FAST feature. First, the difference is computed on every two adja-
cent frames, and the FAST (Features From Accelerated Segment) feature point detection is de-
ployed on the two pieces of motion information by taking intersection of the two points set as final
output with non-maximum suppression. With the low time-consuming FAST algorithm applied,
this method should be an efficient motion intersection point detector with high accuracy and mo-
tion correlation. Finally, we use the BOW model to generate action feature vector. The classifier
used is SVM (Support Vector Machine), KNN, Decision Tree and LDA. Performance is tested
on deferent datasets, the simple KTH and Weizmann,SVM classifier, obtaining the best accuracy
with KNN being more efficient.

Key words: action recognition; local feature; motion information; FAST corner; BOW (Bag of

Words) model
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Fig. 1 Several commonly used local features
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