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Action recognition based on the angle histogram of key parts
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Abstract: The current pose-based methods usually make a strong assumption for the accuracy of pose but when the
pose analysis is not precise these methods cannot achieve satisfying results of recognition. Therefore this paper
proposed a low-dimensional and robust descriptor on the gesture feature of the human body based on the angle histo—
gram of key limbs which is used to map the entire action video into an feature vector. A co-occurrence model is in—
troduced into the feature vector for expressing the relationship among limbs. Finally a two-ayer support vector ma—
chine ( SVM) classifier is designed. The first layer is used to select highly discriminative limbs as key limbs and the
second layer takes angle histogram of key limbs as the feature vector for action recognition. Experiment results dem—
onstrated that the action feature based on angle histogram of key limbs has excellent judgment ability may properly
distinguish similar actions and achieve better recognition effect.
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Table 2 Recognition accuracy on KTH action dataset of
pose-based method /%
Li Wang ’ 0.76 0.88 096 1.0 — —
Sermetcan ©  0.90 0.96 0.94 0.87 098 0.84
097 097 097 097 083 1.0
3 KTH

Table 3 Recognition accuracy on KTH action dataset

%
Laptev et al * 91.8
Bregonizo et al ** 93.2
Liu and Shah * 94.3
Wu et al. * 94.5
Gilbert et al ¥ 94.5
94.9
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