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Human Activity Recognition from Depth Image
Sequences Based on Multiple Features

SONG Xiang-fa, YAO Xu
(School of Computer and Information Engineering , Henan University , Kaifeng 475004 , China)

Abstract: The current methods cannot yield satisfactory performance since they just employ single feature for research of human activity
recognition from depth image sequences. For this, we propose a novel method based on multiple features including the super normal vector
features and the histograms of oriented gradients features from the depth motion maps. Firstly,in order to increase the complementarities
of features,we extract two types of features from depth image sequences including the super normal vector features and the histograms of
oriented gradients features from the depth motion maps. Then we use the kernel extreme learning machine to obtain the recognition result
of two features. Finally, the rule of logarithmic opinion pool is used to combine the classification outcomes. The tests on MSR Action3D
dataset show that it can achieve recognition ratio of 96.3% which is higher not only than that of the methods based on the super normal
vector features and based on the histograms of oriented gradients features from the depth motion maps,but also than that of other meth-
ods.
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