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Human Behavior Recognition based on ResNeXt-GRU and Cluster Sampling

PENG Hui
(College of Software Engineering,Chengdu University of Information Technology , Chengdu 610225, China)

Abstract ; In order to effectively capture the temporal relationships in behaviors and enhance the feature representation a-

bility of the network, a human behavior recognition method based on ResNeXt-GRU is proposed. First of all, the behav-

ioral video key frame sequences are extracted by using a clustering algorithm and then input to the ResNeXt network for

feature extraction in spatial dimension. Then, the output feature vectors are all input into the gate recurrent unit (GRU)

network for temporal learning. Finally, a Softmax classifier is used for classification. Experiments on UCF101 and HM-

DB51 datasets recognition accuracy of 93.7% and 69.2% , respectively. The experimental results show that the recogni-

tion accuracy was improved compared with many other existing behavior recognition methods.

Keywords : action recognition; clustering; ResNeXt; gate recurrent unit ( GRU) ; Softmax



