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A behavioral recognition algorithm based on 2D
spatiotemporal information extraction

LIU Dongjingdian, MENG Xuechun, ZHANG Zixin, YANG Xu, NIU Qiang
(College of Computer Science & Technology, China University of Mining and Technology , Xuzhou 221008, China)

Abstract: Human behavior recognition technology based on computer vision is a research hotspot currently. It is widely
applied in various fields of social life, such as behavioral detection, video surveillance, etc. Traditional behavior recogni-
tion methods are computationally cumbersome and time-sensitive. Therefore, the development of deep learning has
greatly improved the accuracy of behavior recognition algorithms. However, compared with the field of image pro-
cessing, there is a certain gap in the effect of such methods. We introduce a novel behavior recognition algorithm based
on DenseNet, which uses DenseNet as the network architecture, learns spatio-temporal information through 2D convolu-
tion, selects frames for characterizing behavior in video, organizes these frames into RGB space in time-space order and
inputs them into our network to train the network. We have carried out a large number experiments on the UCF101 data-

set, and our method can reach an accuracy rate of 94.46%.
Keywords: behavior recognition; video analysis; neural networks; deep learning; convolutional neural networks; classi-

fication; spatiotemporal feature; densenet
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Fig. 13 Accuracy comparison between 2DSDCN_R and 2DSDCN_D with sampling every 5 frames
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Table 1 Experiment result
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