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Human Action Recogn‘ition Based on Visual Attention

KONG Yan, LIANG Hong, ZHANG Qian
(College of Computer &Communication Engineering,, China University of Petroleum, Qingdao 266580, China)

Abstract: Recognition of human actions in videos is an important research field in computer vision in recent years.
However, existing methods have insufficient representation of video and cannot focus on significant areas within the
image. We propose a deep convolutional neural network based on visual attention, which can effectively add a weight to
the video representation features, pay attention to the beneficial regions in the features, and achieye more accurate
behavior recognition. We conducted experiments on HMDBS51 and our own Oilfield-7 dataset to verify the validity of the
model proposed for human actions on the oilfield. The experimental results show that the proﬁ‘osed method has certain
advantages compared with the two-stream architectures which have achieved excellent performance.

Key words: action recognition; two-stream architecture; Convolu_ﬁbnal Neural Network (CNN); video representation;
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