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Video Scene Recognition with Multi-Granularity Video Features and Attention Mechanism

YUAN Shao-Zu, WANG Lei-Quan, WU Chun-Lei
(College of Computer Science and Technology, China University of Petroleum, Qingdao 266580, China)

Abstract: Video scene recognition has attracted much attention in the field of machine learning and computer vision. It is
not only an important practical application, but also a challenge for image understanding in the field of computer vision.
Nevertheless, current exploration of video scene recognition has not been unable to meet the heéds of production
environment. And most proposed models only use video-level feature information, while ignore association of multi-
granularity video feature. In this study, we propose an architecture of attention fhechanism with multi-granularity video
features, which can make use of the rich semantic association among the various dimensions of video information
dynamically and efficiently, and improve the performance of the.model. The experiments are conducted on the latest
VideoNet dataset released by CCF China MM 2019. The result shows that the proposed model based on attention
mechanism model with multi-granularity video f€atures outperforms the previous methods.

Key words: video scene recognition; attention mechanism; multi-granularity video features; CNN; detection network
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