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[ Abstract] With the rapid development of artificial intelligence, the community monitoring and security system has been gradually
strengthened and improved, and the security monitoring industry has stepped into an intelligent upgrade phase. In the field of security
monitoring image processing technology, traditional machine vision algorithms are difficult to achieve high—precision and rapid
recognition on abnormal behavior in monitoring. To solve this problem, this paper proposes a community security abnormal behavior
recognition method based on Faster RCNN + SlowFast network, which improves recognition accuracy and speed by extracting
temporal and spatial information from video key frames for target location and behavior analysis. By real—time analysis of human
movements in video surveillance, identification of fights, theft, vandalism, and other behaviors occurring in the community, this
system can report relevant information to the community security system, which effectively helps to maintain community security and
stability.
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Fig. 1 SlowFast network structure
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Fig. 2 Specific flow chart of model application
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Fig. 4 Experimental effect
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