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Implementation of Smart Video Surveillance System Based on Safety Map
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ABSTRACT

There are many CCTV cameras connected to the video surveillance and monitoring center for the safety of citizens, and it is difficult for a few
monitoring agents to monitor many channels of videos. In this paper, we propose an intelligent video surveillance system utilizing a safety map to
efficiently monitor many channels of CCTV camera videos. The safety map establishes the frequency of crime occurrence as a database, expresses
the degree of crime risk and makes it possible for agents of the video surveillance center to pay attention when a woman enters the crime risk area.
The proposed gender classification method is processed in the order of pedestrian detection, tracking and classification with deep training. The
pedestrian detection and tracking uses Adaboost algorithm and probabilistic data association filter, respectively. In order to classify the gender of
the pedestrian, relatively simple AlexNet is applied to determine gender. Experimental results show that the proposed gender classification method
is more effective than the conventional algorithm. In addition, the results of implementation of intelligent video security system combined with
safety map are introduced.
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Fig. 5 Structure of convolutional neural networks.
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Table 1. The comparsion of gender classification

Class Proposed method| Random forest

Male 89.9% 62.4%
Female 90.7% 78.9%
Total 90.4% 72.2%
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