Journal of the KIECS. pp. 1263-1268, vol. 13, no. 6, Dec. 31 2018, 1. 92, pISSN 1975-8170 | elSSN 2288-2189
Regular paper http:/ /. doi.org/10.13067/JKIECS.2018.13.6.1263

HolF 7ZHAE sk A5

% 719 oAl 94 24
=} A

g2 - maA geprte) - g

JQE

1=

Multi-channel Video Analysis Based on Deep Learning for Video Surveillance
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ABSTRACT

In this paper, a video analysis is proposed to implement video surveillance system with deep learning object
detection and probabilistic data association filter for tracking multiple objects, and suggests its implementation using
GPU. The proposed video analysis technique involves object detection and object tracking sequentially. The deep
learning network architecture uses ResNet for object detection and applies probabilistic data association filter for
multiple objects tracking. The proposed video analysis technique can be used to detect intruders illegally trespassing
any restricted area or to count the number of people entering a specified area. As a results of simulations and
experiments, 48 channels of videos can be analyzed at a speed of about 27 fps and real-time video analysis is possible
through RTSP protocol.
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No. of channels Average frame per second
10 30.00
20 29.86
30 29.86
48 2750
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