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ABSTRACT

CCTYV has been known to possess high level of objectivity and utility. Hence, the government has

recently focused on replacing low quality CCTV with higher quality ones or even by adding high resolution

CCTV. However, converting all existing low-quality CCTV to high quality can be extremely costly.

Furthermore, low quality videos prior to CCTV replacement are likely to be of poor quality and thus

not utilized correctly. In order to solve these problems, this paper proposes a method to improve videos

quality of images using SRGAN(Super Resolution Generative Advisory Networks). Through experiments,

we have proven that it is possible to improve low quality CCTV videos clearly. For this experiment,

a total of 4 types of CCTV videos were used and 10,000 images were sampled from each type. Those

images could then be used for machine learning. The fact that the pre-process for machine learning

has been done manually and the long time that required for machine learning seems to be complementary.
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Table 1. Experimental environment

CPU INTEL(R) Core(TM) i7-7700
HDD 2 TB
RAM 32 GB

GRAPHIC NVIDIA GeForce GTX 1060 6GB
(ON) Window 10
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