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ABSTRACT

According to the Institute for Occupational Safety and Health, the number of industrial injuries in 2019 was
109,242, an increase of 6.8% from 2018. In this situation, the government and companies are discussing the
development of core technologies for preventing safety accidents on site based on ICT in the field of construction and
construction. In these fields, technologies using computer vision and artificial intelligence have recently been widely
used. In this paper, we built training data for safety management of factory workers and trained a model based on
YOLOvA4. It is believed that this can be used as an initial study to predict the risk situation of workers in factories.
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Image labeling using CVAT
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1. System specification

ki

OS Ubuntu 20.04.1 LTS
CPU Intel i7-10700 (2.9Ghz, Core x16)

GPU Nvidia Geforce GTX 1660
RAM 16GB
Storage SSD 250GB & HDD 4TB
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