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Development for Analysis Service of Crowd Density in CCTV
Video using YOLOv4
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Abstract In this paper, the purpose of this paper is to predict and prevent the risk of crowd
concentration in advance for possible future crowd accidents based on the Itaewon crush accident in
Korea on October 29, 2022. In the case of a single CCTV, the administrator can determine the current
situation in real time, but since the screen cannot be seen throughout the day, objects are detected using
YOLOv4, which learns images taken with CCTV angle, and safety accidents due to crowd concentration
are prevented by notification when the number of clusters exceeds. The reason for using the YOLO v4
model is that it improves with higher accuracy and faster speed than the previous YOLO model, making
object detection techniques easier. This service will go through the process of testing with CCTV image
data registered on the AI-Hub site. Currently, CCTVs have increased exponentially in Korea, and if they
are applied to actual CCTVs, it is expected that various accidents, including accidents caused by crowd

concentration in the future, can be prevented.
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1. YOLO v4 (You Only Look Once)
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Fig. 1. FPS-AP graph
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Table 1. FPS-AP graph

Category Number of objects

TOTAL 164,000
Training set 118,000
Validation set 5,000

Test set 41,000
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Fig. 6. Object recognition principles for people counting
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Fig. 7. Counting the number of bounding boxes
recognized as objects
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