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Development of an Al-based Video Analytics System for Urban
Crowd Density Safety
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Abstract

Safety accidents related to social disasters are steadily increasing. Since 2020, it have been occurring frequently in
multi-density facilities, leisure, culture, and amusement facilities. Although various efforts have been promoted for a
long time, the accident rate is still not decreasing. In this paper, we propose technologies to prevent various types of
crowd collapses including deep learning-based object detection and Model Optimization and Lightweight on Edge Al
Group Trajectory Prediction, Crowd Density Estimation. As a result of the experiments, we confirmed that the
proposed video Analytics System have the accuracy of object detection more than 80% and a speed of more than
20fps. we developed an integrated service support S/W platform that reflects user convenience. In the future, we plan
to secure the accuracy of more than 90% and speed of more than 25fps by securing additional training data of
various crowd situations and applying additional robust crowd density analysis algorithms.
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Fig. 1. Elements of a system for crowd density detection
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Table 1. Result of test(P2PNet)

object | inferring mis | precision
Flame number | number | detection | (%) i
300 166 42 0 25.30 12.1
600 170 43 0 24.12 12
900 190 51 0 26.32 1.8
1200 220 52 0 2364 123
1500 206 75 0 36.41 12




Journal of KIIT. Vol. 22, No. 12, pp. 55-64, Dec. 31, 2024. pISSN 1598-8619, elSSN 2093-7571 59

E 2 YOLOV7 HAE(1) Zzf
Table 2. Result of test(1)(YOLOV7)

300 78 71 0 91 25.17
600 105 9% 1 0 30.20
900 84 74 1 87 21.55
1200 98 89 1 0 30.22
1500 7 75 1 94 27.60
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Table 4. Result of test wihtout lightweight

300 166 19 3 82
600 170 122 3 80
900 190 141 2 73.16
1200 220 157 3 80
500 206 148 2 80.87
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Table 5. Result of test with lightweight

HAE Z3

300 36 37 4 86 29.98
600 33 33 3 91 30.22
900 33 36 5 76 30.00
1200 36 39 5 83 29.93
1500 40 44 5 87 31.67
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