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Safety Social Distance Estimation Based on Person Detection and Homography
Transformation
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Abstract: In order to solve the problem of estimating the safe social distance of pedestrians in surveillance videos with uncalibrated
cameras, a method combining pedestrian detection, homography and scale estimation was proposed to classify whether pedestrians
were in the safe social distance in monocular cameras. Firstly, based on the YOLOv5s network, the pedestrian detector with better ro-
bustness was trained by using the data of MSCOCO containing only pedestrians. Secondly, according to the assumptions of the camera
imaging model, the homography matrix from the scene ground to the image plane was deduced, and the scale information from the
scene ground to the local area of the image was estimated by the average height of human and the height of the image pedestrian detec-
tion box, so as to project the elliptical pedestrian safety area on the image. Finally, the overlap of the pedestrian safety area in the im-
age is calculated to determine whether the safe social distance is violated. Experimental results show that when loU=0.5, pedestrian de-
tection precision, recall rate and AP of MSCOCO dataset reach 81.39%, 82.39% and 76.52%, respectively. The precision, recall rate
and Fl-score of pedestrian safety social distance classification of OTC dataset reached 98.99%, 89.12% and 93.79%, respectively.
The proposed method has high performance in pedestrian detection and safe social distance violation detection under normal security
camera circumstances.
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Fig.1 YOLOVS5s model structure
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Fig.2 Camera imaging model
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Fig. 3 Pedestrian safety social distance violation detection results
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Tabel 1 Pedestrian detector evaluation results in MSCOCO
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