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Abstract

Dense crowd detection is an important task in the field of computer vision and has extensive appli-
cation value in applications such as monitoring, anti-stampede, public safety, and traffic monitoring.
Although crowd detection methods based on deep learning have made remarkable progress, there
are still deficiencies when dealing with complex scenes such as dense crowds and small targets, and
they cannot accurately identify targets of different scales. This paper proposes a dense crowd detec-
tion algorithm based on improved YOLOvV5, which uses multi-scale detection and image segmentation
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technology to improve the detection ability of the algorithm in complex scenes. Experimental data
shows that the improved algorithm is better than the traditional YOLOv5 and YOLOv10 in dense
multi-scale scenes. The improved algorithm provides a more comprehensive and effective solution
for dense crowd detection tasks, and is expected to better meet the needs of dense crowd detection
in the fields of public safety and transportation in practical applications, and is also of great signifi-
cance for preventing safety accidents such as stampedes.
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Figure 1. Structural diagram of YOLOV5 algorithm
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Figure 2. Flow chart of the improved YOLOV5 algorithm
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Figure 3. Calculation strategy of attention score
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Figure 4. Curve graphs of three losses and evaluation indicators
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Figure 5. Original image and detection results of three models
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