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Abstract

To solve the problems of easy fatigue, missed or incorrect detection, and high cost existing in man-
ual monitoring of large sports venues, and to meet the requirements of intelligent safety management,
this paper conducts research on the application of deep learning in the field of public safety manage-
ment. An intelligent control and management system is constructed with the YOLOv8 algorithm as the
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core. By optimizing the network structure, adopting adaptive anchor boxes and multi-scale feature
fusion strategies, the number of people in the venue is accurately detected. Combined with a dis-
tributed camera array, the early warning of personnel density exceeding the limit is achieved. By
integrating YOLOv8 with the object detection algorithm, a human pose key point detection model is
constructed. Trajectory analysis is utilized to identify personnel fall behaviors, and the model is
optimized through methods such as constructing dedicated datasets and data augmentation. Exper-
iments show that the model has good accuracy and stability. This system enables real-time moni-
toring and early warning of personnel flow and falls, providing technical support for the safe oper-
ation of the venue, promoting the digital transformation of management, and has room for optimi-
zation and expansion in the future.
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Figure 1. Training sample

Bl 1. &K

3. #£F YOLOVS MMz

YOLO #41 H#EA: IORIGZ UL vk S HERPEZ AR, i ZARER IS, LM BT SRRl
EANETZRAYE, YOLOV8 & YOLO RFHIEIMILANER, BARE . EERNIm[6]. HAAIRRE
TR SUERGEH  SE R R T, % R SR IS A E F AR DN AL, DA SEELN AR S
Ty BRET A I S8 8 R 1A ST M SEBILET R 1 IR skt

hxwxc_in

Conv
k=1,s=1,p=0,
c=0.5%c_out

hxwx0.5¢c_out

hxwx0.5¢_out

hxwx0.5¢_out

hxwx0.5¢_out |-

hxwxc_out

c3 hxwxc_out c2f

hxwxc_out
shortcut=?,n shortcut=2,n

Figure 2. Comparison of C2f and C3 structures
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Figure 4. Comparison of head structures between YOLOvV8 and YOLOv5
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Figure 5. Model training process
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Figure 6. Variation of training parameters for person detection model
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Figure 7. Variation of training parameters for fall detection model
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