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Study room number monitoring and inquiry system based on YOLOv5
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(School of Geo-science and Technology, Zhengzhou University, Zhengzhou 450001, China)

[ Abstract] At present, there are unreasonable problems in the utilization of space resources of study rooms on the campus. In order
to reduce the time for students to search for study rooms and improve the efficiency of time utilization, a monitoring and query
system for the number of study rooms is designed and developed based on YOLOVS target detection technology. The system uses the

VideoCapture submodule of OpenCV—-Python module to call YOLOvVS5 algorithm to process video frames, and stores the number data

obtained in the back—end database to provide data support for subsequent functional applications.
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Tab. 1 Advantages, disadvantages and applicable scenarios of target detection algorithm!
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Fig. 3 System architecture
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