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Intelligent car search system for parking lot based on machine vision
DU Jiahao, HUANG Xiaoci, XING Mengyang
(School of Mechanical and Automotive Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] In recent years, China’s economy has grown rapidly, and the development of the automobile industry has entered a
new stage of sustainable development. In this context, in addition to the problems of congestion, the problems of difficulty in
parking and finding a car have become increasingly prominent for drivers. Therefore, this article proposes the machine vision—based
parking lot intelligent car—finding system, which aims to quickly find a car in a complex parking environment, reduce user time
costs, and promote the construction of existing smart parking lots. The system contains three modules. The license plate recognition
module is responsible for outputting the license plate text, and matching it with the license plate text manually input by the mobile
terminal module, then determining the location of the vehicle to be found. Finally, the path planning module implements the shortest
path planning. The system touches the mobile terminal and displays the shortest route to complete the intelligent car search. The test
results show that the improved algorithm has good robustness and faster detection accuracy, the license plate detection accuracy can
reach 96.86%, and the time of path planning is greatly shortened, which better realizes the purpose of fast intelligent car search in
complex parking environment.

[ Key words] machine vision; vehicle license plate recognition; path planning; parking lot management
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Fig. 1 Technical route diagram of the system
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Fig. 2 Opverall flowchart of the system
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Fig. 5 Algorithm optimization diagram
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Fig. 6 Mobile terminal operation page of the system
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Fig. 7 Location page of the vehicle
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Fig. 8 Shortest path planning page of the system
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Fig. 9 License plate recognition page
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Fig. 10 License plate recognition results
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Tab. 1 Experimental results of license plate recognition
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Tab. 2 Experimental results of the path planning algorithms
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Fig. 11 Flame diagram of the traditional A * algorithm
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Fig. 12 Flame diagram of the Q-star algorithm
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