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Automatic Parking System Based on Panoramic Image and Human-

Machine Interaction
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[Abstract] For the situation that the current automatic parking system requires a high number of sensors and
computing power, this paper proposed an automatic parking system based on panoramic images and human— machine
interaction. Quantitative perception training was performed on the improved Vacant Parking Slot Network (VPS—Net) to
realize real-time parking slot detection and parking slot occupancy classification. At the same time, with the help of the
driver’s judgment on the surrounding environment, only 4 surround-view fisheye cameras around the car body were used to
complete unoccupied parking slot detection and real-time monitoring of the parking environment, and multi-stage path
planning and path—following controller were utilized to realize smooth and accurate parking of the vehicle into the parking
slot. The verification results show that the system can realize automatic parking under various typical parking slots and
lighting conditions.
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