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Data and Rule Hybrid-driven Motion Planning for Fully Automated
Valet Parking

ZHAO Hua-rui' ,CAO Yang-jie’
(1. Platform Economy Development Guidance Center of Henan Province ,Zhengzhou 450008 , China;
2. School of Cyberspace Security,Zhengzhou University , Zhengzhou 450003 , China )

Abstract: We investigate trajectory planning in fully automated valet parking systems and propose an innovative approach based on deep
reinforcement learning. Current path planning techniques primarily rely on geometric algorithms, which face numerous limitations in
complex parking environments, especially when dealing with dynamic obstacles and uncertainties in environmental changes. Although op-
timization—based strategies are theoretically effective , their high computational complexity hinders real-time responsiveness, limiting their
feasibility in practical applications. We introduce a hybrid data and rule driven method for parking trajectory planning that significantly
enhances the system’s scalability and generalization capabilities by leveraging historical data and heuristic rules. Notably, this approach
does not depend on real-time interactions to obtain precise physical information about other vehicles, making it more suitable for current
practical scenarios, particularly in situations with incomplete information or limited sensors. Furthermore, we employ curriculum learning
and a hybrid A * algorithm to accelerate the convergence speed of the reinforcement learning model by gradually increasing task
complexity,, enhancing the model s adaptability to environmental changes. Experimental results demonstrate that the proposed method
performs exceptionally well in complex automated parking tasks, effectively achieving efficient and safe parking operations, thereby
showcasing its potential application in fully automated valet parking systems.
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