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Application of Deep Reinforcement Learning in Path Planning for Autonomous Driving

CHEN Jiangtao
Tianjin Binhai Vocational Institute of Automotive Engineering, Tianjin, 300352, China

Abstract: With the rapid development of artificial intelligence technology, the application of Deep Reinforcement Learning (DRL) in
autonomous driving technology is becoming increasingly widespread. Path planning, as one of the core technologies of autonomous
driving systems, directly affects the safety and efficiency of vehicle operation. The article systematically summarizes the key
technologies, typical algorithms, and application status of deep reinforcement learning in unmanned driving path planning, analyzes
the current challenges and shortcomings, and explores future development directions. By comparing traditional path planning methods
with DRL based methods, we aim to verify their superiority in complex dynamic environments and provide theoretical basis and
technical support for the further development of autonomous driving technology.
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