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Abstract

With the rapid development of intelligent connected vehicle technology, intelligent connected vehicles are playing an increasingly
important role in road traffic. Dynamic path planning for intelligent connected vehicles is one of the core technologies to ensure their
safe and efficient operation. Although traditional path planning algorithms perform well in some static and simple environments, they
have certain limitations in complex dynamic environments when facing real-time traffic changes and unforeseen obstacles. In recent
years, reinforcement learning, as an emerging machine learning technology, has been widely applied in the field of path planning
due to its superiority in dynamic decision-making and adaptation to complex environments.This paper studies the adaptability of
reinforcement learning algorithms in the dynamic path planning of intelligent connected vehicles, analyzes their performance in
complex traffic environments, discusses the advantages and challenges of reinforcement learning in practical applications, and
proposes optimization strategies. The research results show that reinforcement learning can significantly enhance the path planning
ability of intelligent connected vehicles in dynamic environments, especially demonstrating strong adaptability when dealing with
uncertain factors such as real-time traffic flow and sudden obstacles.
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