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Abstract

Against the backdrop of rapid development of autonomous driving technology, the safe and efficient
lane-changing decision-making of intelligent agents has become a core challenge to improve driving
safety and traffic efficiency. The existing lane-changing decision methods based on deep reinforce-
ment learning mostly ignore the issues of environmental dynamics and sample correlation, result-
ing in insufficient decision robustness unstable training process. To address the above issues, this
paper proposes an optimization method for autonomous driving lane-changing decision making
with driver style perception based on the deep Q-Network (DQN) algorithm with experience replay.
The core innovations of this method are reflected in two aspects: one is to break through the limi-
tations of traditional DQN, which relies on macro Kkinematic information, and to form a risk state
representation by quantifying the driving styles such as aggressive and conservative neighboring
vehicles and constructing a risk coefficient (risk), so as to improve the accuracy of the agent’s per-
ception of dynamic environmental risks; the other is to design a multi-objective reward function
integrating safety, efficiency and with rules, so as to guide the agent to learn a balanced driving
strategy by adjusting the weights, and at the same time, to ensure the stability of the training pro-
cess by the replay mechanism. In order to verify the performance of the algorithm, a comparative
experiment was conducted with the traditional DQN and Double DQN algorithms in the SUMO sim-
ulation platform. The experimental results show that the algorithm has significant improvements
in lane changing success rate, collision rate, and average traffic efficiency compared to traditional
DQN and rule-based methods, providing an effective solution for intelligent agent decision-making
in autonomous driving scenarios.
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