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Automated driving represents a novel technology aimed at reducing traffic accidents and enhancing
driving efficiency. This research introduces a deep reinforcement learning (DRL) approach for
autonomous vehicles, focusing on overtaking scenarios on highways. Initially, a highway traffic
environment is established, to guide the agent through surrounding vehicles both efficiently and
safely. A hierarchical control framework is outlined to manage high-level driving decisions alongside
low-level-control aspects like car speed and acceleration. Subsequently, a specialized DRL-based
methad known'as Deep Deterministic Policy Gradient (DDPG) is employed to devise decision-
making strategies.on the highway. The DDPG offers continuous action space exploration, making it
suitable.for tasks like,autonomous driving where actions are not discrete. Unlike DQN, it can handle
high-dimensional. action spaces more effectively, enhancing its applicability in complex
environments like highway driving. The efficacy of the DDPG algorithm is compared to that of the
DQN algorithmywith,subsequent evaluation of the results. Simulation outcomes demonstrate that the
DDPG algorithm adeptly handles highway driving tasks with efficiency and safety. The study
underscores the potential.of DRL techniques, particularly the DDPG approach, in advancing the
capabilities of autonomous vehiclesiand improving their performance in complex driving scenarios.
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