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Abstract

In recent years, the rapid development of autonomous driving technology has continued to present
key challenges in achieving safe, efficient, and comfortable speed control. This paper proposes a vehi-
cle car-following control model based on the Deep Deterministic Policy Gradient (DDPG) algorithm.
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To enhance performance, the model’s outputis constrained by the Intelligent Driver Model (IDM), and
it utilizes a multi-objective reward function that integrates safety, efficiency, and comfort. The model
was trained and tested on 1341 car-following events extracted from the Next Generation Simulation
(NGSIM) dataset. A comparative analysis was conducted against an unconstrained DDPG algorithm to
evaluate the proposed model’s performance. The results demonstrate that this method contributes to
the development of more effective autonomous driving systems, holds significant practical value, and
can serve as a reference for future autonomous system design.
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Figure 1. I-80 Aerial photos and schematics of the research area
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