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Research on RF-DDPG Vehicle Control Algorithm for

Autonomous Driving Path Optimization

JIAO Longfei, GU Zhiru, SHU Xiaohua, YUAN Peng, WANG Jianbin
( College of Railway Transportation, Hunan University of Technology, Zhuzhou Hunnan 412007, China )

Abstract: In view of such flaws as low accuracy and poor robustness of target path tracking for autonomous
vehicles in motion, a reward function-deep deterministic policy gradient (RF-DDPG) path tracking algorithm has
thus been proposed. Based on the deep reinforcement learning DDPG, the algorithm designs the reward function of
the DDPG algorithm for an optimization of the DDPG parameters so as to achieve the required tracking accuracy and
stability. A simulation experiment has been conducted on the original DDPG algorithm and the improved RF-DDPG
path tracking control algorithm based on the aopllo autonomous driving simulation platform. The results show that the
proposed RF-DDPG algorithm is characterized with an adavantage over the DDPG algorithm in path tracking accuracy
and robust performance.
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