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DEND Xiao-hao, HOU Jin', TAN Guang-hong, WAN Bin-yang, CAO Ting-ting

(School of Information Science and Technology, Southwest Jiaotong University, Chengdu 611756, China)

Abstract: To meet the comfort requirements of the adaptive cruise system following mode and take into account vehicle

safety and driving efficiency, and solve the problem of poor generalization and comfort of existing algorithms, a new

multi-target vehicle following decision is proposed based on the deep deterministic policy gradient (DDPG). According

to the mutual longitudinal kinematics of the following vehicle and the pilot vehicle, a Markov decision process (MDP)

model of the vehicle following process is established. Combined with the minimum safety distance model, an efficient,

comfortable and safe vehicle following decision algorithm is designed. In order to improve the model convergence

speed, the storage method and extraction strategy of the DDPG algorithm’s experience samples are improved, and the

samples are classified and stored according to the importance of the experience samples. Aiming at the multi-objective

structure of the following process, the reward function is modularized. Finally, the test is performed in the simulation

environment.

When the test environment and the training environment are different, the following tasks can be

successfully completed, and the performance is better than the existing following algorithms.
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