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Research on intelligent driving vehicle routing simulation

based on deep learning

HE Qian, TONG Wuning
(Computer Experiment Center, Shaanxi University of Chinese Medicine, Xianyang 712000, China)
Abstract Based on the deep reinforcement learning technology, the path planning problem in intelligent driving is studied,
and simulation analysis in the virtual environment is made to verify the performance of the proposed path planning algorithm.
An improved experience replay mechanism ERDDPG (Experience Replay Deep Deterministic Policy Gradient) algorithm
is proposed , which sets different priorities for the experience samples through the priority experience replay mechanism, and
the high-quality experience samples are firstly sampled. In this mode, the training efficiency of the network is significantly
improved. In the simulation experiment, the ERDDPG algorithm proposed can complete the path planning of intelligent

driving, with higher learning efficiency and better driving stability of intelligent vehicles.
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