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Abstract: Recently, various studies have been conducted to apply deep learning and Al to various fields of

autonomous driving, such as recognition, sensor processing, decision-making, and control. This paper proposes a

controller applicable to path following, static obstacle avoidance, and pedestrian avoidance situations by utilizing

reinforcement learning in autonomous vehicles. For repetitive driving simulation, a reinforcement learning

environment was constructed using virtual environments. After learning path following scenarios, we compared

control performance with Pure-Pursuit controllers and Stanley controllers, which are widely used due to their good

performance and simplicity. Based on the test case of the KNCAP test and assessment protocol, autonomous

emergency steering scenarios and autonomous emergency braking scenarios were created and used for learning.

Experimental results from zero collisions demonstrated that the reinforcement learning controller was successful in

the stationary obstacle avoidance scenario and pedestrian collision scenario under a given condition.
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Fig. 1 Reinforcement learning framework
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Table 5 RMS and mean value of path offset

Controller RMS [m] Mean [m]
RL 0.0975 0.1564
PP 0.2194 0.4229

Stanley 0.0661 0.0090
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