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Abstract: This paper

overview and summary of the application of reinforcement

provides a comprehensive

learning in the field of autonomous driving. First, an
introduction to the principles and development of
reinforcement learning is presented. Following that, the
autonomous system and the

driving technology

fundamentals required for the application of

reinforcement learning in this field are systematically
introduced. cases of

Subsequently, application

reinforcement learning in autonomous driving are
described according to different directions of use. Finally,
the current challenges of applying reinforcement learning

in the field of autonomous driving are deeply analyzed,
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and several prospects are proposed.
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Fig.1 Graphic representation of Markov decision process
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Fig.2 Diagram of traditional reinforcement learning and deep reinforcement learning principles
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Fig.3 Main components of autonomous driving
system
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Tab.1 Datasets of natural driving
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Tab.2 Simulation environments of autonomous driving
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Fig.4 Illustration of main tasks in autonomous driving planning, decision-making, and control
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Tab.3 Evaluation metrics for generated autonomous driving test scenarios
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