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Abstract Autonomous driving is one of the key technologies for future mobile vehicles, and reinforcement
learning is a useful tool for driving agents interacting with the environment and learning optimal
behavior. This paper presents a method of applying reinforcement learning to autonomous driving in an
indoor environment. It recognizes an indoor autonomous driving environment that changes in real time;
it deals with the unexpected appearances of objects, and returns to a number of preset destinations. We
suggest a method to reach. This technology uses reinforcement learning in which a mobile device,
equipped with a lidar sensor and an image sensor, is programmed to recognize the indoor environment
on its own by repeatedly traveling around the room to learn the layout and features. First, the driving
environment is modeled in a 2D simulation; the driving path and obstacles are accurately expressed, and
the reinforcement learning driving agent uses a reinforcement learning algorithm to perform actions in
the environment and get rewards. The agent learns the optimal policy for autonomous driving, performs
actions in the environment through repeated episodes, and learns a policy to maximize rewards. The
final model is deployed in an actual autonomous vehicle to drive indoors and adapt to changes in the
environment. Results demonstrate that this autonomous driving system can operate stably and efficiently
in a dynamic environment through reinforcement learning. This research is expected to contribute to
the development of autonomous driving technology and future urban mobility.
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