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Abstract We propose a method that combines learning in a virtual environment and a real

environment for indoor autonomous driving through reinforcement learning. In case of learning
only in the real environment, it takes about 80 hours, but in case of learning in both the real and
virtual environments, it takes 40 hours. There is an advantage in that it is possible to obtain
optimized parameters through various experiments through fast learning while learning in a virtual
environment and a real environment in parallel. After configuring a virtual environment using
indoor hallway images, prior learning was carried out on the desktop, and learning in the real
environment was conducted by connecting various sensors based on Jetson Xavier. In addition, in
order to solve the accuracy problem according to the repeated texture of the indoor corridor
environment, it was possible to determine the corridor wall object and increase the accuracy by
learning the feature point detection that emphasizes the lower line of the corridor wall. As the
learning progresses, the experimental vehicle drives based on the center of the corridor in an

indoor corridor environment and moves through an average of 70 steering commands.
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Table 1 Lidar Channel Configuration
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