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Reinforcement Learning for Mobile Robot Navigation
Using an Omni-Directional Vision Sensor

N. Komura, *H. Kamaya (Hachinohe National College of Technology)
and K. Abe (Tohoku University)

Abstract—

Generally, mobile robot navigation systems use the position information based on dead-

reckoning. However, the exact position cannot be detected because of the measurement error due to
wheel slippage, rough floor, etc. On the other hand, men and animals do not use the information on the
exact position. They use the information acquired from the external environment. In this research, we
propose a new autonomous mobile robot navigation system, which uses the only information acquired
from external sensor. This system consists of state classifier module and reinforcement learning module.
The state classifier module classifies much information obtained by an external sensor to fewer states
based on Kohonen’s Self-Organizing Maps. Using classified states, the reinforcement learning module
acquires action rules, such as avoiding obstacles and going toward a goal. This system is applied to an
autonomous mobile robot equipped with an omni-directional vision sensor. And validity of this system

is verified by extensive computer simulations.

Key Words: Reinforcement Learning, Mobile Robot, Navigation, Omni-Directional Vision Sensor
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Input Data

Fig. 4: Kohonen network
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