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A Robot Soccer Strategy and Tactic Using Fuzzy Logic
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Abstract

This paper presents a strategy and tactic for robot soccer using fuzzy logic mediator that determines robot action
depending on the positions and the roles of adjacent two robots. Conventional Q-learning algorithm, where the number
of states increases exponentially with the number of robols, is not suitable for a robol soccer system, because it
needs so much calculation that processing cannot be accomplished in real time. A modular Q-learning algorithm
reduces a number of states by partitioning the concerned area, where mediator algorithm for cooperation of robots is
used additionally. The proposed scheme implements the mediator algorithm among robots by fuzzy logic system,
where simple fuzzy rules make the calculation easy and hence proper for robol soccer system. The simulation of
MiroSot shows the feasibility of the proposed scheme.
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