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ABSTRACT

In this paper, we propose a Fuzzy Classifier System(FCS) makes the classifier system be able to carry out
the mapping from continuous inputs to outputs. The FCS is based on the fuzzy controller system combined
with machine learning. Therefore the antecedent and consequent of a classifier in FCS are the same as those
of a fuzzy rule. In this paper, the FCS modifies input message to fuzzified message and stores those in the
message list. The FCS constructs rule-base through matching between messages of message list and classifiers
of fuzzy classifier list. The FCS verifies the effectiveness of classifiers using Bucket Brigade algorithm. Also
the FCS employs the Genetic Algorithms to generate new rules and modify rules when performance of the
system needs to be improved. Then the FCS finds the set of the effective rules. We will verify the effectiveness
of the poposed FCS by applying it to Autonomous Mobile Robot avoiding the obstacle and reaching the goal.
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