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Abstruct: A “fuzzy target” is a control target value defined by “fuzzy set”. In this paper, it is acquired by

a reinforcement learning, which is a kind of machine learning. The membership value of fuzzy target is an

evaluation value of target elements obtained by the reinforcement learning. By using this fuzzy target, a control

system is constructed which is able to correspond to changes in the environment flexibly. It was applied to

a driving control of the nonholonomic vehicle under the change of the situation. Simulation results show the

effectiveness of this fuzzy target.
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Fig. 2: Kinematics constraint in nonholonomic vehicle
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