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Abstract

This paper proposes how the recurrent neural network controller for a Khepera mobile robot with
an obstacle avoiding ability can be determined by co-adaptation of the evolution and learning. The
proposed co-adaptation scheme consists of two folds: a population of NN controllers are evolved by
the genetic algorithm so that the degree of obstacle avoidance might be reduced through the global
searching and each NN controller is trained by CRBP learning so that the running behavior is
adapted to its outer environment through the local searching. Experimental results shows that the
NN controller coadapted by evolution and learning outperforms its non-learning equivalent evolved
by only genetic algorithm in both the ability of obstacle avoidance and the convergence speed

reaching to the required running behavior.
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