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Evolutionary Learning of Mobile Robot Behaviors

'J. Lee (Intelligent Mech. Eng. Dept. PNU), " 1. Shim (LG Electronics), 1. Yoon (Mech. Eng. School, PNU)
ABSTRACT

Adaptation in dynamic environments gains a significant advantage by combining evolution and learning. We propose an
on-line, realtime evolutionary learning mechanism to determine the structure and the synaptic weights of a neural network
controller for mobile robot navigations. We support our method, based on (1+1) evolutionary strategy, which produces
changes during the lifetime of an individual to increase the adaptability of the individual itself, with a set of experiments on
evolutionary neural controller for physical robots behaviors.
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the best individual
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