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Abstract

Researchers have utilized artificial evolution techniques and learning techniques for studying the

interactions between learning and evolution. 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. We investigate the effects of learning in

evolutionary process by comparing the performance of the proposed realtime evolutionary learning method

with that of evolutionary method only. Also, we investigate an interactive evolutionary algorithm to overcome

the difficulties in evaluating complicated tasks.
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Infra-red sensors
‘Wheels with incremental encoder

Fig. 1 The miniature mobile robot “Khepera”
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Table 1 Parameters for genetic algorithm

Parameters Values
Population size, N 100
Chromosome length, / 20

Initial weight range -0.5~+40.5

100 actions
100ms

Life length

Action duration

Selection Ranking + elite
Crossover Multipoint Crossover
Mutation N(0,1)

Crossover Rate, Pc 0.1

Mutation Rate, Pm 0.2
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