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Abstract

In this paper, we proposed an algorithm for utilizing visual information for non-contact predicting method of friction
coefficient. Coefficient of friction is very important in driving on road and traversing over obstacle. Our algorithm is based on
terrain classification for visual image. The proposed method, non—contacting approach, has advantage over other methods that
extract material characteristic of road by sensors contacting road surface. This method is composed of learning
group{experiment, grouping material) and predicting friction coefficient group(Bayesian classification .prediction function). Every
group include previous work of vision. Advantage of our algorithm before entering such terrain can be very useful for avoiding
slippery areas. We make experiment on measurement of friction coefficient of terrain. This result is utilized real friction
coefficient as prediction method. We show error between real friction coefficient and predicted friction coefficient for performance
evaluation of our algorithm.
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