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Learning Topological Maps with Historical Data of Vehicle Behavior.
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Topological maps are useful abstract representations of the environment for robotic navigation and human-robot
interaction. The sensory limitations of mobile robts hide features of the environment for the robots. In this paper,
we consider a special case of corridor environments and variable-length Markov models. We propose a topological
map learning method for splitting compound states which contatins some essentially different states with the

Prediction Suffix Tree.
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