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Experimental Evaluation for Mobile Robot Localization with Hierarchical SFA

~Investigating the Influence of Training Data Size and Environmental Change—~

OMasayuki IMANAKA (University of Tsukuba), Ayanori YOROZU (University of Tsukuba) and
Akihisa OHYA (University of Tsukuba)

Abstract: A method of self-localization for a mobile robot using hierarchical SFA (Slow Feature Analysis) has been
proposed. However, the applicable environmental conditions and the necessary data for learning have not been sufficiently
investigated. In this report, the influences of route change and unexpected objects are verified experimentally.
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Fig 1: Learning self-localization using hierarchical SFA
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Fig.2 : Experimental enviroment and robot trajectory
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Table 1: Combination of training data and test data
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Fig.3: Robot configuration

Fig .4: Input image from Omni-camera
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Fig .5: Influence of training data size
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Fig .6: (Learning)Trajectory 2=>(Test)Trajectory 1
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Fig .7: (Learning)Trajectory 1=(Test)Trajectory 2
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Fig .8: Results in human existing environment
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