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Robust estimator based on information potential and
its application to simultaneous localization and mapping
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Abstract: We present a novel robust estimator based on informatioengat optimization techniques and apply it to
simultaneous localization and mapping on segment-based.rdructured indoor environment can be efficiently descti
with Segment-based maps. Usually, in dynamic environnsamtple data collected by range-finders suffer from noisés an
disturbances. Sample data are divided into clusters witbhapd-merge. Inliers of the segment are selected acagrdi
to the information contribution which is measured by infation potential. After the local map is built, particle filse
are adopted to update robot poses and maps. The recursivenaifon potential reduces computations of information
contribution of each sample. Simulations and experimertallts validate the strong robustness of the proposedasti,
and the accuracy and efficiency of the proposed strategyllmsthe robust estimator.
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Fig. 1 Extraction of main structure of segment
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