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This paper claims that performance of point cloud registration between target and
source cloud is effectively improved if we introduce maximum a posteriori estimation based
on Bayes’ theorem together with the initial pose and its covariance at the begining of the
registration. Standard ICP approach for the registration sometimes falls into misconvergence
arising from measurement errors, narrow field of view of sensors, movement of objects during
measurement, and so on. Our approach will improve such problem. We evaluated our proposed
method in three environments. The method successfully matches point clouds without the

problem of misconvergence.
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Fig. 1 A concept of the point cloud matching using
maximum a posteriori estimation and the

definitions of variables
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Fig. 2 A schematic view of probability distributions in
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Fig. 3 Graphical models for localization
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ence of complex shapes
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ence of moved objects
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Fig. 14  Errors of estimated pose using point-to-point

matching in the moved objects environment
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