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Comparative study of SLAM techniques that utilize prior knowledge as constraints
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In order for robots to move from place to place in an environment, it is necessary to estimate simultaneously
its position and position of the landmarks. This is called SLAM and is broadly studied. In SLAM, odometry and
observed information are available. In addition to that, some kind of spatial prior knowledge is also available as a
constraints. But, not so much study has been done so far to SLAM that utilizes constraints. so, it is valuable to
research the kinds of constraints and to compare the techniques that utilizes constraints.
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