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Improved RGBDSLAM Algorithm for

Handing Dynamic Environment
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Abstract

The objective of this work was to improve the RGBDSLAM algorithm, which is a 3D localization
and mapping method, to be able to handle dynamic environments. The idea is to exclude scenes that
contain dynamic moving objects from entering the map building process. Lucas-Kanade technique was
used to calculate optical flows, which were used to differentiate the scenes with moving objects from the
scenes without. By analyzing the optical flows, it was possible to separate scenes into two types: moving-
object scenes and stationary scenes. The moving-object scenes would then be filtered out from entering the
regular RGBDSLAM process. The experiments were performed by comparing 3D map building accuracy
of the conventional RGBDSLAM with the improved one under the same environment. The results showed
that the conventional method had an average root mean square error of 0.1, whereas that of the improved
method was 0.03.
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