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Reduction of Errors Caused by People During making SLAM map Using Visual
Object Detection
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Abstract: SLAM ( Simultaneous Localization And Mapping) is one of the most important techniques for
an autonomous mobile robot. And SLAM using a 2D LRF (two-dimensional Laser Range Finder) is
simple and efficient. However, it is not easy to recognize several movable objects based on distance data
of the 2D LRF, the objects could be included in the SLAM map as error data. In this paper, a new
multiple sensor based strategy for 2D SLAM is proposed to solve this problem. This strategy uses a visual
object detection to find out objects that should not included in a SLAM map, such as humans and cars
surrounding the mobile robot. After calculating the directions of these objects, the distance from the LRF
is calculated and the distance data of the detected objects is deleted. At last, the processed data is used to
update the SLAM map. Some experimental results reveal the validity of out proposed method.
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