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3D mapping and positioning of mobile robots based on lidar
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Abstract: In view of the lack of effective loop detection for 3D laser mapping and positioning in outdoor envi-
ronment, which leads to cumulative drift error and insufficient compactness of the point cloud map form, a
Livox-based lidar data acquisition module was proposed, using the 3D point cloud segment matching method to
eliminate errors in outdoor mapping process. First, perform down-sampling and voxel filtering on the three-di-
mensional point cloud data collected by livox lidar to complete data preprocessing. Then, use the LOAM ( lidar
odometry and mapping in real-time) algorithm as the front end, and use the ICP algorithm to achieve fast and
effective inter-frame matching. Finally, combine the three-dimensional point cloud segment matching and the
GSTAM optimized pose cumulative error to obtain a globally consistent trajectory, and optimize the point cloud
map into a stereo occupancy map output. By using the point cloud segment matching method as loop detection,
the 3D laser mapping experiment in the actual outdoor environment proves that the method can solve the prob-
lem of inaccurate mapping in the actual outdoor environment.
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Fig.1 Flow chart of laser odometry
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Fig.4 Real environment reconstruction
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