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Improved SLAM algorithm based on Scan Context loop detection and GICP fine matching
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Abstract: In order to solve the drift problem of simultaneous localization and mapping (SLAM) technology in
constructing point cloud maps and reduce trajectory errors, a GS-LeGO algorithm, which integrates Scan
Context optimization and generalized iterative nearest point ( GICP) fine matching with lightweight ground
optimized radar odometer and mapping (LeGO-LOAM) algorithm, is proposed. The algorithm uses the global
descriptor extracted by Scan Context for cyclic detection, registers the map through GICP point cloud
registration, and obtains the final pose estimation to achieve accurate loop detection and improve positioning
accuracy. The algorithm also uses KITTI data set 00 sequence data set and 07 sequence data set for testing.
Experimental results show that, compared with LeGO-LOAM algorithm, GS-LeGO algorithm solves the
problem of point cloud map drift during sharp turns, and the loop effect is better, the constructed point cloud
map is more accurate, the motion trajectory and the real trajectory have higher overlap, and the estimated
trajectory length is closer to the real trajectory length. Compared with the absolute pose error of LeGO-LOAM
algorithm, the mean error is reduced by 24.22% and the root mean error is reduced by about 31.28%. In
dataset 07, the mean error is reduced by 43.30% and the root mean error is reduced by about 45.28%.
Compared with the real-time Lidar range measurement and mapping algorithm, the mean error of data set 00 is
reduced by 65.10% and the root mean square error is reduced by about 68.10%. In dataset 07, the mean error
is reduced by 15.38% and the root mean square error is reduced by about 13.43%.
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