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Three-dimensional lidar point cloud target
segmentation method based on improved Euclidean clustering

YAO Shaohua, HE Song, TU Yuanyuan
(College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] Three—dimensional lidar is widely used in autonomous driving systems, and point cloud target segmentation is a key
technology in smart car environment perception. Aiming at the problem of under—segmentation of neighboring targets in lidar point
cloud target segmentation algorithm, an improved method based on Euclidean clustering algorithm is proposed. Firstly, the point
cloud data is preprocessed, then the threshold is dynamically selected according to the distance between the point cloud and the lidar,
and the angle threshold of the lidar scan line and the dynamic distance threshold are combined to cluster and segment the non—ground
point cloud. Experimental results show that compared with the traditional Euclidean clustering algorithm, this method can
simultaneously segment the near and far obstacle target point clouds quickly and accurately, and the accuracy of target segmentation
is increased by nearly 2.5%, reaching nearly 86% , and the segmentation accuracy of pedestrian targets increased by nearly 5.4%,
reaching about 88.02%.
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Fig. 1 Multi—scale grid diagram
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Fig. 2 Euclidean clustering flowchart
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Fig. 3 Adjacent target under—segmentation problem
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Fig. 4 Pedestrian point cloud
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Fig. 5 Original point cloud

Ee6 FAEEHR=E

Fig. 6 Point cloud after pretreatment
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Fig. 7 Point cloud target segmentation results
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Tab. 1 Comparison of results between traditional algorithm and

this algorithm
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