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Research on variable threshold joint clustering algorithm for
indoor obstacle point cloud segmentation

Liu Hongkai Wang Shaohong Zuo Yunbo Gu Yuhai
(Key Laboratory of Modern Measurement &. Control Technology, Ministry of Education,Beijing Information

Science and Technology University,Beijing 100192, China)

Abstract: Lidar point cloud segmentation technology plays an important role in intelligent vehicle environment
recognition. Due to the problems of near dense and far sparse point clouds. uneven distribution, and the presence of
noise in LIDAR, inaccurate point cloud segmentation occurs. A self adaptation DBSCAN with Euclidean joint clustering
algorithm is proposed to address the above issues. This method first preprocesses the point cloud data, using through
filtering., voxel filtering, and cube filtering to extract, sparse, and denoise the point cloud. Then, it combines the
adaptive DBSCAN algorithm and an improved variable threshold Euclidean clustering algorithm to cluster and segment
the point cloud. Real scene data was collected for testing. and the results showed improvements in evaluation indicators
such as C-H coefficient, contour coefficient, D-B coefficient, and contour coefficient. This indicates that the variable
threshold joint clustering algorithm significantly improves the accuracy of point cloud segmentation, effectively
improves the intra class consistency and inter class differences of clustering results, and provides a more reliable
foundation for object detection and recognition.
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12 end if
SaEuclideanClustering ( PointsSetWithCLID.

13: )
get(ClusterID-1))
14 end if
15: end for
16: return PointsSetWithCLID
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