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A New Method of Hybrid Index for Mobile LiDAR Point Cloud Data

ZHANG Rui'? LI Guangyun' WANG Li' LI Mingle:' ZHOU Yanglin'

1 School of Navigation and Aerospace Engineering, Information Engineering University, Zhengzhou 450001, China

2 North China University of Water Resources and Electric Power, Zhengzhou 450045, China

Abstract: For mobile LiDAR point cloud data, a new hybrid index structure combining global KD-tree
and local Octree is proposed to improve the efficiency of data organization and management, which is
named as KD-OcTree index. Firstly, global KD-tree reconstructs the spatial neighborhood relations by
defining the segmenting dimension and segmenting planes, for the purpose of ensuring the balance of
the whole index. Then, local Octree is constructed in the leafs of KD-tree, which can avoid some
shortcomings such as the unbalance of point cloud distribution, deeper Octree, large amount of non-
point space, and so on. Lastly, we take three real scenes’ point clouds as test data to process. The ex-
perimental results and comparative analysis show that the KD-OcTree index can not only improve the
speed of constructing index and neighborhood searching, but also improve the effect of data-processing
and influence the reliability of classification.
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