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Sparse voxel pyramid neighborhood construction and
classification of LiDAR point cloud

2 1,2, 3%
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Abstract . Objective Point cloud classification is one of the hotspots of computer vision research. Among of various kinds of
processing stages, accurately describing the local neighborhood structure of the point cloud and extracting the point cloud
feature sets with strong expressive ability has become the key to point cloud classification. Traditionally, two methods can
be used for modeling the neighborhood structure of point clouds: single-scale description and multiscale description. The
former has a limited expressive ability, whereas the latter has a strong description ability but comes with a high computa-

tional complexity. To solve the above problems, this paper proposes a sparse voxel pyramid structure to express the local
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neighborhood structure of the point cloud and provides the corresponding point cloud classification and optimization method.
Method First, after a comparative analysis of related point cloud classification methods, the paper describes in detail the
structure of the proposed sparse voxel pyramid, analyzes the advantages of the sparse voxel pyramid in expressing the neigh-
borhood structure of the point cloud, and provides the method to express the local neighborhood of the point could with this
structure. When calculating point features, the influence of candidate points on the local feature calculation results gradually
decreases as the distance decreases. Thus, a fixed number of neighbors is used to construct each layer of the sparse voxel
pyramid. For each voxel, a sparse voxel pyramid of N layers is constructed, and the voxel radius of the Oth layer is set to R.
The value of N can be set according to the computing power of hardware resources. The R value is the smallest voxel value
in the entire voxel pyramid, and its size can be set according to the point cloud density and range of the scene. The voxel
radius of each subsequent layer of the pyramid is in turn twice that of the previous layer. The voxel radius of the Nth layer
is 2"R, and each layer contains the same number of K voxels. Each point in the original point cloud is built into a spatial
K-nearest neighbor index in voxel point clouds of different scales to form a sparse voxel pyramid by downsampling the origi-
nal point cloud according to the above-mentioned proportions. This method can determine the multiscale neighborhood of the
center point only based on a fixed-size K value. Near the center point, the point cloud density maintains the original densi-
ty. As the distance from the center point increases, the density of neighboring points becomes sparser. Based on the sparse
voxel pyramid structure, the local neighborhood constructed by points at different scales is used to extract feature-value-
based features, neighborhood geometric features, projection features, and fast point feature histogram features of corre-
sponding points. Then, the single point features are aggregated, the random forest method is used for supervised classifica-
tion, and then the multilabel graph cut method is used to optimize the above classification results. After calculating the fast
point feature histogram feature of each point, the histogram intersection core is used to calculate the edge potential between
neighboring points. Result This paper selects three public datasets for experiments, namely, the ground-based Semantic3D
dataset, the airborne LiDAR scanning data obtained by the airborne laser scanning system ALTM 2050 in different regions,
and point cloud dataset at the main entrance of the Munich Technical University campus in Arcisstrasse by mobile LiDAR
system, to verify the effectiveness of this method. The evaluation indicators used in the experiment are accuracy, recall,
and F1 value. Sparse voxel pyramids of different scales are used for feature extraction and feature vector aggregation owing
to the difference in point cloud density and coverage. Using the method proposed in this paper, the overall classification
accuracy of the experimental results on the ground Semantic3D dataset can reach 89% , the classification accuracy of the
airborne LiDAR scan dataset can reach 96% , and the classification accuracy of the mobile LiDAR scan dataset can reach
89% . Experimental results show that compared with other comparison methods, the multiscale features based on sparse
voxel pyramids proposed can express the local structure of point clouds more effectively and robustly. When the receiving
field of the voxel pyramid increases, the density of neighboring points decreases as the distance from the center point increa-
ses, which effectively reduces the amount of calculation. In addition, the histogram feature of fast point feature is used to
calculate the difference between adjacent points through the histogram intersection kernel, which is used as the weight of the
edge in the structural graph model to improve the optimization effect. This method is more accurate than the traditional
method that uses Euclidean distance as the weight. The multilabel graph cut method can further optimize the results of sin-
gle-point classification and provide better optimization results on issues such as the incorrect classification of vegetation into
buildings and vice versa. In areas with large natural terrain undulations, the classification accuracy of terrain and low vege-
tation is greatly affected by the undulations of natural terrain in different regions, and misclassification easily occurs. By
contrast, the classification accuracy on higher features such as tall vegetation, buildings, and pedestrians is less affected by
the terrain, and the accuracy is higher. Conclusion Overall, compared with other similar and more advanced methods, the
multiscale features extracted by the proposed method maintain the local structure information while considering a larger
range of point cloud structure information, thereby improving the point cloud classification accuracy.

Key words: point cloud classfication; sparse voxel pyramid; multi-scale feature ; multi-label graph cut; histogram intersec-

tion kernel
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Fig.4 Histogram intersection kernel ( Grauman and
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Table 1 Comparison of classification results at different

scales on different datasets by our method
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