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Abstract: To address the problem of incomplete description of local surface geometric features by existing
handcrafted descriptors, this paper proposed a high-discriminative and robust multi-view geometric distri-
bution signature (MGDS). First, a local reference frame (LRF) was constructed based on the keypoints
and their neighboring points. The local surface was voxelized. The centroid distribution of the 3D voxels,
the contour features of 2D sectors, the point density distribution of 2D grid, and the depth fluctuation of

the surface were calculated to generate the geometric feature descriptor. Next, the local surface was rotat-
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ed multiple times based on the LRF to generate new shape representations. The rotated surfaces were en-

coded using centroid, contour point, density, and z-value fluctuation information. By capturing these geo-

metric feature descriptors from multiple viewpoints and concatenating them into a single feature vector, the

final multi-view geometric distribution signature (MGDS) was obtained. Experiments are conducted on

four datasets: RandomView, SpaceTime, Kinect, and B3R with different Gaussian noise and grid resolu-

tions. The proposed MGDS descriptor is compared with ten existing descriptors. Compared to other de-

scriptors, MGDS descriptors outperform existing local feature descriptors. Experimental results indicate

that the proposed MGDS descriptor exhibits good descriptiveness and robustness, making it suitable for ac-

curate registration of 3D point cloud.
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tion histogram; (k) Total feature rotation histogram; (1) Final MGDS distribution histogram
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