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Abstract

As a crucial attribute of point cloud data, normal vectors play a significant role in numerous algo-
rithms. However, accurately estimating normals at sharp feature points remains a challenging
problem in this field due to inherent issues in point cloud data such as noise susceptibility, presence
of outliers, and non-uniform sampling. This paper proposes a novel point cloud normal estimation
algorithm based on distance differences between point pairs, whose core innovation lies in a voting
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scheme where all neighboring point pairs collectively determine the local tangent plane. The algo-
rithm thoroughly investigates distance characteristics between point pairs in cloud data, employs
Gaussian weighting functions to quantify distance information, and constructs an effective normal
estimation model by incorporating both distance information and normal consistency into the vot-
ing process. Experimental results demonstrate that compared with traditional point cloud estima-
tion algorithms, the proposed method achieves reduced normal estimation errors while accurately
recovering fine features of complex models, effectively overcoming challenges posed by noise and
non-uniform sampling.
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Figure 1. Schematic diagram of selecting candidate point pairs in PCV
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Figure 2. Comparative schematic of strong point pair screening
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Table 1. Data comparison table of RMS_ values for different models under various noises and algorithms
= 1 AEMRBEREMGAEMEZET RMS, ERBIELLR RS

it Noise PCA PCV Ours
No 0.627 0.430 0.425
Cup Low 0.627 0.409 0.408
(34,100 K) ' ’ ’
Average 0.627 0.420 0.416
No 1.201 0.990 0.985
column_head
(100 K) Low 1.201 1.013 1.008
Average 1.201 1.001 0.997
No 0.701 0.482 0.454
star_halfsmooth
(100 K) Low 0.714 0.551 0.548
Average 0.708 0.516 0.501
No 0.561 0.486 0.471
Boxy_smooth

(100 K) Low 0.571 0.462 0.456
Average 0.566 0.474 0.464
No 1.286 1.167 1.163

Liberty
(100 K) Low 1.298 1.234 1.233
Average 1.292 1.200 1.198

Table 2. Data comparison table of time for different models under various noises and algorithms
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No 1873 1881
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Average 1865 1894
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Figure 3. The mean value of RMS_ on different models
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Figure 4. Visualization of normal estimation results based on point pair distance differences for
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