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Abstract

The normal vector, as an essential attribute of three-dimensional point cloud, plays a significant
role in point cloud-based rendering methods and surface reconstruction algorithms. Utilizing the
differences in normal vectors to filter and weight neighboring points is a commonly used strategy
in normal estimation. However, in the existing normal estimation methods, a single and inaccurate
initial normal vector is generally used to depict the local structure of neighboring points, resulting
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in imprecise filtering results. To address this issue, this paper proposes a normal estimation method
that uses the differences between normal sets to filter and weight neighboring points. Firstly, a
more accurate normal set is constructed by perturbing a single and inaccurate initial normal vector.
Then, the neighboring points are filtered and weighted based on the differences between the nor-
mal sets. Finally, the estimated normal is obtained through weighted least squares fitting. Experi-
mental results show that this method can achieve better normal estimation effects at sharp features
under different noise levels.
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Figure 1. Schematic diagram of the perturbation and screening performed by this algorithm
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Figure 2. Algorithm flow chart
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Figure 3. The weight magnitudes of the neighboring points of the same point
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Table 1. Comparison of the mean values of RMS _z under four noise scale models for different algorithms at four neigh-
borhood scales (bold font indicates the optimal value)

1 HpPERE THAREAAENMIEERERET RMS _r WELEREFRTHRMNE)

k] AN AREVE ERIEEE PCA RNE LRRfast PCV
50 0.3636 0.5784 0.7132 0.9690 0.5218 0.3855

100 0.2759 0.3929 0.8583 0.6148 0.3499 0.2977

anchor (40 K)

200 0.3394 0.4050 1.0222 0.5645 0.4436 0.3925

300 0.4491 0.5209 1.1249 0.5689 0.5276 0.4427

50 0.3281 0.6063 0.6324 1.0080 0.5150 0.4228

100 0.2145 0.3485 0.7364 0.4645 0.2496 0.2206

fandisk (77 K)

200 0.2427 0.3146 0.8668 0.3722 0.2048 0.2013

300 0.2853 0.3616 0.9505 0.3553 0.2659 0.2384

50 0.4836 0.7219 0.6658 0.9695 0.6066 0.5559

100 0.3444 0.4890 0.7758 0.6148 0.3717 0.3572

mechpart (92 K)

200 0.3514 0.4087 0.9143 0.5005 0.3216 0.3049

300 0.3883 0.4111 1.0083 0.4652 0.3508 0.3085

50 0.4332 0.7775 0.5546 1.1195 0.6067 0.5691

100 0.1981 0.3974 0.6432 0.4832 0.2719 0.2497

octahedron (50 K)

200 0.1643 0.3148 0.7536 0.3534 0.1214 0.0962

300 0.1725 0.3449 0.8261 0.3047 0.1262 0.0698

JER S5 0.3146 0.4621 0.8154 0.6080 0.3659 0.3195
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Figure 4. Comparison of RMS _z of four models under different algorithms
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Figure 5. The visualizations of this algorithm, the normal-weighted fitting algorithm and the PCA algorithm under different
models
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Figure 6. The display of the normal sets and weights of the selected edge point and its two neighboring points in the octahedron
(50 K) model
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