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Abstract

Normal vector estimation is the foundation of 3D point cloud processing, and its accuracy depends
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on the selection of neighborhood scale. However, fixed neighborhood scale methods have inherent
limitations: small-scale neighborhoods perform well at sharp features but exhibit poor noise ro-
bustness, while large-scale neighborhoods can effectively suppress noise but tend to smooth out
fine details. To address this issue, this paper proposes an adaptive neighborhood selection algo-
rithm based on information entropy and normal consistency. This algorithm quantifies the geomet-
ric complexity of neighborhoods using information entropy, incorporates normal consistency to
construct a comprehensive scoring function, and dynamically selects the optimal neighborhood
scale for each point. Experimental results demonstrate that this adaptive framework can be effec-
tively integrated with classical fixed-scale methods such as PCA, it significantly enhances noise sup-
pression capability, while the accuracy of normal vector estimation in regions with sharp features
is also significantly improved, thereby exhibiting better overall comprehensive performance and
robustness.
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Figure 1. Effect of fixed neighborhood scale on normal vector estimation accuracy
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Figure 2. Flowchart of the algorithm
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Figure 3. Variation trend of information entropy with neighborhood scale on an ideal noisy plane
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Figure 4. Heatmap of the adaptive neighborhoods
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Table 1. Comparison of the average RMS angular errors of different methods under varying noise levels
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PRt noise03 ¥J{H noise04 {4 noise05 ¥J{H noise06 1K FEIME
PCA_Fixed 0.5307 0.5860 0.6002 0.6252 0.5855
PCA ad 0.5138 0.5354 0.5633 0.5899 0.5506
disw_Fixed 0.5391 0.5755 0.6108 0.6463 0.5929
disw_ad 0.4639 0.5277 0.5603 0.5907 0.5356
IRPF_Fixed 0.4183 0.4666 0.5015 0.5394 0.4815
IRPF_ad 0.3917 0.4542 0.4936 0.5334 0.4682
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Figure 5. A line chart comparing the RMS angular errors of the PCA, disw, and IRPF methods under the fixed optimal scale
and adaptive neighborhood on representative models
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Figure 6. Visualization of the proposed algorithm and fixed-scale algorithm under different models
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Table 2. Trade-off analysis of algorithm efficiency and accuracy under different candidate set configurations
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