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Abstract

In order to improve the feature extraction ability of the network for local neighborhoods and im-
prove the noise reduction performance of the network, the existing point cloud denoising algorithm
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based on deep learning calculates a weight for each neighborhood point to describe the probability
that it is located in the same geometric structure as the current point, and simplifies the neighbor-
hood structure by screening the points with larger weights to improve the performance of network
feature extraction. However, due to the lack of effective constraints and guidance for weight learn-
ing, the learned weights cannot accurately describe the neighborhood structure. In this paper, we
design a weight guidance to predict the probability that the neighborhood point is located in the
same geometric structure as the current point through the normal difference (normal weight guid-
ance) and the Euclidean distance difference (distance weight guidance), and uses it to constrain the
weight learning of the neighborhood filtering network, so as to improve the accuracy of weight
learning and neighbor-hood filtering, and then improve the quality of overall point cloud denoising.
Experimental results show that the proposed algorithm is more robust in terms of noise reduction
results and normal estimation, and is more robust at different noise scales.
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Figure 1. Diagram of neighborhood filter
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Figure 2. Diagram of algorithm flow
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Table 1. Comparison of CD and P2S values of different noise reduction algorithms
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CD P2S CD P2S CD P2S CD P2S
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PCDNF [31] 0.26 0.25 0.33 0.32 0.41 0.40 0.44 0.44
AL 0.25 0.24 0.31 0.31 0.38 0.38 0.43 0.43
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Table 2. The RMSE value estimated by algorithm is compared with that by PCDNF method
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Figure 3. Visualization of noise reduction results by different algorithms
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Figure 4. Visualization of weight learning results under different weight guidance strategies
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