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Abstract

In recent years, algorithms that use the neighborhood of the current point as input and use deep
networks to estimate point-wise weights for weighted least squares surface fitting have achieved
leading results in normal estimation. On this basis, the algorithm in this paper introduces the idea
of contrastive learning, which first constructs triplets based on the differences in real normal di-
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rections, and then creates triplet losses based on the constructed triplets to constrain the weights
of each point in the neighborhood, thereby improving the estimation quality of weights and ob-
taining better normal estimation results. The experimental results show that the proposed algo-
rithm can significantly improve existing algorithms, with an average mean square error of 11.71
on the PCPNet dataset.
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Figure 1. Algorithm flowchart. The upper part (light blue part) is the work of DeepFit, and the lower part (light yellow part)
is the work of comparative learning introduced. The red dot represents the current point, the purple dot represents the anchor
point, the orange dot represents a randomly selected negative point corresponding to the anchor point, and the green dot
represents a randomly selected positive point corresponding to the anchor point
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Table 1. The comparison of RMSE angle error between this algorithm and other algorithms shows the best result in bold font
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Figure 2. Visualization comparison of three shapes, with 0.12% noise added to the first row shape, 0.6% noise added to the
second row shape, and 1.2% noise added to the third row shape
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