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Semi-supervised MeshNet classification based on regularization loss
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(1. School of Mathematics, Hefei University of Technology, Hefei 230601, China; 2. School of Medical Information Engineering, Anhui

University of Chinese Medicine. Hefei 230012, China)

Abstract: The application of deep learning in mesh classification has attracted increasing attention, In

mesh classification tasks, cross entropy loss is usually used as a loss function. In this paper, a regu-

larization loss based on the structure similarity and geometric consistency of data is proposed, which

can be directly added to the loss function to improve the classification accuracy of mesh. According to

the final quantitative index of experimental results, the proposed regularization loss has a good effect

on improving the accuracy of semi-supervised mesh classification task.
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