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Geometric difference perception capabilities of 3D deep learning networks
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Abstract; When using deep learning techniques to process three-dimensional data like triangular meshes, if
the network cannot perceive the differences of geometric properties, such as position, orientation and size of
the data, the trained model may have poor generalization ability and low accuracy. To solve this problem, a
network module called geometric difference perception ( GDP) is proposed based on the transformation network
named T-Net. The core idea of GDP is to learn a transformation matrix through training with diverse samples
and use it to standardize high-dimensional features. Multiple experiments regarding tooth mesh segmentation
tasks demonstrate that GDP can effectively address the geometric differences of three-dimensional data, and a-
void its adverse effects on the performance of the model, which is of great significance for improving the per-
formance of 3D tasks such as mesh segmentation.
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Fig.1 Standardization of dental meshes
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Tab.2 Segmentation accuracy comparison

SRS DSC SEN PPV
GACNet 79.80 79.94  81.52
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GACNet-T-Net- | 86.08 85.80  86.97
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Tab.3 Accuracy comparison with different numbers of
T-Net modules

R DSC SEN PPV
PN++-GDP 87.02 86.71 88.12
PN++-T-Net- [ &II 86.98 86.67 88.08
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Fig.6 Visualization of comparison results
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Tab.4 Accuracy comparison with different numbers

of MLPs
K DSC SEN PPV
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Tab.5 Accuracy comparison with different dimensions

of MLPs
H DSC SEN PPV
12 81.12 81.24 81.93
24 87.55 87.48 88.39
32 89.99 90.33 90.30
64 89.23 89.76 89.23
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