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Abstract: Accurate tooth segmentation from 3D dental model is the basis of computer-aided-design (CAD) for orth-
odontic treatment. Due to the relatively coarse modeling of local feature, existing 3D shape segmentation networks cannot
effectively extract more detailed local feature on teeth boundaries. This issue will further result in over-segmentation or un-
der-segmentation on boundaries. In this paper, a 3D dental model segmentation network based on local attention mechanism
is proposed to improve segmentation performance on teeth boundaries. Firstly, multi-scale local spaces are constructed for
3D mesh data of raw dental model. Secondly, attention weights are learned based on the spatial distribution and feature dif-
ferences of meshes for each local space. Finally, a local feature aggregation is applied based on learned attention weights of
meshes to make the network automatically focus on more representive mesh features in each local space. The proposed net-
work is evaluated on a real-patient datasets, and the experimental results show that our network can more clearly and accu-
rately segment teeth boundaries when compared with existing methods.
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