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Abstract:

However, in practical applications, the poses of 3D models are unknown, resulting in obvious performance degradation of a

Current 3D model classification methods are validated on the datasets whose initial poses are aligned.

non-aligned 3D models. A new 3D model classification method which is suitable for both the aligned and non-aligned pos-
es of datasets, is proposed in this paper. This method employs graph convolutional neural network (GCN) to learn the spa-
tial relations between views, and uses the preset camera positions as the vertexes in the graph structure. Moreover, the tim-
ing feature extraction network and the attention network are used to further improve the effect of GCN. Experiments on
ModelNet10 and ModelNet40 datasets show that the proposed method achieves accuracies of 99.3% and 97.4% under
aligned poses of 3D models, which is much higher than other existing methods. On non-aligned poses of 3D models, also
has high classification accuracy.
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