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Abstract With the rapid development of various hardware sensors and reconstruction technologies,
digital geometric models have become the fourth generation of digital multimedia after audio, image
and video, and have been widely used in many fields. Traditional digital geometry processing and
analysis are mainly based on manually defined features that can only be valid for specific problems or
under specific conditions. The deep learning, especially the neural network model, in the success of
natural language processing and image processing demonstrates its powerful ability as a feature
extraction tool for data analysis, and is therefore gradually used in the field of digital geometry
processing. In this paper, we review the works of digital geometry processing and analysis based on
deep learning in recent years, carefully analyze the research progress of shape matching and retrieval,
shape classification and segmentation, shape generation, shape completion and reconstruction and
shape deformation and editing, and also point out some existing problems and a few possible directions

of future works.
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Fig. 2 A typical multi-layer neural network model
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Fig. 29 Shape retrieval based on sketches
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Fig. 31 3D object classification based on panorama projected images
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Fig. 34 3D object classification based on styles
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Fig. 36 Multi-view images generated from a single view image
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Fig. 42 Point cloud restoration using geometric depth map
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Fig. 46 Shape editing based on free-form deformations

learning using CNN[?2]
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