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Summary of Approaches of Intelligent 3D Shape Generation

XIAO Yi, QIAO Jin-hao, JI Tie
(Hunan University, Changsha 410082, China)

ABSTRACT: By investigating and analyzing the deep learning based approaches in 3D shape intelligent generation in
recent years, this paper summarizes the problems and challenges of this field and predict the tendency of the future work,
to provide a technical reference for researchers in related fields. Firstly, the advantages and disadvantages of the com-
monly used 3D shape representation methods and datasets are analyzed, such as voxels, point clouds, meshes, implicit
functions, etc. Secondly, from the perspective of controllability of 3D shape generation objects, holistic generative meth-
ods, structure-aware generation methods and interactive generation methods are reviewed. After that, the evaluation met-
rics commonly used in 3D shape intelligent generation, such as similarity, diversity and structural consistency of the gen-
eration results are summarized. Although the field of 3D shape intelligent generation has made significant development, it
still faces great challenges in terms of the size of data sets, the effectiveness of generation methods and the comprehen-
siveness of evaluation metrics.
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Fig.1 The samples of 3D shape generation datasets
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Tab.2 Thecomparison of holistic 3D shape gener ative models
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Fig.2 The results of holistic generative models based on voxel representation
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Fig.3 The results of holistic generative models based on point cloud representation
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Fig.4 The results of holistic generative models based on mesh representation
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Tab.3 The comparison of structure-aware 3D shape generative models

SCHR SHEFIRAAY AT AR
Zou 5N 3D Primitives gy AR g Surface-to-Surface Distance, IOU
Wu %A Implicit functions LR A COV, MMD, JSD
Li %A 3D Primitives S A

4 3D Primitives 4 b .

Mo %A\ Point cloud 2R R Quality, Coverage
Gao %A Mesh 2K SR JSD, MMD-CD, MMD-EMD, COV-CD, COV-EMD
Yang A Mesh gL Pl Coverage, Quality
Wang %8 A\ Voxel L HE SR 3D Inception Score, Symmetry Score, Distribution Distance
W 2 A Voxel G b A MMD-CD, COV-CD, MMD-EMD, COV-EMD, Overlapping Score,

Inception Score
Li %A Voxel 28 SR Symmetry Measures, Inception Score, IOU
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The results of interactive generation methods
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Tab.4 Thecomparison of interactive 3D shape interactive generative methods

SCHR YRR AR TN R
Mo %A Point cloud ZH. FPD, Cov, HIS
Li %A Point cloud ZH ~ MMD, COV, FPD
Lun 2 A Mesh ZH CD, Hausdorff Distance, Surface Normal Distance, Depth Map Error, Volumetric

Zong % N Mesh

o

Jaccard Distance
" CD, Normal Angle Distance, Hausdorff Distance
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4.1 HEEUVEIERR
4.1.1 Intersection over Union ( IoU)
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4.1.2 Earth Mover’s Distance ( EMD )
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4.1.3 Chamfer Distance ( CD )
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4.1.4 Jensen-Shannon Divergence ( JSD )
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