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Abstract Recently, rapid and accurate 3D models creation is required in various applications
using virtual reality and augmented reality technology. In this paper, we propose an on-site
learning based shape deformation method which transforms the clothed 3D human model into the
shape of an input point cloud. The proposed algorithm consists of two main parts: one is
pre-learning and the other is on-site learning. Each learning consists of encoder, template
transformation and decoder network. The proposed network is learned by unsupervised method,
which uses the Chamfer distance between the input point cloud form and the template vertices as
the loss function. By performing on-site learning on the input point clouds during the inference
process, the high accuracy of the inference results can be obtained and presented through

experiments.
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Fig. 1 Proposed Shape Deformation Network
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Table 1 Computer Hardware and Software
Specifications used in the Experiment

CPU Intel Xeon(R) Gold 6140 2.30GHz * 2

Memory | 32GB DDR PC4-21300 * 4
Graphic
Card NVIDIA TITAN Xp * 2

OS Microsoft Windows 10

Tool Python 3.7.3(Pytorch 1.0.0)
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Fig. 5 Pace Model in DAZ Studio

Fig. 6 50 Tops and Bottoms Paige Model

Table 2 Comparison of Chamfer Distances between Pre-learning and On-site Learning (cm)

On-site On-site On-site On-site
Pre-learning learning learning learning learning
epoch=1,000 epoch=3,000 epoch=5,000 epoch=7,000
Data 1 7.78 0.79 0.68 0.64 0.61
Data 2 3.30 0.82 0.72 0.68 0.66
Data 3 2.40 0.80 0.67 0.62 0.59
Data 4 1.98 0.69 0.61 0.58 0.57
Data 5 2.39 0.72 0.63 0.60 0.58
Data 6 6.61 1.52 1.07 0.82 0.79
Data 7 1.66 0.85 0.71 0.67 0.64
Data 8 5.47 1.49 1.21 1.10 1.08
Data 9 7.50 3.10 2.82 2.59 2.31
Data 10 241 0.82 0.65 0.60 0.58
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Table 3 Comparison of Chamfer Distances between 3D-Coded and Proposed Method (cm)

Epoch=1,000 Epoch=3,000 Epoch=5,000 Epoch=7,000
Data 1 3D-Coded 2.07 1.66 1.50 1.38
Proposed 0.79 0.68 0.64 0.61
Data 2 3D-Coded 1.62 1.39 1.29 1.23
Proposed 0.82 0.72 0.68 0.66
Data 3 3D-Coded 1.41 1.26 1.17 1.12
ata Proposed 0.80 0.67 0.62 0.59
&
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