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Abstract

In this paper, we propose a 3D mesh reconstruction method from a single image using deep learning and a
sphere shape transformation method. The proposed method has the following originality that is different from the
existing method. First, the position of the vertex of the sphere is modified to be very similar to the 3D point cloud
of an object through a deep learning network, unlike the existing method of building edges or faces by connecting
nearby points. Because 3D point cloud is used, less memory is required and faster operation is possible because
only addition operation is performed between offset value at the vertices of the sphere. Second, the 3D mesh is
reconstructed by covering the surface information of the sphere on the modified vertices. Even when the distance
between the points of the 3D point cloud created by correcting the position of the vertices of the sphere is not
constant, it already has the face information of the sphere called face information of the sphere, which indicates
whether the points are connected or not, thereby preventing simplification or loss of expression. can do. In order
to evaluate the objective reliability of the proposed method, the experiment was conducted in the same way as in
the comparative papers using the ShapeNet dataset, which is an open standard dataset. As a result, the IoU value
of the method proposed in this paper was 0.581, and the chamfer distance value was It was calculated as 0.212.
The higher the IoU value and the lower the chamfer distance value, the better the results. Therefore, the efficiency
of the 3D mesh reconstruction was demonstrated compared to the methods published in other papers.
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Fig. 1. A complete overview of the proposed method
in this paper.
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Table 2. Comparison result of the proposed method in
this paper and the methods of other papers in
the ShapeNet dataset.

H 2. ShapeNet HIO|E{AI0IAS| & ==0M Qo=
718 O =9 7|"3S9| dHlu Zut

Method IoU't Chamfer Distance }
3D-R2N2[4] 0.493 0.278
PSGNI5] - 0.215
Pix2Mesh[0] 0.480 0.216
AtlasNet[7] - 0.175
ONet/[8] 0.571 0.215
The proposed method 0.581 0.212
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Fig. 19. 3D mesh reconstruction results from a RGB
image of the ShapeNet dataset.
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