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A Preliminary Study on 3D Reconstruction from Orthographic Views including
Ambiguity Using Combinatorial Optimization and Machine Learning

xYusaku Hayashi and Satoshi Ono (Kagoshima University)

Abstract— 3D Computer Aided Design (CAD) system is mainly used in the field of manufacturing, produc-
tion and design, 2D drawing is still necessary as a guide for manufacture and assembly of products. Many
studies have been conducted for a 3D model reconstruction problem from 2D engineering drawings; however,
due to ambiguity of 2D drawings, it has not been completely solved, and many companies still outsource
the reconstruction to CAD operators. This study proposes a 3D reconstruction method using combinatorial
optimization and machine learning with the aim of resolving the ambiguity. Experiments with some example
models have shown the possibility of the proposed method to resolve the ambiguity in 3D reconstruction.
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Fig. 1: A problem of 3D reconstruction from 2D en-
gineering drawings.
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Fig. 2: Examples of 2D drawings with ambiguity.
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Fig. 3: Overview of the proposed method.
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Fig. 4: 3D-R2N2 architecture.
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Fig. 5: 3D Convolutional LSTMs.
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Fig. 6: Reconstruction example of Case 1.
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(a) Predicted voxel map (b) Ground-truth voxel map

Fig. 10: Prediction result example of Case 4.
Table 1: Average IoU of 100 trials.
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