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Abstract: In recent years, many depth estimation methods using machine learning from a single image
have been attempted. However, if the information on the three-dimensional structure of the training data is
insufficient, inconsistency may occur. In this article, we propose a machine learning-based method that simul-
taneously learns data that supplements three-dimensional structure information. Specifically, we construct a
network that learns depth and wireframe at the same time by using wireframe as 3D structure information.
Wireframes include a set of parallel line segments that can be regarded as vanishing lines on the image, We
expected the possibility that supplementing depth information is improved, and the accuracy of estimation
near the boundary is improved by forming a boundary between planes. In the evaluation experiment, we
compared it with the case where only the depth was learned using the constructed network. In the visual
evaluation, in some input images, it was confirmed that the proposed method reduced the inconsistency in
the contour of the artificial object composed of line segments, and near the boundary between the wall and
the floor. In the evaluation using RMSE, which represents the error of the pixel value, and SSIM, which
represents the similarity of the images, it was confirmed that the proposed method could locally perform
good learning.
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Fig. 1 Example of inconsistency
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Fig. 2 Image of depth estimation
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Fig. 4 Overview of network structure
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Fig. 5 Exapmple of NYU Depth Dataset V2
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Fig. 6 Example of ShanghaiTech dataset
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Fig. 10 Transition of SSIM by training
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Table 1 Average value, final value (150 epochs),

(RMSE) /fx K 1# (SSIM)

minimum
value (RMSE) / maximum value (SSIM) of RMSE
and SSIM

[4]

[5]

RMSE SSIM
Y B BUME | CEIME BRE S Bkl
pix2pix 0.425 0.413 0.400 0.192 0.196 0.248
proposed | 0.427 0.403 0.395 0.191 0.214 0.266
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