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Abstract

In this paper, we propose a new deep network architecture using nearest neighbor kernel for the estimation of dense depth map
from its sparse map and corresponding color information. First, we propose to decompose the depth map signal into the structure
and details for easier prediction. We then propose two separate subnetworks for prediction of both structure and details using
classification and regression approaches, respectively. Moreover, the nearest neighboring kernel method has been newly proposed

for accurate prediction of structure signal. As a result, the proposed method showed better results than other methods quantitatively
and qualitatively.
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Fig. 1. Example of depth image completion task
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Fig. 4. Comparison of residual image: Ground-Truth (left), Plane-Residual Net [26] (center), proposed method (right)
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