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Abstract

Depth maps have distance information of objects. They play an important role in organizing 3D information. Color and depth
images are often simultaneously obtained. However, depth images have lower resolution than color images due to limitation in
hardware technology. Therefore, it is useful to upsample depth maps to have the same resolution as color images. In this paper,
we propose a novel method to upsample depth map by shifting the pixel position instead of compensating pixel value. This
approach moves the position of the pixel around the edge to the center of the edge, and this process is carried out in several
steps to restore blurred depth map. The experimental results show that the proposed method improves both quantitative and visual
quality compared to the existing methods.

Keyword : Depth map upsampling, Joint filtering, Convolutional neural network
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Fig. 1. Comparison of signal reconstruction from blurred (blue) to deblurred (red): (a) pixel position shift (b) pixel value modification
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Dataset Lu NYU v2 Sintel Middlebury
Methods 4x 8x 4x 8x 4x 8x 4x 8x
DJF[10] 2.39 3.94 1.73 2.60 3.62 4.88 1.82 3.32
PAC[11] 1.39 342 1.52 2.75 3.72 5.42 1.61 3.54
DKNI[12] 1.14 242 1.08 1.91 2.92 4.55 1.32 2.35
GWN[13] 1.04 224 0.91 1.60 2.66 3.81 1.27 2.07
Ours 0.91 1.67 0.80 1.37 2.46 3.12 1.23 1.84
E 2. MAE X|2E S¢t 2N 2 Hlu
Table 2. Quantitative performance comparisons in terms of MAE
Dataset Lu NYU v2 Sintel Middlebury
Methods 4x 8x 4x 8x 4x 8x 4x 8x
DJF[10] 0.83 1.25 0.85 1.18 1.02 1.19 0.99 1.60
PAC[11] 0.54 1.45 0.63 1.29 0.72 1.50 0.81 1.80
DKN[12] 0.24 0.59 0.37 0.75 0.31 0.78 0.59 0.97
GWNI[13] 0.23 0.60 0.33 0.63 0.28 0.53 0.58 0.92
Ours 0.21 0.49 0.28 0.54 0.25 0.32 0.56 0.83
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Table 1. Quantitative performance comparisons in terms of RMSE
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Fig. 4. Visual comparisons for the 8x upsampled Lu, Temple 3,
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