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This paper proposes a novel deep learning—based method to upsample a depth map. Most
conventional methods estimate high—resolution depth map by modifying pixel value of given
depth map using high—resolution color image and low—resolution depth map. However, these
methods cause under— or over— shooting problems that restrict performance improvement. To
overcome these problems, the proposed method iteratively performs grid warping scheme which
shifts pixel values to restore blurred image for estimating high—resolution depth map.
Experimental results show that the proposed method improves both quantitative and visual
quality compared to the existing method.
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