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Deep Depth Graph Super Resolution Sampling Based on Depth Learning

WANG Xiaohui, SHENG Bin,SHEN Ruimin
( Department of Computer Science and Engineering, Shanghai Jiaotong University , Shanghai 201100, China)

[ Abstract] In the scene of depth image acquisition, in order to use the high-resolution color map of the scene for
superresolution upper sampling, this paper proposes an adaptive learning algorithm for local filter kernels using
convolutional neural network. It utilizes both the dense/high-resolution color and the sparse/low-resolution depth
information to extract the scene informationentirely. Experimental results on the Middlebury and ToFMark datasets show
that,compared with traditional depth superresolution algorithms, the proposed algorithm is capable of obtaining the best
super-resolution results. Especially in the color and depth edge as well as the texture mismatch region, it has better
robustness.
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16 1.88 1.51 1.55 — — 3.05 1.64 1.77 1.28 1.09 1.00 1.04 0.97

4 0.50 0.44 0.45 0.54 0.36 0.44 0.51 0.41 0.39 0.37 0.33 0.48 0.29

Average 8 0.95 0.79 0.78 — — 0.84 0.83 0.80 0.65 0.67 0.50 0.60 0.49
16 1.81 1.52 1.53 — — 2.10 1.57 1.67 1.25 1.23 1.09 1.01 0.96
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