Learning Discriminative Shrinkage Deep Networks for Image Deconvolution
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. Results

Quantitative Results on Benchmark Datasets
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. Introduction

Goals: Design a deblurring deep learning model based on Maximum-a-Posteriori estimation.
Challenges:

Dataset noise

- How to learn the shrinkage functions corresponding to various learned filters?

. . . ] vy 1% 30.61/0.883 25.41 /0.600 31.48 /0.922 28.43 /0.858 32.02 / 0.928 32.05 / 0.927 34.89 / 0.957 35.24 / 0.962 31.94 / 0.922 35.48 / 0.960 36.62 / 0.965
« With the regula rization / data terms, how to solve the deconvolution problem? 130] 3% 29.70 / 0.864 16.82 / 0.255 28.61 / 0.812 25.61 / 0.765 21.72 / 0.416 29.47 / 0.867 31.94 / 0.916 31.20 / 0.893 30.86 / 0.905 32.13 / 0.918 32.89 / 0.925
5% 28.98 / 0.854 13.07 / 0.157 27.83 / 0.827 23.68 / 0.703 18.25 / 0.272 27.79 / 0.819 30.21 / 0.883 30.12 / 0.876 29.79 / 0.880 30.24 / 0.883 30.94 / 0.893
BSD100 1% 29.20 / 0.817 24.21 /0.568 29.39 / 0.836 28.77 / 0.829 29.23 / 0.829 29.54 / 0.848 31.10 / 0.881 31.52 / 0.888 30.36 / 0.872 31.50 / 0.892 32.01 / 0.898
. 138] 3% 27.54 / 0.762 15.80 / 0.245 26.92 / 0.722 25.96 / 0.712 22.10 / 0.430 27.09 / 0.746 28.47 / 0.797 27.94 / 0.762 28.10 / 0.798 28.73 / 0.812 29.08 / 0.820
Archltecture ADMM 5% 27.04 / 0.756 12.56 / 0.146 26.04 / 0.697 25.75 / 0.688 18.99 / 0.297 26.11 / 0.698 27.50 / 0.762 27.59 / 0.763 27.19 / 0.767 27.64 / 0.774 27.96 / 0.782
spps 1% 30.15/0.853 26.21 /0.632 30.52 / 0.868 30.59 / 0.875 30.45 / 0.864 31.00 / 0.875 32.18 / 0.893 32.31 / 0.892 30.84 / 0.881 32.78 / 0.899 33.43 / 0.905
(3] 3% 28.66 / 0.813 15.50 / 0.211 27.64 / 0.709 27.94 / 0.799 21.39 / 0.376 28.40 / 0.804 29.54 / 0.838 28.78 / 0.812 29.21 / 0.841 29.94 / 0.843 30.40 / 0.851
i X2 T We model the problem as. 5% 27.55 /0.789 11.91 / 0.122 26.75 / 0.756 26.64 / 0.754 17.74 / 0.241 26.46 / 0.732 28.13 / 0.806 28.02 / 0.793 27.85 / 0.805 28.46 / 0.804 28.89 / 0.814
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B cGNet

To solve the deconvolution problem, we design the
CGNet to replace conventional CG or FFT. For FFT
and CG, we test them w/o and w/ denoising. CGNet

. Discriminative Shrinkage Function
Qualltatlve Comparlson of Model Slze
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function, the shrinkage functions are learned.
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