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Image Deblurring Based on ADMM and Deep CNN Denoiser Image Prior
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Image Blur kernel | IRCNN[1] Ours
Gaussian 30.00 29.94
Monarch kernel 1 33.62 33.95
kernel 2 33.13 33.25
Gaussian 29.78 29.74
Leaves kernel 1 33.92 33.95
kernel 2 33.51 33.69
Gaussian 32.07 31.67
Parrots kernel 1 35.49 35.87
kernel 2 35.17 35.17
32.97 33.03
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