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B 1 recurrent loss neural network (RLNN)
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AT
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BESTARUEIR AR, ASCIRAST LG T B Hi ) RLNN 5
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5

F 1 2 AR BB A G ] B T x2. x3 42 x4 49-F 3 PSNR/SSIM {4

Dataset Scale Bicubic SRCNN VDSR DRRN MemNet RLNN

x2 33.66/0.929 9 36.66/0.954 2 37.53/0.959 0 37.74/0.959 1 37.78/0.959 7 38.07/0.960 7

Sets x3 30.39/0.868 2 32.75/0.909 0 33.67/0.921 0 34.03/0.924 4 34.09/0.924 8 34.67/0.928 7

x4 28.42/0.810 4 30.48/0.862 8 31.35/0.883 0 31.68/0.888 8 31.74/0.889 3 32.46/0.898 0

x2 30.24/0.868 8 32.45/0.006 7 33.05/0.913 0 33.23/0.913 6 33.28/0.914 2 33.80/0.919 3

Set]4 x3 27.55/0.774 2 29.30/0.821 5 29.78/0.832 0 29.96/0.834 9 30.00/0.835 0 30.50/0.846 0
x4 26.00/0.702 7 27.50/0.751 3 28.02/0.768 0 28.21/0.772 1 28.26/0.772 3 28.81/0.7864

x2 29.56/0.843 1 31.36/0.887 9 31.90/0.896 0 32.05/0.897 3 32.08/0.897 8 32.24/0.900 5

B100 x3 27.21/0.738 5 28.41/0.786 3 28.83/0.799 0 28.95/0.800 4 28.96/0.800 1 29.20/0.808 0
x4 25.96/0.667 5 26.90/0.710 1 27.29/0.726 0 27.38/0.728 4 27.40/0.728 1 27.70/0.740 5

x2 26.88/0.840 3 29.50/0.894 6 30.77/0.914 0 31.23/0.918 8 31.31/0.919 5 32.60/0.932 5

Urban100 x3 24.46/0.734 9 26.24/0.798 9 27.14/0.829 0 27.53/0.837 8 27.56/0.837 6 28.71/0.863 8
x4 23.14/0.6577 24.52/0.722 1 25.18/0.754 0 25.44/0.763 8 25.50/0.763 0 26.56/0.801 0

x2 30.30/0.933 9 35.60/0.966 3 37.22/0.9750 37.60/0.973 6 37.72/0.974 0 39.04/0.977 5

Mangal 09 x3 26.95/0.855 6 30.48/0.9117 32.01/0.934 0 32.42/0.9359 32.51/0.936 9 34.14/0.948 0
x4 24.89/0.786 6 27.58/0.855 5 28.83/0.887 0 29.18/0.891 4 29.42/0.894 2 31.10/0.915 5

3 &g convolutional network for image super-resolution[C]//
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