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Dataset ‘ Scale ‘ Bicubic ‘ A+ ‘ SRCNN ‘ FSRCNN ‘ VDSR ‘ EDSR
2 33.66/0.9299 | 36.55/0.9544 | 36.66/0.9542 | 37.00/0.9558 | 37.53/0.9587 | 38.110.9601
Set5 3 30.39/0.8682 | 32.59/0.9088 | 32.75/0.9090 | 33.16/0.91440 | 33.66/0.9213 | 34.65/0.9282
4 28.42/0.8104 | 30.28/0.8603 | 30.48/0.8628 | 30.71/0.8657 | 31.35/0.8838 | 32.46/0.8968
2 30.24/0.8688 | 32.28/0.9056 | 32.42/0.9063 | 32.63/0.9088 | 33.03/0.9124 | 34.92/0.9195
Set14 3 27.5500.7742 | 29.13/0.8188 | 29.28/0.8209 | 29.43/0.8242 | 29.77/0.8314 | 30.52/0.8462
4 26.00/0.7027 | 27.33/0.7491 | 27.49/07503 | 27.59/0.7535 | 28.01/0.7674 | 28.80/0.7876
2 29.56/0.8431 | 30.78/0.8861 | 31.36/0.8879 | 31.80/0.9074 | 31.90/0.8960 | 32.32/0.9013
BSDS100 3 27.21/0.7385 | 28.18/0.7835 | 28.41/0.7836 | 28.60/0.8137 | 28.82/0.7976 | 29.25/0.8093
4 25.96/0.6675 | 26.77/0.7087 | 26.90/0.7101 | 26.98/0.7398 | 27.29/0.7251 | 27.71/0.7420
2 26.88/0.8403 | 29.25/0.8938 | 29.50/0.8946 - 30.76/0.9140 | 32.93/0.9351
Urban100 3 24.46/0.7349 | 26.05/0.7973 | 26.24/0.7989 - 27.14/0.8279 | 28.80/0.8653
4 23.14/0.6577 | 24.34/0.7183 | 24.5210.7221 - 25.18/0.7524 | 26.64/0.8033
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