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EDSR baseline
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Method Scale Params PSNR

LapSRN [9] X2 0.81M 30.41

VDSR [10] X2 0.67M 30.76

DRCN [11] X2 1.77M 30.75

MDSR [12] X2 6.92M 32.84

CARN [13] X2 1.59M 31.92

EDSR_baseline X2 1.37M 31.83

EDSR X2 40.73M 32.93

Ours X2 4.79M 32.46
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