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3.2 Single Image Super Resolution
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3.3 GAN 7|gte| MM mH

Generative Adversarial Networks(GAN)= Generator 2} Discriminator 2 2 3AH 5
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4.1 Pre—-training, fine—tuning HIO|E{Al
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RRDBNet [17]2] weight initialization ol AF&SH O|O|E{Al 22 DIV2K [5], Flick2K [6,
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Model Hyperparameter
Degradation BSRGAN patch size 72*%72
scale factor 4
batch size 4
learning rate 5e-5
Generator G RRDBNet optimizer Adam
RRDB
(Residual in 3
residual dense
block)
batch size 4
Discriminator D U—Net learning rate 5e-5
optimizer Adam
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FAFSHR] Holstz| 2[5 o|o|X|e] E&& HItst= ol AFESH= Average PSNR(Peak
Signal-to—Noise Ratio)=2 A& 35 CE. Average PSNR 2| =412 Ct3 1} ZCf.
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