Effect of Face Super-Resolution with Degradation Network
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FSRNET with Degrading Network:
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FSRNET loss | Perceptual loss | Perceptual loss | FSRGAN FSRGAN
(yp = 10) (yp = 1000) H2L
PSNR 23.32 23.12 20.64 23.22 19.67
SSIM 0.66 0.625 0.451 0.592 0.49
RMSE 14 1.26 1.45 1.30 1.99
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FSRNET loss | Perceptual loss | Perceptual loss | FSRGAN FSRGAN
(yp = 10) (yp = 1000) H2L
PSNR 20.58 20.33 17.48 204 17.84
SSIM 0.599 0.566 0.441 0.585 0.512
RMSE 1.27 1.22 1.29 1.24 1.85
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