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Trainable PSNR( 1) SSIM(1)
Parameters

SRGAN 1,543,074 25.28 0.6446

(Residual block 16)

Model#1 1,238,943 25.88 0.7043

(Residual block 12)

Model#2 934,827 26.06 0.7076

(Residual block 8)

Model#3 630,711 24.62 0.5651

(Residual block 4)

Model#4 478,653 24.33 0.5187

(Residual block 2)
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