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Table 1. Performance comparison

Bicubic SRCNN SRGAN Proposed
PSNR 19.1982 19.6860 20.1466 20.3707
SSIM 0.5624 0.5969 0.6115 0.6222
PSNR 21.2244 21.8164 22.6600 22.8154
SSIM 0.7002 0.6780 0.7221 0.7287
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