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15 Effective Snapshot Compressive-spectral Imaging via Deep Denoising and Total Varia-
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TV  FFDNet SCI-FFDNet-TV ~ Ours

PSNR 29.98 26.39 34.31 39.31
SSIM  0.887 0.801 0.936 0.988
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SCI-FFDNet-TV 100 iter 200 iter 300 iter

PSNR 32.13 32.30 32.27
Time 3:06 6:37 10:08

SCI-GRUNet-TV 100 iter 200 iter 300 iter

PSNR 32.91 35.33 35.74
Time 20:36 40:08 59:33

Ours-GRUNet 100 iter 200 iter 300 iter

PSNR 39.43 39.59 39.49
Time 1:27 2:54 4:21
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TV~ FFDNet SCI-FFDNet-TV ~ Ours

PSNR 41.96 42.91 43.86 53.00
SSIM  0.969 0.969 0.975 0.999
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