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Table 1: Experimental results on LOL (V1 & V2) [64] datasets, best and second best results
are marked in red and blue respectively, noted here [22] is non-deep learning method and [21]

. . i i i2, Li 31 4 2 iJi 5 i 2 13 is self-supervised learning method.
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— . - ) Det St t Of Th A t l Table 3: Experimental results on exposure correction dataset [2]. Note here HE and
8 P a p er |_| N k ; Exposure e ate e re! LIME [22] are non-deep learning methods. PSNR, SSIM and PI results, reported by com-
24 . AXIM— peting works, are from [2].
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