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Edge and Color Information Guided High-resolution Low-light Image Enhancement Algorithm

ZHANG Ling"* and LI Zhenyu'
1 School of Computer Science and Technology, Wuhan University of Science and Technology, Wuhan 430065, China
2 Hubei Provincial Key Laboratory of Intelligent Information Processing and Real-time Industrial Systems, Wuhan University of Science and
Technology, Wuhan 430065 ,China
Abstract The ability of the device to capture high-resolution images poses a new challenge to image processing,and most of the
existing low-light image enhancement algorithms are designed for low-resolution images,and there are problems such as unclear
details and color distortion when dealing with high-resolution images. Using the texture information and color information con-
tained in the image itself, an edge and color information guided high-resolution low-light image enhancement algorithm is pro-
posed. To improve the limitation of local feature learning of convolutional neural network,an edge decoder is introduced, which
helps to capture the key information in the image at a long distance and improves the encoding of semantic information at the
boundary. In addition,in order to deal with high-resolution images.a sparse attention mechanism is introduced in the context at-
tention blocks,which focuses on the important information in the image and effectively reduces noise interference. On the other
hand, the color decoder effectively utilizes the chromaticity cues of the low-light image itself to improve the accuracy of color infor-
mation recovery.

Keywords High resolution,Image enhancement,Low light
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Table 1 Comparison of evaluation scores

. GLAD UHD-LOL4K MIT-Adobe SID

i PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
SCI-Netl43] 23.48 0. 84 36.01 0.98 20. 45 0. 89 36.09 0.59
LLflowl2] 24.32 0. 84 37.29 0.97 23.22 0.91 34.33 0.61

LLFormer.!8] 24.09 0.82 37.33 0.98 25.75 0.92 35.25 0.62
ExposureDiffusiont 4] 24.69 0.88 37.54 0.98 25. 81 0.92 38. 88 0.90
NeRCoGANLE5] 24.72 0. 88 37.61 0.98 24.95 0.90 37.52 0. 83
Ours 27.20 0.92 38. 36 0.99 26. 21 0.93 39. 36 0.92

4.4 EHER

AR SCHE B 4 BERAR G R il AT T R AL, 45 SR dn &
8 Fin AR RL &5 R A0 AR R A B K. AT AL TR
A3 HEASE Y I A% o TR R B A 45 2R (f & B0 ROCR B A i
D, B9 g T M AR RS R BRI I N IR O
FRENS  A0 2 h T 30 47 3 T WAk e 4, B 58k R T BT
SCI-Net™*'f# F Retinex L& 4y S 46 0 PLIH bR e 7 , (H &
NN PN RS S e S T o - B O RS T 23
9(b) /R . LLflow" ) 1% 25 5 th 7T 6 H 300 €638 1k, 76 5 20 F
REMG RS M — A, WA 9(0) Fia., LLFormer™ {

(o) 8 0 FER AR I 4

& 8

Fig. 8 Enhancement results of high-resolution low-light images
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Fig. 10 Visualisation results of ablation experiments(I)
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Table 2 Comparison of evaluation scores in ablation experiments

. GLAD UHD-LOL4K
i PSNR SSIM PSNR SSIM
K1 21.48 0.72 31.41 0.83
AR 2 20.25 0.69 29.57 0. 80
TR 3 21. 81 0.72 30. 14 0.82
kA 22.52 0.79 28. 04 0.79
AR5 24.01 0.82 31. 04 0.85
END 27.20 0.92 38. 36 0.99
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Fig. 11 Visualisation results of ablation experiments(II)
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