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Cross-level feature adaptive fusion network for
low-light image enhancement
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Abstract: Aiming at the problems of low brightness, low contrast and poor visual effect in images
collected in low-light environment, a low-light image enhancement algorithm based on cross-level adaptive
feature fusion is proposed. Firstly, a network frontend is built by combining hierarchical sampling and
large receptive field convolution to generate multi-scale features of large-area receptive fields, so that
shallow information mining can be fully carried out. Secondly, a multi-head transposed attention module
embedded in the middle of the network is introduced, the cross-covariance between channels is calculated
to generate attention maps, and global context information associations are implicitly established.
Thirdly, a joint loss function is constructed to correct the convergence direction of the model, assist

the model optimized from the perspective of contrast and structure, and improve the robustness of the
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algorithm. Relevant experiments are carried out on the LOL and LLOLv2 datasets. The experimental

results show that the proposed algorithm outperforms most advanced algorithms in terms of objective

indicators such as peak signal-to-noise ratio (PSNR) and structural similarity (SSIM). Subjectively, the

image brightness is natural and the noise is low, and artifacts are effectively suppressed.

Key words: low-light image; large receptive field convolution; multi-scale; transformer; joint loss

function
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Fig. 1 Cross-level feature adaptive fusion network
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Tab.1 Experimental results on the LOL dataset

Method PSNR 4 SSIM 4 LPIPS v MSE ¥
BPDHE'"? 12. 22 0.344 0. 547 0.084 8
LIME"™ 14.15 0. 366 0.500 0.042 9
Dong'”’ 15. 96 0.541 0. 330 0.044 8
ZERO-DCE" 15.58 0.511 0.431 0.036 37
KinD" 19. 29 0. 805 0.207 0.016 4
URetinexNet' 21.33 0.833 0.121 0.010 50
TreEnhance'™ 21.96 0.81 — —
DCCNet' 22.72 0.81 0.143 0.01008
SurroundNet'?! 22.81 0.853 0.190 —
LLformer™® 23.65 0.816 0.169 0.007 71
Ours 23.65 0.857 0.113 0.008 31
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Tab.2 Experimental results on the LOLv2 dataset
Method PSNR 4 SSIM 4 LPIPS ¥ MSE y
BPDHE 13.77 0. 389 0.458 0.050 35
LIME 16. 95 0.535 0. 348 0.030 33
Dong 17.90 0. 546 0.335 0.026 61
ZERO-DCE 12.00 0.438 0.510 0.076 8
KinD 17.58 0.735 0.448 0.021 14
LILformer 20. 23 0.782 0.261 0.013 25
DCCNet 20. 49 0.814 0.220 0.012 88
SurroundNet 21. 30 0.817 0.200 0.010 11
Ours 21.17 0. 853 0.161 0.012 61
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Fig. 7 Comparison results of single image on the LOL dataset. (a)PSNR; (b)SSIM.
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Fig.8 Comparison results of single image on the LOLv2 dataset. (a)PSNR; (b)SSIM.
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Tab.3 Block ablation results

PPM MTAM SKFF PSNR 4 SSIM 4 LPIPS ¥ MSE ¥
M1 NG N 22.36 0.841 0.125 0.01143
M2 NG N 22.14 0.833 0.143 0.009 79
M3 NG NG 22.92 0. 850 0.122 0.009 07
M1-+M2+M3 NG N/ N 23.65 0. 857 0.113 0.008 31
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Tab.4 Loss function ablation results
CharLoss Edgeloss SSIMLoss PSNR 4 SSIM 4 LPIPS ¥ MSE ¥

M1 NG N/ 21. 88 0. 852 0.121 0.011 44

M2 NG N/ 23.16 0.855 0.117 0. 009 08

M3 N NG 23.45 0. 844 0.119 0.008 44

M1+M2+M3 N N NG 23.65 0.857 0.113 0.008 31
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