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Abstract: Low Light Image Enhancement, which is to restore the image acquired under the condition of
insufficient light to the normal exposure image. Most of the existing low-light image enhancement
algorithms obtain good enhancement effect by designing complex network structure, and the computational
efficiency is low. The enhanced image will still have problems such as increased noise, color distortion and
detail loss, which will affect visual perception and subsequent advanced visual tasks. Therefore, a
lightweight low-light image enhancement method based on multi-attention feature fusion is proposed in this
paper. Simple gate attention module is used to extract the global features of low-light images effectively,
and the computational overhead is reduced and image details are preserved by simplifying the channel
attention and gating unit. The multi-attention fusion module is used to integrate the information of global
features and local features extracted from local receiving fields, and enhance the representation of channel
attention and spatial attention to global and local features through pixel attention, so as to better restore
image color and suppress noise. In addition, the joint loss function is used to constrain the enhancement
task, and extensive experiments on real data sets show that the performance of the proposed method
exceeds the current advanced low-light image enhancement methods, and has good computational
efficiency and generalization ability.

Highlights:

1. A lightweight model including a simple gated attention block (SGABIlock) is proposed to extract global
detail features, learning global luminance features via V channel histograms and capturing global image
information with a small receptive field.

2. A multi-attention feature fusion module (MAFFusion) combining simple channel attention (SCA) ,
spatial attention (SA) , and pixel attention (PA) is introduced to ensure comprehensive and accurate
feature fusion by incorporating both local and global image information.

3. A joint loss function is designed to play a crucial role in effective model training and significantly improve
enhancement ability, with quantitative and qualitative experiments demonstrating superior performance
compared to SOTA methods on real datasets.
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Fig.6 Qualitative comparison results of different methods on LOL _test dataset
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Fig.7 Qualitative comparison results of different methods on LOL _v2 _test dataset
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Fig.11 Qualitative comparison results of different methods on real images
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Table 1 Quantitative comparison results of different methods on LOL_test and LOL_v2_test

CE i LOL test (15) LOL v2 test (100)
ik FLOPS/ Params/
I i PSNR A SSIMA LPIPSY MSEV PSNRA SSIMA LPIPSY MSE vy
RetinexNet  79.5587 0.5552 17.8037 0.6126 0.3822 0.0193 17.4371 0.5950 0.4126 0.0204
KinD 236.7537 15.796 9 19.6633 0.8160 0.1978 0.0146 20.7775 0.8482 0.1941 0.0105

EnlightenGAN 48.7149 8.6367 17.4829 0.6515 0.3268 0.0307 18.6397 0.6767 0.3213 0.0186
ZeroDCE++  0.0245 0.0106 15.5527 0.5730 0.3253 0.0447 18.4032 0.5855 0.2972 0.0241
PairLIE 81.8381 0.3418 194205 0.7342 0.2572 0.0166 18.7751 0.7487 0.2578 0.0186
HWMNet  943.3857 66.5647 24.2424 0.8532 0.1138 0.0081 30.2964 0.8914 0.0800 0.002 1

IAT 5.2564 0.0869 23.3834 0.8090 0.2356 0.0056 26.4603 0.8448 0.2226 0.003 4
FLWNet 3.8016 0.0174 24.1028 0.8380 0.2258 0.0054 27.8379 0.8741 0.2214 0.002 9
Ours 3.0494 0.0149 249848 0.8522 0.1864 0.0040 28.7353 09197 0.1663 0.0017

M2 1.2 A1, BT 4R 7 ¥ 7E LOL _test $ ¥ 4 | 19 PSNR M MSE #8453 0 e i, 5 WA 5 35 M L
PSNR $& 7+ 1 3.66 %6 , 15t WA Jir £ 530 06 76 808 58 FE A0k M 75 S MR R B A W 35 00 4 76 SSIM Al LPIPS 45
B 45 R AR (B AR 85 T 5 A5 3 HWMNet (19 943.385 7 X 10° H & & F1 66.564 7 X 10° S 5 it , A SCAXL 75
B 3.049 4> 10° 715 & N 0.014 9 10° S & B ml ik 2 AH L A 45 B, BRI EAE A & A bERE . T1E
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Table 2 Quantitative comparison results of different methods on LSRW_Huawei_test, LSRW_Nikon_test
and SICE _test

LSRW Huawei_test (30) LSRW Nikon test (20) SICE test (50)
J7 ik PSNR SSIM LPIPS MSE PSNR SSIM LPIPS MSE PSNR SSIM LPIPS MSE
A A v v A A v ¥ A A v v
RetinexNet 16.778 3 0.443 3 0.441 1 0.023 7 13.746 0.3189 0.3737 0.045619.2904 0.779 0 0.286 4 0.012 9
KinD 17.179 4 0.542 9 0.3806 0.021 314.776 5 0.434 2 0.3137 0.035 20.03110.827 7 0.2314 0.0129
Zero-DCE++ 16.873 0 0.477 3 0.384 3 0.026 015.862 9 0.428 9 0.3055 0.034119.7917 0.8414 0.2330 0.013 5
PairLIE 18.6654 0.540 6 0.377 8 0.016 514.529 3 0.408 8 0.267 6 0.040 319.846 4 0.844 7 0.2321 0.009 7
HWMNet 18.4997 0.588 7 0.384 1 0.017 715.7409 0.471 1 0.279 7 0.035 8 18.659 4 0.836 9 0.2106 0.017 7
IAT 17.143 4 0.536 6 0.3634 0.025315.4107 0.484 4 0.3009 0.0456 14.9152 0.744 7 0.229 0 0.038 5
FLWNet 21.2603 0.623 1 0.3699 0.008 518.3256 0.497 5 0.288 7 0.017416.296 4 0.536 1 0.349 2 0.027 0
Ours 22.1853 0.638 8 0.360 0 0.008 8 18.204 0 0.4999 0.236 9 0.017 920.754 8 0.861 5 0.177 2 0.010 9
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Fig.12 Comparison of module ablation experiments
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Table 3 Comparative results of module ablation experiments

wn L HR T 46 b RIRE |
SGABlock  MAFFusion PSNRA SSIM+A LPIPSY MSEvy FLOPS/10° Params/10°
M1 N 242744 0.8320  0.2083  0.004 6 3.160 8 0.0150
M2 NG 244359  0.8287 0.2161  0.0044 3.690 2 0.017 3
M1+M2 NG NG 249848 0.8522 0.1864  0.0040 3.049 4 0.014 9
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Fig.13  Comparison of ablation experiments of SGABlock module components
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Table 4 Comparative results of ablation experiments of SGABlock module components

aa F e 4] 14 TE 46 A
LayerNorm SimpleGate SCA PSNR 4 SSIM 4 LPIPS v MSE v
M1 NG NG 24.498 5 0.843 6 0.204 4 0.004 5
M2 N N 24.594 2 0.847 3 0.196 7 0.004 1
M3 N N 24.426 7 0.844 8 0.204 2 0.004 4
M1+M2+M3 NG N N 24.984 8 0.852 2 0.186 4 0.004 0
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Fig.14 Comparison of ablation experiments of MAF Fusion module components
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Table 5 Comparative results of ablation experiments of MAFFusion module components

R e 4 1 TEA 48 b
SCA PA PSNR 4 SSIM 4 LPIPS v MSE y
M1 N/ 24.646 2 0.838 3 0.223 3 0.004 4
M2 NG 24.5139 0.8414 0.212 4 0.004 4
M1+M2 NG NG 24.984 8 0.852 2 0.186 4 0.004 0
3 HRiE
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