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Abstract: Objective Images captured under low-light conditions often suffer from various visual quality degradation
issues, including uneven illumination, significant loss of structural and textural details, and severe color distortions.
These issues not only compromise human visual perception but also pose serious challenges for high-level vision tasks such
as object detection and recognition. While numerous low-light image enhancement (LLIE) techniques have been developed
to address these problems, most existing methods primarily concentrate on improving brightness or contrast. As a result,
they often overlook the critical aspect of accurate color restoration, leading to undesired artifacts such as color casts, over-
enhancement, or structural inconsistencies. Conventional approaches, such as Retinex-based models, enhance image
brightness by decomposing images into reflectance and illumination components. However, this strategy tends to produce
color distortions, particularly in extremely low-light scenarios in which the lack of information causes the reflectance compo-
nent to be inaccurately estimated. Deep learning-based methods have emerged as a promising alternative given their ability
to learn complex mappings between low- and normal-light domains. Nonetheless, many of these models are characterized
by large network sizes, high computational costs, and suboptimal generalization to diverse illumination conditions, making
them minimally suitable for practical deployment on resource-constrained platforms. Method To overcome the aforemen-
tioned challenges, we propose a novel LLIE framework named multiscale dilated convolution with coordinate grouping
enhancement network (MCCNet). MCCNet is designed with a clear emphasis on brightness restoration and color correc-
tion, ensuring visually pleasing and natural-looking outputs. The architecture comprises two independently designed yet
interactively trained branches: a color conversion branch and a detail enhancement branch. The color conversion branch
operates in a hue-value-intensity (HUI) color space, which is more perceptually aligned with human vision than traditional
RGB representations. We introduce a color adaptation factor that is dynamically learned on the basis of pixel-wise weight
perception to effectively decouple and modulate the color and brightness components of images. This decoupling enables
targeted enhancement of color fidelity without introducing additional artifacts or distortion. In the enhancement branch, we
design a global grouped coordinate attention (GGCA) module to improve feature expressiveness and encourage effective
cross-branch information exchange. GGCA selectively emphasizes meaningful features while suppressing irrelevant or noisy
signals, which is especially beneficial for images with high levels of darkness and low signal-to-noise ratios. Furthermore,
we propose a multiscale dilated fusion attention (MDFA) module that aggregates features across multiple dilation rates.
This module enables the network to capture global context and fine-grained local structure, leading to precise brightness
recovery and edge preservation. By fusing multiscale features, MDFA mitigates the typical blurring and oversmoothing
problems that occur in conventional convolutional enhancement networks. The two branches of MCCNet work collabora-
tively to generate high-quality enhanced images. The color conversion branch ensures accurate chromatic consistency,
while the enhancement branch restores luminance and structure details. This dual-branch strategy effectively addresses the
common trade-off between brightness enhancement and color fidelity that limits many existing LLIE methods. Result To
thoroughly evaluate the performance of the proposed MCCNet, we conduct comprehensive experiments on multiple public
benchmarks, including LOLv1, LOLv2, and five unpaired real-world low-light datasets. In addition, we test the model on
two extremely low-light subsets to assess its robustness under severe lighting degradation. MCCNet is compared against 15
state-of-the-art LLIE methods, including traditional models like RetinexNet and zero-reference deep curve estimation (Zero-
DCE), as well as recent deep learning approaches such as enlightening generative adversarial networks for low-light image
enhancement (EnlightGAN) , unsupervised retinex network (URetinex-Net) , generative diffusion prior for unified image
restoration and enhancement (GDP) , lightening diffusion for low-light image enhancement (LightenDiffusion) , and
CIDNet. Quantitative results demonstrate that MCCNet achieves superior performance in terms of peak signal-to-noise ratio
(PSNR) and structural similarity index (SSIM). Specifically, MCCNet improves PSNR by 1.57 dB compared with the
best-performing baseline on the LOLv1 dataset. Our method also achieves the highest SSIM score, indicating better struc-
tural preservation and perceptual quality. Qualitative comparisons reveal that MCCNet produces images with more natural
lighting, reduced noise, and vivid, realistic colors, even in complex scenes with significant shadows or saturation chal-
lenges. In terms of computational complexity, MCCNet contains only 1. 98 million parameters, and FLOPs are limited to
8.06 G. This dramatic reduction in model size and computational load makes MCCNet highly suitable for deployment on

edge devices, mobile platforms, or real-time applications where efficiency is critical. Conclusion The proposed color
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space-based MCCNet effectively restores brightness and color, addresses color cast and artifacts, and excels at lighting

adjustment and noise suppression, achieving high-quality visual enhancement. Moreover, the method fully considers the

practical demands of computational complexity and model size. The MCCNet model contains only 1. 98 million parameters

and requires 8. 06 G FLOPs. While achieving state-of-the-art performance, it significantly reduces model size and computa-

tional cost. In particular, compared with classic image enhancement methods and recent advanced algorithms, MCCNet

reduces model parameters and computational load by approximately 96% and 46% on average, respectively, demonstrating

an efficient and lightweight design.

Key words: low-light image enhancement; HVI color space; attention mechanism; coordinate grouping; dilated convolu-
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Fig. 4 Multi-scale dilated fusion attention module (MDFA )
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L ERIIRA TR R
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Y = 0(W, X s + bont) (18)
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2.1 HIEKIZE

1) LOL (low-light dataset) $HE4E . 4045 B4~ it
A LOL-v1 A LOL-v2, H  LOL-v2 i — 443 W E
S (real) FIG B F 4 (syn) o UINZREE AL /Y
K143 L 1) 43 5l b 485: 15 (LOL-v1) . 689: 100 (LOL-
v2-real) F11900: 100 (LOL-v2-syn) . TE Il Z:at F2
LOL-v1 Fll LOL-v2-real %% ¥& 42 %5 Il 25 B 1% 35 80
400 x 400 18 Z= 1)/ B, I 5% 1 batchsize = 8, Il %k
1 500 & . LOL-v2-syn £ 4% 52 A i 17 KR &K 57
batchsize = 1, Il %5 500 4 . 2)SICE #(#E 4E . 5L 4h
SICE (Singdpore image contrast enhancement ) 3 ¥ 45
A AEAT B 589 ZH AR RN B TG, VIR ik AR
MK EE L IR 72 1: 2 9 L9140 3 . A SCHE SICE Il 25
£ | 347145, 316 SICE-Mix Fl SICE-Grad B4 4
AT . OB G SICE BISEE 35 4 160 x 16015
FHRN AR ISR EIEFT T 1000581145
2.2 A[EESEF EITEMA

R T s L TEAR 1S PO VR AR SC ik ) 3

RO, AR SCR 0B A5 W2 1L (peak signal-to-noise
ratio, PSNR) . 45 #4 #H L 'k 4 21 (structural similarity
index measure, SSIM) . 8% %1 & 1% 5 1= 17 fiti (learned
perceptual image patch similarity, LPIPS) | &2 % [
1% 5% PE Al (natural image quality evaluator, NIQE )
A TR BRI TN

F 1R T LOLV] B % bR R 5 s T
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R S5 XY B A4 $E RetinexNet, DRBN
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K5 0. 86, %% RetinexNet #£ 7+ T 53. 6% 7£ LPIPS
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Table 1 Quantitative comparisons on the LOLv1 dataset

LOLv1 S
Jrik

PSNR/dB 1 SSIM 1 LPIPS | NIQE | Params/M Flops/G
RetinexNet(Wei Z5,2018) 16.77 0.56 0.47 8.87 0.84 148.54
DRBN(Yang%%,2020) 15.32 0.71 0.39 4.96 0.58 42.41
ZeroDCE(Guo % ,2020) 16.79 0.64 0.36 7.77 0.08 5.21
Kind++(Zhang % ,2021) 21.31 0.82 0.16 3.88 8.54 36.57
RUAS(Liu%¢,2021) 18.23 0.72 0.35 6.34 0.36 233.09
EnlightenGAN (Jiang %, 2021) 17.48 0.65 0.32 4.86 8.37 72.61
RetinexDIP(Zhao %7 ,2022) 9.65 0.38 0.44 7.07 18.22 0.79
URetinex-Net(Wu%§,2022) 21.33 0.83 1.22 5.45 0.36 233.09
NNPriors(Liang % ,2022a) 15.49 0.65 0.38 3.73 2.19 64.37
Bread-ME (Pan%5,2023) 22.96 0.83 0.18 3.94 0.84 6.17
GDP(Fei%:,2023) 15.90 0.54 0.43 8.49 0.37 536.40
CLIP-LIT( Liang %5 ,2023) 12.39 0.49 0.39 6.73 48.72 7.36
LightenDiffusion (Jiang %5 ,2024) 20.45 0.81 0.13 4.13 64.96 49.58
SCNet(Chen%%,2025) 23.16 0.84 0.21 7.32 0.37 24.22
CIDNet(Yan4§,2025) 23.50 0.85 0.12 5.32 1.88 7.57
MCCNet(Z43C) 24.57 0.86 0.09 4.83 1.98 8.06

VE VML IR R R A S B R SR . T 7R |7 43 1) 37 B e e, (R BRALRA

%2 LOLv2-real F1LOLvV2-syn #iE&E I EE LK ER

Table 2 Quantitative comparison results on LOLv2-real and LOLv2-syn datasets

LOLv2-real LOLv2-syn B e
7k

PSNR/dB 1 SSIM 1 PSNR/dB 1 SSIM 1 Params/M Flops/G
RetinexNet(Wei Z5,2018) 16.10 0.40 17.14 0.76 0.84 584.47
LEDNet(Zhou %% ,2022) 19.94 0.83 23.71 0.91 6.34 35.90
DRBN(Yang%%,2020) 20.29 0.83 23.22 0.93 5.47 48.61
ZeroDCE(Guo %,2020) 16.06 0.58 17.71 0.82 0.08 4.83
Kind++(Zhang %,2021) 14.74 0.64 13.29 0.58 8.02 34.99
RUAS(Liu%,2021) 15.33 0.49 13.77 0.64 0.03 0.83
EnlightenGAN(Jiang 55 ,2021) 18.23 0.62 16.57 0.73 114.35 61.01
Restormer( Zamir %5 ,2022) 18.69 0.84 21.41 0.83 26.13 144.25
LLFormer( Wang 24§ ,2023) 20.06 0.79 24.04 0.91 24.55 22.52
QuadPrior( Wang %5 ,2024b) 20.48 0.81 16.11 0.76 6.82 6.80
HAIR(Cao %5 ,2024) 21.44 0.84 24.71 0.91 29.45 158.62
NalAper(Tang %5 ,2025) 21.12 0.84 24.48 0.93 26.78 59.43
MCCNet(A<3C) 22.67 0.86 25.46 0.94 1.98 8.06
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SR, B S(E) ARSI (MCCNet) O 25 5 16575 1
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Fig. 5 Visual comparison of five methods on the LOLv1 clataset ((a) low-light images; (b) CLIP-LIT;
(¢) lightenDiffusion; (d) GDP; (e) RetinexDIP; (f) MCCNet(ours); (g) ground truth)
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A 12. 5% SSIM %5 LEDNet 34 5 1y 8. 6% 4 fif A J7
B TP R A, R WIFE MR S50 340 5t 55 8% 00 o o 7 T
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£ SICE_Grad 4 % I, A SCJ7 2 1) PSNR
12. 96 dB, 5 SG-LLIE J7 i AH H , 15 4 4. 0% ; SSIM
4 SCNet 1 1% 4y 20. 8% ; LPIPS 4y 0. 37, MR 7= T
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Table 3 Quantitative comparison on two extremely low-light datasets(SICE-Mix and SICE-Grad)

SICE_Mix SICE_Grad
i
PSNR/dB 1 SSIM 1 LPIPS | PSNR/dB 1 SSIM 1 LPIPS |
RetinexNet(Wei Z5,2018) 12.39 0.60 0.40 12.45 0.62 0.36
ZeroDCE (Guo %5,2020) 12.42 0.63 0.38 12.47 0.64 0.33
RUAS(Liu%,2021) 8.68 0.49 0.52 8.62 0.49 0.50
URetinexNet(Wu 4§ ,2022) 10.90 0.60 0.40 10.89 0.61 0.36
SGZ(Zheng fl Gupta,2022) 10.87 0.61 0.42 10.99 0.62 0.36
LLFlow (Wang%,2022) 12.74 0.61 0.39 12.74 0.62 0.39
SCI(Ma%§,2022) 8.64 0.53 0.51 8.56 0.53 0.48
LEDNet(Zhou%%,2022) 12.67 0.58 0.41 12.55 0.58 0.38
CLIP-LIT( Liang %5 ,2023) 12.47 0.62 0.39 12.47 0.62 0.39
SCNet(Chen%%,2025) 11.15 0.51 0.40 11.24 0.53 0.36
HAIR(Cao%,2024) 10.94 0.40 0.48 11.03 0.40 0.42
SG-LLIE(Dong % ,2025) 11.87 0.62 0.41 12.46 0.64 0.37
A 12.97 0.63 0.35 12.96 0.64 0.37

T RIS R A SN R R 1 7R |7 43 S 3 (L e e, (LA

E ST RIS [ LA ] A TERE LSS HE 5 T 1) GSAD FEAE T 16. 1%, 75 th LAY 2L
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fRfe 1, 76 5T I A TCEC RO BUG IS5 AL 64. 4% F136. 1%; 76 VV i 4 |, 4L T QuadPrior
P 4 DICM (digital imaging and communications in (9 NIQE HREAR T 27. 4%, 7 SCT7 A AE TC e 4T 15 5
medicine) . LIME (low-light image enhancement) \MEF 55 rh SR — bk Y 5 B 4 = v RE L IR TE
(multi-exposure fusion) . NPE (nighttime photograph BRIFI NIQE #8545 b 197 14 T i £ 35 20%~60%,
enhancement) Fl VV (VV dataset low-light image BSE T ASOTEEAR RGBS T W)z id itk S
enhancement) [ #E17PEA , i F BRI(blind/reference- FLERMERE
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work ) , BRIFFEAIKL T 47. 7%, 5 GSAD (global structure- TR G ol 52 e e B g 5 MOAR R B R 4R R e
aware diffusion process) ff [t , BRI Fl NIQE 435Il i fI% LAY ARt G i T ESE & C 3 NG 1S NI RS g
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FINIQE 73 582 T 19. 1% 55 30. 2% ; #HAL T SCI(self-  FIAR R HLAF [R]#L,
correction image enhancement network ) , 7£ BRI § #5 2.4 HELSEIG
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Table 4 Quantitative comparison on five unpaired datasets
DICM LIME MEF NPE Vv
Jrik
BRI! NIQE! BRIl NIQE! BRI/ NIQE] BRIJ NIQE| BRIl NIQE]
KinD(Zhang %,2019) 48.72 5.15 39.91 5.03 49.94 5.47 36.85 4.98 50.56 4.30
RUAS(Liu%§,2021) 38.75 5.21 27.59 4.26 23.68 3.83 47.85 5.53 38.37 4.29
ZeroDCE(Guo 4§ ,2020) 27.56 4.58 20.44 5.82 17.32 4.93 20.72 4.53 34.66 4.81
SNR-Aware(Xu%,2022) 37.35 4.71 39.22 5.74 31.28 4.18 26.65 4.32 78.72 9.87
SCI(Ma%§,2022) 36.51 4.25 24.19 4.09 28.18 3.81 32.12 4.28 34.53 4.13
pairLIE (Fu %§,2023) 33.31 4.03 25.23 4.58 27.53 4.06 28.27 4.18 39.13 3.57
PSENet(Nguyen %5,2023) 29.87 3.90 21.75 2.58 32.47 3.66 30.69 3.75 30.46 3.63
GSAD(Hou %%,2023) 24.31 3.88 19.83 432 30.46 3.90 23.79 3.85 31.54 3.60
QuadPrior(Wang %,2024b)  26.32 4.50 25.35 3.55 30.74 3.64 31.60 3.19 31.73 4.12
MSDFAR (Ji%§,2025) 35.20 4.20 27.72 4.39 32.36 4.08 25.33 4.20 39.54 3.76
A3 20.40 3.62 11.38 2.57 14.01 3.44 17.03 3.70 30.33 2.99
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Fig. 6 Evaluation results on the DICM dataset
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Fig. 7 Evaluation results on the LIME and NPE datasets
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Fig. 8 Evaluation results on the MEF and VV datasets
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Table 5 Ablation study of each module on the LOL dataset

FEAY R A @ T GGCA MDFA PSNR/dB 1 SSIM 1 LPIPS | NIQE |
Base - - - 20.423 0.825 0.137 5.327
A N - - 21.372 0.834 0.132 5.143
B - N - 21.453 0.827 0.143 5.343
C - - N 21.234 0.839 0.133 4.835
D N N - 22.834 0.842 0.128 4.973
E N - N 22.972 0.857 0.109 4.952
F - N N 23.435 0.849 0.104 4.876
G N N N 24.573 0.862 0.094 4.833

U ML R R 45 S IR DR e FOR BRI R, =" FOR A VRS |50 327 (R B e A, (D (G

23R EAR A A e IR R 2 MG 40 Bl T
JEAZ B 22 B, X LA A5 e G v A Xk v o
5K o SRR 2 TR G255 5 A2 TR,
SEUF IR BUE R P EUR T B R EE
) 5% 57 BT 1 7 s e 0 5 BRI R EERE 7, A ¢
PEFAG (9, 18, 27) 23 i L A 78 Jo il A 4N 20 P 5
14 JRy S5 A0 338 22 [ MRS T R G- Ay, i AR A 78
AR LRI

®6 FREHWEB

Table 6 The ablation experiment on dilation rate

LOLv1

Jrik PSNR SSIM LPIPS NIQE

/dB 1 1 ! !
2K = (3,6,9) 2123 084 0.13 4.83
2= = (6, 12, 18) 2272 086 0.14 437

SE=(9,18,27)(AL) 2457 0.86 0.09 4.25
23 1E = (12, 24, 36) 2359 086 0.13 437
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