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Abstract The training and enhancement effect of supervised learning relies on paired datasets, but most of
the data sets are synthetic datasets, which are poorly recovered and weakly generalized when migrated to
real images. Based on the above problems, this paper proposes an unsupervised low-light image enhance-
ment model with a joint physical model and multiple priors. First, supervised pre-training is performed on
the synthetic dataset to meet the demand of the model to the low illumination; second, the model is fur-

ther unsupervised, trained, and optimized on the real dataset and jointly with multiple physical a priori
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knowledge to better adapt it to the actual low illumination situation. The experiments show that the de-
tails and illumination of the images are restored while the dependence on paired datasets is somewhat elimi-
nated.

Keywords image processing; low-light image enhancement; unsupervised learning; physical modeling;

physical priori
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Fig. 5 Subjective Comparison Visuals of Different Methods on the LOL Dataset
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Fig. 6 Subjective Comparison Visuals of Different Methods on a real image
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Tab.1 Objective evaluation metrics for different algorithms tested on the lol dataset

Metrics Dong!?* LIMEM DRBNL EnGAN™'  Zero-DCE! Kind"® Ours
PSNR/dB 4 15.721 15. 813 16.311 17. 677 16. 831 18. 247 19. 893
SSIM 4 0. 635 0. 642 0. 648 0. 783 0. 687 0. 834 0. 848
NIQE ¥ 8. 861 8.413 8. 647 7.342 7.573 7.768 5. 209
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o DI A I A ISR S 06 A4 D WA 3ok B O G e A R PR v A AR RO L ] st 4 i e
. ILAR . 7E LIME 846 b RS TE CEIQ 6 br L2 A B e 19, H 7 NIQE 1 PIQE B4~ 4845 L B3
W TS AP RE L 2 I T 1 i v MG B i % () st O T R 0 R UK
2.3.3 FEAE. 3L TIEMRIEABBGRK/NT A FE L 22 X A5 F GE &, Dong H.k Al
LIME J& & 587 i, BRI ORI K NRITE s BG2 B ED . INSEE 25 R, Dong FIA TR B B BRI AS
[Fi) 25 ] AL PR [ B . LA T2 o A B AEAR KRR E IO TR KN AR SR ES . AR AT L
B BT AR AL B IA) R T A s SR 2 2] WA L T B R AR B TR K/ NN PR A5 A8 R B L
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x2 ARAEREHMEESE A NIQE/CEIQ/PIQE Fi9B 4k & R
Tab. 2 Test results of average NIQE/CEIQ/PIQE scores of different algorithms on other datasets

Dataset Dong-** LIME™ DRBNL EnGANM Zero-DCE! Kind-*! Ours
7.321/ 7.311/ 7.613/ 7.034/ 7.134/ 7.116/ 6. 961/
MEF 2.867/ 3.067/ 3.204/ 3.316/ 3.301/ 3.168/ 3.588/
35. 187 34. 691 35. 815 35. 807 31.138 35. 124 33. 201
7.218/ 7.357/ 7.764/ 6. 937/ 6.731/ 7.801/ 6.591/
DICM 3.097/ 3.391/ 3. 146/ 3.378/ 3. 461/ 3.114/ 3.667/
34. 687 35. 687 35. 811 34. 302 34,047 35.133 32.813
8. 449/ 7.517/ 7.691/ 7.533/ 7.733/ 7. 488/ 7.226/
NPE 2.681/ 3.267/ 3. 295/ 3.401/ 3. 268/ 3.311/ 3.497/
36. 681 35. 730 35. 817 33.813 33.455 33.855 34.217
7.934/ 8.817/ 7.958/ 7. 409/ 7.536/ 8.227/ 7.311/
LIME 3.117/ 3.016 2.937/ 3.077/ 3.188/ 3.138/ 3.436/
36. 768 33. 682 34.893 34,132 32,224 33.883 31. 361

®3 FRBENEFREILL

Tab.3 Complexity comparison of different algorithms

Method Dong>* LIMEM DRBN EnGANY  Zero-DCEM™ Kind-*! Ours
RT/s 0.781 1 0.362 1 0.053 3 0.016 2 0. 005 1 0.196 1 0. 004 8
Size/MB - - 0.577 8. 636 0. 079 8.514 0. 074
FLOPs/G - - 37.79 61.01 5.211 29.135 5.134

2.3.4 HRRFEE, NIEVISCIR R BRE A ROE BT TIHRSE S . S A Ly 0K RECNA
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E7 MEKEBHBER

Fig. 7 comparative complexity report of different algorithms for loss function ablation results
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Tab. 4 Ablation experiments with contributions from different loss functions

Loss function missing cases PSNR 4 SSIM 4
w/o L 18. 234 0.714

w/0  Lpap 17. 581 0. 583

Full loss 19. 826 0. 841

3 4

ARSI T — S-S Y B RS TR 7 > 1 0 i B I PR SR AE 2 (JJPNer) . IZMESR B SEAE &
A b AT T S LA AR TR L NP B PR AR 5 AT 55 . Bl BT i bk AT ik — 22
W2k R ER P B S i MRIE R O A R 46  LARE— D48 T BB s A RCR o diaed 7 1R R i ) S 6 Sk B
T TR AR A A A AR IS 58 07 TR A DB O AE — i@ RE B B0 1O ool B0 4 O AR . 30T



,éﬁ

34 XGEIA, 45 < 5 1 AL TR S 36 9 1 s B (R R 2 el i 365

WFSE o AR R PG SRR B AR Bt T 2%

[1]

(2]

[3]
[4]

(6]

L7]

(8]

(9]

[10]

[11]
[12]

[13]

[14]

[15]

[16]

[17]

[18]
[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

%z % X Wk

HUANG S Y., LIW, YANG Y, et al. Low-light image enhancement network guided by illuminance map[J]. Journal of Computer-Aided
Design and Computer Graphics, 2024, 36(1): 93-101.

LIXF, WANG W W, HAN 'Y, et al. Structure aware transfer function network for low light image enhancement[J]. Engineering Ap-
plications of Artificial Intelligence, 2025,141: 109749.

TR AR, SE TR G WG T B SOCHR RGN 77 32 ], WM #2240 CE AARE 2400 + 2025, 38(1): 14-22.

GUO X J, L1Y, LING H B. LIME: low-light image enhancement via illumination map estimation[ ] ]. IEEE Transactions on Image Pro-
cessing, 2017, 26(2):982-993.

ZHANG Y H, ZHANG ] W, GUO X J. Kindling the darkness: a practical low-light image enhancer[ C]// Proceedings of ACMMM,
2019. 1632-1640.

KAR A, DHARA S K, SEN D, et al. Zero-shot single image restoration through controlled perturbation of koschmieders model[C]//
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition IEEE, 2021: 16200-16210.

YANG W, WANG S, FANG Y,et al. From fidelity to perceptual quality: a semi-supervised approach for low-light image enhancement
[C]//2020 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR). IEEE, 2020:3060-3069.

MA L, MATY, LIURS, et al. Toward fast, flexible, and robust low-light image enhancement[ C]// Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition]lEEE. 2022: 5627-5636.

JIANG Y F, GONG X Y, LIU D, et al. EnlightenGAN: deep light enhancement without paired supervision[J]. IEEE Transactions on
Image Processing, 2021, 30: 2340-2349.

GUOCL, LICY, GUO J C,et al. Zero-reference deep curve estimation for low-light image enhancement[ C]// Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), June 2020:1777-1786.

HHHE, TLICF AREE. MG 278505 Gamma BRI EEEGHEGRE LT ], WOGS G723k R, 2023, 60(12):1210022

LIU X N, LI H, ZHU C. Joint contrast enhancement and exposure fusion for real-world image dehazing[J]. IEEE Transactions on Mul-
timedia, 2022, 24: 3934-3946.

SHI Z, ZHU M M, GUO B, et al. Nighttime low illumination image enhancement with single image using bright/dark channel prior[J].
EURASIP Journal on Image and Video Processing, 2018,13 .

CHEN Z Y, WANG Y C, YANG Y, et al. PSD: principled synthetic-to-real dehazing guided by physical priors[ C]// Proceedings of the
2021 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Nashville, TN, USA, 2021: 7176-7185.

CAIJ R, GU S H, ZHANG L. Learning a deep single image contrast enhancer from multi-exposure images[ ] ]. IEEE Transactions on
Image Processing,2018,27(4) . 2049-2062.

WEI C, WANG W, YANG W, et al. Deep retinex decomposition for low-light enhancement[ EB/OL]. ArXiv preprint arXiv: 1808.
04560, 2018.

LOH Y P, CHAN C S. Getting to know low-light images with the exclusively dark dataset[]J]. Computer Vision and Image Understand-
ing, 2019, 178. 30-42.

Kingma D P,Ba J. Adam: a method for stochastic optimization EB/OL]. ArXiv preprint arXiv:1412. 6980, 2014.

WANG Z, BOVIK A C, SHEIKH H R, et al. Image quality assessment: from error visibility to structural similarity[ J]. IEEE Transac-
tions on Image Processing, 2004, 13(4): 600-612.

MITTAL A, SOUNDARARAJAN R, BOVIK AC. Making a “completely blind” image quality analyzer[]J]. IEEE Signal Processing Let-
ters, 2013, 20(3): 209-212.

VENKATANATH N, PRANEETH D, BH M C, et al. Blind image quality evaluation using perception based features[ C]//2015 Twen-
ty first National Conference on Communications (NCC). IEEE. 2015. 1-6.

YAN J, L1J, FU X. No-reference quality assessment of contrast-distorted images using contrast enhancement EB/OL]. ArXiv preprint
arXiv:1904. 08879, 2019.

DONG X, WANG G, PANG Y, et al. Fast efficient algorithm for enhancement of low lighting video[ C]. IEEE International Conference
on Multimedia and Expo(ICME), 2011:1-6.

MA K D, ZENG K, WANG Z. Perceptual quality assessment for multi-exposure image fusion[J ]. IEEE Transactions on Image Process-
ing, 2015, 24(11). 3345-3356.

LEE C, LEE C, KIM C S. Contrast enhancement based on layered difference representation of 2D histograms[ J]. IEEE Transactions on
Image Processing, 2013, 22(12). 5372-5384.

WANG S H, ZHENG J, HU H M, et al. Naturalness preserved enhancement algorithm for non-uniform illumination images[J]. IEEE
Transactions on Image Processing, 2013, 22(9): 3538-3548.

(BT i - X TR 7E)



