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Abstract: Objective Most existing low-light image enhancement methods, as a core branch of computer vision, primarily
rely on deep learning frameworks, such as convolutional neural networks, vision transformers, or their hybrid architec-
tures, to directly learn end-to-end mapping from raw low-light images (often suffering from low signal-to-noise ratio
(SNR) , uneven brightness distribution, and color information loss) to visually enhanced counterparts. This data-driven
paradigm has gained widespread adoption because of its simplicity in network design and remarkable performance on large-
scale labeled datasets. However, a critical limitation persists: these methods lack explicit illumination prior constraints tai-
lored for illumination-reflection separation, a fundamental principle derived from Retinex theory that distinguishes between
illumination components (responsible for global brightness distribution and environmental light effects) and reflection com-
ponents (possessing object-specific attributes, such as intrinsic color, texture details, and structural information). With-
out such constraints, deep networks often fail to disentangle the two components during the enhancement process. For
instance, when brightening dark regions to improve visibility, the model may mistakenly amplify inherent noise (e. g. , sen-
sor noise in low-light photography or compression artifacts) alongside proper signals, resulting in a grainy or noisy
enhanced image. Similarly, the confusion between color information (part of the reflection component) and brightness fluc-
tuations (part of the illumination component) frequently leads to color distortion. Common issues include an unnatural blu-
ish tint in night scenes or an oversaturated warm tone in indoor low-light environments. Moreover, in pursuit of overall
brightness balance, the network may over-smooth high-frequency texture details (e. g. , fine lines in text, subtle patterns
on fabrics, or edge contours of small objects) , rendering the enhanced image visually blurry and lacking in clarity. These
shortcomings become even increasingly pronounced in complex low-light scenarios that are close to real-world applications.
For example, in scenes with local extreme darkness, such as shadowed areas under streetlights at night or dimly lit corners
in indoor spaces, pure data-driven models tend to apply excessive brightness gains to dark pixels; such application of
excessive brightness gains amplifies noise and causes local overexposure in adjacent regions with normal brightness. In
cases involving color deviation (e. g. , low-light images captured with incorrect white balance settings or under colored
ambient-light-like neon signs ) , the model, without prior guidance on natural color distribution, may fail to correct the color
shift and instead reinforce the distorted color palette. In addition, the poor generalization ability of these models poses a
serious challenge: trained predominantly on specific low-light datasets (e. g., only outdoor night scenes or controlled
indoor low-light environments) , they struggle to adapt to unseen scenarios, such as low-light conditions in tunnels, rainy
nights with light scattering, or backlit scenes with strong brightness contrast. This lack of adaptability makes it highly chal-
lenging to achieve balanced optimization across multiple key performance metrics, including brightness uniformity, noise
suppression, detail preservation, and color fidelity. Simultaneously, it hinders the practical deployment of these methods
in real-world systems, such as surveillance cameras, mobile phone photography, or autonomous driving vision modules.
To address this problem, this study proposes a latent space decomposition method constrained by illumination priors; the
method is referred to as prior-illumination-based latent space decomposition for low-light image enhancement (Priol.LIE).
Method Specifically, we design a spatial prior fusion module, which combines the color information of RGB space and the
brightness characteristics of the V channel in HSV space. This module extracts and fuses prior information to construct a
robust illumination prior. Subsequently, we propose a latent vector extraction module that maps the image to the latent fea-
ture space for decoupled modeling of illumination components, with prior features being incorporated during the generation
process. Then, we present a Retinex-driven cross-space decomposition module that accurately decomposes illumination
components in the latent space while modeling reflection components in RGB space, thereby realizing complementary
enhancement of content and illumination modeling. Result Qualitative and quantitative experiments on supervised datasets
(i. e, low-light dataset (LOL) and single image contrast enhancer (SICE) ) and an unsupervised dataset (i. e, different
images collected from multiple cameras (DICM) ) demonstrate that PrioLLIE achieves superior visual performance in terms
of color restoration and contrast enhancement. It yields excellent quantitative results across the three datasets, particularly

on SICE. PrioLLIE exhibits high performance in various metrics, including peak SNR, structural similarity index mea-
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sure, learned perceptual image patch similarity, and Deltakl, further verifying the advanced capability of the proposed
method. Conclusion Through the design concept of combining prior knowledge with data-driven learning, PrioLLIE over-
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comes the limitations of pure data-driven methods. It provides a technical approach for low-light image enhancement that bal-
Key words: low-light image enhancement; reflection component; illumination component; prior constraint; latent feature

ances physical rationality and visual quality. Furthermore, it offers a reference for integrating prior constraints and latent space

I

modeling into other image degradation restoration tasks. Future research can further expand the types of priors (e. g. , texture and
noise priors) and explore the lightweight deployment of the model in real-time low-light video enhancement scenarios.
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RHIE , B0 A I 288 i AT TERAIE 2, R 48t —
A5 x SERZREIA . B FEnT RoRh
R =

O'(Convs(Conv3 (Corwl (Cal(Convs(llow)(]orw}(llo“))))))

L= O'(Comjs(Com)S(Conm(Z))))
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1 PrioLLIE 7£ LOL . SICE I DICM 3 /il i 42 1
(O P 5 5 T A5 2 . A, I RS2 56 3 1IE PrioLLIE
BB A R
3.1 KWEHEMAT

{ifi FH SICE (single image contrast enhancer) Fil LOL
(low-light dataset) £ HaEE XTI LA RIS T 25, 72
ANEHRAE T ASCREPLEKE 350 ML H, B4 751
A% 3~5 IEARE IR, M2 1 000 IR IEE . IR
A A TR HEA R 128 x 128133 . A, [ LOL
B bR EIRAE TP 1) 15 IR AEEIR, LU AE SICE
KR AP RENLPEE Y S0 L EDEIR (3L 150 06 2E4 T
o e i LA 7E LOL R SICE £ 4E 1R FHIG (R
{5 Hﬁ(peak signal-to-noise ratio, PSNR) .25 # AR AL
(structural similarity index measure,SSIM) 2 >J 2B
PG H AR L (learned perceptual image patch similar-
ity, LPIPS) Fl DeltaE 48 FRIFAl itk fig . 76 DICM(dif-
ferent images collected from multiple cameras ) E(#i4E I
& H (information entropy, IE) Fil NIQE (natural image
quality evaluator) 1 PI (perceptual index) i#£17 PFAf .
PrioLLIE fJJI|Z57E Windows 11 PC [ #47, fii F Intel
(R) XEON (R) Gold 5218 CPU I NVIDIA GeForce
RTX 3090 GPU, Jf:3& T PyTorch HEZE AT, Il ZRid A2
o 2B R R 1 X 107 IR/ 6, I 2RIk T
2001~BrBe.
3.2 XfLEsEE

K¢ PrioLLIE 5 10 R °% > J5 i /% LOL . SICE
FIDICM B His 4 b A7 2 VE 2 B e . B4 - SCLM
(single convolutional layer model) (Zhang % , 2024b) |

SICEHE4E  LOLAL

DICMEdiE5E

HiNEfE SCLM  RUAS SCI CSPN

URetinex

RUAS (Retinex-inspired unrolling with cooperative
prior architecture search) (Liu %5, 2021a) | SCI (self-
calibrator) (Ma 4§ ,2025) . CSPN ( category-specific pro-
cessing network) (Wu 4§ , 2024) | URetinex (Wu 5% ,
2022) PairLIE (Fu %% ,2023) | StableLLVE (Zhang %5 ,
2021) . Zero-DCE (zero-reference deep curve estimation)
(Guo % , 2020) . Zero-DCE++ (Li % , 2022) #11 Ret-
inexNet(Chen%%,2018) .
3.2.1 EVEIER

B 3 JEE7R T A ) J7 12 70 45 00 4 1 A A0 0E AL
o LOLBIRAEAL S N80 B SFROE 5, %
ORI GIE SR I A PERE SR T H R 2Rk . ARl
T E NS TR

Qi 355 147 BT/, £ LOL 8048 4 I, SCLM A
StableLLVE i:f £ B, 5 ST K s RUAS 72 o8
TR PR A B e 2, HAE BE SR TEAN AL S B AL
WAL s SCIL CSPN Hil Zero-DCE++ SR 76 20 15 i 2
5 TR I AB AR5 I DX ) 5 B2 M s ATI AN 2 L 30
Sy R RE 58 4 S B s PairLIE F SR 52 FE 8 5 24 R
B HFEGIA T HRZ M

SICE #iffa fe e i3 22 B SR U5, 42 ]
Bnl W s AR AN RS2 R T AR . A SCRBOL IR
HHGS 27 50 B T8, o8 2% T vk 1) 48 o 8RR AT I
Wl 355 247 7R L 76 SICE 4 45 I+, SCLM il Sta-
bleLLVE i Bl B2 Ot , 205 ¥fE L2 B . SCILCSPN
H Zero-DCETESE IR TT A AL , BAFTERH] B 1y
o 22 RS RCRANEIAL . PairLIE SRR AR
ROREF AT DX B B i, A R A AL

PairLIE  StableLLVE Zero-DCE Zero-DCE++ RetinexNet 2483
B3 OR[EJ AR R EE 5 A s Rt

Fig. 3 Qualitative tests of different methods on different datasets
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DICM s 55 FH T 0225 VEA , 8 T
T IRAEARSE BT S X 2R . an &1 3 56 347 7w
7E DICM %445 45 |-, SCLM 1 RUAS 1 T3 FE it &
A 2 . SCIHI StableLLVE 75 {6 8% 1F J7 1 %5
PRAAE . CSPN il Pairl.TE DU A7 76 21 5 BRI A n) 5
FHEZ R, PrioLLIE 7EAN [ 37 50 T 4R 1, gt
AR B I R A

Bl 4 J&7R T AN i A T 45 7 1 I 1 s g R
XFEE, FB53XF i A B A RUGA SR MG 1) 5 K
HHEIORK A5 R AT AR R B, S

PRI REE , ZEM o 7 5 T A R ERR U I st Tk g
FEOT AR T AL S e
3.2.2 EEHEK

F 1451 T PrioLLIE 7£ LOL . SICE #1 DICM 4%
£ e mas R, IS 10 P k4T 7 XTI, Prio-
LLIE 78 3 4l 4 1 JL-F 3 BUS S LR 30, Je HAE
SICE ¥4 |, HAE PSNR ,SSIM , LPIPS Fl DeltaE 4
MEbR ¥R R, XRMSE G 5 2k
TEW AT B T8 T+ G B i, 599iF T PrioLLIE 7E1I%
SRR EGIE TR MR . R 245 T REM TR S

SERRI], T8 PrioLLIE Jy I RERS A& N ARG HUE R

WiNE&  SCLM  RUAS Nel CSPN  URetinex  PairLIE ~ StableLLVE Zero-DCE ZeroDCE++ RetinexNet 7837
K4 R[E DAL T P REXS L
Fig. 4 Performance comparison of different methods under extreme environments
#1 FLOL.SICE#IDICM #i5&rEELLE
Table 1 Quantitative comparison on the LOL, SICE, and DICM datasets
LOL SICE DICM
i

PSNR/ABT SSIMT LPIPS| Delta| PSNR/B?T SSIMT LPIPS| DeltafE! IET NIQE] PI|
SCLM 18.8076 0.6303 03332 172239 18.4864 0.7714 03125 138098 6.394 3760 6.17
RUAS 164012 05009 02701 19.6385 129879 0.6703 05350 25.6052 5270 4.783 17.19
SCI 13.8063 0.5261 0.3584 262219 17.5976 0.7838 04856 16.1510 6.764 4.111 5.85
CSPN 19.6072 07558 02168 9.1010 18.6120 08217 02346 137248 7.168 3.879 5.49
URetinex 19.8419 0.8259 0.1281 139437 21.6519 08444 04653 9.6874 7.002 4.023 5.52
PairLIE 19.5106 0.7364 0.2480 9.5600 21.3332 0.8431 0.2272 9.4074 6964 4.048 531
StableLLVE 173638 0.7398 0.2839 17.9284  19.6434 0.7894 02724 123669 6.878 3.963 6.76
Zero-DCE 148607 05588 0.3352 222137 18.6918 0.8105 02654 141200 7.030 3.546 5.95
Zero-DCE++ 146819 04720 03292 244160 16.0920 05114 03393 198506 7.190 3.570 5.60
RetinexNet 175577 07191 0.0004 164153 19.8967 0.7862 02733 10.6431 6.941 4.136 6.98
PriolLLIE(A3C)  19.7714 07455 02021 9.0217 214895 0.8480 02121 9.0079 7.178 3.491 5.27

T IHL R RIZ PR IR B SR AL R R, 1 3Rt B, | Fom ) R BRI

3.3 R

AR SCAH AN ] ) 5 36 18 7 SICE % dfs 4 L itk
FTIHRL S, AR B R A 1 o AR SCHE It
(75 EEAT T LA AR < 1) JCB (5 50 56 T A R

(-w/o CPPM) ;2) JCHE 1 25 [B] B8 (-w/o LSPM) ;
3) T REBH N RS 53 B (-w/o IRDM) 5 4) 42 15178
(PrioLLIE) . Nl S U7, 245 CPPM (-w/o CPPM) 43
SEA T S B, HE DL R LS G 5 2 e LSPM
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R2 TREFENERSHE GTHEFEERNEIILL
Table 2 Comparison of model parameters, computational

complexity, and inference latency across different methods

Wikr Params/M FLOPs/G HiFA] /s
SCLM 0.01 0.01 7.46
RUAS 0.01 0.28 23.81
SCI 0.01 0.03 23.19
CSPN 0.41 1.24 20.10
URetinex 0.01 227.73 48.05
PairLIE 0.34 5.59 10.49
StableLLVE 432 40.29 0.06
Zero-DCE 0.08 5.19 3.25
Zero-DCE++ 0.01 2.64 4.17
RetinexNet 0.83 136.01 40.14
Priol.LIE(Z<30) 3.93 45.53 13.55

TE IR TR 7R 4 9 e (L4

-w/o PrioLLIE
IRDM

BI5 AR RS E T BT Rl S g6 e RCR X L

Fig. 5 Visual effect comparison of ablation experiments

under different ablation settings

(-wlo LSPM) SR FE B AR 347 B4 T R4
% ; 45 IRDM (-w/o IRDM) oK fE A S TH 25
FHZ T, PrioLLIE MR T T 52 8, B RE IR L5
O, FAA NIRIGERAZ

¢ 3 M SICE B4 4 1 i) 14 falh 52 46 7 7 40 #r
3, 7E SICE 54l 4 1 152 0 FAh W R |, PrioLLIE

#®3 FESICEHIEERHMIBEE N

Table 3 Quantitative analysis of ablation experiments on

the SICE dataset
Wik PSNR/ABT SSIM?T LPIPS| DelaE |
-wlo CPPM 213242  0.8349 02208 9.7520
-wlo LSPM 212196 0.8331 02274 9.7666
-wlo IRDM 195785  0.6532 0.3655 14.1721
PrioLLIE(ATC)  21.4895 0.8480 02121  9.0079

TE M F R FR S R 2 2R, T Fomm B, | R
CIRYE 47/n8

7E PSNR .SSIM . LPIPS fl Deltalk I #1HU5 feE1845 , A7
BAE T PrioLLIE fPERE A A AR B i) S E T, 1E—
R T A AR T AR PrioLLIE #5 H A Bk
ﬁz};ﬁ o

4 4 &

ARSCHE T — 3T IR e 6 0 IO R RS
HEA> i R 45 . 12 M) 45 76 RGB F HSV 23 [1] Hp 2 B iR
B S ae (s L, TR S LA BB A 25 ] ke 55 7, A 3k
Gfi T ARG A I 5 ) B AR 5 AR
[P, AEVEAE S [R]H 92 28 RE A5 X IR B 431 20 i
U Ml S B e P R AR S B A A . 3 L A
4, PrioLLIE AN SEBL T 52 BE G s AN A0 15K & i E
TR R 5 e 2k L T R AP . T
FE X LA AR SO VA AR 2 B A T REAE I
AU AL SE RO I A FE bR o R4S PrioLLIE J7ik
HA RIS ROR , (HAE LOL B0 48 A AL 15 A g
WAE  JLFE PR AT BRI R B A B AN 2 RN
B IREAS (Y AP RD = B JF TR N 8 25 H 1
AT, 7R PR TR 5 AR 1 [R] B B B R AE A2 4%
st Rz Akee s .
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