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Abstract: Objective Low-light environments in practical computer vision applications, such as security surveillance,
autonomous driving, and intelligent urban monitoring, considerably degrade image quality and thus restrict the perfor-

mance of high-level visual tasks. Images captured under poor illumination often exhibit insufficient brightness, heavy noise
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amplification, and severe loss of structural and textural information. These degradations not only harm perceptual quality
but also compromise the reliability of downstream applications such as object tracking, object detection, and semantic seg-
mentation. Existing methods have attempted to solve these problems by increasing image brightness, but they frequently
suffer from inadequate overexposure suppression and heavy reliance on paired datasets collected under normal lighting con-
ditions. Given that such datasets are expensive and difficult to obtain, the generalization ability of these supervised meth-
ods remains limited in real-world complex scenarios. Furthermore, some unsupervised methods attempt to reduce depen-
dency on paired data, but they often fail to achieve noise suppression, exposure correction, and structure preservation
simultaneously, leading to unsatisfactory performance in practice. Method To address these challenges, this study pro-
poses a novel zero-supervision low-light image enhancement framework that utilizes illumination components to guide reflec-
tance estimation, thereby ensuring high-fidelity reconstruction. The framework is designed to operate without paired train-
ing data while simultaneously achieving effective noise suppression, overexposure control, and structure preservation. The
process begins with a reversible brightness perturbation strategy combined with pseudoexposure generation, which synthe-
sizes abundant pseudo low-light and pseudo well-lit samples without changing the intrinsic reflectance of the image and thus
effectively simulates diverse illumination conditions and eliminates the dependence on paired supervision. A dual-domain
collaborative attention denoising module is introduced to improve robustness further. This module operates in the spatial
and channel domains: in the spatial domain, contextual dependencies are captured to distinguish true structures from ran-
dom noise, while in the channel domain, correlations among different feature channels are modeled to suppress redundant
information and emphasize critical features. By collaborating across these two domains, the module ensures effective
denoising while preserving structural fidelity. For structural representation, multilayer residual convolutions and a structur-
ally symmetric U-Net architecture work in concert to generate the illumination map. The symmetric encoder-decoder struc-
ture enables extraction of multiscale features, capturing global illumination and local detail, while the residual connections
mitigate vanishing gradients and accelerate convergence. The U-Net is designed not only to generate illumination maps but
also to extract illumination-related features that serve as explicit guidance for reflectance recovery. On this basis, a guided
reflectance estimation method is introduced. Instead of directly treating reflectance as a residual, illumination priors are
fused into the estimation process. This fusion enables the network to separate illumination variations effectively from intrin-
sic structures, restoring edges and textures with high fidelity while suppressing overexposed regions. The integration of illu-
mination priors makes the restored images appear natural and structurally consistent, thereby addressing the shortcomings
of previous enhancement methods. Result Extensive comparative experiments were conducted on the LOL, DICM, and
WildNight-8K datasets against nine representative state-of-the-art low-light image enhancement methods. On the LOL data-
set, the proposed method outperformed Retinexformer and LightenDiffusion, achieving reductions of 0. 62 and 0. 92 in the
natural image quality evaluator (NIQE) and decreases of 1.23 and 0. 25 in the perceptual index (PI), respectively. On
the DICM dataset, compared with Retinexformer and retinex-inspired unrolling with architecture search (RUAS) , the pro-
posed approach reduced NIQE by 0. 11 and 0. 81, and PI by 0. 48 and 0. 72, respectively. On the WildNight-8K dataset,
relative to Retinexformer and EnlightenGAN, NIQE was further reduced by 1. 32 and 1. 87, while PI decreased by 0. 33
and 5. 98, respectively. These results demonstrate that the proposed method consistently delivers enhanced images with
improved naturalness and perceptual quality across diverse low-light scenarios. In addition to image quality assessment,
the enhanced images were further evaluated in a downstream animal detection task using YOLOv8. Experimental results
show that the mean average precision (mAP@50-95) increased by 4. 60% compared with the original low-light images,
indicating that the proposed enhancement method not only improves visual quality but also remarkably boosts the reliability
of downstream perception tasks in challenging low-light conditions. Conclusion This study introduces a zero-supervision
low-light image enhancement framework that integrates illumination-guided reflectance estimation for high-fidelity image
reconstruction. The key innovations include reversible brightness perturbation with pseudoexposure generation to remove
paired dataset dependency, a dual-domain collaborative attention denoising module to reduce noise while preserving struc-
tural details, a residual U-Net backbone for effective multiscale representation, and an illumination-fused reflectance esti-
mation mechanism to achieve structure-preserving restoration and overexposure suppression. Experimental results across

multiple datasets and real-world applications demonstrate that the proposed method not only achieves state-of-the-art perfor-



3338

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 9,Sep. 2026

mance in quantitative and qualitative metrics but also remarkably improves downstream vision tasks, particularly object

detection. These contributions indicate strong practical value and broad application potential. Looking forward, future

work could explore extending this framework to dynamic video enhancement with temporal consistency, incorporating adap-

tive illumination priors derived from scene semantics, and optimizing lightweight deployment for edge devices such as

autonomous vehicles and mobile cameras. With these directions, the proposed method could further strengthen its role as a

reliable solution for low-light visual perception in safety-critical and real-time applications.

Key words: low-light image enhancement; attention mechanism; zero-supervision; object detection; convolutional neural
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The network structure of this article
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2 A 2% L-Net B 3 35020 24 A - Sk 30 L 24k
MR, K s — N AHERE  — B RZE
ReLU 34 i R AR M 3 sk 22 e pl, TR 2
FRAE SR H R e 45 ,2022) 5 B 3038 3 — 4> S i
Fo )2 — 4 B2 K B B R 1, B I8 A sig-
moid PR 2 IH — L ADOEIRIEAT

U-Net 155 A h 2B J5 ) MR X, N 28 15 S i
— WU R H A2 W) B A, B S AR IR 2203t 3 )2
TR GRS 255 AL AR R R UF B A
T XTFREEF 1Y) 3 )2 L RAE RS 2538 A I 43 BRI
Al ACZRHE SCHDE IR E B, By

F,=C(X),F,=D,(F,),-,F,=D,(F,)

F,=Up,(F,,F,), -, F,=Up,(Fs, F,)

L=o(C(Fy)) (7)
Ao, X RoR A WFRER], D R8T R R (e
Ktk + BT, Up Ron BRI (LB + Bk
BRIEFE + BB , F RN KA RYRAER o B2 Bk
BRI AR VHIRZ 4075 15 B 2 5 e & th ka2,
PR AE A T ERT I O B 30 %7 1 1k 5 DX — 2K
Yo O T E— 2B THRGZ B T i i AR L 4
BT A 2 AR AR Y BC 5 S 51 58 (Reflection Pad-
ding) S . EAb, L-Net A9 5 24t 285 sigmoid PR
BOA— 420, 1IX ], 1 2 Retinex BIEX 5 4>
N Lo TE L-Net I ZRi R,y 1 0 0R 20 ik 1Y
HEBRPEFIAS E M, 2R T 2 b 401 2K ek Bl 2 TR AR
B L= o #2, inE 4 i7R , 32256 Retinex Loss
F1 Guidance Loss. v, 5 BT A= gl A7 ¢ Ay ik
PREIL[A]#4) B T Retinex Loss , B8 BH AR B g4~ 3
1833 Total Variation Loss ZJ 5, HAK K

Lo (L) =|V.L] +]v.L] (8)

Ao, Ly BRI pR AR, LR IR i, 45 11
G AR LR I T R, By

L, = MSE(L,max (X)) (9)
HKH, L RIR K AL, MSE R /R 38 7 iR 22 512K bR
B, LR G R, X s LW i A B
max ( + ) 75 1 18 30 2 3 MR (R DA Rl PR S
LA, S PR IIE Retinex 43 fiff i /2 B I (17 e FL— 3K
PE, NS AR Rl B g AT S 5 BT R E G —
HELAR . MRS Retinex A, 15

X=L-R=R-=

X
L
o, XA RAIE I, LIEC IR 5 B, RS 4
P ode o DRI, 190 268 7 00 ik 45 2R i A2 ) LA TR 1 [
I 08 S 53 BT A5 S G (L2 ) 5 ) AR 5 R 2 2 TR
HAE S

(10)

L=|L-R-T|: (11)

I 2
o[-

L+ ¢ (12)

2

R L FR I R, € — RN R (1 x
10°) JHF DL RE R4

S U-Net ()T RREHR 55 5 2 R BEARAE 4RI
HLAL, RE65 P AICH 21 5 3 L1 B SRR g 2
6155, AR SO U — (5 R-Net 3
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k%, BREL, KW, MXRE, FHEE, RO
KR5S RHESEMITHTREHEEGIERE

CLAHE #ith

Guidance Loss
i 1
h
H

ReLU {#i%

o REEER | Pt |

z
>

SR

ReL.U {#i%

KENEIEN e e pv=akl

Fig. 4 Overview of the loss function design

T A U-Net [ T RAEFS 43 BE 45 78 70 WU L-Net
T 265 W) OB S, T O R-Net 324545 20038 5,
SIAT =B PR EL Guidance Loss, HAK N

S
AP LR UK BB NFRR 2 5 IR R REA
S L, 04 U-Net [ 285 HYRFAE , L, 24 L-Net 9265 fi i
HYRFIE . 22 R0 2% R BBETT RE S (2 U-Net i 1)
JENT RE LI AT L-Net 1 ), 7EA B3I ot e o, 52
A 0 e — B, B DR B TE T Y
i £ 326 , A R-Net EOOL ALY ZRBEE T K S Y S

(13)

1.4 FSREMASI SR
TEAS SO R AESR | s S IR A LR b 506 IR T
SR TR, AL S5 H SO TURAAE , {8 3 ff B
Horb e (AR LB IRAE B 235 kR 8 DX it g
Ry T A R G T A s T Y R I T AR S
BT T A IR E 1045 B 51 g BT ok
BEHL(GREN) . W& 5 Fi7n , R-Net 324 iy 2511 4%
(D-Ne#r it B X" Il 2 25k 22 B R LT
GREN HE 5 /97 4 s A F#IEZ — Fpe R,

(] BF L DA 55 BRI A T 19 6 56 5% 1Y U-Net H 82 L
TRIZTE SURFIE F, e RPOSS SETEZ 1 x 1R

@@fg\

~dod [

R—>P —

©) ReLU i

@ sigmoid Ik EREL

B -@»j

/

K5 GRENHA Ty
Fig. 5 Detailed illustration of GREN
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HCE TE RO 256 [ 2 64, ST T T 45 , I8 i ek
PEAR (B X B 48 5 AR AR HEA T 25 (R0 5%, B AR S P 1E
25 () 2 i ) — Btk . EAR
Fi=o(5(c,. (F))) (14)
Fy=1(F,F,) (15)
K, F 3R 2258 22 B BURBUY R IE I 155
TR RRAE IR 2 [ 4 BE AT X 55 Bl % P A~ RRAE
PITE B TE 4 PR, Rt —)2 1 x 1 BB T
A SEA S35 TR IS R IE R R A
F,=C o ([Fy: F}]) (16)
X Fy ROR F] 5 R 23 RV SR SRR AR R . 1%
5| Sl A AL FE 0% 22X R R-Net 2L BB R 3¢
5L DI S SR AR X6} 3 2% SCBE B R DX ) 2 )
fie 77, FEAIC MR BH AR Akt R GG TT A2 i . A RRAE
F 6 5 96 AR IR B FRUE T g, iF— 2 HR IR
o B 45 P £ 5L i S PR 3 B S AL I8 sigmoid
g R — k= [0, 1] IX [a], Bk
R=0(C(F,+ F*F)) (17)
Ko, F 3R FEGR LA TG M RIE ], R &% GREN 45
HUAh B B4 AR IR . X ST A R B
51 FRHIE(Guo55,2025) , B 10 T RO EIX 4548 5
SO FIREE ST A RAR T TR S R i
[ hE, R e S NGRS TR 1 R B S

2 g

2.1 HIBEEMELHEMT
2.1.1 BIEENSH

ARG T 3R AT LB AL 1 FA
A 55O K A% 54 % WildNight-8K (Wildlife Night-
time 8000-image dataset) 1 2 4~/ FF £ 3 4 LOL Fl
DICM (Lee %5,2013) .

Hrp, WildNight-8K, £1.7% 8 000 I &% , KI5 T
B8RS P R 37 X0 10 A W HE AR Sk, BER R
3200 x 1 80018 % . T iZ & 4R Ik o5 HL S0 A P A=
SRR W i S s, ELA B0 1 S PR AR SR R & 2
FEHRSEAT, PRI A SOy BT B2 5 S B it
Z PR T AR A PERE A C AR fb AR S 41
PR 28, HONEL & XN Y IE F OB IR B i S A
WA SCHEIZ B A TR FHC B R AR - TITAG . 32
BTG THE R B 6 7R T B BRG]

%2 WildNight-8K #IR&EZHITER
Table 2 WildNight-8K dataset statistics

JE SiHE B
SILE S WHVLAS ZR B T AR 1 L F AR AP X
PG 8 000
IS ) S5 0k 2T A1 AR
IIPER 3200 x 1 80014 %
E{EE 20:00—X H 5:00
EiEEE 270 AR EACHT B 8 T X A
Tgk S 108
Ik eS| ESRIN U Ny NS N g
SR RIE 74.75
SefEf/IME 64.82
S S IN ] 93.02

K6 WildNight-8K £ 42 ML ARLAE {71 [
Fig. 6 Typical examples from the WildNight-8K dataset

UEAL , S B R AR SC 5 1 AR B T 575 55 )6 8
Yot 5938 FE , 5256 7E DICM A LOL %4 4 b ik
7o DICMALE 64 ik F Z R B AR HL Y FL AR
FUE W35 2 N BT BN LA S e R 2%
1, G035 SR B 5% IX 85 5 LOL %5 42 W 4244t 500 g e
X B E/E F Y EMG . P N4 & Be NS 4 T V4.
FIRAEA R LR N A&t 5am ik .

2.1.2 SCHEdy

A SCAHE FHH & AR A E G AR 8 (adaptive
moment estimation, Adam) ,iﬁﬁﬁl =0.9,6.=0.999,
WIh ) RUEE N 1 x 107, YRt e R £ 42
) RGEI R M, BRI 25 1007 epoch B2 2] R EEIH N
JEA A 1720 YIZRAE R KNl 4, B 831125 300 4
epoch, VI Zd B4 5K NVIDIA GPU 4060Ti (J53 1 T
CUDAMIGH) o AR Zracd R A5 4 Fhfia 2k pR A K
Ak, b Ik Zhid B B AR B, AT NaN
(not-a-number ) K 12 5 , F-4E B AL 175 5
TERIGEECH 1. OMBBEETT , I E R B A .
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BBRE, BREIL, %W, MXRLE, FHRE, RO
HREISRHESEGITHTEE S EEGIER

2.2 EMiERR

R T % WL L A Al i i PR AR i SR A
S9GAE T AT RER I, AR ST T T 5 ATz
HAA R0 R B P 16 b, £45 3 Fh il 4t
&% 6hn - AR EIMGT R ITAL HE A5 (NIQE ) (Mittal
45,2013) 2% [R5 ) ot A 2 (blind/refer-
enceless image spatial quality evaluator, BRISQUE)
(Mittal 45 , 2012) F1 5 F 3R B 5% 22 9 4% DRN 45 45
(Zhang % ,2017) , A K PP EHT S 1) 46 A < SR N 48
$C(PD) (Blau 55 , 2018) i1 2% ~J J& A1 G P A o)
(learned perceptual image patch similarity, LPIPS)
(Zhang %5 ,2017) . Hr, NIQE 38 i 5 i MR G811
FHIES A AR BRI Y 22 57074k H SR B, BRISQUE
0 e 2 By 8 2 ) R i LAVE A 2 EAR BE , DRNFIH]

TR 27 2 B R ADL N 2 5 00 J T LA B RS o i A
PLBE T, 1 Pl AL o2 % HE An dE L o8 77 & A28
T5E S B e AR PE Y, LPIPS K& T 15 BE R AE 2% a] 1Y
TN AR B B 2, T AT R0 B3 58 )5 R AE 2548
o FAsfl . @ adix 5 A bR LR A T, fE
% T 00 4 AT i i Wl B Y A A B O A Y R B D
TN A SR B S T RE R
2.3 fEbIRIE

AW A DA LS5 B RS RaSCR an ik 7
FI7R  FE A R TGS B (A (RIS ki T el BRI 52
B, JF AR T RMR ] WL . B sR 1A
BRAECRES B AR SEEE A 3k it [ R BB B E 1
SUBLRIANAT 5 B, HARB AW i i M sl i | ik
WL o 75 31 B 25 2%

(b) SRR &
K7 ARSCO7 I R AR ]

Fig. 7 Detailed images of the enhanced effect of this method ((a) original images; (b) low-light enhanced images)

N T B UEA SO AT B A R, 23 A
WildNight-8K . DICM 1l LOL %t ¥ % |5 9 0 &k
SO CIEMRIG SR I AT 1 i S EERT L o b BT
VT T A M AR SR AT AR AR T 1) IR
U 27 2 B | 4345 ZERO-DCE ( zero-reference deep
curve estimation) (Guo %5 ,2020) ,RetinexNet(Wei 55 ,
2018) .RUAS (retinex-inspired unrolling with architec-
ture search) (Liu Z¢,2021) . EnlightenGAN (Jiang &

2021) . SCI (self-calibrated illumination) (Ma %§ ,
2022) .RetinexFormer( Cai %5 ,2023) .LightenDiffusion
(Jiang 5 , 2024) . FLOL (fast baselines for real-world
low-light enhancement ) ( Benito 25, 2025) ) } CIDNet

(color and intensity decoupling network) (Yan 4§ ,

2025), A 30K NIQE . BRISQUE H1 DRN 3 ff o %
%@%ﬁ%ﬁﬁ*%ﬁ XoF 4% T i B iR 48 R G & UL
HEATVEAL 25 R MR 3R 4,
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3 AEHEBIELOL E3EE RIS L SLI6

Table 3 Comparative experiments of different models on LOL dataset

LOL
TR E3i
ZH/M  FLOPs/G  NIQE |  BRISQUE| DRN| LPIPS/ prl
RetinexNet(Wei %%,2018) HWE 084 587.47 329662 256694 04128 03979 19.1942
RUAS(Liu%¢,2021) A¥EE 0003 0.83 272001 203618 07808 02707 14.8577
SCI(Ma%5,2022) HWE 00035 0.69 301886 229022  0.6014 03497 184174
Retinexformer( Cai 55 ,2023) AW 1.61 1557 269033 147295  0.3583 02821 15.0211
CIDNet(Yan%5,2025) W 1.88 757 285411 199677 04005 02979 13.8376
ZERO-DCE(Guo%%,2020) B 0075 483 279745 202504 05982 0.3305 15.502 1
EnlightenGAN(Jiang 5%, 2021) T 114.35 61.01 28.1024 162268  0.6201 03097 14.998 1
LightenDiffusion (Jiang %5 , 2024) W 27.81 59.32 272058 150859  0.5256 0.3383 14.0445
FLOL(Benito 4 ,2025) TWE 081 836 283371  21.1203 03422 02963 152402
AL s 264 17.32 262812 145511 03376 02611 13.7917
TE M AR RN B IR SR . | FoR 4805 , BUE BRI F R AL .
x4 A[E#EB7E WildNight-8K F1 DICM #1#E £& X bk S216
Table 4 Comparative experiments of different models on WildNight-8K and DICM datasets
. . WildNight-8K DICM
NIQE! BRISQUE! DRN| PIl NIQE! BRISQUE| DRN| PI]

RetinexNet(Wei %5,2018) B 477723 330181  0.1986 27.5802 32.8056  30.3956  0.6652 21.1579
RUAS(Liu%,2021) AW 253308  37.9463 11967 21.4092 28.0808 24.0853 12288 18.9102
SCI(Ma%§,2022) HWE 394766 31.3406  0.9984 24257 357977 293843  0.6653 22.4673
Retinexformer( Cai %¢,2023) FWiE 235858 284914 02040 159012 27.3817 16.1676  0.5749 18.6652
CIDNet(Yan%,2025) HWE 260875 334579 02463 16.1024 284569 248822 0.5967 18.7355
ZERO-DCE(Guo%,2020) T 256587 352875 05524 21.9802 30.2217 242588  0.6995 20.1452
EnlightenGAN (Jiang%5,2021)  JGWi 241287  44.5487 03565 21.5433 28.7177 189548 0.7803 19.3542
LightenDiffusion(Jiang%5,2024) JCIWAE 24.0353 315743  0.1896 165801 28.1835 265121 0.6867 18.8823
FLOL(Benito % ,2025) T 264565  31.1065  0.6513 17.258 1 29.4709 232186  0.5788 19.4211
A3 T 222610 27911 01814 155665 27.2728 151049  0.5642 18.187 5

T IHL PR R A SN A R . | FOR T by, BUE MR I Bl

[ i, €] 8—&1 10 7 WildNight-8K . DICM A1 LOL
ARG T & LN L . 7E WildNight-8K
ol 4R b, Ui RGO AR B R AR R X B
BE, RetinexNet 9% Fa T Jay 355 I 3505 4 B2, (L3 (A i 6%
L B B 580 Ak 5 8 75 50K ; RUAS . ZERO-DCE
Retinexformer 5 FLOL 7E 4455 J5 10 £ B , (H 5 5]
A KT LB . EnlightenGAN | LightenDiffusion
FLOL AR I T w85 6l H , 2B (08 25 f 2 5

CIDNet 75 [ M 55 5% B4 TH B85 Ry 47 , SR T S0 #E 4
WA MRS . 7E DICM B8 4 1 se g 2 R W,
RetinexNet 75 £ T} K4 52 B 19 [ B 5] A T 55 2 W
7 ; RUAS . ZERO-DCE F1 Retinexformer 2 77 75 W] i
(5 BRGNS ; EnlightenGAN 1 FLOL B REAT 2ici 55
SERE BRI i B, £ AE €822 [R]85 LightenDiffu-
sion Fl CIDNet F AR R H B0 b A ] 1, {5 55 A SC 2%
FHEG WG 5 B S i) s BE AR TSR A B, FLZE
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P A SN Y (38 B AN S 9% . 7E LOL R 4E
B TR S B IR R — SR T 1 Y 22 5
5, LOL Y5t % N 8901 H % P55, RetinexNet 7E 1%
Kedn AR AR THAAAE 53 il AR 8 1Y ) 3L, 358 0 LS
tH LT I A 2 A% 5 O B, LG S R 7S
— 70K s RUAS 5 ZERO-DCE BUA fig 1 % 12 T 5%
PRSE I PPF B 50 DX dalaed W , I LA i 5 8 S 40
1A Kb 4115 2k % H ; Retinexformer 7655 8 $2 T} | 4%
R TG ARATIAEAE 5 X2 ORI 206 % B )

Retinexformer LightenDiffusion

FLOLfE—E e D22 Tl 4 (RG24 S
A 25 i %, (6% 38 B E A P R A2 5 EnlightenGAN
LightenDiffusion 1 CIDNet 75 (4% Fa i My i & B4
G-, M 7 s A X BLARL , F G R G X sk (A5 AR 43 ) 1
PESENR AT IR, T BOE R EAT I i, 358 (I H 8L
HMELAFER . £ BRTR AR SO R TE B E R 2R
F18 TR, R 20030 JAL T 328 S At o 3 Se SO, A5 s o
Ih R SRR LR AR A E e RO R
HLAEI 5 (Dong %,2025) .

CIDNet

K8  ARIBEIAE WildNight-8K X4 I RIS 55 AT 55 ) ] DAL L 0T L

Fig. 8 Visual comparison of enhancement results across different models on WildNight-8K dataset

P L\

Retinexformer LightenDiffusion

9 A[FBEIAE DICM it L EIHG I SR AT 55 1) al ARAL 25 SR X L

Fig.9  Visual comparison of enhancement results across different models on DICM dataset

RetinexNet

Retinexformer LightenDiffusion

FLOL | CIDNet
110 ARHBURAE LOLERAE |- FEHRRSEAT 55 1 B AL FXT E

Fig. 10 Visual comparison of enhancement results across different models on LOL dataset
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2.4 HERZLIE

9T B REA S Y A 3 TG SRR e —— D R
LA (PEG) | 2B & LI (DNA) DL KOG IR
51 A 52 5 61 48 58 (GREN ) 76 A5 15 v () 4 5 e
WS AR, DL 2% B 4 0 A B i) A5 80 hy S o | 7
WildNight-8K AR YA B — B F Bl 25 A
PEG J& 4075 B i, NIQE 5 DRN #5474 0 3% , 134
B2 ] DL 5| 5 N 2% 2 2] T A R 25K 400, 47
B S OGS T RO sk 1 SOBHE B A
DNA J5 M 7 5 1o Bt BH & sk 20>, NIQE F1 DRN 48 45 43
SRR 11, 6% F15. 4% , B0 T % 75 & 1AL ] X i
AN A R s A GREN UM 9 T 6 18 5 52 Bt
()AL S5 R RN 2015 38 J5 T AR A5 4R, 1 B IX
B E D o M 2R A A AR 1 S R R TR
TR TS %48 hn LR R, W s MR AR 52
T BT 2 A [ AR IE) HT R BRAR E , FE A0 BH A AR B P
[EEE UG

RS WEHMIRER

Table 5 Incremental ablation study table

Heofi PEG DNA GREN NIQEl DRN|
J - - - 274093 03109
J J - - 253557 02822
J - N - 24.2370  0.263 1
N - - Vo 242009 02620
J N N Vo 222610 0.1814

U ML 2275 46 91 B S 5 8 sV 3R R AR R 543, — e
KR L FoR GRS BT RR AR

J T 2 RGEMERTEA SO ) O B R
AW (PEG) 25 M v 2 1AL (DNA) PL R IR E 5
S0 B G E 58 (GREN ) 78 3% (A HE B8 v (1) ik 57 57 ik
SRR AR SCOF R T 8 0 52 3 1% T fl SIS 56 A
TR, AL & A BB R se s B R 2 11, 43 5
¥ 3 wio PEG .w/o DNA Flw/o GREN ) XF H A% Y (w/
o) FRFEBE . SRR, KBR PEG J5  ARRULE IS X 45
PR 52 66 77 W I T B, RS A T RO , NIQE 5 DRN
A3 FTFZ 24,210 7 F10. 240 2, Ui B BROCREA TR
1 W 4 27 2D RRE SO A5 A T TR B T OGS
2B DNA J& , W 410 1 6 77 5 35 085 , v e X
PUOA B3 B, NIQE 5 DRN ¥ i 25 4k, 5031E 1 1
TR I HURIAE S0 W 75 TEOR R R e 2k B A% O A

F s £BR GREN W S BUCIR 5 R 4r B 7845, &
HARZER BAT IR B R 5 D B (BN 5 AR
NIQE £ DRN 434l & 23. 856 6 #110. 225 8., ALz
T BRI E IS 8 bR bR R s R,
FEor UL B =TS AR T R ] S 5K 2
B 1 T A p el 3 £

x6 HEAIR
Table 6 Ablation study table

FEET PEG DNA GREN NIQE| DRN/
wlo PEG - N Vo 242107 02402
w/o DNA N - V239627 02355
w/o GREN N N - 238566 02258
SEREAIR N N v 222610 0.1814

T LR R 4 91 IR D45 5 sV 3R R AR 43— %
IRARH s | FoR SRR, BE AR T B

O, O HEBRAE BE$R TH ORI T UL K
(¥ AT RETE , AN SCHE— 20 X DNA 5 GREN B85 | A
Ja ISR SR R IR AT T B, PEG &
TR 2 T ) O B O A RS TR T g > A 1 2%
BEbe, TEAfE PR BEA 2 5] ABUA B AT 2R 24t
BT SRR T BN MIE w/o DNA 5 w/o GREN
AR , 52 B SR it (Params ) (U N % 2. 64 M,
FLOPs (floating point operations per second) 4 17.32 G,
SR AT PR, Aok T35 9 NIQE 5 DRN B0, Ui
ARSCTVEAETH I A AT AR5 B 523 1 3 g A9 34
SRS, HAT RAFRRCR—IERE P

xR7T EREHBIWE
Table 7 Ablation study on model efficiency

(Params/FLOPs)
BT ZHEM FLOPs/G
wlo DNA 2.42 13.67
wlo GREN 2.59 13.54
SE AR 2.64 17.32

% )5, AR ik — 2 % backbone H' U-Net ) 25 5
ar— R AR A IS AT T RGNS, AUELE T
S [5) P9) 28 TR 5 1) X6 R 25 480 3k o3 B 17 A X R 4 g f
O IRERE A2 o SEHRSE RN 8 i/, 4 %
T g /R A 25 15 4y 2 |2 (E2-D2) I}, M 4% 35 RE 11 52
B, Mk LSS 70 AR 2 AR IO 55 vh DG B3 A 5 M
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AR R B TR 55 5 B I 465 iR 28 XA
(1) 3 2258 (E3-D3) , #EAI7E NIQE F1 DRN #6847 1 HL
R FARTF(22.261 0/ 0. 181 4) , fEZEEEWKIL ey
T 5 40 R4 =2 [0k B do A7 s i — 2B iR =
YRR 4 )2 450 (E4-D4) iF, RS S 80E fih 5 &
B SR B0, (R PR R R TR IR AL & B LR |
IR 25 5 5| A TCAT IR 2 8E, - ml e T 6 R
FIUR S it R 1k

S R, X AR U-Net 2546 4 it 2% 4 J2—1it
2% 3 )2 ((E4-D3) ) M4 i 4% 3 )2 — g i 4% 4 )2
(E3-D4) HEA7 X St gh o 45 SRR W, gt 4% 5 i
RIZ I T 22 N R RS B AR e (5 0
BLXTFR I U-Net 25 REUS 46 T RAE S ORI 2
R R G BRE X 52 ) RS Ay — B0k, 8 AS ) R
(6 BRARFAEAS LAE G A SO 5 AT X R &5 44 5
1o VR 0 £ 5 W SR Al R X 5, B0 B HAR T Ay
SR B

25 L RTIR 2 A0 BT Rl SO0 MBI Rt 2 2
JEE ) LA R D) 2% 5 R 1 1145 T AR T 3 UE T AR SO
DA HYE S e e, dE— Ui EE Y PEG . DNA
5 GREN B HFEAR IG5 AT 55 Hh 4% 7] HLHR A B B
], LRI G T SRR RE Y 4R T
2.5 ETFTHESHITM

Sk T 2D B UE TR 550 MG R D T A B
S S s R SEANE, F R T BE AR S Al
S5 (task-driven evaluation) , ¥ 34 5 J5 A8 1% 0
TR A S B AR AT 55 , 2% S H%F H bR 5%

deer 0.99 night 0.97

&8 U-Net %R B 5 4 60/fR R0 X FR 1% HY 76 AR SC 30
Table 8 Ablation study on U-Net depth and encoder/

decoder symmetry

U-NetZ5#  NIQE | DRN|  Z%(E/M FLOPs/G
E2-D2 247421 02366 1.46 16.82
E3-D3 222610  0.181 4 2.64 17.32
E4-D4 230211  0.1899 8.51 18.13
E3-D4 23.1801  0.1977 2.65 17.56
E4-D3 235789 02143 8.47 17.54

TE I IR FRIR S I IR R s | FoR S fahn , BT
PR

RERYSZR o FLARTTE , 126 HH 24 14 18 951 1 A6 ) A5
A1 YOLOvS (you only look once version 8) , 3 A Wild-
Night-8K $it4f 4 Hh 28 A8 [a] 1 5 J5 125 b B 14 B A
INAEA F 2 S PG AT 55 B e 46 . BT A AGr il
BRI B 1 4 — WC B R U Gk, ME— 722 4 0 PG o 5
W o A SCRFH U H AR IT 48 b1 B0k B 24
{E (mean average precision, mAP) 7E M4 b X 46
PEREDEAT VAL o SEER S5 R AN 9 Prs , fl A S5
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Fig. 11

Visual comparison of YOLOv8 detection results

((a) detection results on original images; (b) detection results on enhanced images )
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Table 9 Comparison of YOLOvVS detection performance

on images enhanced by different models

HET mAP@50-95(YOLOv8)
J & 0.827
RetinexNet(Dong %5 ,2022) 0.838
RUAS(Liu%,2021) 0.863
EnlightenGAN (Jiang %5,2021) 0.847
SCI(Ma%,2022) 0.849
Retinexformer( Cai % ,2023) 0.841
Retinexmamba( Bai % ,2024) 0.859
LightenDiffusion (Jiang %, 2024) 0.842
FLOL(Benito %¢,2025) 0.837
Cidnet(Yan%,2025) 0.843
Ve 0.873
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