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exposed inputs by improving brightness, contrast, and structural clarity while preserving natural colors and fine details.
This task is fundamentally important for numerous downstream vision applications, including video surveillance, autono-
mous driving, remote sensing, and medical imaging, where low illumination conditions frequently degrade visual quality
and impair algorithmic reliability. In recent years, diffusion probabilistic models have demonstrated remarkable generative
capacity and robustness, making them a promising paradigm for LLIE. However, directly applying diffusion models to low-
light enhancement remains challenging due to several intrinsic limitations. First, the iterative denoising mechanism of dif-
fusion models introduces substantial computational and memory overhead, hindering their deployment in real-time or
resource-constrained scenarios. Second, most existing diffusion-based LLIE approaches operate in the spatial domain,
which often struggles to recover high-frequency textures and fine structural details faithfully under severe illumination degra-
dation, leading to oversmoothed results or visually disturbing artifacts. Third, the accumulation of prediction errors during
reverse diffusion may cause color shifts and temporal inconsistencies across denoising steps, thereby reducing color fidelity
and perceptual naturalness. Method To address these challenges, this study proposes LLIE with diagonal frequency feature
refinement and truncated sampling in conditional diffusion models. The core idea is to exploit jointly the complementary
strengths of frequency-domain modeling and accelerated diffusion inference to achieve high-quality enhancement with con-
siderably reduced computational cost. Specifically, instead of performing diffusion directly in the spatial domain, the pro-
posed method conducts forward and reverse diffusion in the low-frequency subspace of the wavelet domain. This design
choice is motivated by the observation that global illumination structure and coarse semantic content are predominantly con-
centrated in low-frequency components. By diffusing only low-frequency coefficients, the proposed framework effectively
reduces spatial resolution and computational complexity while preserving the essential structural and illumination informa-
tion required for faithful enhancement. However, operating in the low-frequency subspace inevitably leads to the loss of
high-frequency details, particularly diagonal textures that are critical for visual sharpness. To compensate for this limita-
tion, we introduce a dedicated high-frequency refinement module that explicitly models directional dependencies in the
wavelet domain. In contrast to conventional approaches that treat high-frequency bands independently, the proposed mod-
ule leverages horizontal and vertical high-frequency components to reconstruct missing diagonal information through a dual-
path cross-directional attention mechanism. By enabling feature interaction across orthogonal directions, the refinement
module effectively alleviates directional sparsity and enhances local texture fidelity, resulting in sharper edges and more
natural fine details. To improve efficiency further, an efficient truncated sampling strategy is incorporated into the reverse
diffusion process. Instead of executing the full sequence of denoising steps, the proposed approach adopts a step-interrupt
mechanism that terminates diffusion at an earlier stage once sufficient reconstruction quality is achieved. This strategy con-
siderably reduces inference time and memory consumption without introducing noticeable degradation in visual quality,
making the method more suitable for practical applications. In addition, to mitigate color shifts and enhance stability dur-
ing reverse diffusion, a contrast-aware correction module is integrated into the denoising stages. This module exploits con-
trast and color priors accumulated from previous diffusion steps to adjust brightness and chromatic consistency adaptively at
each iteration. By explicitly enforcing contrast awareness throughout the sampling process, the proposed method effectively
suppresses error accumulation and improves color fidelity in the final enhanced images. Result To validate the effectiveness
of the proposed method, we conducted extensive experiments on three publicly available paired low-light datasets, compar-
ing the proposed method with several state-of-the-art LLIE methods. Subjective visual comparisons and objective quantita-
tive metrics demonstrate that the proposed method consistently outperforms existing approaches. On the LOLv2-Real data-
set, the proposed method achieves improvements over the second-best method by 8.46% in peak signal-to-noise ratio,
1.22% in structural similarity index, a 10. 19% reduction in learned perceptual image patch similarity (LPIPS) , and a
0. 38% reduction in naturalness image quality evaluator (NIQE) , indicating improved perceptual quality and structural
fidelity. To assess the cross-domain generalization ability, we further evaluated the model using the pretrained weights from
LOLv2-Real datasets on four unpaired low-light datasets. The proposed method achieved lower NIQE scores than existing
methods by 0.82 (LLIE via illumination map estimation) , 0.39 (multiexposure image fusion) and 0. 86 (naturalness
photo enhancement) , demonstrating strong generalization ability without target-domain fine-tuning. Additionally, ablation

studies confirm the contribution of each core module. Compared with spatial-domain diffusion baselines, the proposed
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method considerably reduced inference time from 7. 617 s to 0. 473 s per image, and memory usage decreased by 48. 53%,
highlighting the efficiency and practicality of the proposed design. Conclusion The proposed method integrates frequency-
domain modeling with an efficient diffusion sampling strategy, introducing three key innovations: 1) performing the diffu-
sion process in the low-frequency subspace of the wavelet domain considerably reduces computational complexity while pre-
serving global structural and illumination information. 2) A dedicated high-frequency refinement module is developed to
recover diagonal texture details by leveraging horizontal and vertical high-frequency information, thereby improving the
sharpness and perceptual quality of the enhanced images. 3) The integration of an efficient truncated sampling strategy and
a contrast-aware correction module improves sampling efficiency and color fidelity, effectively balancing enhancement qual-
ity and computational cost. Collectively, these contributions enable the proposed method to achieve superior enhancement
performance with substantially reduced inference overhead, demonstrating strong potential for real-world low-light vision
applications.

Key words: low-light image enhancement (LLIE) ; diffusion model; wavelet packet transform (WPT) ; truncated sampling

strategy ; frequency domain modeling
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Fig. 1 Pipeline of low-light image enhancement with diagonal frequency feature refinement and

truncated sampling in conditional diffusion models
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Fig. 2 Illustration of the high-frequency refinement module structure
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X P JE SR 24042 LS8 0 1 FISCRR A T b . 3%
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AV (X, )RR R E S X, 0955 S ( X,,, ) 3R
HISRIER X, WA

2 XWEERSH

2.1 EHEMES5HFEE

A SCAH R BE 2 ) HE 228 PyTorch, 76 B4~
NVIDIA RTX 3090 GPU - 5¢ i illl 45 , I 1} Adam
G AL A% JE A7 5 2% oR BB Al T E 2 ) ROl
4% 107, /N AR ROy 2, I )ik A E 5% 067
BT, LB AR T 0. 999 (45 KA% 5 - 24 3w
YIRBr BOFIHERL I BP0 5, AR BRI/ A 12,

T AL AS SO TR LLIE AT 55 T RE,
TE BE %) 0P8 42 LOLv (low-light image enhancement
dataset versionl) . LOLv2-Real Ll & VE-LOL (vision
enhancement in low-light conditions ) §t#54E I #1713l
2, IFTEZ AR AR EO X B 4 b kA 7 M e It
LOLv 1 %40 56 40 7 485 X 55 06/ 1E % O KR T
ZR AN 1S Xt A IR R o LOLv2-Real U4 45
689 4 LG Tk, 100 X4 R B Tl VE-LOL
F245 2 500 XHEOE AR HOC I EIR i £
KA.
2.2 iFMIERR

TS W T AN ] B A PR A SR AR
AR A 275 BURSR bR A TJC 2% R TR AR X 52 50
SERBATX AT . A S % B R FR PR LA
U1 {5 M L (peak signal-to-noise ratio, PSNR) \ 25 #4
AHRLYE (structural similarity, SSIM) Fl 2% > Jg& A1

15 He A L) BE (learned perceptual image patch similarity
LPIPS) ;s o275 RGP F b 04 - [ SR IR B
fiti (naturalness image quality evaluator, NIQE) (Mittal
85 ,2013) FUZ  EZ 5 5 WM (color image quality
evaluation, CIQE) . NIQE FJ F 1 & K% i) A sk #2
JE£ 5 CIQE 38 o €0 )8 | 460 1B A BE 2 9 2 1 4 458
AR

2.3 xfLEEL

2.3.1 ERIK

T E R DT R R SCR ARSI T
RUAS (retinex-inspired unrolling with architecture
search) (Liu 5§ , 2021) . SCI (self-calibrated illumina-
tion) (Ma 4§ , 2022) . PairLIE (learning a simple low-
light image enhancer from paired low-light instances)
(Fu £ ,2023) . LLFlow (a flow-based low-light image
enhancement ) (Wang %5 ,2022) . WCDM (a conditional
diffusion network based on wavelet transformation)
(Jiang &5 2023) . MIRNet (Sumathi 4% , 2024) . Ret-
inexformer (Cai %% , 2023) . SNRNet (SNR-aware low-
light image enhancement) (Xu %5 ,2022) \HVI(a new
color space for low-light image enhancement) (Yan 5%,
2025) Fil URetinex-Net++(Wu 55 ,2025) Jr i, 431l 1
T 38R S Y PSNR (SSIM |, LPIPS FI NIQE,
AR PRI XS LA R AN 1 7 .

MF AT LAF i, A SCT7 5 4E PSNR LPIPS Al
NIQE PFAf 645 X USRI, B AR PERE L T2
AR ZHER LLIE itk 18 LOLvl ¥dlafe I, A3
75 1% M4 5 45 R PSNR 48 #5 4 25. 81 dB, IR 1Y
LLFlow $2 71 1" 1. 65%; LPIPS #& % 24 0. 101, HLik 4R
i) URetinex-Net++ [ {8 T 4.72%; NIQE 15 #5 K
4. 480, L5 9 URetinex-Net++ {2 0. 026, SSIM
TEPR A R R RICR X EZIH P TA SOy
AR L TR A R A R — BOhE 5 R T
etk

TE LOLv2-Real $048 46 I, A% SCIRI R J 0 1 A0 8
PERE , PSNR A1 SSIM 454573531 4 26. 68 dB 0. 910, [t
AL LLFlow 73 5l $2 % T 8. 46%., 1. 22%.  LPIPS
FEARIEE] T 0.097, LR ALHY HVIFEAR T 10. 19%;
NIQE #8 #1 35 £ 4. 443, FL IR A 1Y URetinex-Net++ &
81 0.38%. BLAh, 7Rt &G GRS EL2 5
VE-LOL #fii 4 b, A S5 AR T U PyDiff J5
i , PSNR I SSIM 54543 542 5 T 8. 26% . 1. 93%.
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%1 7FELOLv1.LOLv2-Real A% VE-LOL ##5% _FHEETH

Table 1 Quantitative evaluation on the LOLv1, LOLv2-Real and VE-LOL datasets

LOLv1 LOLv2-Real VE-LOL

i Psdl\];R/ SSIM  LPIPS NIQE PSdl\];R/ SSIM  LPIPS NIQE Psdl\];R/ SSIM  LPIPS NIQE
RUAS(Liu%%,2021) 16.40 0.701 0.270 4.528 15.14 0.614 0322 4.472 15.11 0.609 0.401 4.472
SCI(Ma%¥,2022) 14.17 0.600 0.346 4.554 1575 0.597 0.315 4.460 15.05 0.592 0.353 4.460
PairL.IE(Fu %,2023) 18.47 0.807 0.243 4.491 19.44 0.791 0.302 4.484 19.10 0.795 0.324 4.508
LLFlow(Wang %5 ,2022) 2539 0.926 0.118 4.513 24.60 0.899 0.143 4.507 24.17 0.899 0.143 4.512
WCDM (Jiang % ,2023) 21.90 0.849 0.213 4541 1795 0.769 0.293 4561 1645 0.760 0.293 4.571
PyDiff(Zhou 55,2023 ) 23.18 0.898 0.107 4.499 21.76 0.843 0.233 4.481 24.22 0.882 0.162 4.502
WF-Diff(Zhao 55,2024 ) 21.52 0.877 0.129 4.505 1845 0.793 0.355 4.731 1821 0.706 0.412 4.789
MIRNet(Sumathi % ,2024) 24.14 0.893 0.134 4.510 2453 0.887 0.157 4.504 2392 0.881 0.203 4.516
Retinexformer( Cai 5% ,2023) 25.15 0.895 0.131 4.510 22.79 0.859 0.171 4.495 21.47 0.721 0.342 4.376
SNRNet(Xu %,2022) 24.61 0.897 0.151 4.522 21.48 0.866 0.157 4.502 2293 0.767 0.323 4.458
HVI(Yan %,2025) 23.81 0.885 0.186 4.490 23.23 0.882 0.108 4.482 20.27 0.825 0.160 4.479
URetinex-Net++(Wu % ,2025) 23.83 0.885 0.106 4.454 20.72 0.859 0.127 4.460 21.59 0.775 0.307 4.460
AL 25.81 0.894 0.101 4.480 26.68 0.910 0.097 4.443 26.22 0.899 0.124 4.367

T JIOHL R RIZ AR 3 s 5 B AL LSS AR

LPIPS F1 NIQE 4& F5 A 8 T W AL J5 6 43 5 BEAR 1T
13.29%.0.21%. T VE-LOLE R M A T 4 5
B | FLAth 5 T YA T R, AR SO o
B A Fr T UERA AR SO B R ARz A S
GV (HAR BN A SO A AE A I 2 e
LB 0T A P BB R 38 75 % WCDM,
X W I 4 1 (X A0Um 0T £ 2R AR D A 5 T R AE 1Y
55 GG B 5 7 VA AN T T A ) o
SR A RE 7, A A s A I 5

T R A AL A SO A AR s g s iz
UAIDIRSE 32 i @ e 2 = 23| 2N HE (0]
5506 RS A e 4 kAT TR . BRI
LOLv2-Real 5045 5 I 2545 2 AU R, 76 4 28
iR R X B 4 LIME \DICM \NPE F1 MEF | 4730
R, IE S % MG T PEAS 46 AR NIQE #1794
HMPAZE R R 2 s . ol LA A SO ik 34>
BAGAE YRS TR A NIQE 1543, B H A 7 vE 1
SERIE S5 R T 0. 82(LIME) 0. 39(MEF) F11 0. 86
(NPE) , & 00 F 4/ 9 /7 ik . £ DICM ¥ 48
b, AR SOk e A 7 5 EnlightenGAN £ NIQE 45
FRAL 5 0. 02, 33 38 B 7R S5 ¥ 78 15 Sal 85040 42 1 3K

F2 FEEMIBEAEIRE EAREFERNNIQEER
Table 2 NIQE results of different methods on unpaired
low-light datasets

Tk LIME DICM MEF NPE
RUAS(Liu%,2021) 539 443 545 7.09
SCI(Ma%,2022) 468 413 460 452
RetinexNet(Wei %5 ,2018) 653 476 4.69 4.69
EnlightenGAN (Jiang%,2021)  4.54  4.06 4.95 445
Diff-retinex(Yi % ,2023) 513 434 442 5.19
WCDM (Jiang 25 ,2023) 455 497 471 501
AL 432 408 441 430

T L PR R S B A4 2R

TSR B R AT py A e It Sz Ak Be ), Re RS 7E IR
e s 5 s sl AL R FAR LG SOR 3G s 14
2.3.2 EMEE

WE S R, AR SO T £ R A gy vk 7R
LOLv1 ,LOLv2-Real P} VE-LOL %4 & b A58 %%
TR, N B AR B o5 8 J22 T X AN ) 9 (e P REEA T T
WAL . B A 1—3 47435 J& LOLv1 \LOLv2-Real A
S VE-LOL B4R ol MALZE . T LW 5], SCI
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URetinex-Net++7E Y6 4 2 A5 1170 R GE VA il #2300
SRR R 1 R 2 Xk B B O S o=
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== o7
- |

(D) RUAS

(a) SCI (c) LLFlow

(d) URetinex- Net++

REJIAT PR, B0 i R A Yy 252%™ 5, 4 A I T b
PRI . B A WCDM 72565 147 Fh X T A SR A 217,
G VA 247 JERT SR TS DX % 411 o ik &
ARSI AR 25 T R A B R o) LY R R A e
R AN T Y A R B P FIAL] NIRRT R
PRZE R 35 T, S ] T 0 5 30 S Pl i (), {15

BsR 25 AR R B H AR . IR TEE 4R
TR 25 i BL S i 5, 0 2 5 G BRI AR IR
EIE A SO k¥ ae A LA o R L 5 8 — 3K
PR EIZ
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Fig. 5 Visualization comparison of results on the LOLv1 \LOLv2-Real, and VE-LOL datasets
((a) SCI; (b) RUAS; (¢) LLFlow; (d) URetinex-Net++; (e) WCDM; (f)ours; (g) reference images)

AR — 2 TE 442 MLAR X 556 MG B s 4
I AfiF LOLv2-Real #4842 T Il 2545 21 /) B AR R
HEFT I, A am 2 SR & 6 s . b 5 1471
M A FEME 55 2—5 54 WCDM | DarkIR (Feijoo 55 ,
2025) .EnlightenGAN DA S A SC 5 i i3G5 a5 K . I
AR JE AT OISR 3], 3L T4 HUA WCDM J5 ik 75
PETh 50 B R0 T YK A T AR AT T R ke, B ik LR AT
FETE IS X I5R BA -5 SR B 1 )85 17 3 143
SRR 1) Dark R J7 7 B8R HLA& — 2 119 4 Jm ol B
RS ABAE A REA R BT W g A s R Y R4
TH A, EnlightenGAN J7 B 7545 3 FI4H 5K
AR ERB ST K RAMES . Fla, MER
Bt b B8R PG i DX ST 5 I S Y e
R, AHLLZ T, ztij‘&ﬁ?if%ﬁﬁﬁﬁﬁﬁ””*
(T BT A7 B e 1 s Bl s s 1 L o 2, 79
T T AR A S A AR AL L B P RIS, AR SO
RN A S I L e T 5 4 L [ VR S
W AE R B R o o LA B L B AR, 3 i
I AR RS 5 5 B R AU 5 T MR

XTLCEE I RERE T A SR LS R s IR . SR,
X AR s b s, Ak A £ oA i TS L AT AT RE R B
FEAEPE U AZ R, DT 52 M 144 568 JoT £
2.3.3  AREBIRCERT AT

R T PRGN I HRE A5 A R B 1Y
VI 24 B T P2 T B B, AR SCHE QR FF T iR 7Y
SHORN R T 55T 258§ LLIE Jy k32817
TXTE BT, X e g AN 3% 3 fr s o AR HE R A ()
J7 T, A SCKE B A% Y A 38R [E] L PyDiff /1
7.617 sBEE 0. 473 s HEH A HETHLY 16 £, HAR
AR5 R A SOR ™ O R 2 0 B 28 /N AR
TS T, IR A G R AU SR RAE SRS, d A
DT YRR TR, A TR A R R
TE A I, A SO AT PyDiff i b T
48. 5% ) T AFIHFE , e WIHE RS AR B 5 A2 BR A 1 45 I
FUA 38 B M A S B 1T RCR . AR Ty
TA], A SCH AR T WCDM U8 Z0 T 36. 5%, AT
2 WO B AR SO AR R A7 A0 [R] 9 HIOHE 22 RE
AITTHE T, 308 3 RHER AT 2 ] P o 5O EASE , Ff IX 45 11)
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Table 3 Comparison of inference efficiency and model

complexity with spatial-domain diffusion LLIE methods

MBI AR

Tk /s G ZHEM
DDIM (Song %%,2020) 12.138  5.881 115.78
PyDiff(Zhou %5, 2023) 7.617 3.594 97.89
WF-Diff( Zhao 45,2024 ) 13.489  6.351 56.88

WCDM (Jiang % ,2023) 15.123 5.837 48.32
VN 0.473 1.850 30.68

TE RS R 2 5 B A2 2R

2.4 HERICLR
2.4.1  AZOHARS T Rl M
R T RN M85 AL R A Sy i PR IR 2 I

(c) DarkIR

. (d) EnlightenGAN -
Ko feditdRECN S5 B AE b sm 4l R 0y n AL Le s

Fig. 6  Visual comparison of enhancement results on classic unpaired low-light datasets

((a) input images; (b) WCDM; (c¢) DarkIR; (d) EnlightenGAN; (e) ours)
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PR AR 2 3K B 7 A0 TR s, S R T T E AR
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Table 4 Analysis of the impact of each module on the

performance enhancement of our method

P =% S

ik /Sdl;;R SSIM ﬁ/fl\k;[ ﬂil‘Eﬂ%s]L

wlo WPT(DWT) 2507 0.891 30.68  0.894
wlo i A AL 24.11  0.852 26.08  0.590
who BB RAE AL 2493  0.890 30.68 11.320
who XTHL RS IERER 2469 0.874 2823  0.436

AL 25.81 0.894 30.68 0.473

TR R R S SN RS R “wio " T B BRIZ 4L

RACRIETH B . WoE AR ARG WS e o 4 £k
BB, 18 3 K 5 i PSNR M 24. 11 dB #£ 7+ =
26.35 dB, #2711 2. 24 dB, 1] SSIM 43 )\ 0. 874 2 T}
£0.917, 827 7 0. 043, B KR E R R it 5
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Fig. 7 Effect of high frequency refinement module on LLIE
((a) low-light image; (b) without HFRM;
(¢) with HFRM; (d) reference image)
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Fig. 8 Effectiveness of diagonal features enhanced by HFRM ((a) diagonal features of the reference image; (b) diagonal features

without HFRM; (¢) diagonal features with HFRM; (d) the enhanced result of our method; (e) diagonal feature difference map
without HFRM; (f) diagonal feature difference map with HFRM )
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Fig. 9  Effect of the contrast-aware correction module in PyDiff

((a) PyDiff; (b) PyDiff + contrast-aware correction module; (c¢) reference images)
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Fig. 10 Comparison of convergence speed between our method and DDIM
((a) sampling process of the LOLv2-Real dataset; (b) sampling process of the VE-LOL dataset)
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Fig. 11  Performance comparison between our method and DDIM under different total sampling steps P ((a) PSNR with different total

sampling steps on the LOLv1 dataset; (b) PSNR with different total sampling steps on the LOLv2-Real dataset)
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Table 5 Performance comparison on P =4 and P = 5 settings between our method and DDIM

itk P PR 7RI PSNR/dB SSIM LPIPS NIQE
DDIM 1 000—750—>500—250—0 22.98 0.817 0.166 4.621
A3 * 1 000—870—730—600—0 25.50 0.876 0.123 4.502
DDIM 1 000—800—600—400—200—0 23.56 0.824 0.151 4.553
AR ’ 1 000—900—800—700—600—0 25.81 0.894 0.101 4.480
E VLIRS 7R 45 91 e e 2
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AP B R T T8 . (EASSR IR , [8 10 F1
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