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Abstract

Low-light image enhancement aims to restore visually pleasing normal-light images from
degraded low-light observations. Most existing methods handle luminance variation
from the enhancement perspective. As a result, the degradation process from a normal-
light image to a low-light observation is usually not explicitly characterized. In addition,
degradation-oriented optimization is often computationally expensive due to repeated
iterative updates. To address these issues, based on the alternating direction method
of multipliers (ADMM), a degradation-oriented step-size-consistent unfolding network
SCAUNet is proposed. Specifically, a low-light image is modeled as the element-wise
product of a normal-light image and a luminance degradation operator, together with
additive noise. Based on this formulation, low-light enhancement is converted into the
joint estimation of the target image and the degradation operator. Then, a state-based one-
step ADMM solver is developed, and a step-size consistency constraint is introduced to
improve the reliability of one-step unfolding. Extensive experiments on LOL-v1 and LOL-
v2 demonstrate the effectiveness of the proposed SCAUNet. Compared with existing state-
of-the-art methods, SCAUNet yields better enhancement quality, especially in preserving
image structures, correcting illumination, and suppressing artifacts. Strong generalization
ability is also verified on four no-reference low-light datasets, and promising results are
obtained on single-image exposure correction.

Keywords: low-light image enhancement; unfolding network; step-size consistency;
degradation modeling; exposure correction

MSC: 68U10; 68T07

1. Introduction

Low-light images are commonly captured in scenes with insufficient illumination
or limited exposure time, where the imaging process often suffers from severe photon
deficiency and unstable acquisition conditions. As a result, the captured images usually
exhibit reduced visibility, low contrast, and amplified noise, which significantly degrade
perceptual quality and structural fidelity [1]. Such degradations not only impair human
visual experience, but also undermine the reliability of subsequent high-level vision tasks,
such as object detection, tracking, surveillance, autonomous driving, and computational
photography [2,3]. Therefore, low-light image enhancement (LLIE) aims to restore a visually
clear and semantically faithful normal-light image from a degraded low-light observation,
and has become a fundamental problem in low-level vision.
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At the core of low-light image enhancement lies the problem of how to model and
correct the luminance variation from low-light observations to normal-light images. Ex-
isting deep learning based LLIE methods differ in how they interpret and handle this
luminance transition process. From this perspective, deep learning-based LLIE methods
roughly fall into four categories: direct mapping methods, structure-texture decomposition
(STD)-based methods, Retinex-based methods and transfer function-based methods.

The first line of work treats enhancement as direct mapping from low-light images to
normal-light images, where deep neural networks are trained in an end-to-end manner to
implicitly learn the brightness correction process. Representative implementations in this
category span a wide range of architectures, including transformer-based models [4], flow-
based models [5,6], mamba-based models [7], and more recently generative paradigms [8,9].
While these methods are flexible and often achieve strong empirical performance, the
luminance variation is largely absorbed into a black box transformation. This makes it
difficult to explicitly disentangle illumination attenuation from noise corruption and to
impose physically meaningful constraints on the enhancement process.

A second line of work models luminance variation through structure-texture decom-
position. These methods first decompose a low-light image into a structure layer and a
texture layer. Such decomposition is usually performed in the spatial domain [10,11], fea-
ture domain [12], or wavelet domain [13]. The luminance correction process is then mainly
performed on the structure layer, while the texture layer is handled by denoising or detail
restoration. Compared with direct enhancement methods, this formulation introduces
stronger structural priors and improves interpretability. However, the luminance transition
is still modeled on an intermediate decomposed representation. It is not derived from
an explicit low-light degradation process. In addition, the enhancement pipeline usually
consists of decomposition, separate processing, and reconstruction, which increases the
overall complexity.

Another important line of work is based on Retinex theory. These methods decom-
pose a low-light image into reflectance and illumination, and treat luminance variation
mainly as illumination change. One group uses the estimated illumination to derive
an initial reflectance image, and then directly restores it to obtain the final enhanced re-
sult. Representative methods include DeepUPE [14], RUAS [15], Retinexformer [16], and
Retinexmamba [17]. The other group enhances the illumination component and restores
the reflectance component separately, and then combines them to reconstruct the enhanced
image. Early methods, such as RetinexNet [18], KinD [19], and KinD++ [20], mainly rely
on dedicated Retinex decomposition, illumination adjustment and reflectance restora-
tion modules. More recent methods further improve this framework by incorporating
optimization-inspired unfolding [21-24] into the Retinex decomposition module or intro-
ducing diffusion-based modeling [25] for stronger restoration capability. This line of work
is more interpretable than direct enhancement methods and STD-based methods. However,
most existing methods still handle luminance transition through illumination enhancement
or reflectance restoration. They usually rely on heuristic priors or data-driven mappings,
rather than explicitly modeling the low-light luminance degradation process.

To simplify the decomposition pipeline, several studies have modeled luminance
variation through a transfer function [26,27]. In these methods, brightness correction is
usually formulated as the estimation of a transfer function that maps a low-light image
to a coarse normal-light image, followed by an additional refinement module. Such for-
mulations are closer to explicit luminance correction than direct black box enhancement.
However, the transfer function is mainly introduced from the enhancement perspective.
It is used to transform a low-light image into a brighter one, rather than to characterize
the degradation process from a normal-light image to a low-light observation. Conse-
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quently, the luminance variation is not explicitly incorporated into a low-light image
formation model. This limits the construction of a unified framework in which the target
normal-light image and the luminance degradation process can be jointly estimated.

A related attempt was made in CERL [28], where a low-light image is modeled as the
result of sequential noise corruption and luminance attenuation applied to a normal-light
image. This formulation is closer to the degradation perspective. However, the luminance
degradation process is not represented by an explicit operator to be estimated. Instead,
the restoration pipeline still follows two separate stages, i.e., image brightening and noise
removal. As a result, the target normal-light image is not recovered through the joint
estimation of the image and the luminance degradation operator. A degradation-oriented
formulation is therefore still required.

Although degradation modeling makes low-light enhancement more interpretable,
the resulting optimization problem is still difficult to solve efficiently. The target normal-
light image and the luminance degradation operator are coupled with each other, and
their estimation usually relies on iterative optimization with repeated alternating updates.
The alternating direction method of multipliers (ADMM) offers a suitable framework
for handling such a problem, since it enables variable splitting and subproblem-based
optimization. However, a standard ADMM solver requires multiple iterations, and its
unfolded multi-stage counterpart still suffers from high computational and memory cost. A
one-step unfolding scheme is therefore appealing for efficient enhancement. However, once
the iterative process is compressed into a single update, the gradual correction property of
the original solver can be weakened. The learned update may become unstable or overly
strong, and the consistency between one large step and multiple smaller steps is no longer
guaranteed. This makes it necessary to introduce an additional mechanism to regularize
the behavior of one-step unfolding.

Motivated by the above limitations, low-light enhancement is formulated from the
degradation perspective. Specifically, a low-light image is modeled as the element-wise
product of a normal-light image and a luminance degradation operator, together with
additive noise. Under this formulation, luminance variation is explicitly embedded into the
low-light image formation process, rather than treated as heuristic enhancement mapping.
Then, a state-based ADMM-based framework is introduced to jointly estimate the target
normal-light image and the luminance degradation operator. To reduce the cost of repeated
iterative updates, the solver is further unfolded into a one-step network. To preserve
the progressive behavior of iterative optimization, a step-size consistency constraint is
imposed, such that one large update is constrained to be consistent with two smaller
updates. Although the proposed framework is mainly developed for low-light image
enhancement, the underlying formulation is not limited to under-exposed inputs. Since the
luminance variation is modeled through an explicit operator, the same framework can also
be extended to more general single-image exposure correction.

In summary, the contributions of this paper are four-fold:

*  Anew degradation modeling framework is presented for low-light image enhance-
ment, in which the low-light image formation process is explicitly characterized by a
luminance degradation operator.

* A state-based ADMM-inspired joint estimation framework is constructed and fur-
ther unfolded into a one-step network. This design preserves interpretability while
avoiding the high cost of multi-stage iterative inference.

* A step-size consistency constraint is introduced to regularize one-step unfolding. This
strategy enforces the consistency between one large update and two smaller updates,
leading to a more stable and efficient one-step unfolding process.
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¢  Extensive experiments verify the effectiveness of the proposed method on low-light
image enhancement and its generalization to single-image exposure correction.

The rest of this paper is organized as follows. Some closely related works are reviewed
in Section 2. Then the proposed SCAUNet is described in Section 3. Experimental results
and analysis are provided in Sections 4 and 5. Conclusions are finally drawn in Section 6.

2. Related Work

Existing deep learning-based LLIE methods can be roughly grouped into direct map-
ping methods, structure-texture decomposition based methods, Retinex-based methods,
and transfer-function-based methods.

Direct mapping methods learn black box mapping from low-light images to normal-
light images in an end-to-end manner. Representative methods mainly differ in the network
architecture. For example, SNR-Net [4] introduces signal-to-noise priors into the network,
LLFlow [5] and UPTFlow [6] adopt flow-based formulations, MambaLLIE [7] is built on the
Mamba architecture, and LightenDiffusion [8] and DiffLLE [9] further explore diffusion-
based generation. Despite their effectiveness, the underlying luminance attenuation and
noise corruption are not explicitly modeled.

STD-based methods first decompose a low-light image into structure and texture
components, and then enhance them separately. Representative methods differ mainly
in the domain where the decomposition is performed. For example, some methods con-
duct structure-texture decomposition in the spatial domain [10,11], while STANet [12]
performs this process in the feature domain, and DiffLL [13] further introduces decom-
position in the wavelet domain. Under this formulation, luminance correction is mainly
applied to the structure component, while the texture component is restored separately.
Although such methods improve interpretability, the luminance variation is still handled
on an intermediate decomposed representation, rather than through an explicit low-light
degradation process.

Retinex-based methods model low-light enhancement through illumination—
reflectance decomposition, and attribute luminance variation mainly to illumination
change. One group of methods estimates the illumination component and derives the
enhanced image from the corresponding reflectance. For example, DeepUPE [14] pre-
dicts the illumination map and restores the image by illumination-guided inversion,
while RUAS [15] formulates enhancement within a Retinex-inspired unrolling frame-
work. Retinexformer [16] and Retinexmamba [17] further estimate the illumination
component, derive an initial reflectance image, and then restore it by different backbone
architectures. Another group of methods jointly enhance illumination and restore re-
flectance. This line of work originates from RetinexNet [18], and is further extended by
KinD [19] and KinD++ [20] with dedicated reflectance restoration modules. More recently,
URetinex-Net [21], URetinex-Net++ [22], RAUNA [23], and CUE [24] incorporate
unfolding-based optimization into Retinex modeling, while Diff-Retinex++ [25] com-
bines diffusion modeling with the Retinex framework. Although these methods
are more interpretable, the luminance transition is still mainly handled through il-
lumination refinement or reflectance restoration, rather than through an explicit
degradation process.
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Transfer function-based methods model luminance variation through an explicit trans-
fer function. TBEEN [26] models a normal-light image as the element-wise product of a
clean low-light image and a transfer function. SATNet [27] further estimates the trans-
fer function with the structure pairs. This formulation is closer to explicit luminance
correction, since the brightness change is represented by an operator. However, f is
introduced from the enhancement perspective. It describes how a low-light image is trans-
formed into a normal-light image, rather than how a normal-light image degrades into a
low-light observation.

A further step is taken in CERL [28], where low-light imaging is modeled as a two-
stage degradation process as follows:

1
Oy = argmin |0y — L(N(Oy)) |3 + A®(0n), 1)

O}Z

where (O;, O;,) denote the low-light and the corresponding normal-light images, respec-
tively. L(+) is the illumination attenuation function, N(-) represents the noise corruption
function, ®(-) denotes the regularization term of O, and A is a tuning parameter. This
formulation moves closer to degradation modeling. However, the attenuation function L(-)
remains implicit. Moreover, the restoration pipeline still follows two separate stages, i.e.,
image brightening and noise removal.

3. The Proposed Method

Existing low-light enhancement methods usually handle luminance variation from
the enhancement perspective. As a result, the degradation process from a normal-light
image to a low-light observation is often not explicitly characterized. Moreover, although
degradation-oriented formulations are more interpretable, their optimization usually relies
on repeated iterative updates, which lead to high computational cost. Motivated by
these limitations, the proposed method is developed from the degradation perspective. A
low-light image is modeled as the element-wise product of a normal-light image and a
luminance degradation operator, together with additive noise. Based on this formulation,
low-light enhancement is converted into the joint estimation of the target normal-light
image and the degradation operator. To solve this problem efficiently, a state-based one-
step ADMM solver is constructed and further unfolded into a network. To improve the
reliability of the proposed one-step unfolding network, a step-size consistency constraint
is introduced. The overall framework is shown in Figure 1. The degradation model, the
state-based one-step ADMM solver, and the step-size consistency constraint are presented
in the following subsections.

3.1. Degradation Model

In this paper, the low-light image formation process is modeled as

O;=0,-G+N, )

where G is the luminance degradation operator and N is additive noise. Similar to Retinex-
based and transfer function-based formulations, luminance variation is described by an
explicit multiplicative component. The difference is that the proposed model introduces
this component from the degradation perspective, rather than from the enhancement
perspective. Therefore, low-light enhancement is formulated as the joint estimation of the
target normal-light image O, and the degradation operator G from the observation O;.

https:/ /doi.org/10.3390/math14122061


https://doi.org/10.3390/math14122061

Mathematics 2026, 14, 2061

6 of 19

e i?? ____________________ 4\ )

]
/ \ 4 \ 4
O—L O — — ,5: A fA 3 (
G" = um( 1) < = = cbb’
= - . N .
0 0 b| b\ o< 5l N
On=0i/(G" +¢) 2 < S| g+ g
0 X N NS NNy o
Zo_oozo_Go—) KA e T e < . I o e« B O < A
n=0On 2y = d 5 ¥ SNME
(«) ~ . o I
S S - &
0 _ 0_ > S <
U,=0,U,=0 g I I I IS
o 10) © Ly ) LY ) U
Initialize A A
[ |

Two small
Updates

\ [Lres = L5ix(G™%,07%,04,041) )
> Initialize g() = o) ‘)[Zm Zg,Un, UgH’ G"s,0.8 E \ +£pix(GsmaH,Oimau70170gt) J
\ y

/

\ 4 7-1() ﬁSC(Gbig’ Ozig’ Gsmall, Osnmall) )

\ J

— > Initialize 4){7'1/2() }_) Shalf _){7-1/2() }_) Gsmall,osnmall E ' .
,: L= Eres + /\scﬁsc + Adccdc

r N\

R Cdc (Ogig’ Oimall’ Ogt)

Step-Size Consistency Constraint Training Strategy /

Figure 1. Illustration of the proposed SCAUNet. The upper part presents the state-based one-step
ADMM unfolding network with physically meaningful initialization and one-step state transition.
The lower part shows the step-size consistency constraint training strategy, where one large step
update is regularized by two successive half step updates.

3.2. State-Based One-Step ADMM Solver

Based on Equation (2), the restoration of O, and G is formulated as
.1
min |0 — Oy - G5 + 1@ (0n) + A Dy (G), 3)

where @, (-) and ®¢(-) denote the regularization terms of O, and G, respectively. A¢
and A, represent their corresponding regularization weights. In this paper, these regu-
larization terms are not implemented in explicit analytical form, but are instead modeled
implicitly by learnable solvers. Therefore, A; and A, are introduced here to motivate the
degradation-aware optimization formulation, rather than being explicitly tuned in the
actual implementation. Then, ADMM is introduced as a variable splitting strategy to
decouple the data fidelity term and the implicit regularization terms. However, directly
unfolding many ADMM iterations would lead to higher model complexity. Therefore, a
one-step unfolding design is adopted. Let Z, and Z; denote the auxiliary variables associ-
ated with Oy, and G, respectively, and let U, and U, denote the corresponding Lagrangian
multipliers. After variable splitting, Oy, G, Z;,, Zg, Uy, and Uy are jointly updated in one
ADMM iteration. They are grouped into a unified state representation as

S ={04,G,Zy,Zg, Uy, Uy }. @)

Therefore, one unfolding step corresponds to one ADMM update of the state S.
Since the proposed framework unfolds only one ADMM step, the quality of the initial
state is particularly important. To reduce the gap between the initialized variables and the
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underlying optimum, a physically meaningful initial state is constructed from the observed
low-light image as follows:

G’ =Lum(0;), O)=0/(G’+e), Zy=0) 2Z3=G° U)=0, U=0, (5

where € is a small constant. Lum(-) denotes a luminance extraction operator used to
initialize G°, which is defined as

Lum(0O;) = Repeat( AvePool (02990 +0.5870'%) +0.1140)), ©6)
p g 1 I !

where AvgPool(-) denotes local average smoothing and Repeat(-) replicates the luminance
map along the channel dimension. In this way, G° provides an illumination-related estimate
from the luminance of the observation, and OY gives a coarse estimate of the normal-light
image. The remaining variables are then initialized consistently with this estimate, yielding
an ADMM state that is already physically plausible before the one-step update.

Starting from SY = {02, GY, Z?l, Zg, US, Ug}, the variables G, Oy, Zy,, Zg, Uy, and Uy
are updated by the following one-step state transition. The updates of O,, and G are written
as the following two subproblems:

2
; @)

G = argmin A ;D¢ (G) + %g ‘G - Zg + ug
G

O, = argmin A, P, (0,) + %1
O

2
On—Zy+1Uy)|| . ®)

Then, two learnable solvers are introduced to directly estimate their solutions as follows:
G =6(0,0),2)~ ugh), ©)

0, = 0(01, G,Z° - ufj,h), (10)

where O(-) and G(-) denote two learnable solvers, and / is the step size. Moreover, pg and
pn are set as learnable parameters and optimized jointly with the network. The network G (-)
adopts a lightweight three-layer structure, consisting of two 1 x 1 convolutions and a5 x 5
depth-wise-separable convolution to efficiently model spatial luminance variations. The net-
work O(-) follows the mamba-based architecture [17] to capture long-range dependencies.
After O, and G are obtained, the remaining variables are updated analytically as

Z, = (ol - Z3 + pn(Oy + u,?)) / (Zg -Z3 +pn), (11)
Zg = (01 Zu+ pg(G+UD) )/ (Zu Zu +py), (12)
u,=ul+0,—-2, (13)
Uy = Ug + G — Zs. (14)

The proposed state-based one-step ADMM solver is therefore written as
S =Tu(S%0y), (15)

where 7},(-) denotes one ADMM update with step size h. The whole procedure is summa-
rized in Algorithm 1.
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Algorithm 1 The proposed state-based one-step ADMM algorithm

Input: The observed low-light image O;.
1: Compute the initial state by

G’ =Lum(0)), O)=0;/(G"+e), Zy=0y, Z3=G’ U)=0, UY=o.
2: Estimate the luminance degradation operator by
— 0 0 0
G= g(ol,on,zg - ng,h).
3: Estimate the normal-light image by

0, = O(o,, G,Z° - uS,h).

'S

: Update the auxiliary variables Z, and Z; by
Z, = (Ol : Zg +Pn(on + US))/(ZE ’ ng +pn)/

Zg = (01 Zu+pg(G+U) / (Zu - Zu + pg)-

a1

: Update the Lagrangian multipliers by
U, =U)+0,-2, U,=U)+G—Z,.

Output: G, O;,.

3.3. Step-Size Consistency Constraint

A one-step update is efficient, but it may become overly aggressive. As a result, the
consistency between one large update and multiple smaller updates may be weakened. To
alleviate this issue, a step-size consistency constraint is introduced. Let 7j(+; O;) denote
the proposed state-based one-step ADMM solver with step size h, where O is the fixed
low-light observation. Given the initial state S”, one large step update is written as

Sb8 = 71(8%0)), (16)
while two successive small-step updates are written as

S = T1/5(8% 0), (17)
Ssmall _ 7-1/2 (Shalf’, Ol)' (18)

The proposed constraint requires these two update paths to produce consistent final states:
Ti(S"00) = Tijo Ti (8% 01); 01). (19)

In the proposed implementation, the step size is introduced into the learnable solvers
for G and O,,. Therefore, different step sizes lead to different estimates of the main variables,
which further affect the subsequent analytical updates of Z,,, Zg, Uy, and u. Based on
Equation (19), the step-size consistency loss is defined as

bi 11
sc = Hong - Oima

‘ + HGbig _ Gsmall
1

v (20)

where Ozlg and Oiman are the restored normal-light images read out from Shig and Ssmall,
respectively. GP8 and G*™!! are the luminance degradation operators read out from SPi®
and S5l respectively.
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For training, both the one-step branch and the two-half-step branch are supervised. In
the latter branch, the first half-step is fixed, and only the second half-step is learnable. Given
an estimated normal-light image O, reference normal-light image Oy, and degradation
operator G, the pixel loss is defined as

Lpix = ||On — Ogtl1 +1 —SSIM(Oy, Ogt) + ||G - Ogt — Oy ||1 +1 —SSIM(G - Oy, Oy), (21)
where SSIM(-) is the structural similarity (SSIM) metric [29]. Accordingly, the restoration
loss is written as

Lres = Lpix(GP'8,008,0, 0gt) + Lpix (G, 0572, 0/, 01). (22)

To further improve color vividness and local contrast, a dark channel loss is introduced
as an auxiliary supervision term. It is defined as

Lac = | D(01®) = D(Oy) |, + |[P(OF™") — D(O) |, (23)

1

where D(+) is utilized to extract the dark channel of a restored image, which is defined as

DO o SPNG >
(O = 28 (ceﬁzl,lél,zs} )
where Q)(x) denotes a local neighborhood centered at pixel x.
Together with the step-size consistency loss, the overall training objective is defined as

L= Eres + ASC[:SC + Adcﬁdc- (24)

4. Experiments

4.1. Experimental Settings
4.1.1. Datasets

Experiments are conducted on both paired and unpaired low-light image datasets. For
supervised evaluation, the proposed method is evaluated on LOL-v1 [18] and LOL-v2 [30].
LOL-v1 [18] contains 500 paired low-/normal-light images, among which 485 pairs are
used for training and the remaining 15 pairs are used for testing. LOL-v2 [30] contains
689 training pairs and 100 testing pairs of real low-/normal-light images. Due to the
limited number of test images in LOL-v1 and LOL-v2, the GT mean method [19] is utilized
during testing. To further examine the generalization ability of the proposed framework,
the model trained on LOL-v1 is directly applied to no-reference low-light image datasets
without additional fine-tuning. These datasets include LIME [31], DICM [32], MEF [33], and
NPE [34], with 10, 65, 17, and 64 images, respectively. In addition, the proposed SCAUNet
can be extended to more general single-image exposure correction. The corresponding
experiments are conducted on SICE [35]. SICE contains 589 sequences collected from
indoor and outdoor scenes, with a total of 4413 multi-exposure images. Among them,
360 sequences are used for training and 229 sequences are used for testing. Since most
images have resolutions ranging from 3000 x 2000 to 6000 x 4000, all images are resized so
that the long side is 800 for training and testing.

4.1.2. Implementation Details

The proposed SCAUNet is implemented in PyTorch 2.4.1 and trained on a single
NVIDIA GeForce RTX 4090 GPU. The network is trained using 128 x 128 image patches
with a batch size of 8, 8 data-loading workers, and a fixed random seed of 100. Adam
optimization with 0.9 and 0.999 is adopted, where the initial learning rate is set to 2 x 1074,
A cosine annealing restart schedule is employed for 150 K iterations, with the learning rate
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gradually decayed to 107, Automatic mixed-precision training, gradient clipping, and
mixup augmentation are used to stabilize training. For the SICE dataset [35], one image
is randomly sampled from each training sequence and then cropped into patches, and
this sampling process is repeated 8 times to increase the diversity of training data. The
parameters Agc and A4 are empirically set to 0.2 and 0.1, respectively. Code is available at
https:/ /github.com/lixiaofang-96/SCAUNet (accessed on 29 May 2026).

4.1.3. Evaluation Metrics

For images with ground truth, quantitative performance is evaluated using peak
signal-to-noise ratio (PSNR) and SSIM [29]. For no-reference datasets, the perception-based
image quality evaluator (PIQE) [36] and entropy are adopted. PIQE assesses perceptual
quality based on block-wise distortion analysis, while entropy measures the richness
of image information. Higher PSNR, SSIM, and entropy values indicate better image
quality, whereas a lower PIQE value indicates better perceptual quality. In addition, model
complexity is reported to demonstrate the computational efficiency of the proposed one-
step unfolding framework.

4.1.4. Baselines

The proposed method is compared with several representative LLIE approaches from
different categories. These include the direct mapping method SNR-Net [4]; the STD-
based method STANet [12]; Retinex-based methods such as RetinexNet [18], KinD [19],
KinD++ [20], URetinex-Net [21], URetinex-Net++ [22], Diff-Retinex++ [25], Retinexformer [16],
and Retinexmamba [17]; transfer function-based methods including TBEEN [26] and SAT-
Net [27]; and the degradation-aware method CERL [28]. These methods have been trained
on the LOL dataset, and then the provided weights are utilized for evaluation.

4.2. Comparison with State-of-the-Art Methods

Table 1 shows that SCAUNet achieves strong quantitative performance on both LOL-
vl and LOL-v2. On LOL-v1 and LOL-v2, the proposed SCAUNet ranks first on both PSNR
and SSIM. This result demonstrates that more effective illumination correction and structure
preservation can be achieved by the proposed method. Compared with direct mapping,
STD-based, Retinex-based, transfer-function-based, and degradation-aware methods, the
proposed method gives more favorable results. These results verify the advantage of
combining degradation-oriented modeling with the proposed step-size-consistent one-step
unfolding framework.

Figures 2 and 3 show the visual comparisons on LOL-v1 and LOL-v2, respectively. In
Figure 2, the result of SNR-Net [4] is relatively blurry in local details. STANet [12] does not
sufficiently brighten the scene, and noticeable color deviation can be observed. URetinex-
Net++ [22] improves overall visibility well, but residual artifacts and color deviation are
still visible. Diff-Retinex++ [25] also exhibits slight color deviation, especially in the wooden
region. Retinexmamba [17] suffers from residual artifacts and color inconsistency. SATNet [27]
also shows slight color deviation. CERL [28] produces visible artifacts, color deviation, and
over-smoothed results. By contrast, SCAUNet restores clearer details and preserves colors
more faithfully. As a result, the enhanced image is visually closer to the ground truth. In
Figure 3, the differences become more evident in the highlighted region. Over-enhancement
is visible in STANet [12], URetinex-Net++ [22], Diff-Retinex++ [25], and SATNet [27], where
the bright area appears less natural. SNR-Net [4] and Retinexmamba [17] yield relatively
better restoration, but residual noise or artifacts can still be observed. CERL [28] again shows
noticeable color distortion and over-smoothing. In comparison, SCAUNet restores a more
natural brightness level and preserves clearer structures in the highlighted region.
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Table 1. The average PSNR and SSIM results on LOL-v1 [18] and LOL-v2 [30] datasets. The best
results are in bold and the second best results are underlined.

LOL-v1 [18] LOL-v2 [30]
Type Methods Sources
PSNRT SSIM1T PSNRT SSIM?
Direct mapping SNR-Net [4] CVPR 2022 26.8098  0.8522  27.3678  0.8715
STD-based STANet [12] TCSVT 2022 22.0524 0.8195  18.8393  0.7252
RetinexNet [18] BMVC 2018 18.8722  0.4251  18.1936  0.4408
KinD [19] MM 2019 20.3792  0.8302  23.7833  0.8739
KinD++ [20] [JCcv 2021 21.8035  0.8357  22.1419  0.8529
Retinex-based URetinex-Net [21] CVPR 2022 21.3282  0.8355  21.8353  0.8550
URetinex-Net++ [22] TPAMI 2025 23.8261  0.8411  23.9674  0.8777
Diff-Retinex++ [25] TPAMI 2025 245799  0.8658  23.2443  0.8703
Retinexformer [16] ICCV 2023 26.2869  0.8418  27.7071  0.8564
Retinexmamba [17] ICONIP 2024 26.2629  0.8400 27.8348  0.8654
Transfer function-based TBEFN [26] TMM 2020 17.3510  0.7823  22.4105  0.8547
SATNet [27] EAAI 2025 26.1689  0.8631  27.0664  0.8520
Deeradation-aware CERL [28] TIP 2022 22,6399  0.7500  25.5495  0.7678
& SCAUNet Ours 27.3195  0.8841  28.5326  0.8972

Figure 2. Visual comparison of a test image from LOL-v1 [18]. Zoomed-in views are shown in the red
boxes. (a) Input. (b) SNR-Net [4]. (c) STANet [12]. (d) URetinex-Net++ [22]. (e) Diff-Retinex++ [25].

(f) Retinexmamba [17]. (g) SATNet [27]. (h) CERL [28]. (i) SCAUNet. (j) Ground Truth.

Figure 3. Visual comparison of a test image from LOL-v2 [30]. Zoomed-in views are shown in the red
boxes. (a) Input. (b) SNR-Net [4]. (c) STANet [12]. (d) URetinex-Net++ [22]. (e) Diff-Retinex++ [25].

(f) Retinexmamba [17]. (g) SATNet [27]. (h) CERL [28]. (i) SCAUNet. (j) Ground Truth.
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Table 2 reports the PIQE [36] and entropy results on four no-reference low-light datasets,
where the model trained on LOL-v1 [18] is directly applied without any additional fine-tuning.
Competitive cross-dataset generalization can be observed. The proposed SCAUNet achieves
the best PIQE [36] on DICM [32] and NPE [34], and yields competitive results on LIME [31]
and MEF [33]. It also attains competitive entropy values across these datasets. This behavior
indicates that the proposed degradation-oriented formulation is not restricted to the LOL-
v1 [18] distribution. It also suggests that better robustness can be obtained under unseen
real low-light conditions. Figures 4-7 present the visual comparisons on four no-reference
datasets. In these figures, several competing methods suffer from artifacts, color deviation,
and loss of local details in the highlighted regions. In contrast, SCAUNet produces more
balanced illumination, clearer structures, and more natural colors across different scenes.
These results are consistent with the no-reference quantitative comparisons. They further
show that the proposed method generalizes better across datasets when transferred from
LOL-v1 [18] to unseen low-light images without fine-tuning.

Figure 4. Visual comparison of a test image from LIME [31]. Zoomed-in views are shown in the red
boxes. (a) Input. (b) SNR-Net [4]. (c) STANet [12]. (d) URetinex-Net++ [22]. (e) Diff-Retinex++ [25].
(f) Retinexmamba [17]. (g) SATNet [27]. (h) CERL [28]. (i) SCAUNet.

Figure 5. Visual comparison of a test image from DICM [32]. Zoomed-in views are shown in the red
boxes. (a) Input. (b) SNR-Net [4]. (c) STANet [12]. (d) URetinex-Net++ [22]. (e) Diff-Retinex++ [25].
(f) Retinexmambea [17]. (g) SATNet [27]. (h) CERL [28]. (i) SCAUNet.
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Table 2. The average PIQE and entropy results on no-reference datasets. The best results are in bold
and the second best results are underlined.

Method LIME [31] DICM [32] MEEF [33] NPE [34]
ethods

PIQE | Entropy?T PIQE| Entropy?T PIQE| Entropy? PIQE] Entropy T
SNR-Net [4] 43.4861 7.2835 28.0874 6.8790 45.6389 7.1673 37.1057 7.1942
STANet [12] 29.3130 7.2290 43.5639 6.6817 58.8040 7.3020 41.4105 7.0023

URetinex-Net++ [22]  32.2512 6.7722 30.5943 7.1092 58.5429 6.9754 47.8964 7.1572
Diff-Retinex++ [25] ~ 28.3898 7.4025 34.7829 7.4092 71.5427 7.4366 44.1923 7.4221
Retinexmamba [17]  51.8407 7.1553 33.1033 7.0509 23.7783 7.1320 44.6784 7.3017

SATNet [27] 51.4835 7.0085 42.2616 7.1980 38.2301 7.1194 39.6575 7.3107
CERL [28] 66.9803 7.2458 28.7348 7.0529 59.6879 7.2194 43.2145 7.2748
SCAUNet 33.5764 7.2585 21.6731 7.3165 39.9987 7.3727 21.8850 7.2673

(d)

(®) (h)
Figure 6. Visual comparison of a test image from MEF [33]. Zoomed-in views are shown in the red
boxes. (a) Input. (b) SNR-Net [4]. (c) STANet [12]. (d) URetinex-Net++ [22]. (e) Diff-Retinex++ [25].
(f) Retinexmamba [17]. (g) SATNet [27]. (h) CERL [28]. (i) SCAUNet.

Figure 7. Visual comparison of a test image from NPE [34]. Zoomed-in views are shown in the red
boxes. (a) Input. (b) SNR-Net [4]. (c) STANet [12]. (d) URetinex-Net++ [22]. (e) Diff-Retinex++ [25].
(f) Retinexmamba [17]. (g) SATNet [27]. (h) CERL [28]. (i) SCAUNet.

4.3. Applied to Single-Image Exposure Correction

To further evaluate the generality of the proposed framework, it is applied to single-
image exposure correction on the SICE dataset [35]. Compared with standard low-light
enhancement benchmarks, SICE [35] covers a wider range of exposure conditions. This
makes it a more suitable benchmark for evaluating luminance correction. Figure 8 presents
the visual results on SICE for the same scene under different input exposure levels. Con-
sistent correction behavior can be observed across all inputs. Under-exposed images are
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effectively brightened, while over-exposed images are pulled back to more balanced illu-
mination. Meanwhile, clear structures and natural colors are preserved in the corrected
results. These observations suggest that the proposed SCAUNet is not limited to low-
light image enhancement, and can be effectively extended to more general single-image
exposure correction.

(a) Exposure 1 (b) Correction 1 (c) Exposure 2 (d) Correction 2

(e) Exposure 3 (f) Correction 3

T

(i) Exposure 5 (]) Correction 5 (k) Exposure 6 (1) Correction 6 (m) Ground-truth

Figure 8. Visual results of single-image exposure correction under different input exposure levels on
a test image from SICE [35]. For each exposure image, the corresponding corrected result produced
by SCAUNet is shown. The ground-truth image is provided in (m). Zoomed-in views are shown in
the red boxes.

5. Discussion
5.1. Ablation Studies

To evaluate the contribution of each component, ablation experiments are conducted
on LOL-v1 [18]. As shown in Table 3, the full model achieves the best PSNR and SSIM.
When the proposed step-size consistency strategy is removed (w/o SC), both metrics
decrease. This confirms that the proposed training strategy is beneficial for stable one-step
unfolding. It is noted that the “w /o SC” setting also corresponds to the one-step unfolding
case (iter = 1). To further examine whether simply increasing the unfolding depth can
improve the performance, an iter = 2 variant is also tested. As shown in Table 3, directly
increasing the iteration number does not lead to further improvement. A possible reason is
that, although a larger number of unfolded steps may be beneficial in principle, the deeper
unfolded network becomes more difficult to optimize in practice. When the step-size
consistency loss L. is removed (w/0 L), the largest PSNR drop is observed, although a
relatively competitive SSIM is still retained. This indicates that L. plays an important role
in improving restoration fidelity. When the dark channel loss L is removed (w/o L), the
quantitative performance also decreases. In addition, the visual result in Figure 9 becomes
less vivid, and the local contrast is weakened. Furthermore, when the initialization of G°
is replaced by G” = Repeat (Angool (maxce (R,G,B} Ol(c))) (replace GY), inferior results
are again obtained. This verifies that a physically meaningful initialization is important
for reliable state transition. The visual comparisons in Figure 9 further support these
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observations. In particular, clearer digits and sharper local structures are preserved by the
full model in the highlighted region, while fewer artifacts and more natural brightness are
maintained. These results confirm that the proposed step-size consistency constraint, the
dark channel loss, and the initialization design all contribute to the final performance.

Table 3. The average PSNR and SSIM results of ablation experiments on LOL-v1 [18]. The best results
are in bold.

LOL-v1
Methods
PSNR 1 SSIM 1

w/0 SC (iter = 1) 26.8269 0.8748
iter =2 26.3307 0.8721
w/0o Lgc 26.3275 0.8801
w/o Ly 26.7814 0.8747
replace G° 26.8057 0.8753
Ours 27.3195 0.8841

(a) Input

=
(g) SCAUNet (h) Ground truth

(@) w/o Lyc
Figure 9. Visual comparison of ablation experiments on a image from LOL-v1 [18]. Zoomed-in views
are shown in the red boxes.

To further examine the effect of the proposed step-size consistency constraint, the
results produced by one large step and two successive half steps are provided in Figure 10.
A clear transition from the intermediate state Oh?!f to the final restored image O$™ can be
observed. Meanwhile, the final result of two half steps Osmall i5 very close to that produced
by one large step Ozlg . Similar brightness, structural details, and color appearance are
obtained in both cases, especially in the highlighted region. This observation verifies that
the proposed step-size consistency constraint effectively regularizes the one-step unfolding
process and improves its stability.

A

(a) Input (b) ohar (c) ogmalt (d) o5 (e) Ground truth

Figure 10. Visual comparison of the results produced by one large step and two successive half steps
on a test image from LOL-v1 [18]. Zoomed-in views are shown in the red boxes.
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5.2. Parameter Analysis

To investigate the influence of the loss weights, parameter analyses are performed
on Age = {0,0.1,0.2,0.5} and A4, = {0,0.01,0.1,0.2}, and the corresponding results are
shown in Figure 11. As Ay increases from 0 to 0.2, both PSNR and SSIM improve, which
verifies the effectiveness of the step-size consistency constraint in stabilizing one-step
unfolding. When Ay is further increased to 0.5, the performance drops slightly, indicating
that an excessively large consistency weight may hinder restoration. A similar trend can
be observed for Agq.. The best results are obtained at Ay4. = 0.1, while both smaller and
larger values lead to inferior performance. This suggests that an appropriate dark channel
constraint is beneficial, whereas over-regularization may negatively affect image recovery.
Based on these observations, Asc = 0.2 and A4 = 0.1 are used in the experiments.

B _e— F0.884 B e L 0.884
. o PSR N o— PSNR
\ T SSIM 27.21 F0.882

\ \ F0.882 \
\ AY
\ \ F 0.880

'®
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264 S 26.4
hd o t0.872
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Asc Ade

(@) Asc = {0,0.1,0.2,0.5} (b) Ag. = {0,0.01,0.1,0.2}

Figure 11. Parameter analysis of the loss weights Asc and A4, on LOL-v1 [18].

5.3. Computational Complexity

Table 4 reports the model complexity comparison in terms of floating point operations
(FLOPs), the number of trainable parameters on 256 x 256 x 3 inputs, and the average
running time on LOL-v1 [18]. SCAUNet maintains a moderate computational cost. Its
FLOPs are close to those of Retinexmamba [17] and CERL [28], and remain far below
those of Diff-Retinex++ [25] and SATNet [27]. At the same time, the number of trainable
parameters is much smaller than that of several strong baselines, including SNR-Net [4],
Diff-Retinex++ [25], and SATNet [27]. Moreover, the average running time of SCAUNet
remains moderate and is much lower than that of Diff-Retinex++ [25] and SATNet [27]. This
indicates that the proposed method achieves a favorable trade-off between enhancement
performance and computational cost. The result also supports the efficiency of the proposed
one-step unfolding framework, since strong enhancement performance is obtained without
introducing excessive model size.

Table 4. Quantitative comparisons of computational complexity in terms of FLOPs (in G), number of
trainable parameters (Params) (in M), and the average running time (in s) on LOL-v1 [18].

Methods FLOPs/G Params/M Running Time/s
SNR-Net [4] 24.37 39.12 0.2276
STANet [12] 28.19 0.472 0.4861

URetinex-Net++ [22] 70.83 0.34 0.1515
Diff-Retinex++ [25] 618.01 62.80 23.1389
Retinexmamba [17] 45.98 4.59 0.2931

SATNet [27] 110.68 25.00 1.4820
CERL [28] 44.32 0.67 0.2325
SCAUNet 45.77 5.63 0.3213
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5.4. Strengths and Limitations

The proposed method has several advantages. First, a degradation-oriented formula-
tion is adopted, which provides better interpretability than direct black box enhancement.
Second, the proposed state-based one-step unfolding framework achieves favorable effi-
ciency while maintaining strong restoration performance. Third, the step-size consistency
strategy improves the stability and reliability of one-step unfolding. Nevertheless, several
limitations still remain. The current model mainly focuses on luminance degradation
and noise corruption, while more complex degradations, such as blur, are not explicitly
considered. In addition, the present study mainly evaluates restoration quality at the
image level. Its influence on perceptual quality assessment [37] and the robustness of
downstream vision systems, especially under adversarial attacks [38,39] and other chal-
lenging perturbations, has not yet been investigated. This issue is important because image
enhancement may affect both perceptual quality evaluation and the feature distribution of
subsequent models. More general degradation modeling, perceptual quality assessment,
and robustness-oriented evaluation will be considered in future work.

6. Conclusions

In this paper, a degradation-oriented framework has been proposed for low-light
image enhancement. A low-light image is modeled as the element-wise product of a
normal-light image and a luminance degradation operator, together with additive noise.
Based on this formulation, low-light enhancement is converted into the joint estimation
of the target normal-light image and the degradation operator. To solve the resulting
problem efficiently, a state-based one-step ADMM solver has been developed, where the
main variables are updated by learnable solvers and the remaining variables are updated
analytically. In addition, a step-size consistency constraint has been introduced to improve
the stability and reliability of the proposed one-step unfolding network SCAUNet.

Extensive experiments on LOL-v1 and LOL-v2 have demonstrated the effectiveness
of the proposed SCAUNet. Strong generalization ability has also been verified on several
no-reference low-light datasets. Furthermore, the proposed framework has been extended
to single-image exposure correction on SICE, where promising visual results have been
obtained under different exposure conditions. These results have shown that the proposed
method can achieve a favorable balance among illumination correction, detail preservation,
artifact suppression, and computational efficiency.

In future work, a more general degradation model will be considered to further
improve robustness under complex real imaging conditions. In addition, more flexible
unfolding strategies and more unified learning schemes for low-light enhancement and
single-image exposure correction will be further investigated.
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