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Abstract

Low-light images often suffer from insufficient illumination and noise, but enhancing
dark regions can further amplify noise and degrade texture and structural details. To
address these challenges, we propose Zero-MS, a zero-shot method for low-light image
enhancement. Zero-MS constructs a noise prior through normalized four-directional
cumulative scanning and adaptive selective gating. It then restores illumination through
multi-scale information modeling and refines the result using structural and noise responses.
Experimental results show that Zero-MS balances information fidelity, visual quality, and
noise suppression. The enhanced images exhibit improved brightness, color preservation,
and noise suppression, while Zero-MS maintains a lightweight model design.

Keywords: low-light image enhancement; zero-shot; Retinex; multi-scale features; noise
suppression

1. Introduction
Under weak or spatially nonuniform illumination, the image sensor receives insuf-

ficient photons across the entire scene or in local regions, making signals in dark areas
more susceptible to imaging noise. The resulting images typically exhibit low brightness or
contrast, along with possible color shifts, texture degradation, and loss of local structural
details. Such images are referred to as low-light images. Their degradation arises from the
combined effects of scene illumination, exposure settings, sensor response, and imaging
noise. During enhancement, directly increasing the brightness of dark regions can amplify
hidden noise, while excessive denoising may remove genuine edges and fine textures [1–4].
Therefore, Low-Light Image Enhancement (LLIE) requires not only brightness restoration
but also a careful balance between noise suppression and structural preservation. LLIE
methods have evolved into several categories, including conventional and learning-based,
zero-reference, and zero-shot approaches. Conventional methods improve image bright-
ness through contrast adjustment, gamma correction, and Retinex-based processing [5–9].
Learning-driven methods use CNNs, Transformers, and frequency-domain representations
to improve the modeling of complex degradations [3,10–14]. Zero-reference and zero-
shot methods further reduce the dependence on training data [4,15–18]. Recent studies
on state-space models provide another way to jointly model noise, illumination, color,
and spatial dependencies [2,19]. Although existing methods have improved low-light im-
age restoration through illumination decomposition, frequency-domain analysis, physical
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noise priors, and long-range dependency modeling, noise, illumination, and structural
information remain closely coupled in real-world scenes. Random noise and fine textures
can produce similar high-frequency responses, while signal-to-noise characteristics vary
with brightness. Uniform noise suppression may therefore leave residual noise or remove
important structural details. In addition, texture recovery depends on local details, whereas
correcting uneven exposure requires broader spatial context. A single scale is therefore
insufficient to address both tasks. Retinex decomposition explicitly models reflectance and
illumination but does not inherently suppress imaging noise. Reflectance recovery can also
make disturbances in dark regions more visible [3,12]. For zero-shot methods, balancing
these factors becomes more difficult without paired-image supervision. Based on the above
considerations, we propose Zero-MS, a zero-shot network that combines Mamba-inspired
denoising and structure-aware refinement within a noisy Retinex imaging model. Zero-MS
consists of three modules: the Mamba-Inspired Denoising Module (MIDM), the Multi-Scale
Illumination Restoration Module (MSLM), and the Structure-Aware Refinement Module
(SRM). Rather than adopting a full Mamba-based enhancement backbone or explicitly
estimating a signal-to-noise ratio (SNR) reliability map from noise statistics, MIDM uses
state accumulation to construct a content-adaptive noise prior through four-directional
scanning and dark-region, structural, and chromaticity gating. MSLM captures local details
and global exposure using full-resolution and low-resolution branches, respectively. SRM
then selectively refines the reflectance component based on structural and noise responses.
Together, these modules address noise propagation, differences in spatial scale, and the
difficulty of distinguishing structure from noise. The main contributions are summarized
as follows:

• We propose Zero-MS, a zero-shot low-light image enhancement method based on a
noisy Retinex imaging model. It jointly addresses noise suppression, illumination
restoration, and structure preservation.

• MIDM constructs a content-adaptive noise prior using normalized four-directional
cumulative scanning and selective gating based on dark-region, structural, and chro-
matic information. This design adapts noise processing to image content and limits
noise propagation during subsequent enhancement.

• MSLM combines a full-resolution branch for local details with a low-resolution branch
for global exposure. This multi-scale design balances texture preservation and spatially
nonuniform illumination restoration.

• SRM refines the reflectance component through structure–noise dual gating. Com-
bined with joint reflectance–illumination denoising, it suppresses residual high-
frequency disturbances while preserving structural details.

The remainder of this paper is organized as follows. Section 2 reviews related work.
Section 3 presents the proposed Zero-MS framework and its main components. Section 4 re-
ports and analyzes the experimental results. Section 5 discusses the findings and limitations.
Finally, Section 6 presents the conclusions.

2. Related Work
2.1. Conventional and Learning-Based Low-Light Enhancement Methods

Conventional LLIE methods mainly rely on hand-crafted priors, illumination models,
and optimization strategies to improve image visibility. These methods typically estimate il-
lumination or decompose image components based on predefined assumptions. MSRCR [6]
uses multi-scale Retinex to adjust the image dynamic range. LIME [7] improves dark-region
visibility by estimating and refining an illumination map. NPLIE [8] uses multi-scale guided
filtering to estimate an initial structure-aware illumination map, and then refines it through
optimization to preserve image structure and naturalness. Later studies also consider color
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and multi-scale structural information. Jeon et al. [9] estimate a transmission map using a
gamma prior in a hybrid color space and apply pixel-adaptive gamma correction to reduce
under- and over-enhancement. Lang et al. [20] combine guided filtering with side-window
guided filtering to separate an image into background, salient-edge, and detail layers.
Brightness and details are then adjusted separately for each layer. Although these methods
have clear model-based foundations, their performance depends largely on predefined
decomposition schemes and enhancement rules. With advances in deep learning, research
has shifted from hand-crafted assumptions toward data-driven feature representations.
Learning-based methods use neural networks to model interactions among illumination,
structure, color, and noise. RetinexNet [10] learns reflectance–illumination decomposition,
while Retinexformer [3] captures long-range dependencies through illumination-guided
nonlocal interactions. HVI [21] improves color representation, whereas URWKV [22] fo-
cuses on modeling long-range dependencies. To reduce computational costs, SCI [23] uses
weight sharing and self-calibrated illumination, while IAT [24] combines local and global
adjustments for color and exposure correction. DLIENet [14] further applies knowledge dis-
tillation to transfer feature representations and content information from a teacher network
to a lightweight student network. Recent studies have also explored frequency-domain
information and state-space models. CWFAS-Net [13] uses signal-to-noise ratio information
to guide the fusion of local and global features. ICDMamba [19] separates illumination
and color degradations and models them through frequency–spatial collaborative Mamba.
LowLightReward [25] combines Mamba-based enhancement with visual aesthetic con-
straints. PPMNet [26] incorporates physical noise priors and Visual Mamba to model noise
statistics and adjust state propagation according to regional signal-to-noise characteris-
tics. Together, these approaches improve low-light image restoration by decomposing
illumination, improving color representation, modeling frequency-domain interactions,
and modeling long-range dependencies. However, most still rely on paired training data to
learn degradation mappings.

2.2. Zero-Reference and Zero-Shot Methods

To reduce reliance on paired training data, zero-reference and zero-shot methods
have become important approaches to low-light image enhancement. Zero-DCE [15] for-
mulates enhancement as pixel-wise high-order curve estimation and uses reference-free
losses to constrain exposure, color, and spatial consistency. Zero-DCE++ [16] further
simplifies the curve estimation network to reduce computational cost while maintaining
enhancement performance. Subsequent studies have incorporated physical models and
image-specific priors into the enhancement process. ZRCRN [17] uses a camera response
model to constrain image enhancement. QuadPrior [27] combines multiple physical priors
derived from a single image to guide restoration, reducing reliance on external training
data. More recent zero-shot methods further explore internal image information and
degradation priors. ZERO-IG [4] generates downsampled image pairs from the input and
jointly performs illumination-guided enhancement and denoising. CoLIE [18] estimates
illumination through a coordinate-conditioned implicit function. ZeroIDIR [28] combines
adaptive illumination correction with perturbation-consistent diffusion. It is optimized
using only the degraded input and restores image details through diffusion-based recon-
struction. These studies demonstrate the potential of internal image statistics, physical
priors, and generative priors for enhancement without paired supervision. However, il-
lumination, noise, and structural information remain closely coupled in low-light images.
In low-signal-to-noise-ratio regions, brightness enhancement can amplify hidden noise.
Meanwhile, random noise and fine textures may produce similar high-frequency responses,
making them difficult to distinguish. Therefore, balancing noise suppression, illumina-
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tion restoration, and detail preservation remains a key challenge for zero-shot low-light
image enhancement.

2.3. Noise-Aware Low-Light Image Enhancement

Under low-light conditions, weak image signals make noise more noticeable, while
brightness enhancement can further amplify noise in dark regions. LIME [7] introduces a
denoising step to reduce noise revealed during enhancement. DI-Retinex [12] extends the
Retinex model to account for noise, quantization errors, nonlinearity, and dynamic-range
overflow in digital imaging. ZERO-IG [4] jointly addresses enhancement and denoising.
It generates downsampled image pairs from a single input for initial denoising and uses
illumination information to guide adaptive enhancement and subsequent noise suppres-
sion. Other methods incorporate noise estimates directly into the restoration process.
Qiao et al. [29] derive a signal-to-noise ratio (SNR) map from the input image and use
progressive feature fusion and texture refinement to process regions with different SNR lev-
els. PPMNet [26] constructs a pixel-wise reliability map based on Poisson–Gaussian noise
statistics to adjust state propagation in Mamba. Kozlov et al. [30] estimate camera noise
components from a single RAW image using scene segmentation, multiple approximations,
and weighted averaging. These approaches address noise through joint enhancement and
denoising, SNR guidance, and physical noise modeling. However, several rely on explicit
SNR or reliability maps, predefined noise statistics, or dedicated estimation procedures.
Under unknown noise conditions, distinguishing random disturbances from genuine struc-
tures using a single input remains challenging. This requires balancing noise suppression,
illumination restoration, and structural preservation.

3. Proposed Method
3.1. Overall Architecture

Based on Retinex theory [31], we model a low-light image as the product of reflectance
and illumination, plus an additional noise term. The degradation process is expressed
as follows:

I = R ⊙ L + N (1)

where I denotes the observed low-light image, R represents the reflectance component
containing intrinsic scene information, L denotes the illumination component, and N
represents imaging noise. The operator ⊙ denotes element-wise multiplication. This
formulation guides the design of Zero-MS MIDM models and suppresses noise before
illumination enhancement. MSLM restores spatially nonuniform illumination, while SRM
further refines the reflectance component by distinguishing meaningful structures from
residual high-frequency disturbances. The overall architecture is shown in Figure 1. Fol-
lowing this formulation, Zero-MS adopts a sequential restoration strategy consisting of
noise suppression, illumination recovery, and structural refinement. As shown in Figure 1,
the input image passes sequentially through MIDM, MSLM, and SRM. During training,
paired downsampling generates two complementary sub-images to provide additional
consistency constraints. MIDM estimates noise residuals from the original image and
the paired sub-images. It constructs a noise prior through normalized four-directional
cumulative scanning and adjusts its contribution using structural information. Depthwise
separable convolutions and residual blocks then extract features and produce an initial
denoised image. Next, MSLM takes the denoised image as input. It combines local details
from a full-resolution branch with global exposure information from a low-resolution
branch to restore illumination. SRM then uses multi-scale average pooling to generate
structure and noise response maps. These maps guide reflectance refinement, preserving
structural details while suppressing residual high-frequency disturbances. The network
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is jointly optimized end-to-end using losses for low-light image denoising, illumination
estimation, reflectance denoising, and perceptual quality. The enhanced image is produced
through the full-resolution restoration path. The modules and loss functions are described
in detail in Sections 3.2–3.5.

Figure 1. Overall framework of Zero-MS. Zero-MS sequentially employs MIDM for noise suppression,
MSLM for illumination restoration, and SRM for reflectance refinement to produce the final enhanced
image. During training, the original image and paired sub-images jointly constrain denoising,
illumination restoration, and reflectance refinement. The perceptual loss is further applied to the final
and paired reflectance predictions. Paired downsampling is not involved in output reconstruction
and therefore requires no inverse operation. The details are provided in Sections 3.2–3.5.

3.2. Mamba-Inspired Denoising Module

High-frequency responses in low-light images contain both structural details and
random noise. Using these responses directly for noise estimation may lead to the unin-
tended suppression of useful structures. To address this issue, Zero-MS introduces MIDM,
a lightweight denoising network, as shown in Figure 2. Inspired by selective state propaga-
tion in Mamba, MIDM uses deterministic bidirectional cumulative scanning to aggregate
directional information rather than a conventional recurrent state-space model. Since high-
frequency responses alone cannot reliably distinguish noise from meaningful structures,
MIDM further introduces a content-adaptive modulation mechanism. Noise is often more
noticeable in dark regions, whereas genuine structures generally exhibit consistent spatial
patterns. Accordingly, selective gates are designed using luminance, structural variation,
and chromatic information. These gates strengthen noise-related responses while limiting
the suppression of edges and textures. The gated features are then used to construct a
noise prior, which is injected into the input through weighted modulation. This provides
content-aware noise guidance for subsequent residual prediction.

3.2.1. Mamba-Inspired Four-Directional Cumulative Scanning

Given a low-light input image I, the network first extracts its local low-frequency
component using size-preserving average pooling with a 3 × 3 kernel. The high-frequency
residual is then computed as follows:

Nh = I −A3(I) (2)

where Ak(·) denotes size-preserving average pooling with a k × k kernel, and k is the kernel
size. The high-frequency residual Nh ∈ RB×C×H×W contains high-frequency noise, edges,
and fine textures. Here, B, C, H, and W denote the batch size, number of channels, image
height, and image width, respectively. This residual serves as the input to subsequent
directional scanning. Inspired by Mamba-style state aggregation, the network applies
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normalized bidirectional cumulative scanning along the horizontal and vertical axes to
obtain four directional states:⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Slr(i, j) =
1
j

j

∑
t=1

Nh(i, t)

Srl(i, j) =
1

W − j + 1

W

∑
t=j

Nh(i, t)

Stb(i, j) =
1
i

i

∑
t=1

Nh(t, j)

Sbt(i, j) =
1

H − i + 1

H

∑
t=i

Nh(t, j)

(3)

where i and j denote the spatial row and column indices, respectively, and t is the accu-
mulation index along the scanning direction. The directional states Slr, Srl , Stb, and Sbt

correspond to left-to-right, right-to-left, top-to-bottom, and bottom-to-top scanning, respec-
tively. We normalize each cumulative response by its effective path length, yielding the
mean response from the corresponding image boundary to the current position. This nor-
malization prevents the state magnitude from increasing systematically with the scanning
path length. The four directional states are then combined with equal weights to obtain the
aggregated spatial state S:

S =
1
4
(Slr + Srl + Stb + Sbt) (4)

The aggregated state S is neither the denoised output nor a direct noise estimate. It still
contains both genuine structural information and random high-frequency disturbances.
Therefore, it serves only as the spatial-state input for subsequent noise-prior construction.
Its contribution is further modulated by the dark-region, structural, and chromatic gates.

Figure 2. Overview of the MIDM. MIDM constructs a noise prior through four-directional scanning
and selective gating. The denoised image is then obtained through feature-extraction mapping,
together with a residual branch.

3.2.2. Noise-Aware Modulation

Although four-directional scanning aggregates spatial information over a relatively
large region, the resulting directional states still contain genuine structures, fine textures,
and random high-frequency disturbances. Propagating these responses without distinction
may cause the noise prior to interfere with useful structures in texture-rich regions. Accord-

https://doi.org/10.3390/photonics13110995

https://doi.org/10.3390/photonics13110995


Photonics 2026, 13, 995 7 of 30

ingly, the network constructs a content-adaptive selective gate based on local luminance,
structural strength, and chromatic variation. This gate modulates the aggregated four-
directional state. Specifically, size-preserving average pooling with 3 × 3 and 7 × 7 kernels
is applied to Y , the Y component of the input low-light image. The relative difference
between the resulting maps is then used to construct the structural response map Gs:

Gs = 2α1A3

(︃
|A3(Y)−A7(Y)|

A7(Y) + ε

)︃
(5)

where α1 = 0.75, and ε is a small constant that prevents division by zero. A higher Gs

indicates a larger relative difference between the two smoothing scales, suggesting an edge
or fine texture. The structure-preserving gate Gp is defined as follows:

Gp = 1 − α1Gs (6)

A stronger structural response produces a smaller Gp, reducing the modulation of direc-
tional states in regions with prominent structures. This limits the influence of the noise prior
on genuine edges and textures. Since noise is generally more pronounced in dark regions,
the network further defines a dark-region gate Gd as the complement of the luminance map:

Gd = 1 − Y (7)

Lower luminance produces a larger Gd, increasing the modulation weight of the directional
state in dark regions. Beyond luminance and structure, low-light noise can cause chromatic
fluctuations across channels. Here, ⟨·⟩ denotes averaging over the specified elements.
To characterize these variations, we first compute the per-pixel channel mean ⟨I⟩c of the
input image I. The channel-wise chromatic residual C is then defined as follows:

C = I − ⟨I⟩c (8)

The chromatic response ⟨|C|⟩c is computed as the mean absolute residual across channels.
To reduce the effect of local luminance, this response is normalized by the 5 × 5 average-
pooled luminance map, yielding the chromatic gate Gc:

Gc =
⟨|C|⟩c

A5(Y) + ϵ
(9)

The structure-preserving, dark-region, and chromatic gates are combined multiplicatively.
The coefficient α2 = 0.7 limits the influence of chromatic variations. A 3× 3 average-pooling
operation then produces the final selective noise gate G:

G = A3
[︁
Gd ⊙ Gp ⊙ (α2 + (1 − α2) Gc)

]︁
(10)

The selective noise gate G is then applied to the aggregated four-directional state S and the
channel-wise chromatic residual C, yielding the spatial noise state Ns and chromatic noise
state Nc, respectively: ⎧⎨⎩Ns = G ⊙ S

Nc = G ⊙ C
(11)
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where Ns denotes the directional high-frequency response after content-adaptive modu-
lation, while Nc captures complementary inter-channel chromatic variations. These two
components are combined with fixed weights to obtain the noise prior N p ∈ [−0.25, 0.25]:

N p = α3(3Ns + Nc) (12)

where α3 = 0.06. To further limit the influence of the noise prior in regions with prominent
structures, the network computes the prior-injection weight W p using the selective gate G
and structural response Gs:

W p = α2 · α4G ⊙ (1 − α4Gs) (13)

where α4 = 0.5. The weight W p increases in regions with strong selective noise responses
and weak structural responses, but decreases around prominent structures. The signed
noise prior is then injected into the original image through weighted modulation. The re-
sulting prior-modulated image Ip is defined as follows:

Ip = I + W p ⊙ N p (14)

3.2.3. Noise Reconstruction and Denoising

Given the prior-modulated image Ip, a lightweight convolutional module estimates
the residual noise. First, a 3 × 3 convolution maps Ip into 48 feature channels, followed by
LeakyReLU with a negative slope of 0.2. Depthwise separable convolution then extracts
spatial and channel information. A 3 × 3 depthwise convolution captures local spatial
features, while a 1 × 1 pointwise convolution enables inter-channel interactions. Both are
followed by LeakyReLU activation. A lightweight residual block further improves feature
transformation through two successive depthwise–pointwise convolution pairs and a local
residual connection. Finally, a 1 × 1 convolution predicts the residual noise Nr:

Nr = Conv1×1
(︁

F(Ip) +R(F(Ip))
)︁

(15)

where F(·) denotes the feature extraction mapping consisting of the initial convolution and
depthwise separable convolution, while R(·) represents the residual branch. The denoised
image Idn is then obtained from the predicted residual noise Nr as follows:

Idn = Ip − Nr (16)

Through this process, MIDM aggregates directional information using deterministic bidi-
rectional cumulative scanning and selectively modulates high-frequency states based on
luminance, structural, and chromatic cues. This enables noise estimation and suppression
while preserving useful structural information. Following the paired-downsampling strat-
egy of ZERO-IG, MIDM processes the original low-light image and two complementary
sub-images. The same noise modeling and reconstruction procedures are applied to all
three inputs. The resulting denoised image Idn is then passed to MSLM, and its multi-scale
outputs are used to enforce a multi-scale consistency constraint. This design helps improve
the stability of noise suppression under low-light conditions.

3.3. Multi-Scale Illumination Restoration Module

Low-light images often suffer from insufficient overall exposure and spatially uneven
underexposure. Single-resolution convolutional processing makes it difficult to balance
local texture preservation and global exposure consistency. To address this challenge,
MSLM adopts a dual-branch, multi-scale architecture with local-detail and global-exposure

https://doi.org/10.3390/photonics13110995

https://doi.org/10.3390/photonics13110995


Photonics 2026, 13, 995 9 of 30

branches. As shown in Figure 3, the local branch captures fine textures at the original
resolution, while the global branch reduces spatial resolution to expand the effective
receptive field and model the overall exposure distribution. The complementary features
are then combined for illumination restoration.

Figure 3. Overview of MSLM. The local-detail branch preserves texture information, while the
global-exposure branch captures global illumination information. Their outputs are combined to
restore the illumination component of the denoised input image.

3.3.1. Local Detail Branch

The denoised image Idn is first mapped to a 64-channel feature space using a 3 × 3
standard convolution followed by ReLU activation, yielding the initial feature F0

d:

F0
d = ReLU(Conv3×3(Idn)) (17)

The features then pass through three residual transformations with shared parameters. Each
transformation consists of a 3 × 3 depthwise convolution, a 1 × 1 pointwise convolution,
batch normalization, and ReLU activation. The shared residual transformation B(·) is
defined as follows:

B(X) = ReLU(BN(PWConv1×1(DWConv3×3(X)))) (18)

The three residual updates are expressed as

Fn
d = Fn−1

d +B
(︂

Fn−1
d

)︂
, n = 1, 2, 3 (19)

where n denotes the residual refinement stage index. All three stages share the same
parameters, enabling successive refinement of full-resolution features without introduc-
ing stage-specific parameters. A 3 × 3 convolution followed by sigmoid activation then
produces the local detail map Dl ∈ (0, 1)3×H×W :

Dl = Sigmoid
(︂

Conv3×3(F3
d)
)︂

(20)

The sigmoid activation produces bounded adjustment maps through a smooth, differen-
tiable transformation. The local detail map Dl retains high-frequency information at the
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original resolution and provides spatial guidance for subsequent exposure adjustment and
detail compensation.

3.3.2. Global Exposure Branch

The global exposure branch expands the effective receptive field by reducing spatial
resolution, allowing the overall exposure distribution to be modeled at a lower compu-
tational cost. The input is first downsampled to half its original height and width using
bilinear interpolation. Bilinear interpolation provides computationally efficient resizing
without introducing learnable parameters, while ensuring smooth transitions between
neighboring pixels. Initial features are extracted as in the local branch, but only one shared
residual transformation is applied to limit excessive smoothing at low resolution. An out-
put convolution followed by sigmoid activation produces a low-resolution exposure map.
This map is then upsampled to the original resolution using bilinear interpolation, yielding
the global exposure map Eg ∈ (0, 1)3×H×W .⎧⎨⎩F0

g = ReLU(Conv3×3(D(Idn)))

Eg = U
(︂

Sigmoid
(︂

Conv3×3

(︂
F0

g +B(F0
g)
)︂)︂)︂ (21)

where D(·) denotes bilinear downsampling to half the original height and width, and U (·)
denotes bilinear upsampling to the original spatial resolution. Downsampling expands the
effective receptive field, allowing Eg to capture global brightness information and guide
subsequent illumination restoration and contrast adjustment.

3.3.3. Illumination Reconstruction

Illumination restoration must correct spatially nonuniform underexposure while
preserving local structures. Global exposure correction alone may overlook fine details,
whereas excessive local enhancement can amplify residual disturbances or over-brighten
well-exposed regions. We therefore adopt a staged reconstruction strategy. An image-
derived illumination prior establishes the brightness baseline, the two MSLM branches
guide exposure recovery, and subsequent contrast and detail adjustments compensate
for information attenuated during restoration. Given the denoised image Idn, the initial
illumination prior L0 is estimated by combining the maximum and mean responses across
RGB channels:

L0 = A3

[︂
β1 max

c

(︂
I(c)dn

)︂
+ (1 − β1)⟨Idn⟩c

]︂
. (22)

where β1 = 0.6, and ⟨·⟩c denotes the per-pixel channel average. The channel-wise maxi-
mum captures the strongest brightness response, while the channel average reduces the
influence of individual color channels. Their weighted combination is then smoothed by
local average pooling to obtain a stable initial illumination prior. The exposure adjustment
map Ea is defined as follows:

Ea = β1Eg + (1 − β1)Dl . (23)

A larger weight is assigned to Eg to capture the broader spatial context needed for nonuni-
form exposure correction. The local detail map Dl complements it with full-resolution
spatial information. However, uniform exposure adjustment may over-brighten well-
exposed regions. We therefore modulate the exposure correction based on the initial
illumination:

Lr = L0 + (1 − L0)⊙ Ea ⊙ (1 − 0.3L0). (24)
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The factor 1 − L0 emphasizes underexposed regions, while 1 − 0.3L0 further reduces the
correction as the initial illumination increases. Thus, for a fixed exposure response, the illu-
mination adjustment decreases with increasing L0. Following Retinex theory, the initial
reflectance R0 is estimated by dividing the image by the illumination prior L0 pixel-wise.
The preliminary enhanced image I0 is then reconstructed by element-wise multiplication
of R0 and the restored illumination Lr:

R0 =
Idn

L0 + ε
, I0 = R0 ⊙ Lr (25)

Illumination recovery may change the contrast of the preliminary image. To correct local
contrast variations without applying a uniform gain, the global exposure map Eg is used to
regulate the local contrast gain Fc:

Fc = ⟨I0⟩s +
[︁
1 + 0.5

(︁
Eg − 0.5

)︁]︁
⊙ (I0 − ⟨I0⟩s), (26)

where ⟨·⟩s denotes the spatial mean computed separately for each channel. When Eg > 0.5,
the contrast factor exceeds one, increasing deviations from the spatial mean. When Eg < 0.5,
these deviations are reduced. Thus, contrast adjustment depends on the estimated exposure
response rather than a fixed global gain. Since local smoothing and multi-scale processing
may weaken fine details, we further extract the local high-frequency residual F loc from the
denoised image Idn:

F loc = Idn −A3(Idn) (27)

To avoid uniform compensation of high-frequency responses, we use the local detail map
Dl to apply a small, signed modulation to the residual. The modulated residual is then
combined with the contrast-adjusted result to obtain the illumination-restored output L f :

L f = Fc + 0.1(Dl − 0.5)⊙ F loc (28)

The coefficient limits the high-frequency residual contribution, while Dl controls its spatial
modulation. The resulting three-channel illumination-restored output L f is clipped to the
valid intensity range before further processing. Thus, the reconstruction combines exposure
recovery, contrast adjustment, and selective detail compensation rather than relying solely
on the initial illumination estimate.

3.4. Structure-Aware Refinement Module

After multi-scale illumination restoration by MSLM, the reflectance component R f

may still contain residual noise. Genuine edges and fine textures can therefore be difficult
to distinguish from high-frequency disturbances. Uniform enhancement or suppression of
these responses may remove useful details or amplify noise. As shown in Figure 4, SRM
estimates local structural and relative high-frequency noise responses using multi-scale
statistics of the reflectance component. It then constructs complementary texture and noise
gates to refine the final output.
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Figure 4. Overview of SRM. SRM estimates a noise response map from the reflectance component
of the illumination-restored image and a structural strength map from its grayscale representation.
It then combines texture and noise gates with their corresponding detail terms to produce the
final output.

3.4.1. Structure and Noise Estimation

Genuine edges and textures tend to exhibit stable structural differences across smooth-
ing scales, while local averaging partially suppresses random high-frequency disturbances.
Accordingly, SRM first extracts the Y channel Yr from the reflectance component R f before
refinement. SRM uses this grayscale reflectance intensity to estimate structural strength
without processing the three color channels independently. This provides a common
spatial reference for identifying structural variations across different smoothing scales.
Size-preserving average pooling with 3 × 3 and 7 × 7 kernels is then applied separately.
The absolute difference between the resulting maps defines the structure intensity map:

Ms = |A3(Yr)−A7(Yr)| (29)

A larger value of Ms indicates a greater difference between smoothing scales, suggesting
a prominent edge or texture. To characterize local high-frequency disturbances, SRM
computes the pixel-wise residual between R f and its 3 × 3 average-pooled response. Since
the absolute residual may depend on local intensity, it is normalized by the 5 × 5 average-
pooled response to obtain the relative noise response map:

Mn =

⃓⃓⃓
R f −A3(R f )

⃓⃓⃓
A5(R f ) + ε

(30)

This normalization uses the local average response as a reference, making high-frequency
residuals more comparable across regions with different brightness and texture levels. It also
provides a basis for the subsequent selective modulation of structural and noise responses.

3.4.2. Dual-Gate Refinement

Based on the structure intensity map Ms and noise response map Mn, SRM constructs
a texture gate Gt and a noise gate Gn. The texture gate emphasizes regions with strong
structural responses and weak noise responses, while the noise gate highlights regions
with strong high-frequency disturbances and weak structural responses. The two gates are
defined as follows: ⎧⎨⎩Gt = Ms ⊙ (1 − Mn)

Gn = Mn ⊙ (1 − Ms)
(31)

When structural responses dominate, the texture gate Gt assigns greater weight to texture
compensation. When high-frequency disturbances are strong but structural responses
are weak, the noise gate Gn emphasizes noise suppression. These complementary gates
guide adaptive refinement based on local structure and noise responses, limiting excessive
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processing in ambiguous regions. SRM then extracts two detail terms from the multi-scale
smoothed reflectance component. The texture detail term Dt is computed as the difference
between the 3 × 3 and 5 × 5 smoothed responses, capturing intermediate-scale structural
variations. The noise detail term Dn is obtained by subtracting the 3× 3 smoothed response
from the original reflectance, capturing pixel-level high-frequency variations:⎧⎨⎩Dt = A3(R f )−A5(R f )

Dn = R f −A3(R f )
(32)

Finally, the texture gate controls the addition of structural details, while the noise gate reg-
ulates the subtraction of high-frequency residuals. The final result is expressed as follows:

Ifinal = R f + Gt ⊙ Dt − Gn ⊙ Dn (33)

In regions with prominent structures, Gt ⊙ Dt moderately compensates for medium-scale
textures and edges. Where high-frequency disturbances are strong but structural responses
are weak, Gn ⊙ Dn suppresses local high-frequency disturbances. When both responses
are weak, the correction terms have little effect, largely preserving the original structure.
Through this dual-gate refinement, SRM balances preserving structural detail and sup-
pressing residual noise. Zero-MS uses the recovered reflectance as its final output, avoiding
reintroducing nonuniform illumination while preserving intrinsic scene information.

3.5. Loss Function

The network is optimized end-to-end using a composite unsupervised loss. All
training signals are derived from the input low-light image and its paired downsampled
observations. The total loss Ltotal consists of four terms:

Ltotal = Lden + Lill + Lref + Lperc (34)

The low-light denoising loss Lden, illumination estimation loss Lill, and reflectance de-
noising loss Lref follow the formulations in ZERO-IG. Together, they constrain denoising
consistency, illumination restoration, and structural preservation. Zero-MS further in-
troduces a perceptual loss Lperc, applied to the final reflectance Rref and the reflectance
maps obtained from paired downsampled sub-images. This loss combines four constraints
on natural-scene statistics, noise in flat dark regions, pixel clipping, and saturation in
dark regions:

Lperc = Lmscn + ω1Lnoise + ω2Lclip + ω3Lsat (35)

where ω1 = 0.8, ω2 = 0.2, ω3 = 0.1. The natural-scene-statistics constraint Lmscn uses
mean-subtracted, contrast-normalized (MSCN) coefficients, which are widely used in image
quality assessment. The luminance component Yrm of the evaluated image is normalized
by its local mean and standard deviation computed within a 7 × 7 neighborhood:

MSCN(Yrm) =
Yrm −A7(Yrm)√︃

A7

[︂
(Yrm −A7(Yrm))

2
]︂
+ ε

(36)

The MSCN coefficients of natural images typically have a mean near zero and a standard
deviation near one. Based on this property, Lmscn constrains their mean, standard deviation,
skewness, and kurtosis:

Lmscn = (µ)2 + 0.5(σ − 1)2 + 0.05|γ1|+ 0.02|γ2 − 3| (37)
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where µ, σ, γ1, and γ2 denote the mean, standard deviation, skewness, and kurtosis of
the MSCN coefficients, respectively. This term penalizes deviations from natural-image
statistics and helps suppress spurious textures. The flat dark-region noise constraint Lnoise

mainly targets low-luminance regions with weak structural responses. The pixel-level
high-frequency residual is represented by Yrm −A3(Yrm), while the difference between
the 3 × 3 and 7 × 7 smoothed responses captures mid-scale structural variations. The term
1−Y rm emphasizes dark regions, while the weak-structure weight reduces the contribution
of prominent structural regions:

Lnoise = ⟨|Yrm −A3(Yrm)| ⊙ (1 − Yrm)⊙ [1 − 8|A3(Yrm)−A7(Yrm)|]⟩ (38)

This constraint penalizes local high-frequency fluctuations more strongly in dark regions,
while weak-structure weighting limits its effect on genuine edges and textures. The pixel-
clipping constraint Lclip discourages large areas with intensity values near the valid range
limits. A quadratic penalty is applied only to luminance values below 0.02 or above 0.98:

Lclip = mean
(︂

ReLU(0.02 − Yrm)
2
)︂
+ mean

(︂
ReLU(Yrm − 0.98)2

)︂
(39)

The dark-region saturation constraint Lsat computes pixel-wise saturation Sat as the differ-
ence between the maximum and minimum RGB channel values. It penalizes saturation
values above θ = 0.55 in dark regions, with 1 − Yrm weighting the penalty according to
local luminance: ⎧⎨⎩Sat = maxC(YC

rm)−minC(YC
rm)

maxC(YC
rm)+ϵ

Lsat = mean
(︁
ReLU(Sat − θ)2 ⊙ (1 − Yrm)

)︁ (40)

Thus, this constraint primarily suppresses excessive chromatic responses in dark regions
while having little effect on well-lit regions. Overall, the proposed perceptual loss combines
complementary reflectance constraints, including natural-scene statistics, dark-region noise,
dynamic-range clipping, and dark-region saturation. Together with the low-light image
denoising, illumination estimation, and reflectance denoising losses, it supports joint opti-
mization of illumination recovery, structure preservation, noise suppression, and perceptual
quality without reference images.

4. Experimental Result Analysis
4.1. Experimental Settings

Datasets and Compared Methods: To evaluate Zero-MS under real-world low-light
conditions, we train the model on LOL-v1 [10] and test it on LOL-v1, LOL-v2-Real [32],
and NPE [33]. LOL-v1 contains 500 pairs of low-light and normal-light images captured
in real scenes, including 485 training pairs and 15 test pairs. The low-light images were
mainly obtained by adjusting exposure time and ISO settings. LOL-v2-Real contains 689
training pairs and 100 test pairs, covering more diverse scenes and complex real-world
degradations. NPE is an unpaired test dataset containing real images with spatially nonuni-
form illumination and no corresponding normal-light reference images. Together, these
datasets cover a range of scenes and illumination conditions. Their main characteristics are
summarized in Table 1.

https://doi.org/10.3390/photonics13110995

https://doi.org/10.3390/photonics13110995


Photonics 2026, 13, 995 15 of 30

Table 1. Characteristics of the low-light datasets used in this study.

Dataset Type Pairing Low-Light Characteristics Role

LOL-v1 Real scenes Paired Low brightness, exposure variation, real-world noise Training & testing
LOL-v2-Real Real scenes Paired Diverse illumination and complex real-world degradation Testing
NPE Real scenes Unpaired Low brightness and nonuniform illumination Testing

The comparison includes conventional methods, namely CLAHE [5], MSRCR [6],
LIME [7], NPLIE [8], and Jeon et al.’s method [9], as well as deep learning-based methods,
including Zero-DCE [15], Zero-DCE++ [16], ZRCRN [17], ZERO-IG [4], RetinexNet [10],
Pie [11], CoLIE [18], and DI-Retinex [12]. All experiments and metric calculations were
performed using Python 3.12 and PyTorch 2.5.1 with CUDA 12.1 support. PyCharm Com-
munity Edition 2024.3.1.1 was used as the development environment. For fair comparison,
each baseline is evaluated using the original authors’ recommended settings and available
pretrained models under the same experimental environment as Zero-MS. Evaluation Met-
rics: We evaluate Zero-MS in terms of information fidelity, visual quality, noise suppression,
and model complexity. Peak signal-to-noise ratio (PSNR) [34], structural similarity index
measure (SSIM) [35], and CIEDE2000 color difference [36] assess pixel fidelity, structural
similarity, and color consistency between enhanced and reference images, respectively.
The Perception-based Image Quality Evaluator (PIQE) [37] and Blind/Referenceless Image
Spatial Quality Evaluator (BRISQUE) [38] assess perceptual quality and image naturalness.
The estimated noise standard deviation σ̂n [39], residual noise standard deviation σRn [40],
and mean Noise Power Spectrum (NPS) power PNPS [41] measure the noise level, resid-
ual noise, and average noise power, respectively. Parameter count (Params.), model size,
and mean runtime are used to assess model complexity, storage requirements, and infer-
ence efficiency, respectively. Image quality metrics supported by PyIQA are computed
using the pyiqa library, while the remaining metrics and noise statistics are implemented
in Python according to their definitions. Implementation Settings: All experiments were
conducted on a Lenovo ThinkPad T14p laptop (Lenovo Group Limited, Beijing, China)
running Windows 11 Home (version 25H2; Microsoft Corporation, Redmond, WA, USA)
and equipped with an Intel® CoreTM Ultra 9 185H processor (2.30 GHz; Intel Corporation,
Santa Clara, CA, USA) and an NVIDIA GeForce RTX 4050 Laptop GPU (NVIDIA Corpora-
tion, Santa Clara, CA, USA) with 6 GB of dedicated memory. The initial learning rate was
set to 3 × 10−4, with a batch size of 4. The model was trained for 2,000 epochs. Training
and evaluation were conducted under the same hardware and software environment to
ensure consistency and reproducibility.

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

We compare Zero-MS with 13 representative low-light image enhancement methods
on the LOL-v1, LOL-v2-Real, and NPE datasets to assess information fidelity, visual quality,
and denoising performance. In the tables, ↑ and ↓ indicate that higher and lower values
are better, respectively. The top three results are highlighted in bold red, blue, and brown,
respectively. As shown in Table 2, Zero-MS ranks first on seven of the eight LOL-v1 metrics.
Its PSNR and SSIM reach 18.6513 dB and 0.7918, outperforming the second-best DI-Retinex
by 9.35% and 3.68%, respectively. These results indicate improved reconstruction fidelity
and structural similarity. Zero-MS also achieves the lowest CIEDE2000 value of 0.0874,
12.77% lower than DI-Retinex, indicating better color consistency with the reference images.
For perceptual quality, Zero-MS obtains the best PIQE and BRISQUE scores of 4.3103
and 17.0363, improving upon the second-best results by 8.16% and 14.13%, respectively.
For denoising performance, σ̂n and PNPS reach 2.4504 and 6.2530, respectively, both ranking
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first. Its σRn is 4.6650, ranking third and differing from the second-ranked DI-Retinex
by only 1.09%. As shown in Table 3, Zero-MS ranks first across all eight metrics on the
LOL-v2-Real dataset. It achieves a PSNR of 17.2403 dB and an SSIM of 0.6611, exceeding
DI-Retinex by 8.51% and 7.62%, respectively. Its CIEDE2000 score of 0.1068 is 12.96% lower
than that of DI-Retinex, indicating better color fidelity. For perceptual quality, Zero-MS
obtains PIQE and BRISQUE scores of 6.1294 and 32.2282, improving on the second-best
results by 48.39% and 1.26%, respectively. For denoising performance, σ̂n, σRn , and PNPS

reach 4.0418, 5.9119, and 20.4770, respectively, all ranking first. These results demonstrate
Zero-MS’s overall effectiveness in image reconstruction, structural preservation, perceptual
quality, and noise suppression. The NPE dataset contains real low-light images with
nonuniform illumination. Because reference images are unavailable, we evaluate no-
reference visual quality and denoising performance. As shown in Table 4, Zero-MS ranks
among the top three methods across all five metrics. It achieves PIQE and BRISQUE
scores of 12.0764 and 13.6440, ranking third and second, respectively. For denoising
performance, its estimated noise standard deviation σ̂n is 1.8886, ranking second and
22.43% higher than that of the top-ranked Zero-DCE++. Zero-MS achieves the lowest
residual noise standard deviation σRn of 6.8890, 4.46% lower than the second-ranked
MSRCR. Its mean NPS power PNPS is 2.6555, ranking third. These results indicate that
Zero-MS maintains a favorable balance between perceptual quality and noise suppression
under nonuniform illumination, with relatively low residual noise. Overall, Zero-MS
achieves strong information fidelity on the two full-reference datasets, LOL-v1 and LOL-
v2-Real. It also maintains favorable visual quality and denoising performance across
all three datasets. To further examine how different low-light enhancement methods
handle noise, we use LOL-v1 as a representative benchmark. The analysis covers dark-
region high-frequency residuals, local residual fluctuations, luminance-dependent residuals,
the noise–structure trade-off, and the enhancement–noise trade-off. Here, high-frequency
residuals refer to image-domain high-frequency disturbances in enhanced images rather
than specific components of physical sensor noise. As shown in Figure 5a, the methods
differ considerably in their control of dark-region high-frequency disturbances. Jeon et al.,
RetinexNet, ZERO-IG, and MSRCR generally exhibit higher residuals. Jeon et al.’s method
has a median near 0.03 and a relatively wide distribution. CoLIE, NPLIE, Zero-DCE, Zero-
DCE++, and ZRCRN fall within the middle range, while CLAHE, DI-Retinex, and LIME
show lower residuals. Zero-MS achieves a median of approximately 0.008–0.009 with a
compact distribution, indicating relatively low residuals and limited variation across test
images. A similar pattern appears in Figure 5b. Jeon et al., ZERO-IG, and RetinexNet show
larger local residual fluctuations, whereas Zero-MS maintains a median of approximately
0.012–0.013 with a narrower distribution. These results indicate that Zero-MS provides
relatively stable control of high-frequency disturbances in dark regions and local residual
fluctuations. As shown in Figure 5c, CLAHE and Pie exhibit relatively high residuals
across several luminance intervals, particularly at higher luminance levels. Zero-DCE++
also shows some dependence on luminance. LIME maintains low residuals overall, while
the residual of DI-Retinex decreases rapidly with increasing luminance, approaching
zero above approximately 0.55. However, a very low high-frequency response alone
cannot distinguish noise suppression from the loss of fine details. In comparison, Zero-
MS maintains low and relatively stable residuals across low-to-medium luminance levels
without a noticeable increase in high-frequency disturbances. Because excessive smoothing
can also reduce high-frequency responses, a low residual does not necessarily indicate better
enhancement. Therefore, Figure 5d examines dark-region residuals alongside structure
preservation. Zero-MS achieves a relatively low residual while maintaining a high structure-
preservation score. Compared with DI-Retinex, it has a slightly higher residual but better
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structure preservation. Compared with ZERO-IG, RetinexNet, and Jeon et al., it produces
lower residuals while retaining a favorable structure score. Although LIME achieves
both a lower residual and a higher structure-preservation score, Zero-MS still maintains
low residuals without evident structural degradation. These findings suggest a favorable
balance between controlling high-frequency disturbances and preserving structure. Limited
brightness enhancement can also result in low residuals.

Table 2. Quantitative results on the LOL-v1 dataset. The symbols ↑ and ↓ indicate that higher and
lower values are better, respectively. The best, second-best, and third-best results are highlighted in
bold red, blue, and brown, respectively.

Methods
Information Fidelity Visual Quality Denoising Performance

PSNR ↑ SSIM ↑ CIEDE2000 ↓ PIQE ↓ BRISQUE ↓ σ̂n ↓ σRn ↓ PNPS ↓
CLAHE [5] 9.5831 0.4091 0.2107 5.7630 22.4353 3.2693 4.5251 6.6742
MSRCR [6] 15.3270 0.6560 0.1235 11.5596 28.0863 7.2302 9.2861 20.5511
LIME [7] 15.8091 0.7609 0.1173 10.9505 19.8405 3.1737 8.9368 11.8773
Jeon et al. [9] 15.8813 0.4767 0.1272 20.5806 45.8188 13.5549 17.0641 95.1148
NPLIE [8] 12.2643 0.5475 0.1589 11.2561 29.4081 5.4591 7.5279 18.1817
ZRCRN [17] 15.0900 0.6244 0.1232 11.4221 27.8511 5.7701 7.7206 17.2167
ZERO-IG [4] 15.3517 0.5309 0.1278 18.0261 41.6178 9.7309 12.9538 57.4309
Zero-DCE [15] 14.1621 0.6106 0.1318 11.5056 29.9345 5.6498 7.3310 18.3755
Zero-DCE++ [16] 14.0932 0.5262 0.1334 7.2786 19.9397 3.0242 6.3374 10.0014
RetinexNet [10] 15.7416 0.5448 0.1127 20.7505 42.9578 10.2056 11.1633 45.4369
Pie [11] 10.9588 0.5101 0.1781 8.4620 25.0714 4.0555 5.8206 10.2966
DI-Retinex [12] 16.9067 0.7627 0.1002 4.6935 22.1282 2.8508 4.6146 6.3317
CoLIE [18] 12.8364 0.5462 0.1543 11.3177 29.4730 5.6864 7.6368 22.5803

Zero-MS 18.6513 0.7918 0.0874 4.3103 17.0363 2.4504 4.6650 6.2530

Table 3. Quantitative results on the LOL-v2-Real dataset. The symbols ↑ and ↓ indicate that higher
and lower values are better, respectively. The best, second-best, and third-best results are highlighted
in bold red, blue, and brown, respectively.

Methods
Information Fidelity Visual Quality Denoising Performance

PSNR ↑ SSIM ↑ CIEDE2000 ↓ PIQE ↓ BRISQUE ↓ σ̂n ↓ σRn ↓ PNPS ↓
CLAHE [5] 12.0536 0.3846 0.1865 22.4440 50.4241 16.5950 16.9635 263.7445
MSRCR [6] 14.0580 0.5188 0.1499 18.3699 37.4947 12.3736 13.3296 88.5480
LIME [7] 14.4202 0.5861 0.1535 18.2577 33.4342 10.5326 13.9811 143.0365
Jeon et al. [9] 14.3681 0.3664 0.1632 27.6070 54.2559 19.4381 20.9075 229.6046
NPLIE [8] 11.9850 0.4253 0.1774 19.2719 40.3574 10.7299 11.4899 109.1455
ZRCRN [17] 13.8512 0.4813 0.1576 18.8534 40.2548 11.5839 12.1474 108.3774
ZERO-IG [4] 13.3520 0.4020 0.1809 25.3910 51.1564 19.3731 20.3563 345.1712
Zero-DCE [15] 13.4158 0.4718 0.1556 19.1918 41.5718 10.4810 10.9959 95.5221
Zero-DCE++ [16] 13.8725 0.4112 0.1403 13.7994 34.8750 6.8770 9.6489 63.8539
RetinexNet [10] 14.7420 0.4220 0.1305 28.1725 52.6804 16.1986 15.5762 176.3323
Pie [11] 11.0645 0.3977 0.1872 16.6554 36.9293 8.3735 9.2326 73.6547
DI-Retinex [12] 15.7740 0.6107 0.1227 11.8753 32.6411 6.5344 7.4781 53.6183
CoLIE [18] 12.4628 0.4260 0.1741 19.1865 40.4989 11.1432 11.7994 129.5286

Zero-MS 17.2403 0.6611 0.1068 6.1294 32.2282 4.0418 5.9119 20.4770

Therefore, Figure 5e further considers dark-region luminance gain. CLAHE and
Pie produce low residuals but offer limited brightness recovery. LIME and DI-Retinex
maintain low residuals while providing greater luminance gains. ZERO-IG, RetinexNet,
and Jeon et al. achieve stronger enhancement but exhibit higher high-frequency residuals.
Zero-MS provides a dark-region luminance gain of approximately 0.33 with a residual near
0.009. Although its residual is slightly higher than those of LIME and DI-Retinex, it achieves
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greater brightness recovery. Compared with ZERO-IG, RetinexNet, Jeon et al., and MSRCR,
which provide comparable or greater luminance gains, Zero-MS maintains substantially
lower residuals. Overall, these results show that Zero-MS achieves a favorable balance
among dark-region brightness recovery, high-frequency disturbance control, and structure
preservation. Its low residuals, together with its structure-preservation performance,
suggest that noise suppression is not achieved solely through excessive smoothing.

Table 4. Quantitative results on the NPE dataset. The symbols ↑ and ↓ indicate that higher and lower
values are better, respectively. The best, second-best, and third-best results are highlighted in bold
red, blue, and brown, respectively.

Methods
Visual Quality Denoising Performance

PIQE ↓ BRISQUE ↓ σ̂n ↓ σRn ↓ PNPS ↓
CLAHE [5] 14.5490 23.4263 2.8783 9.8481 12.2276
MSRCR [6] 12.2045 19.3031 2.1164 7.2109 0.7985
LIME [7] 14.6989 20.1091 2.8976 13.5124 7.9475
Jeon et al. [9] 12.2578 15.3135 3.1648 12.1476 4.9068
NPLIE [8] 12.1418 17.4079 2.9371 11.2903 6.5845
ZRCRN [17] 14.0335 21.8698 2.5151 9.4575 4.5302
ZERO-IG [4] 12.6498 26.2115 3.9067 14.2973 6.0745
Zero-DCE [15] 13.0088 23.0987 2.5198 10.2996 5.4996
Zero-DCE++ [16] 12.6710 21.6166 1.5426 8.2163 3.5749
RetinexNet [10] 11.1549 12.5517 3.9531 12.6122 8.3565
Pie [11] 13.6224 24.4788 2.5164 10.7490 7.4119
DI-Retinex [12] 14.9845 43.2812 2.0274 8.8064 1.3164
CoLIE [18] 11.6032 17.8360 2.2818 8.9772 4.9297

Zero-MS 12.0764 13.6440 1.8886 6.8890 2.6555

Figure 5. Analysis of noise-related characteristics and enhancement trade-offs on the LOL-v1 dataset.
(a) Dark-region high-frequency residual distribution. (b) Local residual variation distribution.
(c) Luminance-conditioned high-frequency residual. Solid curves represent the median residual in
each bin, while shaded regions indicate the interquartile range (25th–75th percentiles) across valid
test images. N denotes the number of valid images contributing to each bin. Lower residual values
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indicate weaker image-domain high-frequency fluctuations. (d) Noise–structure preservation trade-
off. (e) Enhancement–noise trade-off. The compared methods include CLAHE [5], MSRCR [6],
LIME [7], NPLIE [8], Jeon et al. [9], Zero-DCE [15], Zero-DCE++ [16], ZRCRN [17], ZERO-IG [4],
RetinexNet [10], Pie [11], CoLIE [18], and DI-Retinex [12]. Please zoom in for clearer visualization.

4.2.2. Qualitative Comparison

Although quantitative metrics help evaluate low-light image enhancement, they do
not fully capture perceptual quality. We therefore compare the visual results of Zero-MS
with competing methods on the LOL-v1, LOL-v2-Real, and NPE datasets. As shown in
Figure 6, CLAHE, NPLIE, Pie, Zero-DCE, and Zero-DCE++ improve visibility in some
dark regions but leave much of the image underexposed. MSRCR increases brightness but
introduces noticeable color shifts and reduces contrast. RetinexNet shows color distortion
and a slightly washed-out appearance. LIME, Jeon et al., and ZERO-IG provide stronger
brightness enhancement, although some yellow and red regions appear overly saturated
compared with the ground truth. DI-Retinex achieves relatively uniform exposure but
produces a somewhat dull result. CoLIE and ZRCRN retain recognizable structural details,
although some shadows remain dark. In contrast, Zero-MS improves dark-region visibility
without obvious overexposure in bright areas. The toy, color chart, and right-side textures
are more clearly revealed, with relatively natural transitions between bright and dark
regions. However, some dark areas remain slightly under-enhanced, and minor color
differences persist compared with the ground truth. The corresponding vectorscopes
further illustrate differences in chroma distribution. NPLIE, Pie, Zero-DCE++, and DI-
Retinex show relatively concentrated distributions, while CLAHE exhibits a broader spread
in some chromatic directions. In contrast, LIME, Jeon et al., RetinexNet, and ZERO-IG
achieve mean chroma values of 25.30, 27.09, 27.24, and 26.84, respectively, exceeding the
ground-truth value of 17.17. Although MSRCR’s mean chroma is close to the reference, its
mean V value of −11.83 differs substantially from the ground-truth value of 9.78. Zero-MS
achieves mean U and V values of −6.42 and 10.21, close to the reference values of −8.81
and 9.78. Its mean and median chroma values are 14.78 and 10.44, compared with 17.17
and 13.34 for the ground truth. Its chroma standard deviation is also lower, indicating
a narrower distribution. Overall, the visual comparison and vectorscopes suggest that
Zero-MS improves exposure while maintaining relatively consistent color characteristics,
although its chroma distribution remains narrower than that of the reference image. As
shown in Figure 7, CLAHE, NPLIE, and Pie provide insufficient enhancement. MSRCR
and Zero-DCE++ introduce noticeable color shifts, while Jeon et al. and ZERO-IG improve
brightness but overexpose and oversaturate. RetinexNet produces oversaturated vegetation.
CoLIE, Zero-DCE, and ZRCRN yield relatively stable results, although their illumination
or contrast recovery remains limited. LIME and DI-Retinex achieve more natural exposure.
However, LIME shows excessive saturation and less-smooth sky regions, while DI-Retinex
introduces visible noise. In contrast, Zero-MS produces smoother transitions in the sky
and building regions without noticeable color shifts. Its overall tone is also closer to the
reference image. The enlarged regions reveal grainy artifacts in the results of MSRCR,
CLAHE, Jeon et al., NPLIE, RetinexNet, Pie, ZERO-IG, Zero-DCE, and CoLIE. These
artifacts are less apparent in Zero-MS, which avoids noticeable noise amplification and
over-sharpening. Overall, Zero-MS achieves a favorable balance among illumination
recovery, color preservation, and noise suppression. As shown in Figure 8, the lower panels
show spatial brightness maps derived from the enhanced images using the same guided-
filtering procedure, rather than method-specific illumination estimates. CLAHE, NPLIE,
Pie, and CoLIE leave some shadowed regions relatively dark, while MSRCR produces
strong overall brightening but reduces contrast. ZRCRN and RetinexNet show noticeable
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color or tonal shifts. DI-Retinex and ZERO-IG produce extensive bright regions in the sky
and around light sources, with reduced tonal variation. In comparison, Zero-MS improves
vehicle and road visibility while preserving structural details and moderate brightness
transitions. Its brightness map also shows less extensive high-brightness regions than
methods with pronounced over-enhancement. These results suggest that Zero-MS achieves
a reasonable balance between shadow enhancement and highlight preservation in the
illustrated scene.

Figure 6. Qualitative comparison of Zero-MS and other methods on the LOL-v2-Real dataset. For
each method, the enhanced image is shown in the upper panel, with the corresponding vectorscope
in the lower panel. The vectorscope illustrates color direction and chroma strength through the U–V
distribution. Points closer to the center indicate lower chroma, while those farther away indicate
higher chroma. An overall shift in the distribution may suggest a color bias. Mean U/V values
describe the average chroma direction. Mean Chroma and Median Chroma measure chroma strength,
while Chroma Std indicates the distribution’s spread. Please zoom in for clearer visualization.

Figure 7. Qualitative comparisons between Zero-MS and other methods on the LOL-v1 dataset.
For each method, the left panel shows the full, enhanced image, while the right panel provides a
magnified view of the region marked by a red box. Please zoom in for better visualization.
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Figure 8. Qualitative comparison of low-light image enhancement results and corresponding bright-
ness distributions on the NPE dataset. The upper panels show the input or enhanced images, while
the lower panels display brightness maps derived from the maximum RGB channel values and
refined using grayscale-guided filtering. All maps use a fixed [0, 1] scale for consistent comparison.
The mean, median, and standard deviation describe the brightness distribution. Dark and bright
areas indicate the proportions of pixels with values below 0.20 and above 0.80, respectively. These
maps represent spatial brightness distributions rather than illumination components estimated by
individual methods. Please zoom in for clearer visualization.

4.2.3. Efficiency and Complexity Comparison

As shown in Table 5, Zero-MS has the third-lowest parameter count and model size
among the compared models with reported complexity data, requiring only 0.029740 M
parameters and 0.138001 MB of storage. Compared with DI-Retinex, ZERO-IG, CoLIE,
and RetinexNet, its parameter count is reduced by 29.50%, 65.65%, 77.66%, and 93.31%,
respectively. The corresponding reductions in model size are 19.56%, 61.45%, 74.34%,
and 92.24%. However, its mean runtime of 0.838589 ms is longer than that of the other
eight models with reported parameter counts. The sequential denoising, multi-scale illumi-
nation recovery, and structure-aware refinement stages may contribute to this additional
processing overhead. Despite the longer runtime, Zero-MS achieves the highest PSNR of
18.6513 dB and SSIM of 0.7918 on LOL-v1. It also obtains the lowest CIEDE2000 of 0.0874,
PIQE of 4.3103, and BRISQUE of 17.0363. These results highlight Zero-MS’s advantages
in enhancement quality and model compactness, although its inference speed remains
a limitation.
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Table 5. Comparison of model complexity and inference-time stability on the LOL-v1 dataset in
terms of parameter count, model size, and runtime standard deviation. The symbols ↑ and ↓ indicate
that higher and lower values are better, respectively. The best, second-best, and third-best results are
highlighted in bold red, blue, and brown, respectively.

Methods Params. (M) ↓ Model Size (MB) ↓ Mean Runtime (ms) ↓
CLAHE [5] - - 0.002989
MSRCR [6] - - 3.478907

LIME [7] - - 50.986181
Jeon et al. [9] - - 0.158808

NPLIE [8] - - 1.455616
ZRCRN [17] 0.000075 0.003184 0.049109
ZERO-IG [4] 0.086572 0.358013 0.113388

Zero-DCE [15] 0.079416 0.322804 0.225698
Zero-DCE++ [16] 0.010561 0.052226 0.010319
RetinexNet [10] 0.444613 1.778452 0.257137

Pie [11] 0.079416 0.322804 0.224405
DI-Retinex [12] 0.042182 0.171568 0.023920

CoLIE [18] 0.133121 0.537714 0.052782

Zero-MS 0.029740 0.138001 0.838589

4.3. Ablation Study

To evaluate the contribution of each component of Zero-MS, we conduct ablation
studies at three levels: modules, internal components, and loss functions. The module-
level study examines the individual and combined effects of MIDM, MSLM, and SRM.
The component-level study evaluates the directional states and selective gates in MIDM; the
local detail, global exposure, and contrast components in MSLM; and the texture and noise
gates and detail terms in SRM. Loss ablations assess the contribution of each perceptual
constraint. In the tables, ✓ indicates that the corresponding module, component, or loss
term is included, whereas ✗ indicates that it is excluded. The notation w/o X indicates the
removal of component X while keeping all other settings unchanged. Only X indicates that
only component X is retained, with the remaining components in the same group removed.
Full Model denotes the complete configuration with all proposed components enabled.

4.3.1. Ablation on Module Combinations

As shown in Table 6, the full model ranks first in four of the eight metrics and second in
the remaining four, indicating balanced overall performance. Compared with w/o MIDM,
the full model improves PSNR and SSIM by 1.67% and 14.62%, respectively, while reducing
PIQE and BRISQUE by 61.59% and 41.47%. The marked reduction in PNPS further supports
MIDM’s contribution to noise suppression. Removing MSLM substantially degrades PSNR,
SSIM, and perceptual quality, highlighting its role in preserving local textures and restoring
spatially nonuniform illumination. Compared with w/o SRM, the full model improves
PSNR and SSIM by 1.85% and 3.08%, respectively. It also reduces CIEDE2000, PIQE, and all
three noise-related metrics, with PNPS decreasing by 38.43%. These results demonstrate
the complementary roles of MIDM, MSLM, and SRM in noise suppression, illumination
recovery, and reflectance refinement.
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Table 6. Ablation study on module combinations. The symbols ✗ and ✓ indicate that the correspond-
ing module is excluded and included, respectively. The symbols ↑ and ↓ indicate that higher and
lower values are better, respectively. The best, second-best, and third-best results are highlighted in
bold red, blue, and brown, respectively.

Methods MIDM MSLM SRM
Information Fidelity Visual Quality Denoising Performance

PSNR ↑ SSIM ↑ CIEDE2000 ↓ PIQE ↓ BRISQUE ↓ σ̂n ↓ σRn ↓ PNPS ↓

w/o MIDM ✗ ✓ ✓ 18.3402 0.6760 0.0867 11.2227 29.1052 5.5749 7.6276 26.9117
w/o MSLM ✓ ✗ ✓ 5.3725 0.4712 0.3058 19.9124 27.1819 0.9513 1.2321 0.2190
w/o SRM ✓ ✓ ✗ 18.3063 0.7674 0.0916 5.4737 19.9521 3.0394 6.3768 10.1559

Full Model ✓ ✓ ✓ 18.6513 0.7918 0.0874 4.3103 17.0363 2.4504 4.6650 6.2530

4.3.2. Ablation on Module Components

Ablation on MIDM: As shown in Table 7, the full model improves PSNR and SSIM by
0.79% and 0.45%, respectively, while reducing CIEDE2000 by 0.91% compared with w/o S.
The three noise-related metrics, σ̂n, σRn , and PNPS, decrease by 4.74%, 1.92%, and 0.84%,
respectively. Compared with the single-direction configurations (only Slr, Srl , Stb, and Sbt),
the full model achieves the best PSNR, SSIM, CIEDE2000, σRn , and PNPS, along with the
second-best σ̂n. Despite a 2.37% increase in BRISQUE, the full model provides a more
balanced overall performance. These results suggest that combining four directional states
is more effective than relying on a single direction to balance reconstruction quality and
noise suppression. As shown in Table 8, the full model ranks among the top three across
all eight metrics. It achieves the best PSNR and ranks second in SSIM, CIEDE2000, and all
three noise-related metrics. Compared with w/o G, PSNR and SSIM increase by 0.21%
and 0.48%, respectively, while PIQE decreases by 1.04%. The values of σ̂n, σRn , and PNPS

decrease by 1.06%, 5.86%, and 5.97%, respectively. Although CIEDE2000 and BRISQUE
increase by 0.45% and 4.00%, the full model achieves better information fidelity and noise
suppression. Compared with only Gd, it improves SSIM by 1.63% and reduces PIQE by
9.12%, with reductions of 5.36%, 10.54%, and 20.15% in the three noise-related metrics.
Compared with only Gc, PSNR increases by 0.84%, while CIEDE2000, σRn , and PNPS

decrease by 1.45%, 2.43%, and 4.28%, respectively. Although only Gr performs better on
some individual metrics, its PSNR is 1.08% lower and CIEDE2000 is 4.33% higher than
those of the full model. Overall, the full model achieves a favorable balance between
information fidelity, visual quality, and noise suppression. Ablation on MSLM: As shown
in Table 9, the full model performs well across most metrics. Compared with w/o Dl ,
the full model improves PSNR and SSIM by 0.77% and 0.47%, respectively, while reducing
PIQE, BRISQUE, and σ̂n by 9.66%, 32.82%, and 5.11%. These results support the role of
Dl in preserving local details. Compared with w/o Eg, the full model improves PSNR by
1.35% and reduces PIQE, BRISQUE, and PNPS by 4.18%, 23.03%, and 1.32%, respectively,
highlighting the contribution of Eg to global illumination recovery. Performance declines
most when Fc is removed. Compared with this variant, the full model improves PSNR
and SSIM by 5.95% and 7.03%, while reducing CIEDE2000, PIQE, and BRISQUE by 7.32%,
30.05%, and 32.43%, respectively. The three noise-related metrics also decrease by 16.67%,
11.43%, and 30.76%. Overall, these results demonstrate the complementary roles of the
MSLM components in balancing illumination recovery and detail preservation. Ablation on
SRM: As shown in Table 10, the full model achieves a favorable balance among information
fidelity, perceptual quality, and noise suppression. Compared with w/o Gt, the full model
improves PSNR and SSIM by 3.64% and 3.36%, respectively, while reducing CIEDE2000,
BRISQUE, and PNPS by 14.23%, 32.76%, and 42.01%. Compared with w/o Dt, PSNR and
SSIM increase by 3.46% and 7.81%, while PIQE, σ̂n, and PNPS decrease by 33.20%, 21.97%,
and 35.16%, respectively. The largest performance degradation occurs when Dn is removed.
Although w/o Gn achieves lower noise-related metrics, its PIQE and BRISQUE scores
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are substantially worse. Compared with this variant, the full model reduces PIQE and
BRISQUE by 88.59% and 59.77%, respectively. These results indicate that the complete SRM
provides a better balance among structural preservation, perceptual quality, and residual
noise suppression.

Table 7. Ablation results for the directional states in MIDM. The symbols ✗ and ✓ indicate that the
corresponding module is excluded and included, respectively. The symbols ↑ and ↓ indicate that
higher and lower values are better, respectively. The best, second-best, and third-best results are
highlighted in bold red, blue, and brown, respectively.

Methods Slr Srl Stb Sbt
Information Fidelity Visual Quality Denoising Performance

PSNR ↑ SSIM ↑ CIEDE2000 ↓ PIQE ↓ BRISQUE ↓ σ̂n ↓ σRn ↓ PNPS ↓
w/o S ✗ ✗ ✗ ✗ 18.5040 0.7882 0.0882 4.3120 16.6422 2.5723 4.7561 6.3061
only Slr ✓ ✗ ✗ ✗ 18.5105 0.7877 0.0875 4.1659 15.3429 2.3620 4.7800 6.3058
only Srl ✗ ✓ ✗ ✗ 18.5592 0.7884 0.0908 4.3404 16.5378 2.4877 4.8838 6.5094
only Stb ✗ ✗ ✓ ✗ 18.5946 0.7841 0.0876 4.3195 16.6712 2.6494 5.0369 7.4401
only Sbt ✗ ✗ ✗ ✓ 18.5329 0.7892 0.0879 4.1297 16.6629 2.5389 4.7134 6.4690

Full Model ✓ ✓ ✓ ✓ 18.6513 0.7918 0.0874 4.3103 17.0363 2.4504 4.6650 6.2530

Table 8. Ablation results for the noise gate in MIDM. The symbols ✗ and ✓ indicate that the
corresponding module is excluded and included, respectively. The symbols ↑ and ↓ indicate that
higher and lower values are better, respectively. The best, second-best, and third-best results are
highlighted in bold red, blue, and brown, respectively.

Methods Gr Gd Gc

Information Fidelity Visual Quality Denoising Performance

PSNR ↑ SSIM ↑ CIEDE2000 ↓ PIQE ↓ BRISQUE ↓ σ̂n ↓ σRn ↓ PNPS ↓

w/o G ✗ ✗ ✗ 18.6113 0.7880 0.087036 4.3555 16.3806 2.4767 4.9553 6.6498
only Gr ✓ ✗ ✗ 18.4497 0.7931 0.091385 4.1929 17.1579 2.2437 4.5170 5.6077
only Gd ✗ ✓ ✗ 18.5925 0.7789 0.087435 4.7430 16.0458 2.5891 5.2148 7.8313
only Gc ✗ ✗ ✓ 18.4954 0.7890 0.088710 4.1975 17.0725 2.4792 4.7814 6.5327

Full Model ✓ ✓ ✓ 18.6513 0.7918 0.087425 4.3103 17.0363 2.4504 4.6650 6.2530

Table 9. Ablation results for the components of MSLM. The symbols ✗ and ✓ indicate that the
corresponding module is excluded and included, respectively. The symbols ↑ and ↓ indicate that
higher and lower values are better, respectively. The best, second-best, and third-best results are
highlighted in bold red, blue, and brown, respectively.

Methods Dl Eg Fc
Information Fidelity Visual Quality Denoising Performance

PSNR ↑ SSIM ↑ CIEDE2000 ↓ PIQE ↓ BRISQUE ↓ σ̂n ↓ σRn ↓ PNPS ↓
w/o Dl ✗ ✓ ✓ 18.5086 0.7881 0.0900 4.7713 25.3609 2.5824 4.8640 6.2252
w/o Eg ✓ ✗ ✓ 18.3989 0.7890 0.0862 4.4982 22.1344 2.4921 4.5409 6.3364
w/o Fc ✓ ✓ ✗ 17.5423 0.7361 0.0943 6.1623 25.2116 2.9407 5.2671 9.0311

Full Model ✓ ✓ ✓ 18.6513 0.7918 0.0874 4.3103 17.0363 2.4504 4.6650 6.2530

Table 10. Ablation results for the components of SRM. The symbols ✗ and ✓ indicate that the
corresponding module is excluded and included, respectively. The symbols ↑ and ↓ indicate that
higher and lower values are better, respectively. The best, second-best, and third-best results are
highlighted in bold red, blue, and brown, respectively.

Methods Gt Gn Dt Dn
Information Fidelity Visual Quality Denoising Performance

PSNR ↑ SSIM ↑ CIEDE2000 ↓ PIQE ↓ BRISQUE ↓ σ̂n ↓ σRn ↓ PNPS ↓
w/o Gt ✗ ✓ ✓ ✓ 17.9715 0.7652 0.1019 4.4083 25.3356 2.8578 6.4519 10.7837
w/o Gn ✓ ✗ ✓ ✓ 18.4567 0.7931 0.0856 37.7736 42.3501 0.3854 2.7002 2.1076
w/o Dt ✓ ✓ ✗ ✓ 18.0059 0.7300 0.0953 6.4521 18.6239 3.1402 5.4907 9.6433
w/o Dn ✓ ✓ ✓ ✗ 15.0300 0.4817 0.1318 10.9573 32.5732 7.0613 8.0119 23.6310

Full Model ✓ ✓ ✓ ✓ 18.6513 0.7918 0.0874 4.3103 17.0363 2.4504 4.6650 6.2530
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4.3.3. Ablation on Loss Function

As shown in Table 11, the full model ranks among the top three across all eight metrics,
achieving the highest PSNR of 18.6513 dB and the lowest CIEDE2000 of 0.0874. The ablation
results also reveal differences in the effects of individual loss terms. Removing Lmscn yields
a slightly higher SSIM of 0.7958, but reduces PSNR and degrades the visual quality and
noise-related metrics. Without Lnoise, all three noise-related metrics increase, indicating
that it limits residual image-domain fluctuations. Notably, removing Lsat achieves the
best results for PIQE, BRISQUE, and all three noise-related metrics. However, PSNR and
SSIM decrease to 18.4200 dB and 0.7897, respectively, while CIEDE2000 increases to 0.0892.
Removing Lclip also improves selected no-reference metrics but reduces reconstruction and
color fidelity. These findings highlight the trade-off between information fidelity, perceptual
quality, and noise suppression. The full loss configuration achieves better reconstruction
and color fidelity while maintaining competitive performance on the remaining metrics,
rather than optimizing each metric independently.

Table 11. Ablation results for the perceptual loss terms. The symbols ✗ and ✓ indicate that the
corresponding module is excluded and included, respectively. The symbols ↑ and ↓ indicate that
higher and lower values are better, respectively. The best, second-best, and third-best results are
highlighted in bold red, blue, and brown, respectively.

Methods Lmscn Lnoise Lclip Lsat
Information Fidelity Visual Quality Denoising Performance

PSNR ↑ SSIM ↑ CIEDE2000 ↓ PIQE ↓ BRISQUE ↓ σ̂n ↓ σRn ↓ PNPS ↓
w/o Lperc ✗ ✗ ✗ ✗ 18.4769 0.7475 0.0889 7.3667 25.3760 3.7628 5.6161 13.7544
w/o Lmscn ✗ ✓ ✓ ✓ 18.4431 0.7958 0.0907 5.7838 19.0323 3.0074 5.5889 11.6442
w/o Lnoise ✓ ✗ ✓ ✓ 18.5302 0.7731 0.0891 4.8824 19.1448 3.1827 5.2485 9.0256
w/o Lclip ✓ ✓ ✗ ✓ 18.5012 0.7901 0.0895 4.2843 16.5390 2.4217 4.7641 6.4185
w/o Lsat ✓ ✓ ✓ ✗ 18.4200 0.7897 0.0892 4.2265 15.1818 2.2517 4.4996 5.4937

Full Model ✓ ✓ ✓ ✓ 18.6513 0.7918 0.0874 4.3103 17.0363 2.4504 4.6650 6.2530

4.4. Hyperparameter Sensitivity Analysis
4.4.1. Training Hyperparameter Sensitivity

To evaluate hyperparameter sensitivity and training convergence, Figure 9 presents
the normalized performance metrics and training loss curves of Zero-MS. As shown in
Figure 9a, a batch size of 4 achieves favorable PSNR, SSIM, and CIEDE2000 results, balanc-
ing reconstruction fidelity, structural preservation, and color consistency. Although larger
batch sizes yield better PIQE or BRISQUE scores in some cases, their performance on
other metrics is less favorable. Figure 9b shows that a learning rate of 0.003 achieves the
best PSNR, SSIM, and BRISQUE results among the tested settings. In contrast, a learning
rate of 0.001 improves CIEDE2000 and PIQE but yields lower PSNR and higher BRISQUE.
As shown in Figure 9c, the threshold θ = 0.55 achieves the best PSNR, SSIM, and CIEDE2000
results, while θ = 0.75 produces lower PIQE and BRISQUE scores. Based on overall perfor-
mance, a batch size of 4, a learning rate of 0.003, and θ = 0.55 are selected as the default
settings. Finally, Figure 9d shows that the training loss decreases rapidly at first, and then
declines more slowly with occasional fluctuations. Beyond approximately 2,000 epochs,
further reductions are modest. Therefore, 2,000 epochs are selected to balance convergence
and computational cost.
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Figure 9. Hyperparameter sensitivity and training convergence of Zero-MS. (a) Performance com-
parison across different batch sizes. (b) Performance comparison across different learning rates.
(c) Performance comparison across different threshold values θ. (d) Training loss convergence, with a
zoomed-in view of the later training stage. The evaluation metrics in (a–c) are normalized to a com-
mon scale, with values closer to the outer boundary indicating better performance. In (d), the light-
blue and dark-blue curves represent the original and smoothed training losses, respectively. Please
zoom in for clearer visualization.

4.4.2. Method Hyperparameter Sensitivity

To evaluate the selected hyperparameter settings, we jointly vary several parameters
around their default values. The results are presented in Table 12. Among the tested
configurations, the default setting achieves the best overall performance. Increasing or
decreasing the parameter values leads to varying degrees of performance degradation
across the evaluated metrics. These results suggest that the default configuration provides a
favorable balance among reconstruction accuracy, structural preservation, color consistency,
and perceptual quality within the tested range. We therefore adopt this configuration in
the final model. To examine how pooling scales affect low-light image enhancement, we
compare different single-scale and multi-scale average pooling configurations. The results
are presented in Table 13. For single-scale pooling, smaller kernels better preserve local
structural details but capture large-scale illumination variations less effectively. Larger
kernels expand the receptive field but may weaken fine textures. Thus, a single pooling scale
struggles to balance preserving local detail and modeling global illumination. In contrast,
multi-scale pooling combines information across spatial scales to better represent complex
illumination patterns. Among the tested configurations, the proposed setting achieves
the best overall performance, providing a favorable balance between local detail recovery
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and global illumination modeling. Therefore, Zero-MS adopts this multi-scale pooling
configuration for feature extraction.

Table 12. Quantitative evaluation of joint hyperparameter configurations. The symbols ↑ and ↓
indicate that higher and lower values are better, respectively. The best, second-best, and third-best
results are highlighted in bold red, blue, and brown, respectively.

Configuration α1 α2 α3 α4 β1 ω1 ω2 ω3 PSNR ↑ SSIM ↑ CIEDE2000 ↓ PIQE ↓ BRISQUE ↓

Parameter 1 0.55 0.50 0.02 0.30 0.40 0.60 0.10 0.050 18.2858 0.7465 0.0909 6.4263 28.8807
Parameter 2 0.65 0.60 0.04 0.40 0.50 0.70 0.15 0.075 18.4084 0.7282 0.0885 8.5408 26.5232
Parameter 4 0.85 0.80 0.08 0.60 0.70 0.90 0.25 0.125 18.3054 0.7294 0.0907 8.3858 25.7531
Parameter 5 0.95 0.90 0.10 0.70 0.80 1.00 0.30 0.150 18.2269 0.7210 0.0896 9.3643 36.0572

Zero-MS 0.75 0.70 0.06 0.50 0.60 0.80 0.20 0.100 18.6513 0.7918 0.0874 4.3103 17.0363

Table 13. Sensitivity analysis of different pooling-scale configurations. The parameters k f , km, and kc

denote fine-, intermediate-, and coarse-scale average pooling kernel sizes, respectively. The symbols
↑ and ↓ indicate that higher and lower values are better, respectively. The best, second-best, and
third-best results are highlighted in bold red, blue, and brown, respectively.

Configuration k f km kc PSNR ↑ SSIM ↑ CIEDE2000 ↓ PIQE ↓ BRISQUE ↓

Single-scale (3) 3 3 3 18.4986 0.7914 0.0878 5.6032 21.3570
Single-scale (5) 5 5 5 18.6357 0.7786 0.0895 4.6666 23.8200
Single-scale (7) 7 7 7 18.2912 0.7647 0.0888 5.1158 25.0668
Single-scale (9) 9 9 9 17.9203 0.7438 0.0914 5.6164 26.2616

Multi-scale (3, 5, 9) 3 5 9 18.6309 0.7897 0.0875 4.4926 17.3057
Multi-scale (3, 7, 9) 3 7 9 18.3521 0.7882 0.0876 4.1679 17.6260
Multi-scale (5, 7, 9) 5 7 9 18.4128 0.7636 0.0883 5.1808 26.0993

Zero-MS 3 5 7 18.6513 0.7918 0.0874 4.3103 17.0363

5. Discussion and Limitations
Low-light image enhancement requires balancing illumination recovery, noise suppres-

sion, and detail preservation. Zero-MS addresses these challenges through a noise-aware
Retinex framework that integrates denoising, illumination restoration, and structural re-
finement. Ablation studies demonstrate the complementary roles of these modules in
improving overall image quality. Perceptual constraints further help balance reconstruction
fidelity and visual quality. Comparisons with existing methods illustrate these trade-offs.
Although LIME and DI-Retinex achieve lower high-frequency residuals in some cases,
Zero-MS provides greater brightness recovery in dark regions. In contrast, ZERO-IG and
RetinexNet achieve stronger illumination enhancement but exhibit more high-frequency
disturbances. These findings suggest that lower noise residuals alone do not guarantee
better visual quality. By combining structural refinement with perceptual constraints,
Zero-MS maintains a favorable balance among illumination recovery, noise suppression,
and texture preservation. Nevertheless, some limitations remain. Certain dark regions are
still slightly under-enhanced compared with the reference images, suggesting room for
improvement in local illumination modeling. Although Zero-MS aims to suppress image-
domain high-frequency noise, the datasets used in this study do not provide separate
measurements of individual sensor-noise components. Despite its compact design, Zero-
MS exhibits greater runtime than most competing methods. Future work will explore more
flexible local illumination modeling, systematic approaches to the targeted suppression of
specific noise components, and methods to reduce inference time for practical deployment.
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6. Conclusions
This paper proposes Zero-MS, a lightweight zero-shot low-light image enhancement

method based on a noise-aware Retinex framework. It integrates MIDM for noise modeling
and suppression, MSLM for multi-scale illumination recovery, and SRM for reflectance
structure refinement. Experimental comparisons and ablation studies show that these
modules jointly improve reconstruction fidelity, visual quality, and noise suppression
while preserving structural details. Its low parameter count and small model size further
demonstrate its compact design. However, some dark regions remain slightly under-
enhanced. The specific types of noise it suppresses remain unclear, and its runtime is higher
than most competing methods. Future work will focus on more flexible local illumination
modeling, targeted suppression of specific noise, and reduced runtime. Overall, Zero-
MS provides a compact approach that balances illumination recovery, noise suppression,
and detail preservation.
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