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Abstract

In recent years, Mamba has gained increasing importance in the field of image restoration,
gradually outperforming traditional convolutional neural networks (CNNs) and Trans-
formers. However, the existing Mamba-based networks mainly focus on capturing global
contextual relationships and neglect the crucial impact of local feature interactions on
restoration performance in low-light environments. These environments inherently require
the joint optimization of multi-scale spatial dependencies and frequency-domain charac-
teristics. The traditional CNNs and Transformers face challenges in modeling long-range
dependencies, while State Space Models (SSMs) in Mamba demonstrate proficiency in
sequential modeling yet exhibit limitations in fine-grained feature extraction. To address
the limitations of existing methods in capturing global degradation patterns, this paper
proposes a novel global-to-local feature extraction framework through systematic Mamba
integration. The Low-Frequency Mamba Block (LFMBIlock) is introduced first to perform
refined feature extraction in the low-frequency domain. The High-Frequency Guided
Enhancement Block (HFGBlock) is used, which utilizes low-frequency priors to compensate
for texture distortions in high-frequency components. Comprehensive experiments on
multiple benchmark datasets show that the Global-to-Local Mamba architecture achieves
superior performance in low-light restoration and image enhancement. It significantly
outperforms state-of-the-art methods in both quantitative metrics and visual quality preser-
vation, especially in recovering edge details and suppressing noise amplification under
extreme illumination conditions. The hierarchical design effectively bridges global struc-
tural recovery with local texture refinement, setting a new paradigm for frequency-aware
image restoration.

Keywords: low-light environment; state space models; Low-Frequency Mamba Block;
High-Frequency Guided Enhancement Block

1. Introduction

Within the realm of image restoration technologies [1,2], low-light enhancement [3,4],
together with other crucial research areas like dehazing [5,6], motion deblurring [7], and
super-resolution reconstruction [8,9], form the core technological spectrum for enhancing
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digital image quality. As a cutting-edge research domain in computer vision, low-light
image enhancement primarily confronts technical challenges that stem from the dual con-
straints of inadequate illumination and the inherent physical limitations of imaging sensors.
These constraints collectively lead to nonlinear radiometric distortions, loss of frequency-
domain information, and spatially heterogeneous noise patterns in captured images. These
degradations not only impair human visual perception but also degrade the performance
of downstream vision tasks such as object detection and semantic segmentation. There-
fore, effective low-light enhancement is essential for both human-centric and machine
vision applications.

The advent of convolutional neural networks [10] (CNNSs) has revolutionized the land-
scape of deep learning, propelling hierarchical feature representation-based methods [11]
to become the dominant paradigm. By leveraging multi-scale convolutional kernels to
aggregate local receptive fields, CNN architectures have achieved significant improvements
in objective metrics like PSNR. Their inherent weight-sharing property effectively reduces
the risk of model overfitting. However, the inductive bias imposed by fixed receptive fields
in CNNs limits their ability to model global illumination, while the parameter-sharing
mechanism restricts their adaptability to diverse degradation patterns, particularly in sce-
narios requiring spatially variant restoration of non-uniform illumination artifacts and noise
distributions. This architectural limitation originates from the inherent conflict between
the local operation paradigm of CNNs and the global-local interdependence inherent in
low-light enhancement tasks.

Recent advancements in vision enhancement have underscored the transformative
potential of Transformer architectures, which transcend spatial constraints through self-
attention mechanisms. Although the global attention computation in Transformer-based
architectures [12,13] establishes long-range pixel dependencies, the quadratic increase in
computational demands for high-resolution images introduces a new trade-off between
perceptual quality and model efficiency.

Amid growing interest in efficient long-range modeling, Mamba [14] has emerged as
a compelling alternative to attention-based architectures, offering a global receptive field at
linear complexity through its selective scanning mechanism. Nonetheless, its inherently
unidirectional, sequential prior struggles to capture fine-grained local structures and is eas-
ily perturbed by complex noise distributions, particularly when simultaneous multi-scale
texture preservation and illumination correction are required. Recent remedies have intro-
duced non-causal scanning strategies, hybrid CNN-SSM blueprints, and frequency-domain
gating to inject local inductive biases, yet a systematic framework that seamlessly integrates
global context with localized, frequency-aware discrimination remains elusive. In the
Mamba framework [15,16], the Visual State Space Module [17] (VSSM) is adept at model-
ing long-range dependencies with linear complexity, thus serving as a computationally
efficient alternative to conventional Transformer architectures. Accordingly, we incorporate
the VSSM as the global feature extraction module within our proposed framework. This
integration capitalizes on the module’s ability to achieve a balance between computational
efficiency and extensive contextual modeling. It enables robust hierarchical representation
learning across both spatial and frequency domains, while preserving the fidelity of local
texture reconstruction.

To address these limitations and enhance Mamba’s local feature extraction capabilities,
we introduce the Global-to-Local Mamba framework. This framework integrates CNN-
based modules to augment local feature extraction, alleviate localized color distortions, and
refine restoration quality in fine-grained regions. The Multi-Scale Feedforward Network
(MSFFN), which builds on the GDFFN foundation, employs a sequential structure to
capture multi-scale features and enable precise recovery of textures and structural details.
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This framework proposes a novel approach for low-light image enhancement by combining
Mamba, wavelet transforms, and a global-to-local feature extraction strategy within a
U-Net architecture. The hierarchical design synergizes Mamba’s linear-complexity global
modeling with CNN’s localized inductive bias, facilitating adaptive illumination correction
and artifact suppression across both spatial and frequency domains.

Our main contributions are summarized as follows:

*  We propose a Global-to-Local Mamba network for low-light image restoration that
effectively captures intricate global and local dependency relationships.

*  Weincorporate wavelet transforms to avert information loss during downsampling
and devise a framework that amalgamates a Global Mamba Block, predicated on the
Visual State Space Module (VSSM) for long-range dependency modeling, which can
progressively distill multi-level features.

¢ We integrate a novel Multi-Scale Feedforward Network (MSFEN) to supply com-
plementary structural features across scales, leveraging rich low-frequency feature
information to guide the restoration of high-frequency details.

¢  Extensive experiments conducted across multiple benchmark datasets demonstrate
the superior performance of the proposed model, achieving state-of-the-art results in
quantitative metrics while maintaining exceptional visual fidelity in restored images.

2. Related Works
2.1. Low-Light Image Enhancement

Low-light image restoration is dedicated to recovering image details and textures
in low-light conditions. With the advent of novel paradigms and frameworks, this
field has witnessed significant advancements. Traditional low-light image restoration
methods [18-20] commonly utilize techniques such as histogram equalization, gamma
correction, and Retinex theory [21]. These methodologies enhance image contrast and
brightness by either adjusting grayscale distributions or applying nonlinear functions to
modify pixel values. In recent years, the progression of deep learning [22] has spurred the
continuous proposal of data-driven approaches for low-light image enhancement (LLIE),
as illustrated in Figure 1. LLNet is a pioneering CNN-based method in this domain, em-
ploying a stacked sparse denoising autoencoder architecture to concurrently achieve noise
suppression and illumination enhancement in low-light images. In the realm of LLIE,
numerous methods focus on improving illumination through dynamic range expansion
and contrast enhancement. Among these, Histogram Equalization (HE)-based approaches
are particularly noteworthy, encompassing Global HE (GHE) and Local HE (LHE). Despite
their popularity due to simplicity and computational efficiency, these methods often intro-
duce artifacts such as over-enhancement or under-enhancement, which can result in detail
loss in the processed images.

Zero-DCE [23] and its enhanced version, Zero-DCE++ [24], approach low-light image
enhancement (LLIE) as an image-specific curve estimation task. They investigate unsuper-
vised learning frameworks to enhance the generalization capability of networks. These
methods achieve substantial progress in enhancing image brightness and visual appeal
by adaptively estimating nonlinear pixel-wise mappings. They effectively circumvent the
reliance on paired training data while maintaining natural color consistency. Moreover,
diffusion models, such as the DiffLL network [25], have been employed to generate realistic
details in low-light tasks through a denoising process. Recently, RetinexMamba [26] and
MambaLLIE [27] have explored the use of Mamba-based networks to tackle LLIE chal-
lenges. Despite the promising performance of current LLIE methods, they predominantly
concentrate on the influence of global features, often overlooking the crucial guiding role
of local information in refining global representations. This oversight restricts their ability
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to integrate fine-grained details with holistic scene understanding, especially in scenarios
that demand precise illumination recovery and texture preservation.

2.2. State Space Models (SSMs)

In recent years, there have been significant advancements in deep learning frameworks
based on State Space Models (SSMs) [17]. The SSM architecture exhibits remarkable compu-
tational efficiency in modeling long-range dependencies, primarily due to its inherent linear
computational complexity in sequence processing. This represents a substantial advantage
over traditional Recurrent Neural Networks (RNNs) [28], which exhibit quadratic complex-
ity and are prone to gradient decay in long-sequence scenarios. Given a one-dimensional
input sequence x(t) € R, the system maps it to a new one-dimensional output sequence
y(t) € R through a latent state transformation /(¢) € R. This dynamical process is formally
defined by a linear ordinary differential equation (ODE), where the evolution of the latent
state explicitly governs the input-output mapping.

W' (t) = Ah(t) + Bx(t) (1)
y(t) = Ch(t) + Dx(t) (2)

Owing to the intrinsically analog characteristics of continuous-time state-space models,
discretization is essential for their computational implementation. The discrete analogs
of the continuous parameters A and B, represented as A and B, are obtained via the zero-
order hold (ZOH) method [29]. This transformation ensures compatibility with digital
systems while maintaining the dynamic properties of the original model. The ZOH-based
discretization process can be mathematically formulated as follows:

h; = Ah;_1 + Bx; (3)
Yt = Cht + Dx; 4)
A=et ®)
B=(AA)"1 (eAA - 1) " AB ©6)

where A denotes a step size.

This approach innovatively establishes a data-driven dynamic parameter selection
mechanism. It not only outperforms Transformer models on natural language processing
benchmarks but also retains the inherent linear complexity advantage with respect to
input scale. Among these advancements, MambalR [1] pioneers the first end-to-end
optimization framework for image super-resolution tasks based on State Space Models
(SSMs), while EVSSM constructs a lightweight SSM-based network for motion deblurring.
In recent years, RetinexMamba [26] first reformulates the classical Retinex decomposition
as a continuous-time state-space model and solves it with a discretized Mamba backbone,
thereby endowing low-light enhancement with a clear physical interpretation and strict
linear complexity. To fully develop the potential of Mamba in the low-illumination field,
MambaLLIE [27] introduces a Local-Enhanced State Space Block that enriches the original 1-
D Mamba scan with 2-D neighborhood residuals, while an implicit Retinex prior generated
from max-mean statistics is injected through a lightweight depthwise gating mechanism.
Nevertheless, the max-mean prior remains a single, scene-averaged statistic, so it mistakes
overlapping sharp shadows for genuine illumination edges; the network then amplifies
these false contours, producing noticeable color shifts. Wave-Mamba [30] first explores
the role of frequency domain features in low-light enhancement, which casts the feature
map into a wavelet packet domain and applies a frequency-selective Mamba scan that
skips low-magnitude coefficients, achieving token reduction without sacrificing perceptual
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information. These methods based Mamba have successfully extended SSM frameworks to
low-light image enhancement (LLIE) by designing multi-scale feature fusion mechanisms.
Building upon these technological advancements, our paper proposes a novel global-local
feature extraction paradigm to enhance high-order semantic representation learning within
SSMs for LLIE tasks. This approach addresses the limitations of existing methods in
capturing hierarchical illumination-reflectance relationships.

':ﬁl.'.' W&ﬂ | R i ; 7 [ FT'[ \j;_ﬂ

v
»

(c) Ours (d) Ground Truth

Figure 1. We compare qualitative results on the LOL-vldataset using three strategies: (a) Only Retain
High-Frequency Blocks, (b) Only Retain Low-Frequency Blocks, and (c) our proposed method. Zoom
in for a better view.

2.3. Wavelet Transformation

The wavelet transform serves as a time-frequency analysis tool that captures localized
signal features by decomposing signals into “wavelet basis functions” across various scales.
Unlike the Fourier transform, which solely provides global frequency information, the
wavelet transform offers localized information in both the time (or spatial) and frequency
domains simultaneously. Within this context, DiffLL introduces the first enhancement
framework based on a wavelet-domain diffusion model.

The wavelet transformation process can be illustrated as follows:

Wiab) = = [ (57 ) %

In this formulation, a2 denotes the scale parameter that governs frequency resolution, b
represents the translation parameter that controls spatial localization, and ¢ corresponds to
the mother wavelet function.

The Discrete Wavelet Transform (DWT) [31] is the discretized version of the wavelet
transform, utilizing filter banks to achieve multi-scale decomposition. This process employs
low-pass and high-pass filters to decompose a signal into low-frequency components
(approximation coefficients) and high-frequency components (detail coefficients). The
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decomposition results in a low-frequency subband (LL) and three high-frequency subbands
(LH, HL, HH). These subbands correspond to horizontal, vertical, and diagonal directional
details, respectively. The DWT represents the two-dimensional Discrete Wavelet Transform
operation. Subsequently, the decomposed frequency subbands can be reconstructed into
the original signal via the Inverse Wavelet Transform (IWT) without information loss. This
property enables effective downsampling and upsampling of images while preserving
critical structural and textural details, which is the principal rationale for the iterative
application of the DWT in such tasks.

3. Method

In this section, we delineate our methodology through a tripartite exposition. First, we
elaborate on the theoretical motivation underpinning the adopted approach. Second, we
present the Local Feature Modeling (LFM) module, which constitutes the methodological
cornerstone of the framework. Third, we detail the High Frequency Guidance (HFG) Block
module, designed to refine feature interactions through spectral prioritization.

3.1. Framework Overview

The proposed network architecture utilizes the Discrete Wavelet Transform (DWT) to
decompose input images into high-frequency and low-frequency components. A special-
ized Low-Frequency Mamba (LFM) Block is designed to extract semantically rich features
from the low-frequency subbands. This configuration enables the network to simultane-
ously enhance and optimize both global contextual information and local structural details
while maintaining linear computational complexity, a critical advantage inherited from the
State Space Model (SSM) framework.

A high-frequency enhancement module is proposed, based on a low-frequency guided
compensation strategy. This module constructs a frequency-domain attention constraint
through the fusion of global and local low-frequency components. This mechanism recon-
structs the spatial gradient distribution of high-frequency subbands, thereby establishing
a cross-frequency feature coupling framework. This framework optimizes inter-band
interactions while preserving edge coherence and spectral consistency.

The proposed method effectively addresses the high-frequency texture distortion
inherent in conventional approaches. It leverages a constrained deconvolutional network
to achieve precise reconstruction of local microstructural features. This framework en-
sures that multi-scale neural networks can accurately extract physically meaningful edge
oscillation characteristics and gradient-direction-consistent texture patterns.

In the following sections, we will detail the comprehensive workflow of our method-
ology and provide an in-depth exposition of its core components.

Our network architecture is constructed based on a multi-scale U-Net [32] framework.
For downsampling, we employ the Discrete Wavelet Transform (DWT) [31] instead of
conventional methods, effectively avoiding information loss typically caused by traditional
downsampling operations. This is attributed to the inherent ability of DWT to preserve
texture details during resolution reduction. Leveraging the characteristic of decomposing
images into high-frequency and low-frequency components, we apply a global-to-local
feature extraction strategy to the low-frequency subbands, enabling the derivation of more
precise feature representations. These representations are then processed through a Multi-
Scale Feedforward Network to hierarchically aggregate structural information from the
image features, thereby enhancing the model’s capability to recover fine-grained details
and maintain spatial-spectral consistency.

For the high-frequency components, we refrain from performing dedicated fea-
ture extraction operations and instead leverage low-frequency components to correct
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and restore high-frequency information. This strategy effectively reduces computational
costs while preserving critical edge details and spectral fidelity through cross-frequency
interaction mechanisms.

3.2. Low-Frequency Mamba Block

The LFMBIlock is designed to restore low-frequency features in low-light images. It
extracts low-frequency information flows from the spatial domain of feature embeddings
and models them through the LFMBlock architecture, as illustrated in Figure 2. Given
the low-frequency input features F, € RF*XW*C e first apply Layer Normalization to
stabilize feature distributions, followed by the Visual State Space Module (VSSM) to capture
global contextual relationships and long-range dependencies. This hierarchical paradigm
extracts a robust representation by progressively distilling global contextual cues, while
simultaneously preserving the linear complexity and memory efficiency that are intrinsic
to state-space formulations.

Building upon the global semantic relationships established by the VSSM, we provide
contextual guidance for subsequent local feature extraction via the Local Feature Mod-
ule (LFM). To preclude mutual gradient interference between the VSSM and LEM, we
instantiate a principled sequential topology that operationalizes a global-first-local-later
inductive bias. By enforcing a unidirectional flow of supervisory signals, the scheme
guarantees temporal coherence of gradient update directions across successive modules,
thereby eradicating stationary-point conflicts and assuring stable, joint optimization.

| * VSSM
R4
output
= = = = = ~
ErE—~2 ~Z > E 32
Ay A A 3 B 8 [gH
& 3 5 1x1
B 5 :
D,
H2xW/2x3C H/25W/2%3C %)
HFG HFG IN
Block Block
I MSFFN
H/2xI7/2xC HIXWIC
...... e
LFM LFM
Block Block
/’____________________________________________________________________________}_'_;'___T;;l __________________ N
LEM | Low Frequency HFG | High Frequency [ DWT/ | Discrete Wavelet Transforny 2D-SSM t“to imensiona’ Linear | Linear Layer|
Block ) Mamba Block Block ) Guidance Block | IDWT | Inverse Discrete Wavelet Transform state space |

L '
VSSM Visual State Multi Scale Feed Local feature@ Element-wise ISngol{ij— V.v[ﬂgh‘e‘i LN LayerNorm |
Space Module ~forward Network extraction Addition inear Uni J

Figure 2. The proposed Global-to-Local Mamba architecture constructs a hierarchical framework
that integrates wavelet transform-based upsampling and downsampling operations. Specifically,
the Low-Frequency Mamba Block (LFMBlock) performs multi-scale feature extraction on frequency-
decoupled components, while the High-Frequency Guided Enhancement Block (HFGBlock) refines
details through gradient-aware attention mechanisms.

Finally, a Multi-Scale Feedforward Network (MSFFN) is employed to hierarchically learn
and refine structural representations. The overall process can be formulated as follows:

F! = W11 (VSSM(LN(F;)) + LFE(LN(F,))) + F; (8)
F, = MSFEN(LN(F/)) + F/, )

where VSSM(.), MSFEN(.), and LEM(.) denote the functional operations of the Visual State
Space Module, MSFFN, and LFM, respectively. Wj(.) represents a convolutional layer
with a1 x 1 kernel, while LN indicates the layer normalization applied to the input features.
The advantages of integrating VSSM into the LSM module can be summarized as follows:
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*  Computational Efficiency: Using state-space models like VSSM allows for linear com-
plexity with respect to sequence length, which is beneficial for high-resolution images.

¢ Improved Optimization: The sequential structure avoids the common issue of gradient
cancellation when parallel global and local paths are used.

¢ Contextual Coherence: Global context informs local processing, which is especially
useful in low-light scenarios where local features might be noisy or ambiguous.

Vision State Space Module: Drawing inspiration from the linear computational
complexity demonstrated by the Mamba architecture in long-range dependency modeling,
we integrate the Visual State Space Module (VSSM) into the framework of low-light image
enhancement (LLIE) tasks. The proposed model systematically establishes inter-regional
feature correlations through discrete state-space equations and achieves efficient low-light
image restoration via a multi-phase synergistic processing mechanism. The architecture of
the VSSM is illustrated in Figure 2.

The input features first undergo channel dimension adjustment via a linear projection
layer, which projects the raw data into a high-dimensional representation space to enhance
expressive capacity. Subsequently, a depthwise separable convolution (DW3 X 3) performs
lightweight local feature extraction through a decoupled strategy of spatial filtering and
cross-channel fusion.

Following this, the two-dimensional state space modeling (2D-SSM) unfolds the image
bidirectionally along the primary and secondary diagonals, as shown in Figure 3. It dynam-
ically fuses multi-path features via learnable directional gating mechanisms. The processed
features are stabilized through layer normalization to calibrate their distribution and are
ultimately mapped to the target space via a linear output layer. In parallel, another branch
incorporates a linear layer followed by a SiLU activation. The outputs from this branch are
additively integrated into the target space to further refine feature representations.

Xy = SS2D — SSM(SILU(DWConv (Linear(X)))) (10)
Xout = Linear(LN(X;) ® SILU(Linear(X))) (11)

where © denotes the Hadamard product, which generates an output with the same di-
mensionality as the input. Linear(.) and DWConv(.) represent the linear projection and
depthwise convolution operations, respectively.

Al - |
i

1,2,3,4,5,6,7,8,9

9,8,7,6,5.4,3,2,1
1,4,7,2,5.8,3,6,9

9,6,3,8,5,2,7.4,1

Figure 3. The 2D-SSM framework functions by decomposing the input image via bidirectional
diagonal scanning mechanisms. Specifically, the spatial tensor is disentangled along two principal
axes: the primary diagonal (extending from the top-left to the bottom-right) and the secondary
diagonal (extending from the bottom-left to the top-right). These scans are executed in both forward
and reverse orientations, thereby generating four distinct scanning trajectories.

Local Feature Extraction: Given that the Visual State Space Module (VSSM) leverages
self-attention mechanisms to excel in capturing global contextual semantic relationships, we
serially connect the Low-Frequency Mamba Block (LFM) after the VSSM’s global semantic
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modeling to avoid conflicting optimization directions between global and local feature
extraction branches. This sequential architecture enables progressive stage-wise feature
refinement: the LFM focuses on extracting fine-grained texture details and short-range
features, thereby refining low-frequency components with higher precision. The enhanced
low-frequency representations subsequently guide the High-Frequency Guided Enhance-
ment Block (HFG Block) to amplify high-frequency features through targeted spectral
adjustments, ensuring synergistic interaction between global and local information flows.

As illustrated in Figure 4a, the input features are first processed through Global Aver-
age Pooling (GAP), which aggregates spatial information to generate a channel-wise global
descriptor capturing the overall response intensity of each channel. Subsequently, two 1 x 1
convolutional operations are employed to establish a cross-channel interaction pathway:
the first convolution reduces the channel dimensionality while incorporating a ReLU activa-
tion function to model inter-channel dependency patterns; the second convolution restores
the original dimensionality, followed by a Sigmoid function to generate normalized channel
attention weights J. This sequential design enables adaptive recalibration of channel-wise
feature importance through learned nonlinear interactions. The resulting attention weights
are then element-wise multiplied with the original features along the channel dimension,
enabling adaptive feature enhancement of critical channels and dynamic suppression of
redundant information. Consequently, we formalize the Lightweight Feature Module
(LFM) as follows:

W= O'(W1><1(RGLU(W1><1 (GAP(Fn))))) (12)
Fiocal = W O Fy (13)

where 0(.) denotes the Sigmoid function, ReLU(.) represents the Rectified Linear Unit
activation function, and GAP(.) corresponds to Global Average Pooling.

(a) LFE (b) MSFFN

Sigmoid

Figure 4. (a) Local Feature Extraction (LFM). (b) Multi-Scale Feed-Forward Network (MSFEN).

Multi-Scale Feedforward Network: To augment the capacity for extracting structural
information from image features, this study introduces a Multi-Scale Hybrid Feedforward
Network (MSFEN), depicted in Figure 4b. Initially, the module promotes cross-channel
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interaction of the input features via a 1 x 1 convolutional layer, which is succeeded by the
formation of a multi-branch parallel processing architecture.

In the main branch, a 3 x 3 depthwise separable convolution coupled with a GELU
activation function is utilized to conduct fundamental feature extraction. The gated branch
extends the conventional GDFEN framework by incorporating 3 x 3 and 5 x 5 depth-
wise separable convolutional layers, which facilitates the acquisition of multi-granularity
spatial features.

Subsequently, features from all branches are activated by ReLU, concatenated along
the channel dimension, and then compressed back to the original dimensionality through
a1l x 1 convolutional layer. The concluding step involves element-wise multiplication to
adaptively fuse the primary branch features with gating weights, resulting in an optimized
output that retains both local fine-grained details and global structural coherence. The
operational workflow of the MSFFN is formulated as follows:

Fi, B, F3 = Chunk (W11 (Fy)) (14)
F, = GeLU(DWs3y3(F)) (15)
Fy = Wix1(ReLU(DWsx3(F2)) ® ReLU(DWsy5(F3))) (16)
F =Wpa(FROR) (17)

where Chunk(.) denotes the chunk function along the channel dimension.

3.3. High Frequency Guidance Block

To enhance the feature representation capability of high-frequency components, this
study introduces a low-frequency-guided cross-frequency feature migration mechanism. By
leveraging the semantic consistency of low-frequency components, this approach performs
collaborative optimization on high-frequency features, addressing the issue of weakened
high-frequency details often seen in conventional methodologies.

The core component of this mechanism is the High-Frequency Guided Block (HFG-
Block), which employs a dual-path collaborative architecture comprising two critical compo-
nents: the Frequency-Matching Attention Module (FMAM) and the Frequency-Correction
Feedforward Network (FCEN).

The FMAM performs frequency-domain alignment operations to identify cross-
frequency semantic cues within low-frequency components that exhibit strong correlations
with high-frequency features. Concurrently, the FCFN applies nonlinear mapping and
distribution calibration to the fused cross-frequency features, effectively mitigating phase
misalignment artifacts introduced during inter-band integration.

Through iterative interaction between low-frequency and high-frequency features,
this framework dynamically fills information-deficient regions in high-frequency sub-
bands while preserving edge sharpness and suppressing structural artifacts. The detailed
workflow is illustrated as follows:

Fiy = FMAM (LN(F}}), F, ) + Fj (18)
F/' = FCFN(LN(Fy),F) + F (19)

where FII_}’ and F{!" represent the input and output high-frequency features of the HFGBlock,
respectively. The notation FMAM(-) and FCEN(-) corresponds to the operational functions
of the FMAM and FCFN.

Frequency Matching Attention Module: Building on prior research into query ef-
fectiveness in attention mechanisms, this study proposes a low-frequency feature-guided
semantic enhancement strategy to optimize the attention weight generation mechanism.
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As depicted in Figure 5a, the Frequency-Matching Attention Module (FMAM) employs
a dual-stage optimization design. Specifically, FMAM takes the enhanced low-frequency
components produced by LFM and the high-frequency components produced by wavelet
decomposition as inputs, denoted as Fj, and Iy, respectively. Then, the module generates
high-frequency component features Fy, through parallel 1 x 1 convolutional transforma-
tions Wj and 3 x 3 depthwise convolutions W3, which are denoted as queries (Q), keys (K),
and value projections (V). Subsequently, the Frequency Matching Transformation (FMT) is
executed between Q and Fy, dynamically incorporating optimized low-frequency features
into the query representations while preserving high-frequency details. This process es-
tablishes cross-band semantic correlations through adaptive frequency interaction. This
design enhances the physical interpretability of attention weights and detail perception
capability through a feature-level low-frequency and high-frequency cooperative mapping
strategy, thereby providing a novel approach for high-frequency feature restoration in
complex illumination scenarios. The workflow of the FMAM is illustrated as follows:

FMAM(F}!, F¢) = A(FMT(Q, F¢),K, V), (20)
Q, K,V = Split(W; W3 (F)), (21)
AQK V)=V softmax(Kl;(Q). (22)

The notation FMT(.), Split(.), and Softmax(.), respectively, denote the Feature Modula-
tion Transformer module, feature splitting operation, and normalized exponential function,
where « serves as a learnable scaling parameter to regulate the magnitude of the dot product
between keys (K) and queries (Q).

(a) FIMAM (b) FMT

Figure 5. (a) Frequency-Matching Attention Module. (b) Frequency Matching Transformation. The
design of these two modules is an updated version based on [30].
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Frequency Correction Forward Network: Subsequent to the processing through the
Frequency-Matching Attention Module (FMAM), a hierarchical cross-domain feature refine-
ment architecture is implemented to further facilitate the enhancement of high-frequency
components. This architecture achieves joint spatial-frequency domain enhancement via
multi-stage collaborative processing, as illustrated in Figure 5a. The processing pipeline is
formulated as follows: Initially, Layer Normalization (LN) is applied to the output features
of the FMTA to stabilize channel-wise distributions and accelerate model convergence.
Subsequently, a 1 x 1 convolution operation performs cross-channel information interac-
tion and dimensional adaptation, constructing an efficient feature representation space
for subsequent operations. Following this, a local spatial context extraction module based
on 3 x 3 convolutions captures fine-grained texture and edge features. The Frequency
Matching Transformation (FMT) is then executed to establish cross-band semantic cor-
relations between low- and high-frequency features, thereby reinforcing the synergistic
representation of structural patterns and detailed components. The pipeline ultimately
outputs optimized results with enhanced visual consistency, as formally described below:

FCEN(F};, F¢) = FMT(WsW; (LN(F};))F¢) (23)

Frequency Matching Transformation: As illustrated in Figure 5b, the Frequency
Matching Transformation (FMT) primarily functions to transfer low-frequency features into
enhanced high-frequency representations through the following computational workflow:
Initially, a similarity matrix between high-frequency and low-frequency components is
computed to identify the optimal feature vector D. Subsequently, the most semantically
aligned low-frequency components are selected as channel-specific outputs based on D.
These selected features are then concatenated with the original high-frequency features via
parallel processing branches.

Ys = Select(F;, |Indices(Top, (Sim(F, Fr)))) (24)
Yy = Concat(Ys, Fy), (25)

where the notation Sim(-, -) denotes the similarity computation measured by Euclidean
distance, Select(- | -) represents the feature selection operation with conditional filtering, and
Indices(.) indicates the index retrieval operation.

Specifically, one branch computes attention maps using 1 x 1 convolutional layers
coupled with Sigmoid activation to emphasize critical spatial locations, while the other
branch employs 3 x 3 convolutions to capture contextual attention patterns. Finally, the
outputs from both branches are multiplied and integrated through an additional 1 x 1
convolutional layer to produce the refined output features. The complete procedural
pipeline is formally described as follows:

FI?IUt = Wi (Sigmoid (W (Ys)) © W5(YY)) (26)

Compared with conventional attention mechanisms, the proposed Frequency-Matching
Transformation (FMT) offers three distinct advantages:

¢ Frequency-Matching Transformation module ensures that only semantically coher-
ent low-frequency cues are injected into the high-frequency, eliminating semantic
misalignment.

¢ Frequency-Matching Transformation module offers statistically reliable cues for fine-
grained detail recovery, resulting in perceptually faithful edge sharpening.

*  The residual pathway ensures unimpeded gradient flow, facilitating stable end-to-end
back-propagation.
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4. Experiment

The proposed Global-to-Local Mamba (GL-Mamba) framework is subjected to rigorous
evaluation across a variety of vision tasks, utilizing several widely adopted datasets for
low-light enhancement benchmarking. Furthermore, comprehensive ablation studies are
conducted to systematically quantify the efficacy of individual architectural components.
The first two comparative results are analytically highlighted in red and blue, respectively,
to delineate performance variations under distinct configurations.

4.1. Implementation Details

The network architecture adopts a hierarchical configuration, comprising [1, 2, 4]
LFMBlocks and [1, 1, 1] HFGBlocks per layer within the encoder—decoder framework. The
model employs eight attention heads and maintains a channel dimension C of 32 through-
out. Training is conducted using the AdamW optimizer, initialized with a learning
rate of 5 x 1074, which is progressively decayed to 1 x 1077 via cosine annealing over
100k iterations. Data augmentation techniques include random geometric transformations
(90, 180, 270), random flips, and random cropping to 512 x 512 patches. The Global-to-Local
Mamba framework is optimized under an L1 loss constraint. All experiments are executed
on a NVIDIA RTX 3090 GPU (24 GB) setup.

4.2. Datasets

The experimental validation utilizes two benchmark datasets: LOL-v1 and LOL-v2-
synthetic. The original Low-Light Dataset version 1, specifically curated for low-light
image enhancement research, consists of 500 aligned low /normal-light image pairs with
a fixed resolution of 400 x 600 pixels. This dataset comprises 485 training pairs and
15 testing pairs, primarily capturing indoor scenarios. The enhanced LOL-v2 version intro-
duces two distinct subsets: LOL-v2-real, captured under authentic low-light conditions,
and LOL-v2-synthetic, generated through illumination distribution analysis of RAW im-
ages. Our experiments specifically employ the LOL-v2-synthetic subset, which contains
1000 synthetically generated low- or normal-light image pairs. These pairs are divided into
900 training pairs and 100 testing pairs through systematic data partitioning.

4.3. Comparisons with State-of-the-Art Methods

In this section, we provide a comprehensive evaluation of the proposed Global-to-Local
Mamba framework through quantitative and qualitative comparisons with state-of-the-art
methods. The assessment utilizes three well-established metrics: PSNR, SSIM, and LPIPS.
PSNR quantifies reconstruction quality by calculating the pixel intensity differences be-
tween images, with higher values indicating greater reconstruction fidelity. SSIM evaluates
perceptual quality by analyzing luminance, contrast, and structural similarity, where values
closer to 1 signify better preservation of image characteristics. LPIPS measures perceptual
similarity using deep neural networks, with lower scores indicating better alignment with
human visual perception. Collectively, these metrics offer a holistic view of both pixel-level
accuracy and perceptual authenticity across different enhancement paradigms.

Quantitative Evaluation: The quantitative evaluation results on the LOL-v1 dataset
are systematically summarized in Table 1. The proposed Global-to-Local Mamba framework
is benchmarked against 12 state-of-the-art (SOTA) low-light enhancement methodologies,
including HVIet, KinD [33], Zero-DCE [23], RUAS [34], EnlightenGAN [35], UFormer [36],
IAT [37], PairLIE [38], SCI [39], LLFormer [40], Wave-Mamba [30], and HVI [41]. As demon-
strated quantitatively, the Global-to-Local Mamba achieves superior PSNR performance,
outperforming all comparative methods by a significant margin of 0.7 dB. This empirical
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evidence substantiates the method’s exceptional capability in preserving structural fidelity
during illumination recovery processes.

Table 1. Quantitative comparisons on LOL-v1 datasets. The best result is in red color while the
second best result is in blue color.

Methods Venue PSNR SSIM LPIPS
RetinexNet [26] BMVC 2018 16.77 0.56 0.47
KinD [33] MM 2019 17.65 0.72 0.17
ZeroDCE [23] CVPR 2020 14.86 0.58 0.33
RUAS [34] CVPR 2021 16.40 0.50 0.27
EnlightenGAN [35] TIP 2021 17.48 0.76 0.32
UFormer [36] CVPR 2022 16.36 0.77 0.32
IAT [37] BMVC 2022 21.30 0.81 0.32
PairLIE [38] CVPR 2023 19.51 0.73 0.24
SCI [39] CVPR 2022 14.78 0.52 0.33
LLFormer [40] AAAT2023 23.65 0.84 0.16
WaveMamba [30] ACM MM 2024 23.27 0.84 0.14
HVI [41] CVPR 2025 23.80 0.85 0.08
Ours - 23.91 0.84 0.14

The quantitative evaluation results on the LOL-v2-synthetic dataset are meticulously
detailed in Table 2. This table juxtaposes the proposed Global-to-Local Mamba framework
against 11 state-of-the-art low-light image enhancement methods, namely RetinexNet [26],
KinD [33], ZeroDCE [23], RUAS [34], UFormer [36], Bread [42], PairLIE [38], LLFormer [40],
QuadPrior [43], and Wave-Mamba [30]. As evidenced in Table 2, the Global-to-Local
Mamba attains optimal performance metrics in both PSNR and SSIM on this benchmark,
thereby establishing new advancements in synthetic low-light image restoration.

Table 2. Quantitative comparisons on LOL-v2-synthetic datasets. The best result is in red color while
the second best result is in blue color.

Methods VENUE PSNR SSIM LPIPS
RetinexNet [26] BMVC 2018 17.13 0.76 0.25
KinD [33] MM 2019 18.32 0.79 0.25
RUAS [34] CVPR 2021 13.76 0.63 0.30
ZeroDCE [23] CVPR 2020 17.71 0.81 0.17

Uformer [36] CVPR 2022 19.66 0.87 -

PairLIE [38] CVPR 2023 19.07 0.79 0.23
LLFormer [40] AAAI2023 24.03 0.90 0.06
Bread [42] JvC 2023 17.63 0.91 0.09
GSAD [44] NeurlIPS 2023 24.47 0.92 0.05
QuadPrior [43] CVPR 2024 16.10 0.75 0.11
Wave-Mamba [30] ACMM 2024 24.76 0.92 0.06
Ours - 24.87 0.93 0.06

Qualitative Evaluation: Figure 6 presents a visual comparison between our method
and existing approaches. Current methods often exhibit insufficient illumination, failing
to restore fine details effectively. Additionally, color distortion and image degradation
further compromise the enhancement outcomes of prior techniques. In contrast, our
Global-to-Local Mamba framework not only effectively enhances brightness but also re-
constructs intricate details with high precision. It demonstrates superior capability in
amplifying low-visibility and low-contrast regions. The proposed method reliably elimi-
nates noise without introducing artificial artifacts and robustly preserves original chromatic
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information throughout the enhancement process. This dual-scale architecture achieves
balanced performance by integrating global contextual modeling with local feature re-
finement, ensuring both radiometric consistency and structural fidelity in challenging
illumination conditions.

RetinexNet

Figure 6. Visualization of the low-light enhancement model. Each column is a different image
example, and each row is the prediction of the models. Comparative visualization style is an updated
version based on [30].

Model Parameters and Efficiency: We also conduct experiments on the parameters
and efficiency of the model. The experimental results are shown in Table 3. It can be
seen that the proposed GLMA achieves the best balance between model complexity and
computational efficiency. With only 1.9 M parameters and 9.02 G FLOPs, it significantly
outperforms most competing methods, including both lightweight models (e.g., PairLIE,
KinD) and large-scale models (e.g., GSAD, QuadPrior). Despite its compact size, GLMA
delivers superior performance in terms of PSNR and SSIM, demonstrating the effectiveness
of the Global-to-Local Mamba design and wavelet-based frequency decomposition strategy.
This lightweight yet powerful architecture makes GLMA highly suitable for deployment
on resource-limited devices and real-time applications.

Table 3. Calculation of model parameters and efficiency.

Method Param (M) Flops (G)
KinD 8.02 34.99
PairLL 0.33 20.81

LLFormer 24.55 22.52

Uformer 50.88 45.90

GSAD 217.36 442.02
QuadPrior 1252.7 1103.2
Ours 1.9 9.02

4.4. Ablation Study

Low-frequency Mamba Block: As the core component of the Global-to-Local Mamba
framework, we conduct ablation experiments to validate the functional roles of individual
modules. The results in Table 4 show that the wave-mamba architecture, which prioritizes
global feature extraction followed by local refinement, achieves a 0.64 dB improvement in
PSNR. These findings substantiate the practical significance of enhancing low-frequency
components for subsequent high-frequency refinement, while also confirming the intrinsic
value of low-frequency features in low-light image restoration. Compared to the LEMBlock,
the High-Frequency Guidance Blocks (HFGBlocks) impose a more substantial impact on



Appl. Sci. 2025, 15, 10931

16 of 19

model parameters but yield a relatively minor performance gain. This underscores the
efficiency superiority of our low-frequency-centric design paradigm.

Table 4. Ablation study on the proposed modules. The highest scores are indicated in red.

Method PSNR SSIM
w /o LEMBlock 22.81 0.82
w /o HFGBlock 22.95 0.83
w/o LFE 23.06 0.83
w /0o MSFFN 23.12 0.83
w/o FMT 23.58 0.84
Full Model 2391 0.84

5. Conclusions

In this study, we introduce an effective framework for low-light image enhancement
(LLIE) based on a Global-to-Local Mamba Architecture. Motivated by the ability of wavelet
transforms to decompose high- and low-frequency features, we employ wavelet-based
downsampling to mitigate information loss during feature decomposition. The frame-
work adopts a global-to-local feature extraction strategy to holistically capture structural
information in the low-frequency domain. These low-frequency features further guide the
refinement of high-frequency details through cross-domain interaction. Extensive exper-
iments on multiple datasets demonstrate the compelling performance of our method in
enhancing low-light images.

Nevertheless, several limitations of the proposed approach deserve further discussion.
First, the current single-level Discrete Wavelet Transform (DWT) may fall short in repre-
senting mid-frequency components, which can lead to aliasing artifacts in highly textured
regions. Second, the Frequency Matching Transformation (FMT) relies on a hand-crafted
similarity metric, which can be sensitive to noise and complex illumination variations.
Third, the lack of an explicit noise modeling module limits the model’s robustness under
real-world noisy conditions. Additionally, while the method performs well on static images,
its behavior on video sequences—such as temporal consistency and processing speed—has
not been evaluated, which is critical for deployment in video applications.

In future work, we will explore multi-level wavelet decomposition to enhance mid-
frequency representation. We also plan to design a learnable frequency matching mecha-
nism to replace the fixed similarity metric in FMT, and integrate an explicit noise modeling
branch to improve robustness. Extending the current framework to video-based low-
light enhancement and restoration will be another important direction, with the goal of
maintaining temporal coherence and enabling real-time processing. We will also investi-
gate model compression and acceleration strategies to facilitate practical deployment on
resource-constrained devices.
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