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Abstract—Image deraining aims to remove rain perturbations
from rainy images and restore clear backgrounds. Recent re-
search has employed the Mamba technique for image restoration,
achieving exceptional results due to its effectiveness and efficiency
in modeling long-range sequence relationships. However, a signif-
icant challenge remains: developing a comprehensive framework
that considers the intrinsic coupling characteristics between im-
age deraining and the Mamba architecture is largely unexplored.
We propose that introducing a 1D sequential representation of
Mamba could enhance image deraining by characterizing the
direction-aware distribution of rain perturbations. This moti-
vates us to introduce a new vector decomposition-based vision
Mamba approach (VDMamba). This method investigates vector
decomposition within the context of vision Mamba, addressing
the challenging task of image deraining and beyond in the
frequency embedding space. The key innovation of VDMamba is
the Mamba-based vector decomposition and synthesis module
(VDSM). This module derives 1D basic vectors (vertical and
horizontal) from the frequency components via vector decom-
position and employs the single-direction scanning of Mamba
to eliminate the direction-specific degradation perturbation. This
transformation allows the incipient Mamba to explore direction-
specific global sequential relationships for accurate perturbation
distribution learning, without requiring an elaborate design of the
Mamba scanning process. Additionally, the vertical and horizon-
tal components in VDSM are encoded jointly in a bidirectional
coupling manner, enabling the exploration of complementary and
redundant components for refinement. Experiments on various
main image enhancement tasks, including image deraining, rain-
drop removal, rain haze removal, image dehazing, low light image
enhancement, and underwater image enhancement, demonstrate
that VDMamba delivers competitive performance compared to
the state-of-the-art NeRD method. Specifically, it achieves a (.58
dB improvement in PSNR for the image deraining task while
reducing model parameters by 94.3%, computational cost by
88.3%, and inference time by 77.5%.

Index Terms—Image deraining, Mamba, Vector decomposition
and synthesis, Mutual representation.
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I. INTRODUCTION

39
® \ipMamba (Qurs)

‘. NeRD (CVPR124) I
38 -!

DRSformer

FMRNet (AAAI'24) (CVPR*23)

SFNet (ICLR23)
MFDNet

(TIP*24)

2371
% IDT (TPAMI'23)
2]
=9
361 o
DAWN (ACM MM'23)
0 100 200 300 400 500 600 700 800 900 1000

FLOPs (G)

Fig. 1: Model parameters, FLOPs and deraining performance comparison between our
VDMamba and other state-of-the-art algorithms. The size of the circle area indicates the
number of model parameters. It is noted that our VDMamba enjoys the best deraining
performance while with highly competitive computational cost and model parameters.

AIN perturbation can significantly degrade image qual-

ity, resulting in a loss of object details and contrast.
These adverse effects lead to unpleasant visual results that
substantially affect the performance of advanced visual tasks,
such as image understanding [1], [2], object detection [3], and
segmentation [4]. Image deraining [5], [6] aims to produce
rain-free results from rainy inputs and has garnered widespread
attention over the past decade. However, effectively removing
rain while recovering clear background content is challenging
due to the complex and diverse rain patterns.

Before the advent of deep neural networks, traditional meth-
ods primarily relied on statistical analyses to examine physical
properties, and enforce handcrafted priors (e.g., sparsity and
non-local means filtering) on both the rain and background
layers. However, these methods often lack robustness against
diverse and complex rain conditions, as the effectiveness of
these priors may be unreliable [7], [8].

Deep learning methods have emerged as a preferable alter-
native due to their ability to learn generalizable priors from
large-scale data. However, CNN-based image deraining meth-
ods struggle to manage content diversity and model global rain
distribution due to their intrinsic local connectivity and transla-
tion equivariance. Accurately modeling the global degradation
of rainy images is crucial for addressing complex challenges
associated with image deraining. To enhance deraining per-
formance, the non-local process [9], [10] and self-attention
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(SA) mechanism in Transformers leverage global relation
to mitigate degradation perturbations [11], [12]. While SA
achieves impressive performance through global calculations,
it faces scalability challenges due to its quadratic complexity
with respect to token numbers, making it impractical for
high-resolution images [13]. For example, the high-accuracy
model DRSformer [14] has 971.6 GFLOPs and 33.65 million
parameters, requiring 1.328 seconds to derain a 512 x 512
pixel image using a single 4090 GPU, as shown in Fig. 1.
This computational and memory demand can be prohibitive for
many real-world applications on resource-constrained devices.

To alleviate the computational burden while capturing
global structural information, some efforts have harmonized
the merits of Wavelet transform and Transformer into the
deraining task, aiming to eliminate rain perturbations in the
frequency embedding space [15]. By leveraging coefficient-
based (approximation, vertical, horizontal and diagonal) learn-
ing [16], [17], these approaches offer greater flexibility and
practicality for handling diverse rain patterns, resulting in
more distinct representations that are conducive to the removal
of real-world rain streaks. However, improved model perfor-
mance typically requires a larger number of model parameters
and increased computational complexity [18], which becomes
inevitable to confront issues related to computational complex-
ity and memory limitations on resource-constrained devices.

Due to its efficient ability to capture long-range sequence
relationships with linear complexity, there is growing interest
in the Mamba model, an enhanced structured state-space
sequence model (S4) [19], [20]. However, it is noteworthy that
the standard Mamba is specifically tailored for 1D sequential
data in NLP tasks, making it less suitable for direct application
in 2D image restoration. In particular, Mamba projects the
input image into pixel sequences and only aggregates previous
tokens, which can result in losses of intrinsic spatial structures
and global context. While some efforts [15], [21] have com-
bined Mamba with Fourier transforms to develop multi-branch
or -scanning architectures that explore complementary infor-
mation for frequency dependence learning, rarely attempts
have investigated the coincidence between characteristics of
rainy images and Mamba architecture.

Recognizing this limitation, we attempt to extend the
Mamba-based image deraining model from the perspective
of vector decomposition and synthesis. Specifically, the 1D
vertical and horizontal basic vectors can be derived from
any arbitrary vector via decomposition and transformation,
which is applicable for the distribution of both rain and
background textures. Therefore, it is reasonable to derive and
eliminate the corresponding 1D vertical and horizontal basic
rain components from the observed rain input.

Based on the analyses above, we propose to explore the
potential of vector decomposition learning in vision Mamba,
and construct a novel vector decomposition-based vision
Mamba approach (VDMamba) for image deraining. Instead
of directly addressing rain distribution in the image space, we
present a Mamba-based vector decomposition and synthesis
module (VDSM) to progressively fit and eliminate the 1D
basic vectors of rian perturbation in the frequency space. This
provides an effective solution for local-global degradation rep-

resentation without requiring a specific scanning mechanism
design. Specifically, the input to the first VDSM is an initial
distribution of background which is encoded via a feature
extraction module (FEM), and the output of each VDSM is the
input to its subsequent VDSM. In each VDSM, we generate
the initial representation of 1D basic vectors from Wavelet
coefficients via an elaborate direction-aware projection unit
(DPU), followed by two direction-individual residual Mamba
blocks (RMB) to capture the direction-specific non-local corre-
lations of degradation. This approach transforms the prediction
and removal of rain perturbations or background recovery into
a parameterized fitting problem of vector decomposition and
synthesis. Since it is hard to completely decouple and separate
two orthogonal parts (vertical and horizontal components)
from the rainy distribution via the vector decomposition To
enhance feature representation and training, the vertical and
horizontal components in VDSM are encoded jointly in a
bidirectional coupling manner. Specifically, the operations
of DPU and Mamba blocks, applied in different directions,
extract complementary and redundant components from each
other for refinement. Ultimately, the global rain distribution
in the frequency space can be modeled and eliminated using
the basis vectors and the corresponding transformation and
projection parameters via all the progressive VDSMs and
the rain-free image can be restored by a Reconstruction
Module (RM). In this way, our approach implicitly encodes
the physics—orientation (degradation or texture) and and
heterogeneous degradation—into the network’s architecture.
By disentangling directional components, VDSM mimics the
physical process of degradation accumulation, enabling inter-
pretable feature recovery. ince the vector decomposition and
synthesis, non-local aggregation strategies are task-agnostic,
we propose to assess their versatility and effectiveness by
extending their application to image deraining and beyond.

Overall, the main contributions of our proposed VDMamba
are summarized as follows.

e We propose the novel VDMamba framework for im-
age deraining and beyond, which investigates vector
decomposition learning within a frequency-based vision
Mamba. To the best of our knowledge, this is the first
dedicated coupling of the Mamba architecture and vector
decomposition and synthesis on the mainstream image
restoration tasks, providing a new insight for designing
efficient and effective image restoration framework.

e An elaborate Mamba-based vector decomposition and
synthesis module (VDSM) is devised to characterize and
eliminate the perturbation components associated with
the fundamental basis vectors in the frequency space. It
is allowed to explore direction-specific global sequential
relationship without requiring an elaborate design of the
Mamba scanning process, which is easy to extend to tasks
with similar decomposition characteristics.

o Extensive experimental results on mainstream image
restoration tasks, including image deraining, raindrop
removal, rain haze removal, image dehazing, low-light
image enhancement, and underwater image enhance-
ment, demonstrate that our proposed VDMamba approach
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Fig. 2: The architecture of our proposed vector decomposition-based vision Mamba approach (VDMamba) comprises a feature extraction module (FEM) several cascaded vector
decomposition and synthesis modules (VDSMs), and a reconstruction module (RM). FEM learns the initial representation of background contents FB from the Wavelet coefficients.
VDSM takes F'3 ‘s as input, first characterizing and deriving the corresponding direction-specific rain residue (vertical (FR v) and horizontal (FR #)) via the direction-aware
projection unit (DPU) and residual Mamba block (RMB). The rain residues of vertical and horizontal vectors are then encoded jointly to explore co glememary information for
mutual representation and better decomposition. The refined rain residues (FR 7 and FR ) are used to compose the rain distribution prediction (F'g) of the current rain layer
via the synthesis unit (SU) and generate the updated background representation FB Through progressive vector decomposition and synthesis with several VDSMs, the network is
encouraged to eliminate rain perturbations in the frequency space, producing rain-free background features. Finally, the reconstruction module transforms the predicted background

contents (F'3) into the image domain to generate the rain-free image (/).

quantitatively outperforms the current SOTA technologies
while maintaining considerable computational efficiency
and reduced model parameters.

The remainder of this paper is organized as follows. In
Sec. II, we introduce the development of image deraining,
wavelet transform, state space model in the field of computer
vision. Sec. III reveals the efficient network designs of our VD-
Mamba and optimization constraints. In Sec. IV, experimental
settings and compared results are presented to demonstrate the
superiority of the proposed VDMamba. Finally, the conclusion
and potential limitation are provided in Sec. V.

II. RELATED WORK

In this section, we first review the recent advances in
image deraining and wavelet transform. Then, we introduce
the progress of the state space model in vision tasks.

A. Single Image Deraining

Prior to deep learning, conventional methods [22], [23] rely
on handcrafted priors for deraining tasks, offering various
available schemes. However, since the priors and assumptions
are tailored to specific scenarios, these methods [8] struggle
with poor generalization to highly complex and varied rainy
scenes. Recently, deep learning technologies have been applied
to rain removal tasks [24], [25], leading to advancements in
innovative architectures, optimization strategies, and training
practices, significantly improving visual quality compared to
conventional algorithms. For instance, some researchers [26],
[27] view the complete rain distribution prediction as the com-
bination of multiple sub-spaces, estimating and aggregating
multi-scale features for textural reconstruction. Additionally,
increasing efforts also take rain characteristics such as rain
density [28], size and the veiling effect [25] into account,
and use recurrent neural networks to remove rain streaks via

multiple stages [29] or the non-local networks [9], [30] to
exploit long-range spatial dependencies for better rain removal.
To further promote background recovery, some researchers
employ Wavelet transform [17], semantic context [31] and
Mamba [15] to encode the rain distribution and explore the
complementary information for frequency dependence learn-
ing [32], [33]. Despite these advances, current methods still
struggle to produce visually pleasing results due to the absence
of reasonable design. In particular, few efforts are developed
to investigate the intrinsic coincidence between characteristics
of rainy images and the Mamba architecture, such as the
adaptivety between the scanning mechanism of Mamba and
the direction characteristics of rain perturbation.

B. Wavelet Transform

wavelet transforms [34] are widely used in signal processing
tasks [35] due to their reversible property and preeminent abil-
ity to capture contextual and textural information of an image
at various levels. Recent studies have aimed to combine these
advantages to enhance image deraining performance [16], [36].
However, many of these methods [37], [38] overlook the coin-
cidence between characteristics of rainy images and Wavelet
transform. They often apply the common multi-branch strategy
for frequency-based rain degradation learning, ignoring the
intrinsic direction characteristics of texture representation. In
contrast, we marries the power of Mamba and vector de-
composition learning with the Wavelet-based image deraining.
Unlike existing approaches [17], [36], our proposed vector
decomposition-based vision Mamba approach (VDMamba)
transforms the prediction and removal of rain distribution or
background recovery into a parameterized fitting problem of
vector decomposition and synthesis in the frequency space. By
characterizing and eliminating the rain distribution associated
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with the fundamental basis vectors, it offers greater flexibility
and practicality in the learning process.

C. State Space Model

Recently, state space models (SSMs) [39] have emerged as
a promising approach, demonstrating competitive performance
in long-range modeling compared to transformers. The suc-
cess of SSMs is primarily due to their linear scaling with
sequence length, which provides a global perspective with
linear complexity. By incorporating the scanning strategy [40],
SSMs have shown superior performance to transformers in
natural language processing tasks. Inspired by this, SSM-
based technologies have also been applied to computer vision
tasks, achieving impressive results [41], [42], including object
detection [43], image classification [44], and biomedical image
segmentation [45]. For instance, Gu et al. [46] pioneer SSM to
tackle long-sequence data modeling, demonstrating promising
linear scaling properties. They subsequently devise a variant
named Mamba [47], which involves a more effective selective
scanning mechanism and network design. More recently, some
researchers have integrated Mamba vision into image restora-
tion tasks [48]-[51], such as image super-resolution [52],
image dehazing [53] and image deraining [21], [54]. For
example, Chen et al. [55] propose to dynamically adjust the
quantization mapping range, and devise the Q-MambalR, an
accurate, efficient, and flexible Quantized Mamba for IR tasks.
Specifically, they introduce a Statistical Dynamic-balancing
Learnable Scalar (DLS) to mitigate the peak truncation loss
caused by extreme values, while designing a Range-floating
Flexible Allocator (RFA) with an adaptive threshold to flexibly
round values. To simultaneously perceive image textures and
achieve a trade-off between performance and efficiency, the
authors in [56] design a novel texture-aware image restora-
tion method, TAMambalR. Specifically, TAMambalR involves
a novel Texture-Aware State Space Model and a Multi-
Directional Perception Block, which enhances texture aware-
ness and improves efficiency by modulating the transition
matrix of the state-space equation and focusing on regions with
complex textures. To generalize to complex degradation, the
authors in [57] devise DPMambalR, a novel All-in-One image
restoration framework with a Degradation-Aware Prompt State
Space Model (DP-SSM) and a High-Frequency Enhancement
Block (HEB). Specifically, the DP-SSM utilizes a pre-trained
degradation extractor to capture fine-grained degradation fea-
tures and dynamically incorporates them into the state space
modeling process, enhancing the model’s adaptability to di-
verse degradation types while mitigating the loss of high-
frequency details caused by task competition. However, the ex-
ploration for vision Mamba to promote image deraining tasks
is still rough and immature, and in particular the investigation
of the coincidence between characteristics of rainy images and
Mamba architecture remains uncharted. Unlike existing meth-
ods designed to encode 2-D channel relationships and long-
range dependencies with positional information, our VDSM
focuses on vector decomposition and parameter fitting learning
to achieve direction-specific representation, mimicking the
physical process of rain accumulation, enabling interpretable
feature recovery.

III. METHOD

This section first offers an overview of the proposed vector
decomposition-based vision Mamba approach (VDMamba)
and then details the architecture of our vector decomposition
and synthesis module (VDSM) and its essential components,
including background decomposition, mutual representation
and fusion, and synthesis unit.

A. Architecture Overview and Optimization

Architecture Overview. Fig. 2 outlines the framework of
VDMamba, which involves a Wavelet transform (WT), a FEM,
several VDSMs, and a RM. For a given rain image Iz, and
its clean background image I with a size of W x H x C,
we first use the Haar Wavelet to decompose the corresponding
frequency components, including the low-frequency approxi-
mation coefficient /r 4 and high-frequency vertical coefficient
IR,v, horizontal coefficient Ir rr, and diagonal coefficient
Ir,p. Compared to Fast Fourier Transform (FFT), which is
suitable for analyzing the overall spectral characteristics of im-
ages, Wavelet transform has time-frequency joint localization
characteristics and can analyze signals at different scales and
positions while capturing more structural information. Thus
it is critical for applications like detecting transient events or
analyzing signals with abrupt changes (e.g., rain distribution,
machine fault detection).

Then these components have the same size of W/2x H/2 x
C'. The coefficients are then transformed into the feature space
through the FEM, involving an initial 3 x 3 convolution and a
RMB to generate the initial background representation (F9).
Subsequently, F% is converted into a deep mutual learning
representation via several VDSM. Specifically, VDSM fits and
eliminates the direction-specific (vertical and horizontal) basic
vectors of rain distribution in the frequency space using the
DPU. Finally, in the RM, an inverse Wavelet transform is
performed to produce the derained results (/) with fixed
parameters of Haar filters [58].

Model Optimization. Similar to existing studies [59], the
Charbonnier penalty loss [60] is used to mediate between the
predicted rain-free image (/) and its ground truth (Ig). The
constraint is formulated as

Lras = /(I —Ip)? + €2, ()

where the penalty coefficient ¢ is set to 10~% with the « set to
0.2 to balance loss components. To encourage the fidelity of
both structural information and texture, the structural similarity
(SSIM) [61] loss is introduced, depicted as

Ly =SSIM(I} v, Ipy), @)

where Y denotes the luminance channel of the YCbCr space.
To this end, the final loss function is defined as £ = Lrap +
A+ Ly, where ) is used to balance the loss components, and
experimentally set as —0.15.

B. Feature Extraction Module

In VDMamba, we have devised a FEM to encode the initial
distribution of background. Specifically, a 3 x 3 convolution
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operation is applied to these wavelet coefficients to generate
the initial characteristics F’¢.,. Then a RMB is composed of a
RCABD and a RMU, which are used to aggregate the global
response and refine the feature representation F'5. In RCABD,
the standard convolution is replaced with depth-wise separable
convolutions, which are computationally more efficient while
achieving similar or better performance over the incipient
RCAB. This process can be formulated as

Ftea = Heonv(Ir, A, Ir,v IR, H, IR, D),
F}% - HRMB(Ffea)a

where H,,, denotes a 3 x 3 convolution layer. Hz s denotes
the RMB, as shown in Fig. 2, involving a RCABD, a RMU
and a global residual connection to characterize both the local
and global dependencies.

3

C. Vector Decomposition and Synthesis Module

The pivotal design of VDMamba is the VDSM, which is
utilized to characterize and eliminate the direction-specific rain
degradation. There are n» VDSMs in the proposed VDMamba.
The input of the ith VDSM is Fi; ' and its output is F'j;. Each
VDSM involves vector decomposition, mutual representation
and fusion, and vector synthesis, detailed as follows.

Vector Decomposition. We first characterize and derive the
corresponding direction-specific rain perturbation distribution
(vertical F \, and horizontal F ;) via the DPU and RMB
(Hgyp(+) from input features (F%). This transformation
allows the single-direction scanning of the incipient Mamba to
explore direction-specific sequential relations for accurate per-
turbation distribution learning, requiring no elaborate design
of Mamba scanning. This process is represented as

FR v = Hrus(Hppu,v (FR)),

Fp i = Hrup(Hppu,u(FB)),

where Hppy,v and Hppy, g denote the vertical and horizon-
tal DPUs (shown in Fig. 2), respectively.

Mutual Representation and Fusion. Due to the diversity
and complexity of rain patterns, it is hard to completely
decouple and separate two orthogonal parts (vertical and hor-
izontal components) from the rainy distribution via the vector
decomposition. Besides the direction-specific representation
via vector decomposition, we present the mutual representation
and fusion across the vertical and horizontal components,
greatly facilitating the global degradation learning. Specifi-
cally, the vertical and horizontal components in VDSM are
encoded jointly in a bidirectional coupling manner to utilize
the non-local correlation better. This scheme explores the
complementary and redundant components from each other
for refinement. Specifically, taking the vertical vectors FJ |,
as an example, F}%,v is processed by a horizontal DPU
(Hppu,u(-)) to generate descriptions along the horizontal
direction via the vertical coordinate information embedding.
This is followed by the RCABD and RMU, enabling the
network to fully explore the complementary information from
the vertical vectors. This enriched output is then supplemented
to the horizontal vectors, which are also enhanced by another

“

RCABD. The refined vertical vectors F}%TV can be generated
similarly. The aforementioned process are described as

Fp'y = Hryp.u(BEy(Hppua(Fiyv))) + B2 (FR ),
Fp'y = Hrup,u(Er(Hppuv (Fp ) + B2 (Fp ),

where F represents the encoding process achieved by
RCABD.

Vector Synthesis. To better characterize the rain pertur-
bation and alleviate training burden, we devise a lightweight
yet effective synthesis unit to generate and eliminate the rain
distribution of the current rain layer. In particular, Synthesis
Unit (Hg) takes the refined rain residues (F}%TV and F}%TH)
as inputs, and learns the inverse projection and transformation
parameters of vector decomposition using two 3 x 3 convolu-
tions, which are used to derive the complete rain distribution
(FY), and generate the updated background representation F'}.
These processes can be summarized as

&)

0 0 0
FR = HSU(FRTV’ FRTH

6
FL =F% — F3. ©

Using the progressive VDSMs, our approach enables the
network to effectively eliminate the rain perturbation. This
is accomplished by characterizing the direction-specific rain
distribution while exploring the intrinsic relationships among
them, leading to a high-quality representation of rain-free
background features. Our innovative scheme not only outper-
forms traditional separation methods in terms of accuracy, but
also preserves intricate textures, requiring no elaborate design
of Mamba scanning mechanism.

D. Reconstruction Module

Followed by a reconstruction module, the predicted back-
ground contents (F'3) from the last VDSM are transformed
into the image domain to generate a rain-free image (/};).
Specifically, an RCABD followed by a convolution layer
3 x 3 receives F'5, and an inverse wavelet transformation
(IWT) converts the frequency signal into image space. The
reconstruction process can be summarized as follows:

I}y = IWT(Heony(Hroap (Fg)))- 0

IV. EXPERIMENTAL RESULTS

To validate our proposed VDMamba, we conduct extensive
experiments on both synthetic and real rainy datasets, compar-
ing it against a range of representative image deraining meth-
ods. These methods include CNN-based DGUNet [62] and
MPRNet [27], transformer-based Restormer [13], IDT [63],
DRSformer [14], DAWN [17], SENet [64], FMRNet [65],
DPCNet [66] and NeRD [67], and Mamba-based Trans-
Mamba [68]. Five commonly used image quality evaluation
metrics, such as Peak Signal to Noise Ratio (PSNR), Structural
Similarity (SSIM), Feature Similarity (FSIM), Naturalness
Image Quality Evaluator (NIQE) and Spatial-Spectral Entropy-
based Quality (SSEQ) are employed for comprehensive eval-
uation.
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Model DPU MRF SU RMB PSNR SSIM Par. Time GFLOPs
Rain Image - - - - 2216 0732 - - -
w/o DPU x v v v 3286 0919 1.324 0.089 75.62
w/o V-DPU x v v v 3301 0920 1.321 0.088 74.56
w/o H-DPU x v v v 33120923 1.321 0.088 74.56
w/o MRF v ox v v 3314 0921 1.296 0.082 72.35
w/o SU v v x v 3321 0923 1.308 0.085 73.29
w/o RMB v v v x 3301 0919 1.356 0.095 93.46
w/o DPU+MRF X x v v 3271 0917 1.319 0.086 73.65
w/o DPU+SU x v x v 3269 0916 1.304 0.085 71.96
w/o MRF+SU v x x v 33.02 0920 1.315 0.083 73.48
w/o all X X X X 3237 0914 1.320 0.091 91.57
VDMamba v v v v 33350926 1317 0.086 73.51

TABLE I: Ablation study on the Direction-aware projection unit (DPU), mutual repre-
sentation and fusion (MRF), and the synthesis unit (SU) in the vector decomposition and
synthesis module (VDSM), as well as the residual Mamba block (RMB) on the Test1200
dataset. We obtain the model parameters (Million (M)), inference time (Second (S)), and
computation complexity (GFLOPs (G)) of deraining on images with 512 x 512 pixels.

A. Implementation Details

Data Collection. Following [26], we use 13,700 clean/rain
image pairs from [69], [70] for training all compared methods
to guarantee fairness since these methods are originally trained
with different datasets. In particular, the compared methods
are retrained with the publicly released codes by tuning the
optimal settings. For testing, four synthetic (Test100 [69],
Test1200 [28], R100H, and R100L [71]) and three real-
world datasets (Rain in Driving (RID), Rain in Surveillance
(RIS) [72] and Reall127 [28]) are considered for evaluation.
Experimental Setup. In our baseline model, we empirically
set the number of Vector Decomposition and Synthesis Mod-
ules (VDSMs) to 10. Each VDSM involves vector decompo-
sition, mutual representation and fusion, and vector synthesis.
During the training process, the images are cropped into small
patches of size 192x 192 for convenience. We utilize the Adam
optimizer with an initial learning rate of 2 X 10~4, which
decays at a rate of 0.8 every 80 epochs, continuing up to 500
epochs. The batch size is set to 8, and the model is trained on
a single NVIDIA RTX 3090 GPU.

B. Ablation Studies

Validation on Basic Components. We conduct ablation stud-
ies to validate the contributions of individual components in
vector decomposition and synthesis module (VDSM) to the
final deraining performance on the Test1200 dataset. The com-
ponents examined include the residual Mamba block (RMB),
direction-aware projection unit (DPU), mutual representation
and fusion (MRF), and synthesis unit (SU). For simplicity,
we refer to our final model as VDMamba, which utilizes
ten VDSMs. To evaluate the local-global representation of
RMB, we design a w/o RMB model by replacing RMB with
a transformer. Additionally, we devise six models (w/o DPU,
w/o MRF, w/o SU, w/o DPU+MRF, w/o DPU+SU, and w/o
MRF+SU) to investigate the effect of vector decomposition
and synthesis. Two models (w/o V-DPU and w/o H-DPU)
are used to separately evaluate the effects of vertical and
horizontal projection units. Notably, these models consume
approximately the same number of parameters as VDMamba.

Quantitative results regarding deraining performance and ef-
ficiency on the Test1200 dataset are presented in Table I. These

results reveal that the complete deraining model, VDMamba,
significantly outperforms its incomplete variants. Specifically,
the introduction of the residual mamba block (RMB) yields an
impressive performance gain of 0.34 dB in restoration quality
while reducing computational costs by 21.4% (as seen in the
results of VDMamba and w/o RMB models). We speculate that
the RMB effectively balances local and global feature repre-
sentation with linear complexity. Similarly, mutual representa-
tion and fusion (MRF) module enhances the model’s ability to
represent global rain distribution by leveraging complementary
information between vertical and horizontal components, re-
sulting in a 0.21 dB PSNR gain (referring to VDMamba and
w/o MRF models). In contrast, replacing the any direction-
aware projection unit (DPU) with standard convolution dimin-
ishes the model’s ability to characterize direction-specific rain
distribution, leading to a noticeable performance decline of
0.23 dB, 0.34 dB and 0.49 dB (as indicated by the results of
VDMamba, w/o V-DPU, w/o H-DPU and w/o DPU models).
It is noted that the vertical-DPU can provide more clues for
modeling the rain distribution when compared to the horizontal
one. Furthermore, removing synthesis unit (SU) significantly
degrades the reconstruction capability of rain distribution,
resulting in a noticeable performance decline of 0.14 dB in
PSNR (comparing VDMamba with w/o SU models). Notably,
when compared to the baseline model w/o all, VDMamba
demonstrates considerable superiority, achieving a 0.98 dB
improvement in restoration quality.

C. Comparison with State-of-the-arts

Synthesized Data. We compare the performance of VD-
Mamba with several representative methods across four com-
monly used rainy image datasets. Additionally, we evaluate
inference time, computational cost, and model parameters
using an image size of 512 x 512. Quantitative results are
provided in Table II. As anticipated, our proposed VDMamba
demonstrates substantial performance improvement across all
evaluation metrics compared to its competitors. Notably, VD-
Mamba exhibits significant superiority over current CNN-
based methods, surpassing DGUNet [62] and MPRNet [27]
in PSNR by 0.84 dB and 1.25 dB, respectively, while
greatly reducing the model parameters (47.5% and 47.6%)
and inference time (59.9% and 67.7%). In comparison to
transformer-based methods such as FMRNet [65], SFNet [64],
and DRSformer [14], VDMamba remains highly competitive
in deraining performance and demonstrates significant advan-
tages in inference efficiency. On average, VDMamba outper-
forms the SOTA NeRD [67] by 0.58 dB and DRSformer by
0.60 dB in PSNR, respectively. Furthermore, NeRD requires
16.38 x more model parameters, 3.43 X longer inference
time, and 7.50 X greater computational cost compared to
our VDMamba. In contrast, the advantages of our proposed
method in inference speed and storage indicate that VDMamba
has greater potential for deployment on resource-constrained
devices, such as edge or mobile devices.

To provide further evidence, we present visual comparisons
across four datasets are shown in Fig. 3. Spatial domain-
based methods, such as DRSformer [14], effectively eliminate
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TABLE II: Comparison of average PSNR/SSIM/FSIM scores on Test100/Test1200 and RI00H/R100L datasets. We obtain model parameters (Million), average inference time
(Second) and computational cost (GFLOPs (G)) of deraining on images with the size of 512x 512.

Methods MPRNet [27] IDT [63] DGUNet [62] MFDNet [73] DAWN [17] DRSformer [14] SFNet [64] DPCNet [66] FMRNet [65] NeRD [67] TransMamba [68] VDMamba (Ours)
30.27/32.91 29.69/31.38 30.32/3323 30.78/33.01 29.86/32.76 31.54/32.04 31.16/32.04 30.78/33.23 30.66/33.21 31.13/31.62  30.81/33.02 31.24/33.35
Test100/Test1200 0.897/0.916 0.905/0.908 0.899/0.920 0.914/0.925 0.902/0.919  0.917/0.918 0.917/0.904 0.914/0.928 0.915/0.924 0.913/0.916  0.911/0.921 0.918/0.928
30.41/36.40 29.95/37.01 30.48/36.67 30.66/37.42 29.89/35.97 30.90/38.10 31.59/37.61 30.48/37.61 30.69/37.81 31.51/3835  30.16/37.45 31.62/38.76
RIOOH/RIOOL  0.889/0.965 0.898/0.971 0.891/0.969 0.899/0.973 0.889/0.963 0.897/0.973  0.903/0.970 0.899/0.973 0.900/0.974 0.901/0.972  0.898/0.974 0.910/0.977
Avg-PSNR 1 32.49 32.00 32.90 32.97 32.12 33.14 33.10 33.02 33.09 33.16 32.86 33.74
Par.(M) | 3.637 16.41 3.633 4.741 1.489 33.65 13.23 - 1.551 22.89 15.49 1317
Time (S) | 0.207 1.126 0.167 0.094 0.087 1.328 0.082 - 0.150 0.381 0.445 0.086
GFLOPs (G) |, 565.8 247.63 - 27557 89.34 971.6 4977 - 91.23 625.2 3275 73.51

'

DAWN [17] DRSformer [14]

'SENet [64]

Ground Truth

FMRNet [65] VDMamba (Ours)

Fig. 3: Visual comparison of derained images obtained by five methods on Test100, Test1200, R100H and R100L datasets.
TABLE III: Comparison of average NIQE/SSEQ scores by seven deraining methods on three real-world datasets. The bold and underlined are the best and second performances,

respectively.
Datasets DRDNet [74] MPRNet [27] ELFormer [27] DAWN [17] MFDNet [73] SFNet [64] FMRNet [65] NeRD [67] VDMamba (Ours)
Real127 4.208/30.34  3.965/30.05  3.735/29.16  3.762/29.19 3.873/29.60 3.990/30.16  3.714/29.27 3.886/29.65 3.729/29.07
RID (2495) 5.715/39.98 6.452/40.16  4.318/37.89  4.785/37.49 6.468/42.51 5.352/39.28  4.431/37.25 4.892/38.74 4.369/37.16
RIS (2348) 6.269/4534 6.610/48.78  5.835/42.16  5.536/43.16 4.475/45.24 5.934/46.39  5.628/42.29 5.783/43.59 5.107/42.23

rain perturbation in the image domain and thus bring an
improvement in visibility. However, they often fail to produce
visually appealing results due to residual artifacts in the
frequency embedding space. The previous frequency domain-
based methods (SFNet [64] and FMRNet [65]) promote spatial
and frequency domain representation but exhibit unsatisfactory
deraining performance due to the insufficient exploration of the
Mamba architecture and Wavelet transform. Besides recover-
ing cleaner and more credible image textures, our VDMamba
produces results with better contrast and less color distortion.
Specifically, for the second and fifth scenarios in Fig. 3, taking
the “wine bottle” and “bear” as examples, only VDMamba
infers clearer details with consistent contrast to the ground
truth, while other methods produce results with oversmooth
content or noticeable color distortion. Moreover, when dealing
with heavy rain conditions, methods like DRSformer and
SFNet struggle to eliminate rain streaks and often introduce
visible artifacts and unnatural color appearance. In contrast,
our VDMamba excels in completing the deraining task with
the highest visual quality, producing more natural and credible
details, as demonstrated in the third and fourth scenarios.

Real-world Data. We further conduct experiments on three
real-world datasets: Real127 [28], Rain in Driving (RID), and
Rain in Surveillance (RIS) [72]. RID and RIS respectively
contain 2,495 and 2,348 real-world rain samples collected
from car-mounted cameras and networked traffic surveillance
cameras on rainy days. These datasets vary in rain types, image
quality, object size, angle, and other factors, representing real
application scenarios where deraining is desirable. Quantitative
results for NIQE [76] and SSEQ [77] are listed in Table III,
where smaller scores indicate better perceptual quality and
clearer contents. When compared to SFNet [64], FMRNet [65]
and NeRD [67], our VDMamba achieves competitive per-
formance, recording the lowest average SSEQ scores in the
Real127 and RID datasets, as well as the second best average
scores on other evaluation metrics. Visual comparisons in Fig.
4 provide additional evidence to demonstrate that VDMamba
surpasses other competing methods in effectively removing
rain disturbances and preserving fine background details in
the derained images.
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Input MFDNet [73]  SCDformer [75]

SFNet [64]

FMRNet [65]  NeRD [67] VDMamba (Ours)

Fig. 4: Visual comparison of derained images obtained by six methods on six real-world scenarios, covering heavy rain (3°%h), light rain (1°%, 2% and 6°*) and rain veiling effect

(4°* and 5°). Please refer to the highlighted regions for a close-up comparison.

TABLE IV: Comparison of average PSNR/SSIM scores on the UAV-Rainlk dataset [78]. We obtain the model parameter (Million) and inference time (Second) of deraining on

images with the size of 512 x 512.

Methods Input IDT [63] Restormer [13] SENet [79] MFDNet [73] DRSformer [14] DAWN [17] FMRNet [65] VDMamba (Ours)
PSNR 16.80 22.47 24.78 24.69 22.47 24.93 24.32 23.28 25.46
SSIM 0.719 0.895 0.905 0911 0.881 0.915 0.914 0.903 0.918
Par.(M) - 16.41 26.12 13.23 4.741 33.65 1.487 1.551 1.317
Time (S) - 1.126 1.124 0.082 0.094 1.328 0.087 0.150 0.086

TABLE V: Comparison of average PSNR/SSIM scores on the RainCityscapes dataset [80]. We obtain the model parameter (Million) and inference time (Second) of deraining on

images with the size of 512 x 512.

Methods  Input PCNet [59] Restormer [13] SCDformer [75] SFNet [79] MFDNet [73] DAWN [17] FMRNet [65] VDMamba (Ours)
PSNR 16.87 24.49 28.42 27.52 27.44 26.91 26.72 28.24 30.35
SSIM 0.851 0.946 0.959 0.928 0.951 0.948 0.948 0.950 0.962
Par.(M) - 0.655 26.12 2.086 13.23 4.741 1.489 1.551 1.317
Time (S) - 0.062 1.124 2.252 0.082 0.094 0.087 0.150 0.086

D. Generality for Other Image Restoration Tasks

To assess the versatility and effectiveness of our vector
decomposition and synthesis strategy in VDMamba model,
we have extended its application to address various image
restoration tasks, encompassing raindrop removal [78], rain-
haze removal [80], underwater image enhancement [81], image
dehazing [82], and low-light image enhancement [83].

1) Raindrop Removal: Raindrops on a camera lens can
cause undesired artifacts, such as blurriness, distortions, and
color aberrations in the captured images. Effective raindrop
removal is crucial for various applications, including surveil-
lance, autonomous vehicles, and outdoor photography. To

evaluate the versatility, we compared VDMamba to the typical
image restoration methods, such as Restormer [13], IDT [63],
SENet [79], MFDNet [73], DAWN [17], DRSformer [14] and
FMRNet [65] on the UAV-Rainlk dataset [78]. The UAV-
Rainlk contains 800 and 220 synthetic images for training and
testing, respectively. The average resolution of all images is
1500 x 1000, covering four rain density labels (e.g., light, mod-
erate, heavy, and irregular). For fair comparison, we retrain the
aforementioned methods with the UAV-Rainlk dataset follow-
ing their released source codes and public settings. Quantita-
tive results in Table IV indicate that our proposed VDMamba
method performs favorably, achieving the highest scores across
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Fig. 5: Visual comparisons of derained images obtained by five methods on the UAV-Rainlk dataset [78].

Rainy Image

Restormer MFDNet

VDMamba (Ours Ground Truth

MFDNet

SFNet

Restormer

Ground Truth

FMRNet VDMamba (Ours)

Fig. 6: Visual comparison of derained images obtained by five methods on the RainCityscapes dataset [80]. Please refer to the detailed comparison in the red regions.

all metrics, particularly when compared to Restormer and
SFNet, tailored for image restoration tasks. It is noted that
our VDMamba surpasses the SOTA method DRSformer by
0.53 dB in terms of PSNR, while significantly saving 96.1%
and 93.6% of the model parameters and inference time.
Fig. 5 presents visual comparisons, demonstrating that our
VDMamba outperforms other methods in effectively removing
rain disturbances and inferring fine background details in the
degraded regions, more faithful to the ground truth. In contrast,
the compared methods are inclined to produce results with
either color distortion or obvious artifacts residue (Please refer
to the highlighted regions).

2) Rainhaze Removal: Due to the symbiotic nature of rain
and fog in natural scenes, we further compare our proposed
VDMamba method with several deraining methods on the
rain-haze dataset (RainCityscapes [80]), involving PCNet [59],
Restormer [13], SCDformer [75], MFDNet [73], DAWN [17],
SFENet [79] and FMRNet [65]. The RainCityscapes dataset [80]

is synthesized from the Cityscapes dataset [85]. The training
set consists of 9432 images created from 262 Cityscapes
images, while the test set includes 1188 images synthesized
from 33 Cityscapes images. All Cityscapes images selected for
synthesis depict overcast conditions without prominent shad-
ows. Rain streaks and haze are added using various intensity
maps, allowing for the generation of 36 different synthesized
images from each original image by adjusting the intensity
of these effects. To ensure a fair comparison, we trained the
previously mentioned methods on the RainCityscapes follow-
ing their public settings. The quantitative results in Table V
indicate that our proposed VDMamba method achieves the
highest scores in terms of PSNR and SSIM, outperforming
the top-performing methods Restormer and FMRNet by 2.11
dB and 1.93 dB, respectively. Visual comparisons in Fig. 6
demonstrate that our VDMamba is more effective in removing
rain and haze disturbances while preserving fine background
details in the predicted images. In contrast, the compared
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Fig. 7: Visual comparisons of low-light image enhancement, underwater image enhancement and image dehazing.

TABLE VI: Quantitative performance comparison of underwater image enhancement in terms of PSNR on the S1000 [86] and R90 [£7] datasets.

Methods  Ucolor [88] NAFNet [89] Uformer [12] MLLE [90] Restormer [13] UTUIE [81] MFDNet [73] DAWN [17] FMRNet [65] VDMamba (Ours)
S1000 23.05 22.08 21.54 21.38 28.77 23.42 27.79 25.31 28.97 29.74
R90 20.63 21.15 20.76 20.47 23.18 2291 23.97 21.49 23.93 24.38
Ave-PSNR  21.84 21.61 21.15 20.92 25.97 23.16 25.88 23.40 26.45 27.06

methods struggle to restore clear background contents and
exhibit obvious artifacts and contrast distortion (please refer
to the results of SCDformer, Restormer, and MFDNet).

3) Underwater Image Enhancement: Improving the quality
of underwater images via underwater image enhancement
technologies is essential for various underwater applications.
In accordance with [91], our VDMamba model is trained on
a dataset of 2050 pairs of underwater images, covering a
wide range of scenes. Among these pairs, 800 are randomly
selected from the UIEB dataset [87], while the remaining 1250
pairs are from a synthetic underwater image dataset [86]. To
assess the model’s performance, we test our VDMamba and
all compared methods on two datasets: R90 and S1000. The
R90 dataset is a subset of the UIEB dataset [87], consisting
of 90 pairs of real underwater images and their corresponding
reference images. While the S1000 dataset contains 1000 pairs
of synthetic underwater images from [86].

Table VI presents the quantitative results in terms of PSNR,
comparing VDMamba to five commonly used underwater
image enhancement methods and four image restoration tech-
nologies. As expected, our VDMamba consistently outper-
forms all comparison models by a significant margin across
two testing datasets, on average surpassing the state-of-the-art
methods Restormer [13] and FMRNet [65] by 0.97 dB and
0.77 dB, respectively. This performance can be attributed to
the effectiveness of the vector decomposition and mutual rep-
resentation among vertical and horizontal components, which
excel in learning the direction-specific background textures.
In particular, VDMamba effectively eliminates degradation in
underwater images without relying on specific knowledge of
underwater imaging, such as the reverse medium transmission
map. Visual comparisons presented in Fig. 7 demonstrate
that our VDMamba produces sharper contents with more
accurate color tones while successfully removing the adverse
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TABLE VII: Quantitative performance comparison of image dehazing in terms of PSNR/SSIM of seven image dehazing methods on the SOTS dataset.

Methods  FFANet [92] DANet [29] Restormer [13] MixDehazeNet [93] DehazeFormer [94] MFDNet [73] FMRNet [65] VDMamba (Ours)
PSNR 1 26.34 30.16 28.30 30.18 30.36 29.45 30.82 30.94
SSIM 1 0.953 0.967 0.956 0.973 0.973 0.976 0.968 0.978
Par. (M) | 4.456 1.547 26.12 3.16 0.686 4.741 1.551 1.317

TABLE VIII: Quantitative performance comparison of several low-light image enhancement methods on the LOL [95] dataset. We obtain the model parameter (Million) and average

inference time (Second) of relighting on images with the size of 384 x 384.

Methods ~ SNRNet [83] Restormer [13] DAWN [17] LLFormer [84] IAGC [96] SFNet [64] MFDNet [73] FMRNet [65] VDMamba (Ours)
PSNR 1 24.61 26.63 24.77 23.64 24.53 24.95 25.01 25.97 26.78
SSIM 1 0.842 0.909 0911 0.816 0.842 0.901 0912 0.908 0.915
Par.(M) | 39.12 26.12 1.487 24.52 - 13.23 4.741 1.551 1.317
Time (S) | 0.320 0.568 0.049 0.568 - 0.048 0.053 0.055 0.048

underwater effects, resulting in outputs more faithful to the
corresponding ground truth. In contrast, Restormer [13] and
MFDNet [73] fail to eliminate the greenish color, resulting
in under-enhanced outputs. Although SFNet [64] and FMR-
Net [65] perform better than the aforementioned methods, they
still introduce color deviations.

4) Image dehazing: Fog and haze present significant chal-
lenges in computer vision tasks, and image dehazing aims to
recover clear images from hazy input [97]. As indicated in [9],
achieving the global representation is important for image
dehazing [82]. Thus, the proposed VDMamba can also be
applied to this task. In line with [59], we utilize 6000 pairs of
synthesized hazy images from [98] to train our VDMamba and
the compared methods. For evaluation, we use the commonly
used SOTS (synthetic objective testing set) dataset [98], which
consists of 1000 pairs of indoor and outdoor hazy images
selected from the RESIDE dataset.

The quantitative results presented in Table VII demonstrate
that our method outperforms existing dehazing technologies
by a significant margin. Specifically, our VDMamba achieves
higher PSNR and SSIM scores on the SOTS dataset, sur-
passing DehazeFormer [94] and FMRNet [65] by 0.58 dB
and 0.12 dB, respectively. Visual comparisons in Fig. 7 il-
lustrate that other models produce under-dehazed outputs or
introduce noticeable color distortion, while our VDMamba
method effectively removes the disruptive effects of haze,
generating clearer and visually plausible results with minimal
residue. This substantial improvement in both visual quality
and evaluation scores highlights the effectiveness and versatil-
ity of our proposed vector decomposition-based vision Mamba
framework.

5) Low-Light Image Enhancement: Low-light image en-
hancement techniques are designed to improve the brightness
and reduce noise of images captured in low-light conditions.
Since exploring global correlations is very helpful for noise
reduction [99], to evaluate the versatility of our VDMamba,
we compare it to conventional low-light image enhancement
methods using the widely used LOL [95] dataset. This dataset
comprises a training set of 485 pairs of low-light and normal-
light images, along with a test set containing 15 pairs.

The quantitative results, presented in Table VIII, indicate
that our VDMamba demonstrates impressive competitiveness.
It achieves the highest PSNR and SSIM scores, along with
notable superiority in inference speed and model parameters.

When compared to the state-of-the-art methods Restormer [13]
and FMRNet [65], VDMamba surpasses them by 0.15 dB and
0.81 dB, respectively. This showcases its ability to preserve
detailed structural and textural information while effectively
suppressing artifacts. Visual comparisons shown in Fig. 7
reveal that the competing methods tend to produce results
with color distortions, either through under- or over-relighting,
or artifacts. In contrast, our proposed VDMamba effectively
relights dark regions, yielding more credible content that
aligns closely with the ground truth. It can be asserted that
our mamba-based vector decomposition and synthesis strategy
favors suppressing the artifacts and inferring structure details.

V. CONCLUSION

In this paper, we present VDMamba, a novel image derain-
ing framework leverages vector decomposition and mamba-
based wavelet transform approach (VDMamba). Specifically,
we investigate the potential relationships among rain distribu-
tion representation and Mamba characteristics in the wavelet
domain, constructing a vector decomposition and synthesis
module (VDSM) to progressively separate rain perturbations
from the clean background while preserving the structural
textures of degraded images. VDSM provides an alternative
solution for effective local-global degradation representation
while requiring no specific scanning design. In particular
for the image restoration and enhancement tasks, VDMamba
proposes to transform the prediction and removal of arbitrary
perturbations (ignoring pattern and intensity) into a param-
eterized fitting problem in the frequency space, which is of
better robustness and practicality. Extensive experiments on
synthetic and real-world rain-image datasets demonstrate the
superior performance of VDMamba compared to several state-
of-the-art image deraining methods. Beyond image deraining,
we showcase the versatility of VDMamba by extending its ap-
plication to various image restoration tasks, including raindrop
removal, rain-haze removal, underwater image enhancement,
image dehazing, and low-light image enhancement. This work
opens new avenues for future research in Mamba-based im-
age restoration, particularly in deploying efficient and high-
performing models on resource-constrained devices.
Limitations and Future Work. In this work, we propose
a vector decomposition-based vision Mamba approach (VD-
Mamba) to investigate the coincidence between character-
istics of rainy images and Mamba architecture. Although
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VDMamba specializes in eliminating the aliasing artifact and
preserving structure, it is important to acknowledge its lim-
itations and avenues for future exploration. One limitation
is that it behaves with significant heterogeneity in different
degradation patterns or scenarios. For example, the low-light
image enhancement task shows lower PSNR than other tasks.
The specific framework and decomposition pattern may be
required to investigate and explore the compatibility of Mamba
architecture to these tasks. Also, the prompt learning with a
large model (LM) may narrow the knowledge gap derived
from the degradation diversity. In addition, the absence of
a comprehensive analysis for the physics degradation model
is evident. Although VDMamba shows better robustness and
practicality for arbitrary perturbations (ignoring pattern and
intensity), leveraging physics models to facilitate degradation
learning could provide more robust and generalizable priors.
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