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G W N e

Abstract

Underwater image super-resolution plays an important role in marine exploration, as
it aims to recover clearer and higher-resolution images from degraded low-resolution
observations. However, in underwater environments, this task is particularly challenging
due to non-uniform spectral attenuation and particle scattering. Underwater, red light
fades quickly, leading to color distortion and loss of details. To address this while keeping
the model lightweight, we propose a dynamic color-space network for single-image super-
resolution. Traditional methods use fixed color conversion and cannot handle non-uniform
attenuation well. We instead use a learnable module to adaptively obtain luminance (Y)
and chrominance (CbCr) representations. Building upon this representation, we employ a
highly efficient dual-branch architecture where the Y-channel features are processed using
light Mamba blocks to capture spatial dependencies with linear complexity, while the CbCr-
channel features are restored by a lightweight convolutional neural network. Finally, a
lightweight residual model utilizing depth-wise separable convolutions (DSC), deformable
convolutions, and pixel attention mechanisms is introduced to refine the features and
suppress artifacts. Experimental results demonstrate that while achieving competitive
restoration quality, the proposed method drastically reduces computational complexity
and parameter count compared to other large-scale models. This balance between visual
quality and computational efficiency makes the proposed method well-suited for real-time
deployment on resource-constrained autonomous underwater vehicles (AUVs).

Keywords: underwater image restoration; deep learning; supervised learning; super
resolution

1. Introduction

Because land resources become limited and the global economy grows, deep-sea explo-
ration has become more important. In ocean engineering, visual data from AUVs is widely
used for tasks such as seafloor mapping and navigation. Previous studies have introduced
various image processing techniques to facilitate deep-sea scientific exploration [1,2]. How-
ever, underwater images are usually more blurred and lower in resolution than images
taken in the air, mainly because of light scattering and absorption. Because of this, the
captured images often lose fine details, which makes accurate target detection and scene
understanding more difficult. While the emergence of deep learning has revolutionized
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image restoration [3], the performance of these models heavily depends on the availability
of extensive training datasets.

Underwater image restoration has branched into conventional techniques and deep
learning-based approaches. Early works, such as those by Chiang et al. [4] and Li et al. [5],
focused on physical models to address attenuation and dehazing. While fusion-based
frameworks [6] have been effective for color compensation, they often struggle to recover
high-frequency textures essential for high-resolution tasks. Following the widespread ap-
plication of deep learning, several convolutional neural network (CNN) models have been
introduced, including Deep SESR [7] and Lit-Net [8]. However, Generative Adversarial
Network (GAN)-based frameworks like WaterGAN [9] and CycleGAN [10], while yielding
visually pleasing results, are prone to model collapse and often fail to maintain structural
integrity. To solve these problems, models like Dual-CycleGAN [11] have been developed.
They use light-field information to make the restoration more stable.

Image restoration can improve degraded images, but they often miss fine details.
To address this, underwater image super-resolution has been studied to further enhance
resolution and recover structural information. Recently, more work has focused on recon-
structing high-resolution images from degraded inputs. Early studies primarily extended
conventional super-resolution techniques to underwater scenarios. For example, meth-
ods based on the SRCNN [12] were directly applied to underwater images to recover
spatial details, demonstrating the feasibility of deep learning-based SR in aquatic envi-
ronments. Subsequently, more specialized approaches were proposed to better handle
underwater degradations. Islam et al. developed residual-based generative models, in-
cluding SRDRM [13] and SRDRM-GAN [13], to enhance image quality and restore details
in underwater scenes. They later proposed Deep SESR [7], which addresses both color
distortion and resolution degradation together. More recently, various advanced archi-
tectures have been developed to further tackle complex underwater degradations. For
instance, generative models such as SRGAN [14] were adapted to enhance perceptual
realism. To capture multi-scale features and wavelength-dependent attenuation, attention
mechanisms and wave-based networks, such as AMPCNet [15] and Deep WaveNet [16],
have been utilized. Transformer-based models like URSCT [17] have been used to capture
long-range information. Methods such as DSMN [18] focus on recovering structural details
and fine textures.

These methods use techniques like attention and transformers to improve features, but
most are still based on general image restoration models. These generic strategies implicitly
assume that degradation is uniformly distributed across all color channels. However, an
underwater image is fundamentally affected by wavelength-dependent light absorption,
which creates a severe spectral imbalance. Because existing methods fail to explicitly
decouple and model this non-uniform degradation, they often attempt to recover visual
sharpness by stacking massive network layers. General color-space learning methods typi-
cally address uniform illumination changes or standard atmospheric scattering. In contrast,
our module is explicitly designed to mitigate underwater non-uniform spectral attenuation,
where red light degrades significantly faster than green and blue light. Furthermore, unlike
existing methods that apply color transformations within heavy convolutional backbones,
our conversion uniquely serves as a feature decoupling mechanism. It isolates the lumi-
nance component so that the Light Mamba blocks [19] can model spatial dependencies
with linear complexity, while delegating the chrominance features to a lightweight CNN.
Consequently, although these large-scale deep learning models can improve restoration
quality, they require massive computational resources and parameter counts. This heavy
computational burden severely limits their practical deployment on platforms with limited
computational resources like AUVs.
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To tackle these challenges while maintaining extreme computational efficiency, this
paper presents a lightweight dynamic color-space learning framework integrated with a
dual-branch Mamba network for single underwater image super-resolution. Instead of
relying on standard fixed YCbCr matrices that cannot adapt to non-uniform underwater
spectral attenuation, we introduce a learnable color conversion module to dynamically op-
timize the weights based on the input image content. This adaptive conversion effectively
decouples the degradation process into optimal luminance and chrominance represen-
tations without requiring a computationally heavy backbone, facilitating more accurate
restoration of structural details and color information. Based on this decomposition, our
model then employs a highly efficient dual-branch upsampling architecture, where the
long-range spatial dependencies of Y-channel features are modeled using light Mamba
blocks [19] to maintain linear computational complexity, while the CbCr-channel features
are restored by a lightweight convolutional neural network. Furthermore, a lightweight
residual refinement model utilizing depth-wise separable convolutions, deformable con-
volutions, and pixel attention mechanisms is introduced to refine the fused features and
suppress artifacts. Extensive experiments on the UFO-120 dataset [7] demonstrate that
the proposed Mamba-enhanced method significantly reduces computational complexity
as well as total parameters relative to prominent high-capacity models, while achieving
competitive restoration quality in terms of PSNR, SSIM, and UIQM [20]. This optimal
balance makes it highly suitable for real-world oceanic deployments.

The rest of this paper is organized as follows. Section 2 introduces super-resolution
backbones and recent work on state-space models as the foundation of our method.
Section 3 presents the proposed multi-stage residual refinement framework, including
its formulation and the Mamba-based residual design. Section 4 provides experimental
results along with comparative analysis. Concluding remarks are made in Section 5.

2. Related Work
2.1. Lightweight Deep Learning-Based Super-Resolution

In contrast to open-air photography, restoring subsea environments presents funda-
mentally different reconstruction challenges because of complex degradation, such as light
scattering and absorption, making it difficult to accurately recover high-frequency details
with traditional interpolation methods. To resolve these issues, deep learning methods for
super-resolution approaches, starting from early frameworks like SRCNN [12], have been
introduced to capture and reconstruct detailed spatial information. To further enhance
efficiency, subsequent research introduced techniques such as sub-pixel convolution, com-
monly known as pixel shuffle [21], which significantly reduces computational complexity
by performing feature extraction in the low-resolution space and shifting the upsampling
operation to the end of the network. Furthermore, information distillation mechanisms,
such as those proposed in IMDN [22], have been adopted to progressively extract useful
features while discarding redundant information, thereby maintaining a compact model
size. However, many recent State-of-the-Art super-resolution models rely on very deep
and complex networks, resulting in massive computational overhead and huge parameter
counts. These large models can recover fine details, but they are not suitable for real-time
use on resource-limited platforms. To reduce computation, many lightweight methods
separate image processing into different parts, such as treating luminance and chrominance
differently. A common strategy used in models like SRCNN [12] and FSRCNN [23] is to con-
vert images to YCbCr and focus most of the computation on the luminance channel, while
keeping the chrominance processing simple. By utilizing such color-space conversions
and lightweight convolutional designs, networks can strategically allocate their limited
computational capacity to the most perceptually critical components. In the proposed
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method, we do not use heavy backbones. Instead, we design a dual-branch upsampling
network that works on dynamically learned Y and CbCr channels. With pixel shulffle, the
model can recover structural details while remaining efficient.

Recent advancements have further introduced frameworks such as DeepAquaEn-
hance, which utilizes hierarchical multi-head attention to address complex underwater
illumination, and self-attention-guided approaches that integrate depth-aware priors. Ad-
ditionally, multi-conditional diffusion probabilistic models like MCLL-Diff have shown
strong capabilities in handling severe visual degradation and illumination imbalance. Other
notable recent advances include dynamic lightweight super-resolution frameworks [24],
scale-aware attention mechanisms [25], frequency-aware refinement strategies [26], and
deformable multi-scale feature fusion frameworks [27]. Furthermore, advanced image
restoration models leveraging channel-attention [28,29] and physics-aware color and illumi-
nation modeling approaches [30] have provided critical insights into addressing underwater
spectral attenuation.

2.2. State-Space Models and Mamba

Mamba, extended from State-Space Models (5SM), which was originally proposed
by Gu and Dao [19], aims at enhancing long-range dependency modeling with linear time
complexity. Recently, Mamba-based architectures have been applied to several image
restoration tasks, achieving good results in capturing global context [31]. Unlike traditional
transformers that suffer from quadratic complexity, Mamba learns a selective mechanism
that can infer complex spatial mappings efficiently, showing good performance in high-
resolution image processing. Recent Mamba-based visual representation frameworks [32]
have further established the efficacy of state-space models in complex visual tasks. Al-
though deep learning has worked well for different underwater applications, capturing
global dependencies remains a significant challenge due to the non-uniform blurring in
underwater environments. This aligns with the ongoing demand for lightweight deep
neural networks in underwater exploration, where joint learning of color conversion and
task-specific goals (e.g., object detection) has proven effective for resource-constrained
platforms [33]. Mamba-based methods are particularly suitable for underwater super-
resolution as they provide an optimal trade-off between receptive field size and compu-
tational cost. This perfectly aligns with the stringent requirements for lightweight deep
neural networks in real-time underwater exploration. In our framework, we specifically
deploy Light Mamba blocks [19] within the luminance Y-channel upsampling branch. This
integration empowers the model to extract long-range spatial structural dependencies
under linear time complexity, contributing to the extremely low floating-point operations
(FLOPs) of our system while maintaining high visual quality.

3. Proposed Framework

Underwater images are often affected by color distortion and loss of details, mainly
due to light absorption and scattering. Existing deep learning models can restore these
images, but they often depend on RGB processing and large networks, making them hard to
use in real-time applications. To address this, we propose a lightweight dynamic color-space
learning framework that decouples the restoration of luminance and chrominance. Given
a low-resolution underwater input image, RGByr € R3*HXW the overall architecture is
specifically designed to minimize parameters and FLOPs while preserving high-frequency
details. As illustrated in Figure 1, the system progressively reconstructs the final target high-
resolution image RGBiy, € R3*2Hx2W through three primary stages: dynamic color-space
conversion, a dual-branch upsampling network, and lightweight residual refinement.
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Figure 1. The overall architecture of the proposed framework.

3.1. Dynamic Color-Space Conversion

Instead of employing a fixed transformation matrix, we introduce a learnable color
conversion module to adaptively extract the optimal luminance (Y ) and chrominance
(CbCrrR) representations based on the input underwater image RGBrg. In traditional
image processing, RGB is often converted to YCbCr using a fixed matrix. According to the
ITU-R BT.601 [34] standard, the luminance and chrominance components are defined as:

Y = 0.299-R + 0.587-G + 0.114-B, )
B-Y

= — . 2

Cb = T +05, 2)
R-Y

These fixed coefficients are determined based on human visual perception under
standard atmospheric lighting conditions, assuming uniform light propagation. However,
underwater imaging environments exhibit non-uniform spectral attenuation, where red
light degrades significantly faster than green and blue light. Because of this, a fixed matrix
cannot deal with the different color distortions in underwater images. We therefore use a
learnable color conversion module that adapts the weights based on the input image. This
helps the model better extract useful features and handle wavelength-related degradation.
The structure of this module is shown in Figure 2.

Normalized ‘\‘\:ﬂght vector Yir =@, Rig + @y Grp + wy-Brg ]

CbCrp ]

Figure 2. Dynamic color-space conversion.

The adaptive conversion process is driven by a learnable parameter vector a. To
ensure proper scaling and stability, this vector is passed through a Softmax activation
layer to generate a normalized weight vector w. This dynamic weight vector, denoted as
w = [wr, we, wb] , is then utilized to perform a channel-wise weighted summation over
the input RGB channels (Rpr, GLr, BrLr) of RGBrr This process adaptively synthesizes
the luminance component through the formulation Y g = wy R + wg-Grr + wpBrr,
which carries the primary structural information of the underwater scene. Concurrently,
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the remaining transformation paths generate the corresponding chrominance components
CbCrrr. By decoupling the feature space through this dynamic conversion scheme, the
framework can allocate computational resources more strategically, thereby avoiding the
need for high-complexity RGB backbones while effectively mitigating the non-uniform
wavelength attenuation inherent in aquatic environments.

3.2. Highly Efficient Dual-Branch Upsampling

Recognizing that human visual perception is highly sensitive to structural details
in the luminance channel but more tolerant to variations in the chrominance channels,
we propose a specialized dual-branch architecture to allocate computational resources
efficiently. As illustrated in Figure 3, the proposed framework explicitly decouples the
RI*H*W) and a chrominance branch

(CbCrir € RP*HXW) processing them through two parallel streams to ensure optimal

low-resolution input into a luminance branch (Y;r €

structural and chromatic reconstruction.
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Figure 3. Highly Efficient Dual-Branch Upsampling.

For the luminance branch, the input Y] g enters the light Mamba model and is first
passed through a shallow feature-extraction layer consisting of a 3 x 3 convolution layer to
generate the initial features. These features are then split into a block-level shortcut path and
a main processing path. In the main path, the features are fed into the light Mamba block
component configured with four cascaded blocks. The selection of four Mamba blocks [19]
was determined through empirical optimization rather than a random choice. Extensive
preliminary experiments demonstrated that configuring the module with four blocks yields
the optimal trade-off between restoration performance and computational complexity,
preserving the lightweight characteristics of the framework. Within this component, to
maintain a clean and concise visual schematic, the core structure is represented as “Mamba
SSM,” whose underlying mathematical formulation is governed by the selective state—
space model. Specifically, for a processed sequence x;, the continuous-time evolution of the
hidden state ; within this module is defined as:

W(t)=Axh(t)+ B x x(t), 4)
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y(t) = Cx h(t), )

where I/ (t) denotes the time derivative of the hidden state representing its rate of change,
y: signifies the continuous output sequence, and A, B, and C are the system matrices. To
integrate this continuous-time formulation into our discrete deep learning network, these
continuous parameters must be transformed into corresponding discrete forms (A, B) via
a discretization step with a step size parameter A, expressed as:

A = exp(AA), (6)

B=(AA)'(A-1)-AB. @)

This discretization mechanism enables the “Mamba SSM” component to model ex-
tended spatial structural interactions within a linear computational bound, which is essen-
tial for minimizing the total FLOPs of our framework. Within each block, the features are
normalized and processed by the selective SSM with a local shortcut. An internal residual
connection helps combine the features. Then, a block-level residual connection adds the
shallow features to the output of the light Mamba block. The aggregated feature maps are
subsequently forwarded to the upsampling block, which sequentially comprisesa 1 x 1
convolution, a pixel shuffle layer for x2 and x4 spatial scaling, and a final 3 x 3 convolu-
tion layer. To facilitate residual learning and accelerate training convergence, a global skip
connection utilizing bicubic interpolation directly upsamples the original input Y7 and
aggregates it with the output of the upsampling block, yielding the final super-resolved
luminance feature map Ysg € RI*2Hx2W,

Concurrently, the chrominance branch restores the CbCr g features via a lightweight
upsampling model to maintain color fidelity with a minimal computational footprint. The
input CbCry R is initially transformed by a shallow 3 x 3 convolution layer. Similar to the
luminance stream, the extracted features are split into a shortcut path and a main path
that flows through the convolutional block component, which sequentially consists of a
3 x 3 convolution, a 1 x 1 convolution, and a PReLU activation function. A block-level
residual connection then sums the initial features from the shallow layer with the output
of the convolutional block component. The fused chrominance features are projected to
the high-resolution space using an identical upsampling block structure containinga 1 x 1
convolution, a pixel shuffle layer, and a 3 x 3 convolution layer. Finally, a global bicubic
skip connection up-samples the original CbCrr input and adds it to the output of the

upsampling block, producing the reconstructed chrominance map CbCrsg € R?*2H>2W,

3.3. Lightweight Residual Refinement

To achieve high-resolution restoration while maintaining a minimal computational
footprint, the super-resolved luminance feature Ysg and the chrominance feature CbCrsg
obtained from the dual-branch network are concatenated along the channel dimension via
a concat block to form a unified feature map YCbCrsg € R3*2H *2W This concatenated fea-
ture map is then processed by a lightweight residual model to refine structural boundaries
and suppress reconstruction artifacts. The prediction of the final refined high-resolution
image can be mathematically expressed as:

YCbCr finas = Gyep(Concat(Ysg, CbCrsg)) + YCbCrsg, 8)

where G, denotes the refinement function mapping performed by the sequential layers
prior to the global residual addition.

The internal architecture of this refinement model is sequentially organized into four
main stages to progressively restore high-frequency details. In the first stage, a shallow
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feature extraction layer, comprising a 3 x 3 convolution layer and a PReLU activation
function, projects the 3-channel concatenated input into the high-dimensional feature space.
In the second stage, these features flow through a deep body network containing four
cascaded light residual blocks (LightResBlock). As illustrated in Figure 4, within each
LightResBlock, the feature maps are sequentially processed by a 5 x 5 DSC, a PReLU
activation layer, a second 5 x 5 DSC, and a Pixel Attention block (PABlock) [35]. A local
residual connection aggregates the block’s input with the output of the PABlock to stabilize
the gradient flow and promote feature reuse. In the third stage, to effectively compensate
for geometric distortions and non-uniform blurring caused by underwater light scattering,
the features from the body network are forwarded to a cascaded deformable convolution
stage consisting of two sequential deformable convolutional networks (DCN) [36] blocks.
Within each DCN block, the input features are parallelly fed into parameter generators to
dynamically estimate the coordinate offsets Ap and the modulation masks Am based on the
local data context. The learned offsets and masks are then passed into the core DCN layer
to dynamically adjust the receptive field according to the structural topology of underwater
objects, sharpening object boundaries and eliminating remaining turbid artifacts.

\
( LightResBlock (blocks_num=4)
Ysr
(1, 2H, 2W)
: ! YChCrg
\ (3, 2H, 2W) 4
| ( Concat ) > > > Na
|
ChCrsg | Comv2d PReLU DSC PReLU DSC  PABlock
(2,2H,2W) 3x3 5x5 5x5
DCN Block 1

|
: DCN Block 2
|

A

| Offset (Ap) & Mask (Am) < Offset (Ap) & Mask (Am)
) 4 ! |

oot ‘T@‘— 1 3 |
|
|
\

v v
— Deformable Conv -

A

Deformable Conv

Figure 4. Feature Fusion and Lightweight Residual Refinement.

Finally, in the fourth stage, a tail reconstruction layer utilizes a 3 x 3 convolution
layer to adjust the feature channels back to the output dimensions. To preserve the funda-
mental low-frequency content and prevent over-smoothing, a global residual connection
performs an element-wise addition between the concatenated feature map YCbCrgg and
the output of the tail layer, generating the final refined high-resolution representation

T
YCbC"finul - [Yfinal/ beinul/ Crfinal] € R¥x2HAW,
Following this refinement stage, as illustrated in the final block of Figure 1, this
unified representation is transformed back into the primary RGB color space to produce the

T
ultimate super-resolved output image RGByjyq) = {R final, Gfinals B final] € R3*2HX2W yia

an inverse learned conversion matrix. To achieve this, the normalized color weights shared
from the dynamic color-space conversion module are utilized. Defining the chrominance
differences as Cbyirf = Cbfing — 0.5and Cryirp = Crgiyg — 0.5, the closed-form formulation
inverse transformation for each reconstructed color channel is expressed as:

Rfinul = Yfimzl +2(1- wr)'crdiffr )

Bfinat = Yfinar +2(1 — wy)-Chyisf, (10)

https:/ /doi.org/10.3390/jmse14131210
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Zwb(l — (Ub)
CUg+€

2w, (1 — wy)

wg e Craiff, (11)

Grinal = Yfinal — “Cbyiff —
where € = 1078 denotes a minute offset integrated for numerical robustness against
zero-division faults. This process guarantees both theoretical invertibility and numeri-
cal stability under all learning parameter circumstances. Since the dynamic weight vec-
tor w is generated via a Softmax activation layer, the weights are strictly constrained to
(0, 1). Because none of the RGB channel weights can collapse to exactly zero, the linear
independence of the color channels is maintained, ensuring that the transformation matrix
is non-singular and perfectly invertible. Furthermore, because the Softmax layer prevents
wg from being negative, the denominator (wg + €) is strictly bounded away from zero, com-
pletely eliminating the risk of numerical overflow or division-by-zero faults. The proposed
symmetric weight-sharing inverse formulation enforces a strict closed-loop constraint over
the color learning framework, ensuring that the back-projection to the high-resolution
RGB space accurately and deterministically compensates for the wavelength-dependent
underwater light attenuation modeled at the beginning of the pipeline.

3.4. Loss Design

The proposed framework is optimized using a composite loss function that prioritizes
both pixel-wise accuracy and structural perception. To explicitly guide the network toward
high-fidelity restoration, the loss functions are computed directly between the ultimate
super-resolved output image RGBy;;,q and its corresponding ground-truth high-resolution
image, denoted as RGBgr € R¥*2H*2W_ We employ the Charbonnier loss as a robust
alternative to the standard L1 loss, which is defined as:

1 . )2
Loy = NZZI\il (RGBfinal(l) — RGBGT(I)) + €2, (12)

where i represents the pixel index across the joint spatial and spectral dimensions, N
denotes the total number of pixels, and ¢ is set to 10~ to keep the computation stable. To
further preserve high-frequency structural details, the SSIM loss is incorporated as:

Lssi = 1— SSIM (RGBﬁml,RGBGT) (13)
The total objective function is expressed as:
Liotal = A1 X Lep + A2 X Lssim, (14)

where A1 and A, are the weighting coefficients used to balance the contribution of pixel-wise
reconstruction and structural consistency. In our implementation, these hyperparameters
are empirically set to 2.0 and 5.0, respectively, to ensure optimal restoration performance.

4. Experimental Results

To train the proposed extremely lightweight dynamic color-space learning framework,
the UFO-120 [7] dataset was selected for the underwater image super-resolution task, which
provides paired low-resolution and high-resolution underwater images. The proposed
framework was developed on an Ubuntu 24.04 LTS operating system using PyTorch
version 2.9.0 with CUDA 12.8 in Python, and model optimization relied on the Adam
optimizer [37] with a baseline learning rate of 1074, coupled with a Cosine Annealing
learning rate scheduler. We used a training input patch size of 256 x 256 with a batch
size of 8, and the model was trained for 2000 epochs to ensure network convergence. This
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https://doi.org/10.3390/jmse14131210

J. Mar. Sci. Eng. 2026, 14,1210

10 of 17

section outlines the experimental results through different subsections, focusing particularly
on the trade-off between restoration quality and computational efficiency.

4.1. Quantitative Comparisons

The quantitative performance of the proposed method is validated using three recog-
nized visual metrics: PSNR, SSIM, and UIQM [20]. Unlike traditional indices, UIQM is
specifically tailored for the underwater environment by encompassing three critical visual
attributes: color (UICM), sharpness (UISM), and contrast (UIConM). Generally, superior
restoration performance is demonstrated by higher UIQM values. Furthermore, to explicitly
evaluate the computational efficiency—which is the primary objective of our lightweight
design—we incorporate the number of FLOPs and total trainable parameters (Params) as
core comparative metrics. To evaluate the overall performance, we compare our model with
several recent deep learning algorithms for underwater image enhancement and super-
resolution: SRCNN [12], SRGAN [14], SRDRM [13], SRDRM-GAN [13], Deep SESR [7],
AMPCNet [15], Deep WaveNet [16], DSMN [18], and MambaUSR [38]. Table 1 presents the
quantitative performance and computational cost assessments on the UFO-120 [7] dataset
for the scaling factor of x2 and x4.

Table 1. Quantitative evaluation results on the UFO-120 [7] dataset. Bold indicates the best perfor-
mance, and underline denotes the second-best performance.

Method PSNR (dB) SSIM UIQM FLOPs Params Ir.lference FPS
x2 x4 x2 x4 x2 x4 G) ™M) Time (ms)
SRCNN 24.75 19.05 0.72 0.56 2.39 2.02 21.30 0.06 28.44 35.16
SRGAN 26.11 21.08 0.75 0.58 244 2.56 377.76 5.95 504.42 1.98
SRDRM 24.62 23.15 0.72 0.67 2.59 2.57 203.91 0.83 272.28 3.67
SRDRM-GAN 24.61 23.26 0.72 0.67 2.59 2.55 289.38 11.31 386.41 2.59
Deep SESR 27.15 24.75 0.84 0.66 3.13 2.55 146.10 2.46 195.09 5.13
AMPCNet 25.24 24.70 0.71 0.70 2.93 2.88 - 1.15 - -

Deep WaveNet 25.71 25.08 0.77 0.74 2.99 2.97 2147 0.28 28.67 34.88
DSMN 26.02 25.59 0.80 0.72 3.00 2.89 47.98 0.55 64.07 15.61
MambaUSR 25.76 25.07 0.74 0.69 2.93 2.83 93.8 2.73 125.25 7.98
Proposed 27.23 26.45 0.80 0.76 3.34 3.35 26.96 0.16 36 27.78

To evaluate the framework on higher scaling factors, we conducted additional ex-
periments for the X2 and x4 spatial scaling factor. The proposed method consistently
outperforms contemporary models, including DSMN and recently proposed Mamba-based
baseline MambaUSR, maintaining its superior performance in PSNR, SSIM, and UIQM
under more challenging magnification.

While the raw prediction scores of baseline models are not publicly available for paired
statistical testing, our framework consistently outperforms or matches State-of-the-Art
baselines across multiple independent evaluation metrics and scaling factors. This sys-
tematic consistency strongly indicates robust architectural superiority rather than random
statistical artifacts. Furthermore, an inference-time analysis was conducted to substanti-
ate practical applicability. Tested on a ZOTAC Gaming Geforce NVIDIA RTX 5090 AMP
Extreme Infinity (Made in Indonesia) GPU with a 320 x 240 input, our method requires
only 36 ms for inference, achieving approximately 27.78 FPS, which is the fastest among
the compared high-capacity models and verifies its viability for real-time processing.
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As revealed by Table 1, the proposed framework delivers competitive numerical perfor-
mance while maintaining a smaller computational footprint. Our proposed method reaches
a PSNR of 27.23 dB and the highest UIQM score of 3.34 compared to other methods. This
shows that it can better recover fine details and improve color quality in underwater images.
At the same time, the model uses only 0.16M parameters and 26.96G FLOPs. Compared to
other advanced architectures, the efficiency of our dynamic color-space and dual-branch
design becomes evident. For instance, while Deep SESR achieves a slightly higher SSIM
(0.84), it requires 146.10G FLOPs and 2.46M parameters, meaning our proposed framework
consumes only about 18.4% of its computational operations and 6.5% of its parameters.
Compared to GAN-based models such as SRGAN (377.76G FLOPs) and SRDRM-GAN
(289.38G FLOPs), our method requires much less computation. While simpler models like
SRCNN and Deep WaveNet have lower or similar FLOPs, their performance (e.g., PSNR of
24.75 dB and 25.71 dB) is noticeably lower. Overall, these results show that the proposed
method can achieve a good trade-off between visual quality and computational efficiency,
making it suitable for resource-constrained platforms.

4.2. Qualitative Comparisons

The qualitative performance for the X2 scaling factor is illustrated in Figure 5, where
our proposed method is compared against several State-of-the-Art approaches. The visual
results clearly demonstrate that our framework achieves superior detail preservation and
structural sharpness while maintaining a natural color balance. From the enlarged regions
in Figure 5, early models like SRCNN [12] and SRDRM [13] tend to produce blurry images
and miss fine details. GAN-based methods such as SRGAN [14] and SRDRM-GAN [13]
improve sharpness, but can introduce artifacts or distort structures. Newer models like
Deep WaveNet [16] and DSMN [18] perform better, but still show some over-smoothing in

detailed areas, such as fish scales or shipwreck surfaces.

GT ’ Input SRCNN SRGAN SRDRM

Deep SESR AMPCNet Deep WaveNet DSMN Our

Figure 5. Qualitative evaluation results on the UFO-120 [7] dataset for x2 scaling.
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In contrast, our proposed lightweight framework reconstructs intricate high-frequency
details. This improvement comes from the dual-branch design. The Mamba blocks capture
long-range information in the luminance channel, and the refinement stage sharpens edges
using DCN and pixel attention. Also, our method learns luminance and chrominance
information instead of treating RGB channels the same, which helps reduce color distortion.
The results look more natural, making the method suitable for real-time use on resource-
limited platforms.

To further demonstrate the robustness of our framework across diverse underwater
degradation factors, we provide additional visual comparisons in Figure 6. These examples
highlight specific challenges: Brain Coral (High-frequency details): This specimen contains
dense pores and grooves that are heavily washed out by scattering in the blurred input. The
model manages to recover these complex surface textures while pulling the shifted purplish-
pink hue back toward the ground truth. Emperor Angelfish (High-contrast boundaries):
Underwater blurring typically causes severe color bleeding across adjacent vivid regions,
such as these blue and yellow stripes. By decoupling luminance and chrominance features,
our dynamic color conversion module sharpens the dividing borders without introducing
smearing artifacts. Starfish (Red wavelength attenuation and mosaic patterns): Because red
light attenuates most rapidly underwater, the red patches in the input appear exceptionally
dull. The network selectively compensates for this channel loss, retrieving the proper red
tones alongside the grid-like skin pattern.

HR

LR

Proposed

Figure 6. Additional visual comparisons of the proposed method on diverse underwater scenes.

4.3. Ablation Study

To validate the effectiveness of the core components in our lightweight framework,
we conducted ablation studies focusing on the dynamic color-space conversion and the
dual-branch upsampling architecture. The quantitative results at the X2 scaling factor are
presented in Table 2.
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Table 2. Quantitative results of ablation studies for UFO-120 [7].
X2
PSNR SSIM UIOM
Complete 27.23 0.80 3.34
(w/o0) Learnable Y 27.04 0.78 3.32
(w/0) Upsampling Model 26.04 0.78 3.39
(w/0) Mamba module 24.48 0.72 3.10
(w/ o) Deformable Convolution 27.06 0.77 3.26
(w/o0) Pixel Attention 27.24 0.78 3.42
(w/0) Residual Refinement 26.68 0.76 3.42

First, we evaluated the impact of the learnable color conversion module by replacing
it with a standard, fixed RGB-to-YCbCr transformation matrix, denoted as (w/0) learnable
Y. As shown in Table 2, the removal of this dynamic module leads to a drop in PSNR
from 27.23 dB to 27.04 dB, and SSIM decreases from 0.80 to 0.78. This result suggests that
a fixed color conversion does not work well under complex underwater conditions. By
learning the weights dynamically using Softmax, the model can better extract luminance
information and improve both detail and color quality.

Second, we investigated the necessity of the chrominance upsampling branch by
completely removing the upsampling model for the CbCr channels, denoted as (w/o)
upsampling model. In this configuration, the network only learns the super-resolution
of the Y channel, while the CbCr channels are merely upsampled using basic bicubic
interpolation. The results show a significant decrease in PSNR to 26.04 dB. The slight
increase in the UIQM score to 3.39 is attributed to the unnatural contrast or over-saturation
introduced by the unrefined, bicubic-upsampled chrominance combined with a highly
sharpened luminance channel. This effect raises the metric score, but reduces PSNR and
visual quality. This also explains why we use a dual-branch design, where a lightweight
CNN processes the CbCr channels to keep the colors natural and the overall result stable.

Furthermore, to comprehensively justify the inclusion of key architectural components,
we evaluated the removal of the Mamba module, deformable convolution blocks, pixel
attention mechanism, and residual refinement network. The empirical results demonstrate
that removing the Mamba module leads to the most significant performance drop (PSNR
decreasing to 24.48 dB), confirming its critical role in capturing long-range dependencies.
Deformable convolution and pixel attention are essential for handling spatially varying
distortions and preserving fine-grained features, respectively.

To validate that the learnable color conversion module genuinely captures underwater
spectral attenuation rather than acting as a simple projection layer, we analyzed the dynam-
ically generated weight vector w during the inference phase (Table 3). While the standard
ITU-R BT.601 [34] conversion fixes the red channel weight at 0.299, our statistical analysis
across the test set reveals that the network adaptively elevates the red channel weight to
approximately 0.36-0.37. This consistent shift directly correlates with the physical reality of
underwater optics, where red light undergoes the most severe attenuation. Visualizations of
the intermediate learned luminance (Y7 r) and chrominance (CbCrr) feature maps further
demonstrate that, compared to the standard fixed Y-channel, our dynamically extracted
Y| r representation preserves significantly sharper structural edges and fine textures under
various underwater conditions.
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Table 3. Dynamically learned RGB conversion weights.

Image Index Wy wg wp
1 0.3704 0.5401 0.0895
2 0.3700 0.5424 0.0877
3 0.3672 0.5590 0.0738
4 0.3711 0.5488 0.0801
5 0.3723 0.5311 0.0965
6 0.3661 0.5515 0.0824
7 0.3731 0.5432 0.0837
8 0.3652 0.5481 0.0867
9 0.3627 0.5472 0.0901
10 0.3685 0.5432 0.0883

4.4. Discussion

The experimental results and ablation studies show that the proposed lightweight
framework works well for underwater image super-resolution. Table 1 indicates that high-
quality restoration can be achieved without relying on large backbones or computationally
expensive Transformer models. Although the PSNR improvement over models like Deep
SESR (27.23 dB vs. 27.15 dB) is marginal, the real-world utility of our proposed method
lies in achieving competitive baseline performance while offering extreme computational
efficiency. By consuming approximately 18.4% of the computational operations and 6.5%
of the parameters of Deep SESR, our model is significantly more viable for deployment on
resource-constrained hardware like AUVs. This extreme efficiency is further confirmed by
its actual GPU memory footprint; during inference on an NVIDIA RTX 5090, the maximum
GPU memory allocated by our framework is merely 2684.13 MB. This is mainly due to the
way the method handles non-uniform spectral attenuation. By learning channel weights
adaptively, the model can compensate for the loss of certain wavelengths, such as red light,
before feature extraction. This reduces the need for additional convolution operations to
correct color distortion. Table 2 also suggests that allocating more modeling capacity to
perceptually important components is effective. Applying the light Mamba blocks [19]
mainly to the luminance channel helps preserve structural details and fine textures. At the
same time, simplifying the processing of chrominance channels reduces computation while
maintaining overall color quality. The ablation results in Table 2 also suggest that allocating
more modeling capacity to perceptually important components is effective. Applying the
light Mamba blocks [19] mainly to the luminance channel helps preserve structural details
and fine textures. At the same time, simplifying the processing of chrominance channels
reduces computation while maintaining overall color quality.

Despite these advantages, we acknowledge several limitations in the current study.
First, the reliance on a single dataset (UFO-120 [7]) for quantitative evaluation limits the
demonstration of broad generalization, although UFO-120 [7] encompasses a diverse array
of subsea conditions and varying levels of water turbidity. Second, the framework may
struggle in highly turbid environments with dense suspended particles, where heavy
backscattering masks high-frequency details, potentially resulting in overly smoothed
textures rather than sharp edges. Under extreme low-light deep-sea conditions lacking
sufficient artificial illumination, the network might inadvertently amplify underlying
sensor noise alongside structural features. Furthermore, when deployed in unseen oceanic
regions with optical properties drastically different from the training distribution, the
dynamically learned weights may shift sub-optimally, leading to slight color deviations.
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To address these constraints, our future research will focus on collecting broader datasets,
utilizing unpaired real-world data, and incorporating advanced no-reference underwater
image quality assessment frameworks, such as PUIQA [39], for comprehensive perceptual
restoration quality evaluation.

5. Conclusions

This paper has presented a lightweight dynamic color-space learning framework inte-
grated with a dual-branch Mamba network for single underwater image super-resolution.
By adaptively decoupling the input into optimal luminance and chrominance representa-
tions, the framework explicitly addresses non-uniform spectral attenuation while maintain-
ing low computational demands. Experiments on the UFO-120 dataset [7] show that our
method achieves a PSNR of 27.23 dB and a UIQM score of 3.34, with competitive perfor-
mance compared to recent models. It uses only 0.16M parameters and 26.96G FLOPs, which
are much lower than those of many existing approaches. The model maintains good image
quality while keeping the computational cost low, making it suitable for real-time applica-
tions on limited-resource systems. In future work, we will improve generalization under
different underwater conditions and explore multi-frame methods for low-power devices.
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