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Underwater image degradation resulting from light absorption and scattering in
water signi cantly affects the visual perception of autonomous underwater
vehicles (AUVs), subsea infrastructure inspections, and marine environmental
monitoring. We propose a lightweight enhancement algorithm (UIVE) for
underwater images and videos through a lightweight design of residual block
replacement BN layer. The innovation of this study is re ected in the dynamic
combination of downsampling features and upsampling process through multi-
scale jump connection, which effectively retains multi-scale detail information.
Replacing the batch normalization (BN) layer strategy with residual blocks
effectively reduces computational complexity while maintaining model
performance and signi cantly enhances the effectiveness of feature migration.
The adaptive brightness correction module is introduced to compensate for the
problem of image brightness reduction after the nonlinear mapping model.
Experiments show that UIVE achieves a PSNR value of 18.57 dB and a SSIM
value of 0.91 on the UIEB dataset, respectively, and especially demonstrates an
obvious advantage in removing bias color. In terms of real-time processing, UIVE
achieves a frame rate of 36.23 frames per second (FPS) with a video resolution of
640x480 pixels and can be deployed on embedded systems in AUV or ROV.
Experimental results demonstrate that UIVE excels in color correction and detail
reproduction, making it particularly well-suited for applications in underwater
environments within marine engineering.
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1 Introduction

Underwater imaging has emerged as a fundamental technology
for the operation and maintenance of marine infrastructure, playing
a crucial role in applications such as offshore pipeline inspection,
subsea cable installation, ship hull corrosion monitoring, and
autonomous underwater vehicle (AUV) navigation (Luo et al.,
2024). However, signi cant attenuation and scattering of light
from challenging underwater optical environments results in
signi cant degradation of image quality, which directly affects the
reliability of visual data utilized for structural integrity assessment
and risk quanti cation in marine engineering projects (Tian
et al., 2024).

When sunlight or other arti cial light sources enter a water
medium, the selective absorption properties of the water cause
signi cant differences in the attenuation coef cients of various
wavelengths of light (Yin et al., 2022). This wavelength-dependent
attenuation effect directly contributes to severe color distortion in
underwater images, primarily characterized by a blue-green hue
(Gao et al., 2023). The presence of suspended particulate matter and
dissolved substances in the water column induces signi cant optical
scattering phenomena, resulting in a non-deterministic de ection
of the light wave propagation trajectory. This optical phenomenon
directly results in underwater images exhibiting typical degradation
features, such as contrast attenuation and loss of detail. The
challenges posed by these impacts have signi cantly complicated
the development of offshore projects. Consequently, underwater
image enhancement technology, a crucial method for improving the
quality of underwater visual perception, has emerged as a research
hotspot in interdisciplinary elds. Among these approaches, the
physical model-driven method focuses on developing a quantitative
description of underwater optical transmission. This involves
constructing an imaging degradation model and theoretically
achieving compensatory correction by analyzing the mechanisms
through which the water medium affects light scattering and
absorption. Non-physical model-based methods directly
manipulate features in the pixel or transform domain to enhance
subjective visual quality. Data-driven methods employ machine
learning techniques to learn the mapping for image enhancement
from relationships within large-scale datasets (Zhuang et al., 2022).

Recently, the scope of underwater vision tasks has expanded
signi cantly beyond conventional enhancement. For instance,
WaterCycleDiffusion leverages vision—text fusion to guide
semantic-aware underwater image generation (\Wang et al., 2026).
Histogram-similarity-guided color compensation combined with
multi-attribute adjustment has been proposed to achieve more
natural chromatic restoration (Wang et al., 2023). Compact
graph-based architectures such as S2G-GCN integrate spectral-to-
graph modeling and graph convolutional networks for high-
frequency sonar waveform representation (HFSWR)-based
underwater classi cation (Li et al, 2025). And joint detection-
and-tracking paradigms empowered by reinforcement learning
have been explored using compact HFSWR features for
autonomous underwater perception (Li et al., 2024). While these
advances demonstrate remarkable performance in specialized
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scenarios, they often involve complex multimodal pipelines, high
computational overhead, or reliance on paired training data—
making them less suitable for real-time deployment in resource-
constrained marine engineering environments.

Aiming to meet the demand for real-time, high-quality visual
data monitoring in underwater engineering, this study conducts
innovative research on underwater image enhancement algorithms
utilizing a data-driven approach. Simultaneously, it integrates the
theoretical advantages of physical models to construct a hybrid
processing model that compensates for the limitations of a single
approach. The design of the hybrid model emphasizes real-time
processing requirements, aiming to better satisfy the stringent
demands of underwater engineering application scenarios
regarding the practicality of the algorithm. Building on this
foundation, this paper proposes a lightweight framework for
underwater image and video enhancement algorithms.
Speci cally, the initial feature enhancement is rst achieved
through an improved convolutional neural network architecture.
This is followed by the optimization of intermediate representations
using an adaptive luminance correction module, which ultimately
produces enhanced images with signi cantly improved visual
quality. The main contributions of this paper can be summarized
in the following three aspects:

a. A novel algorithmic framework for underwater image
enhancement based on deep learning has been proposed.

b. The model is optimized based on the ESRGAN network
architecture by incorporating a residual connection module
in place of the traditional batch normalization layer,
thereby effectively reducing the computational complexity.

c. Design and implement an adaptive brightness adjustment
algorithm module to effectively improve the visual comfort
of the enhancement results.

2 Related work
2.1 Physical model-based approach

The physical model-based approach involves constructing
mathematical models grounded in the physical principles of
underwater optics to enhance and improve underwater images.
This is achieved by modeling and simulating the physical processes
of light propagation, scattering, and absorption in underwater
environments. He et al. based on dark channel a priori (DCP)
knowledge in conjunction with the atmospheric scattering model to
accurately estimate fog concentration distribution and achieve a
high-quality defogging effect. This approach offers an effective
solution to the problem of single-image defogging (Single image
haze removal using dark channel prior, 2016). A visual quality
enhancement framework (UDCP) for underwater images, based on
a statistical prior, was proposed by Drews et al. The method
quantitatively analyzes color shifts and contrast degradation
features by constructing a statistical distribution model speci ¢ to
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underwater environments. It also designs an adaptive correction
strategy to achieve effective visual quality enhancement (Drews
et al., 2016). Song et al. proposed an improved algorithm for the
underwater dark channel prior (NUDCP), which innovatively
combines a multi-dimensional physical parameter constraint
mechanism. For transmittance map estimation, the team
constructed a manually labeled undersea lighting database
(MABL) and employed a feature matching strategy to obtain the
initial transmittance distribution of the redlight channel. To address
the issue of error accumulation in this initial estimation, the team
further integrated depth a priori information derived from the
Underwater Light Attenuation Physical Model (ULAP),
supplemented by the optimized Anti-saturation Correction
Module (ARSM), to create a multi-stage joint optimization
framework. Finally, through the iterative optimization of the
white balance parameters, the spatial adaptive correction of the
transmission map for the red light channel was effectively achieved
(Song et al., 2020). Zhou et al. proposed a variational model that
integrates pixel distribution remapping with multi-prior Retinex
(PDRMRYV). This model constructs a uni ed variational framework
to decompose an image into illumination and re ectance
components, introducing pixel distribution remapping and
multiple priors to jointly constrain the optimization process,
thereby effectively restoring image color and details while
suppressing noise (Zhou et al., 2024). Liu et al. have innovatively
developed a systematic image reconstruction framework based on
contrast optimization. This scheme employs a quadtree
decomposition strategy to achieve adaptive estimation of the
underwater light eld. It accurately solves the parameter space of
the transmittance map, maximizing the contrast of the local region
while preserving texture details by constructing a nonlinear
optimization objective function (Liu, 2016).

2.2 Non-physical model-based approach

Non-physical model-based methods concentrate on enhancing
the visualization of images without depending on a speci ¢
underwater optical imaging process. These methods typically
improve color, contrast, and brightness by adjusting pixel values,
making the images more discernible to the human eye and more
amenable to machine analysis. Inspired by the Retinex framework,
Fu et al. constructed a variational optimization model to achieve a
structured separation of the re ection component and the
illumination component of a single underwater image. This
framework enhances both re ectance and illumination through
various strategies to address issues such as underexposure and
blurring, ultimately producing a nal enhanced image by
combining the improved re ectance and illumination. The
enhancement process is further re ned through color correction,
brightening of dark areas, preservation of naturalness, and
enhancement of edges and details (Fu et al., 2014). Zhang et al.
proposed an enhancement method known as LAB-MSR, which
combines bilateral and trilateral Itering techniques. This model
effectively integrates color space characterization with a mechanism
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for preserving local structures. The core of the method is the
development of an adaptive weight assignment strategy based on
the physical-optical properties of the Lab component of the
CIELAB color space. This approach enables the characterization
of different color channels through spectral response modeling and
effectively mitigates issues related to color dispersion and contrast
attenuation in underwater images (Zhang et al., 2017). Ancuti et al.
developed a multiscale fusion strategy to enhance various
underwater images with high accuracy by integrating color
compensation and white balance versions from two degraded
images along with their associated weight maps (Prasad et al.,
2020). Fu et al. proposed an ef cient color restoration algorithm
based on segmented linear transformations, aimed at correcting the
non-uniform color shift problem in underwater imaging. They
further designed an innovative contrast enhancement framework
that optimizes light intensity distribution through nonlinear
mapping. This framework effectively suppresses the generation of
artifacts and achieves both information enhancement and visual
quality improvement in low-contrast regions (Fu et al., 2017).

2.3 Data-driven approach

Data-driven approaches have garnered increasing attention in
recent years. These methods are particularly signi cant in
underwater image enhancement, as they leverage extensive
datasets of underwater images to learn and develop models that
improve visual quality. Typically, this enhancement is achieved
through the use of convolutional neural networks, adversarial
neural networks, and transfer learning techniques. Liu et al.
proposed a lightweight, scalable network composed of a color
compensation layer (CCL), a packet color compensation encoder,
and a channel fusion decoder (GCCF) (Liu et al., 2024). The core
mechanism of Water-Net, a gated fusion network architecture,
involves the dynamic integration of con dence distributions
predicted by the residual module. Simultaneously, it utilizes a
multi-scale feature fusion unit to intelligently reconstruct the
input features, thereby enhancing the visual quality of underwater
degraded images (Li et al., 2019). Li et al. propose the UColor
multimodal color correction network, marking the rst instance of
cooperative modeling across RGB, HSV, and Lab color spaces. The
architecture innovatively integrates complementary features from
these color spaces into an end-to-end trainable framework,
effectively decoupling the issues of color shift and contrast
degradation. However, the high computational complexity
resulting from the joint modeling of multi-space features restricts
its potential application in real-time scenarios (Li et al., 2021). To
address the issue of limited training data for underwater images,
researchers have investigated data enhancement techniques based
on Generative Adversarial Networks (GANS). Liu et al. innovatively
combined deep residual networks with CycleGAN to propose a self-
supervised underwater image synthesis framework. This framework
generates high-quality synthesized training data to mitigate the
shortage of real data through unsupervised learning. Additionally,
to enhance the model’s feature extraction capabilities, the study
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incorporates a super-resolution reconstruction model (VDSR) into
the enhancement process. Experiments demonstrate that this
multitasking strategy signi cantly improves color reproduction
accuracy and re nes the microstructure of the images (Liu et al.,
2021). Liu et al., inspired by the ability of twin re ections to retain
more informative features of an image, proposed an underwater
enhancement method based on object-guided twin-adversarial
contrast learning. This approach simpli es the requirement for
pairwise data in an unsupervised manner (Liu et al., 2022). Peng
et al. pioneered the introduction of the Transformer architecture in
the eld of underwater image enhancement UIE and developed the

rst end-to-end U-shaped Transformer processing framework
(Peng and Zhu, 2023).

3 Proposed model

This section begins with an overview of the structure of the
proposed UIVE model, followed by a detailed description of
the residual block, the network layers, the loss function, and the
luminance-adjusted post-processing module.

3.1 Model architecture

Figure 1 systematically illustrates the overall network
architecture of the UIVE model proposed in this study. The
UIVE model employs a lightweight design and consists primarily
of two core components: the main network layer and the adaptive
brightness adjustment post-processing module. The UIVE model is
built upon an enhanced U-shaped network structure, which
incorporates the classical jump connection mechanism
(Ronneberger and Fischer, 2017). The main network utilizes an

10.3389/fmars.2025.1725829

encoder-decoder architecture. During the encoding stage, the input
image is initially processed by a convolutional layer, followed by
feature extraction through three successive downsampling modules.
In the decoding phase, the encoded features are progressively
restored to their original spatial resolution through three
corresponding upsampling modules. To facilitate cross-layer
connectivity, the outputs from the rst and second downsampling
stages of the encoder are jump-connected to the corresponding
stages of the decoder, while the initial convolutional result is fused
with the third upsampled output. In the post-processing stage, an
adaptive brightness adjustment module is employed to enhance the
visual experience.

3.1.1 Residual blocks

Inspired by the Residual-in-Residual Dense Block (RRDB)
(Wang et al,, 2018), this model features an enhanced residual
structure, as illustrated in Figure 2. Its core components include
jump connections comprising two sets of convolutional layers (kernel
size = 3 3, stride = 1, padding = 1) stacked with Leaky RelLU
activation functions. A notable aspect of our model is the
replacement of BN layers with residual blocks, which enhances
both training ef ciency and overall performance. The innovative
removal of the BN layer, which typically introduces additional
computational overhead and increases parameter size, aligns with
our goal of maintaining a lightweight design. Furthermore, this
approach helps to mitigate the risk of arti cial artifacts that may
arise when there is a signi cant statistical disparity between the
training and test sets. The residual connections effectively address the
vanishing gradient problem and accelerate model convergence,
among other design considerations. Experimental results
demonstrate that this design can more sensitively capture subtle
feature changes and signi cantly enhance the model’s generalization
ability in complex underwater environments.
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Flowchart of the proposed method.
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Residual block structure.

3.1.2 Network layer
According to the model structure diagram presented, the network
architecture in this study comprises multiple convolutional layers and
activation function layers arranged in a systematic order. Different
colored modules in the gure distinguish the fundamental processing
units, which consist of convolution operations and activation
functions. The initial convolutional layer employs a convolutional
kernel of 3 3, with a stride of 2 and a padding size of 1. The input
image is expanded from 3 RGB channels to 64 feature channels. In
the downsampling stage, there are three levels, each utilizing a 3 3
convolution kernel with a stride of 2 and a padding of 1. The rst level
increases the number of channels from 64 to 128, the second level
expands the channels from 128 to 256, and the third level further
increases the channels from 256 to 512. A residual block is connected
after downsampling at each level to facilitate feature re nement. In
the upsampling stage, there are three levels, each implemented using
transposed convolution. The convolution kernel for each stage’s
convolution layer is 3 3, with a stride of 2 and a padding of 1. The
rst stage reduces the number of channels from 512 to 256, the
second stage reduces it from 256 to 128, and the third stage reduces it
from 128 to 64 channels. Identical residual blocks are connected for
feature optimization after upsampling at each stage. In the output
processing stage, a transposed convolutional layer is employed at the
end, utilizinga 3 3 convolution kernel, a stride of 2, and a padding of
1, followed by the application of the Tanh activation function. This
design constructs a comprehensive encoding-decoding process
through systematic transformations of channel dimensions and
adjustments of spatial resolution, in which the cascading use of
residual blocks signi cantly enhances feature transfer and
fusion capabilities.

3.2 Network losses

The UIVE model proposed in this study utilizes a dual-loss
supervision mechanism that signi cantly enhances the perceptual
quality of the results. This is achieved by jointly optimizing the I,
loss and the Structural Similarity Index (SSIM) loss function, while
maintaining reconstruction accuracy at the pixel level (Zhao et al.,
2016). The I, loss function establishes a pixel-level reconstruction
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error metric by calculating the Euclidean distance between the
enhanced image U and the true reference image I. Its mathematical
expression is de ned as follows (Equation 1):

H w
L, = (@) O(U(m:n) I(m:n))2 ®)

m=1n=1
where H and W denote the height and width of the image,
respectively, and (m, n) represents the spatial coordinates of the
pixels. This loss function effectively constrains the low-level visual
features of the image. To preserve maintain the textural and structural
features of the enhanced image, we introduce the SSIM metrics based
on grayscale images. For each pixel x, the SSIM value is computed

within its 13 13 local neighborhood as de ned in Equation 2:

(me my+cl)(25xy+c2)

35Mocyr = (ngrc,)(s7+57+¢2) @

where m, and m, denote local regional means, sZ and sy2 denote
local variances, s, denotes the covariance, ¢;, C, are
stability constants.

The nal optimization objective is a weighted combination of
the two components, and the nal loss L can be expressed as follows
(Equation 3):

L= wily, +Wylggm (3)

where the weighting coef cients w; and w, were experimentally
determined to be 0.4 for wy; and 0.6 for ws.

3.3 Post-processing

In our model, we extensively utilize upsampling, downsampling,
and skip connections, along with data normalization to enhance the
model’s stability. We observe a signi cant decay in luminance in the
output image following deep neural network processing. In practical
engineering applications, achieving higher clarity and more vibrant
colors is essential. To address this issue, we introduce adaptive
brightness adjustment, considering that we are developing a
lightweight network, rather than employing complex color space
transformations. We implement a common adaptive luminance
enhancement method based on statistical properties, which
achieves dynamic range adjustment through luminance pre-
evaluation and robust luminance statistics, followed by adaptive
contrast stretching via normalization operations. This approach
effectively resolves the luminance decay issue in the model while
maintaining computational ef ciency. Comprehensive experimental
results are presented in Section 4.5.

4 Experimentation

This study employed a rigorous experimental protocol to
validate the proposed methods. In this section, the experimental
con guration includes standard dataset partitioning, detailed
training parameter settings, and a comprehensive comparison
with six representative methods: three traditional methods—
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MLLE (Zhang et al., 2022), PCDE (Zhang et al., 2023), EUICCCLF
(Huetal,, 2024), and PDRMRYV (Zhou et al., 2024), and three deep
learning-based methods—UIESS (Chen, 2022), FUnIE-GAN (Islam
and Xia, 2020), and UWCNN (Li and Anwar, 2020). The evaluation
process employs a combination of qualitative analysis and
quantitative measurements, while the contribution of each
module is veri ed through ablation experiments. This study
further validates the proposed method from two perspectives:
model complexity analysis and practical scenario testing. The
empirical results demonstrate that the method effectively balances
the utilization of computational resources with the actual execution
outcomes of tasks. Additionally, it offers an optimization scheme
that holds signi cant practical value for underwater image
processing tasks.

4.1 Implementation details

In the model training phase, we employed the following
standard con guration: the input image was randomly cropped to
obtain a local patch of 128 128 pixels and normalized to a range of
[0, 1]. The Adam optimizer was employed for model training,
utilizing momentum parameters b; = 0.5 and b, = 0.999. A xed
learning rate of 1 10™* was maintained throughout the training
process, and the batch size was set to 8. All experiments were
conducted using the PyTorch framework, with the hardware
platform consisting of an NVIDIA GeForce RTX 4070 Ti
graphics card and an Intel Core i9-14900KF processor.

4.1.1 Data sets

The UIEB dataset comprises 950 images of authentic
underwater scenes, including 890 reference images with expert
annotations, while the remaining 60 images serve as a challenge
dataset (Li et al., 2019). The RUIE dataset features a diverse array of
marine life samples that encompass a wide range of typical
underwater scenarios (Liu et al., 2020). The EUVP dataset
consists of 3,700 real underwater images captured using seven
different types of underwater cameras, representing a broad
spectrum of ocean exploration scenarios (Islam and Xia, 2020).
The SUID dataset is a large-scale synthetic underwater image
collection containing 900 images, each exhibiting various
degradation types and turbidity levels (Hou et al., 2020).

The diversity and representativeness of the training dataset are
ensured to provide a richer variety of dataset compositions and a
more balanced distribution of different types. Our training set
comprises 90% of the UIEB dataset, supplemented by 1,000
randomly selected reference images from the EUVP dataset, along
with the complete SUID dataset.

For the test set, we select the remaining 10% of the UIEB dataset
that includes reference images, along with 200 images from the
RUIE dataset, 200 self-constructed real underwater images, and 300
images from the EUVP dataset, ensuring that none overlap with the
training set. The 200 self-constructed real underwater images are
referred to as 0200. This data division guarantees the diversity of
the training data and the representativeness of the test data.
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4.1.2 Assessment of indicators

In this study, a comprehensive image quality assessment index
system is employed to objectively evaluate the enhancement results.
For datasets containing reference images, both full-reference and
non-reference evaluation indices are utilized. These include the Peak
Signal-to-Noise Ratio (PSNR), Structural Similarity Index (SSIM),
Underwater Color Image Quality Evaluation (UCIQE) (Yang, 2015),
Underwater Image Quality Measure (UIQM) (Panetta and Gao,
2015), Natural Image Quality Evaluator (NIQE) (Mittal and
Soundararajan, 2013), Patch-based Contrast Quality Index (PCQI)
(Wang et al., 2015), and Ranking-based Underwater Image Quality
Assessor(URanker) (Guo et al., 2022). For datasets lacking reference
images, non-reference evaluation metrics are selected, which consist
of information entropy, UCIQE, UIQM, NIQE, and PCQI. In order
to comprehensively validate model performance, this study utilizes
the EUVP dataset as an experimental benchmark to systematically
evaluate algorithm performance. The focus is speci cally on core
metrics, including model parameter sizes, oating point operations
(FLOPs), and inference time.

The evaluation system in this study employs multi-dimensional
quantitative indicators. The PSNR and the SSIM characterize the
degree of agreement between the enhanced image and the reference
image in terms of pixel-level delity and structural similarity,
respectively. The information entropy index objectively re ects the
richness of the visual information contained in the image. Additionally,
the quality assessment score of the underwater color image
comprehensively evaluates the image across three key dimensions:
color reproduction, the effectiveness of contrast enhancement, and the
optimization of saturation quality. An increase in underwater image
quality measurements implies that the image quality aligns more
closely with human visual perception characteristics. Conversely,
lower NIQE scores indicate images with better visual quality. Higher
PCQI values, on the other hand, directly re ect the degree of
improvement in image contrast characteristics.

4.2 Comparative analysis of UIEB datasets

Figures 3-5 illustrate the comparative results of various
enhancement methods applied to the UIEB benchmark dataset.
The experimental results indicate that traditional methods such as
MLLE, PCDE, EUICCCLF and PDRMRYV effectively correct color
deviations in regions with rich content; however, they generate new
color distortions in background areas devoid of content. The deep
learning method UIESS exhibits signi cant red color oversaturation,
while FUNIE-GAN continues to experience yellow-green hue
distortion, and the overall performance of UWCNN is subpar. In
contrast, the UIVE demonstrates strong performance in color
correction and brightness enhancement, effectively addressing the
issue of color bias. As shown in Table 1, the quantitative assessment
results clearly demonstrate that the UIVE methodology signi cantly
outperforms existing comparative methodologies in the core
evaluation metrics of PSNR, SSIM, and underwater image quality
measure. This fully substantiates the method’s superior performance
in preserving image texture details and content features.
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FIGURE 3

Quialitative comparisons in the UIEB dataset—light color tones. From (a) to (j), the images are as follows: (a) raw underwater image, (b) MLLE, (c) PCDE,
(d) EUICCCLF, (e) UIESS, (f) FUnIE-GAN, (g) UWCNN, (h) PDRMRV, (i) proposed UIVE, and (j) reference image.
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Qualitative comparison in the UIEB dataset - green tone. From (a) to (j), the images are as follows: (a) raw underwater image, (b) MLLE, (c) PCDE,
(d) EUICCCLF, (e) UIESS, (f) FUnIE-GAN, (g) UWCNN, (h) PDRMRYV, (i) proposed UIVE, and (j) reference image.
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4.3 Comparative analysis of the RUIE
dataset

In this study, the RUIE dataset is utilized as an independent test
set to assess the generalization capability of the model, which was not
included in the model training process. As illustrated in Figures 6, 7,
with the exception of the FUnIE-GAN and UWCNN methods, the
other comparison methods demonstrate varying degrees of color bias
correction ability, each exhibiting distinct de ciencies: the PCDE

method reveals signi cant color distortion; the EUICCCLF method
introduces a slight red bias in the green-tone region, accompanied by
blurred details; the PDRMRYV method suffers from detail loss and
color oversaturation in certain scenarios; the UIESS method shows an
overall brown-yellow tone shift; and the PDRMRV method suffers
from detail loss and color oversaturation in certain scenarios. In
contrast, the UIVE exhibits outstanding performance in color
correction, brightness enhancement, and contrast enhancement,
although there is still potential for improvement in the defogging

(2)

FIGURE 5

(b)

(©) (d) (e)

Quialitative comparison in the UIEB dataset - blue tint. The images from (a) to (j) include: (a) a raw underwater image, (b) MLLE, (c) PCDE, (d) EUICCCLF,
(e) UIESS, (f) FUnIE-GAN, (g) UWCNN, (h) PDRMRV, (i) proposed UIVE, and (j) reference image.
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TABLE 1 Quantitative comparisons on the UIEB dataset are presented, with red values indicating the best results and green values representing the

second-best results.

Methods PSNR SSIM Entropy NIQE UIQM UCIQE PCQI
MLLE 17.86 0.83 7.55 14.04 0.69 0.93 121 0.94
PCDE 15.79 0.78 7.29 12.18 0.77 0.90 112 0.84

EUICCCLF 17.52 091 7.35 14.60 0.64 0.70 1.08 0.82

PDRMRV 9.66 021 7.29 20.69 0.42 042 0.98 0.73
UIESS 18.51 0.86 7.26 17.05 0.60 0.73 0.90 0.64
FUNIE-GAN 18.03 0.87 7.09 4259 0.58 0.84 0.93 0.58
UWCNN 13.44 0.76 6.38 14.48 0.37 091 0.71 0.46
Ours 18.57 091 7.22 12.82 0.79 0.86 1.18 0.78

The symbol " " indicates that the higher the value of the indicator, the better. The symbol ' "indicates that the lower the value of the indicator, the better.
The yellow highlights indicate new experimental results added in response to the reviewers’ comments for additional comparative analysis.

effect. The quantitative evaluation results presented in Table 2
indicate that UIVE achieves optimal outcomes across all objective
evaluation metrics, thereby substantiating its comprehensive
performance advantage in cross-dataset testing.

4.4 Comparative analysis of the 0200
dataset

A systematic evaluation was conducted on extreme underwater
images acquired using ROV equipment, as illustrated in Figure 8.

These images suffer from both severe color bias and motion blur. The
experimental results indicate that the MLLE, PCDE, EUICCCLF,
UIESS, and PDRMRV methods all demonstrate effective color-bias
correction capabilities; however, each method has notable
shortcomings. The MLLE method results in overexposure in white
areas, leading to a loss of detail and the introduction of fogging effects.
The UIESS method exacerbates the fogging issue, while the PCDE
method produces color distortion and black artifacts. The
EUICCCLF method exhibits local color distortion. Additionally, the
PDRMRV method shows limited enhancement capability in such
extreme conditions, with insuf cient color correction and noticeable

FIGURE 6

(@) (b) (© (d) (©

Quialitative comparison in the RUIE dataset - green tone. The images from (a) to (i) include: (a) raw underwater image, (b) MLLE, (c) PCDE, (d) EUICCCLF,
(e) UIESS, (f) FUnIE-GAN, (g) UWCNN, (h) PDRMRYV, and (i) the proposed UIVE, respectively.
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FIGURE 7

(@ (b) (© (d) (e)

Quialitative comparison in the RUIE dataset - blue tone. The images from (a) to (i) include: (a) raw underwater image, (b) MLLE, (c) PCDE, (d) EUICCCLF,
(e) UIESS, (f) FUnIE-GAN, (g) UWCNN, (h) PDRMRV, and (i) the proposed UIVE, respectively.
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TABLE 2 Quantitative comparisons of the RUIE dataset, with red values indicating the best results and green values representing the second-best
results.

Methods Entropy NIQE UIQM UCIQE PCQI
MLLE 7.68 20.74 071 0.60 1.08
PCDE 7.70 2091 044 061 095

EUICCCLF 7.31 25.81 079 062 127

PDRMRV 6.96 23.74 052 040 104
UIESS 7.23 2419 064 082 1.05
FUNIE-GAN 6.98 52.69 039 060 0.82
UWCNN 6.69 2171 0.30 058 092
Ours 7.40 20.36 082 067 116

The symbol " " indicates that the higher the value of the indicator, the better. The symbol ' "indicates that the lower the value of the indicator, the better.
The yellow highlights indicate new experimental results added in response to the reviewers’ comments for additional comparative analysis.

detail loss. In contrast, the FUNIE-GAN and UWCNN methods  experiments to analyze the performance of three model variants by
perform poorly regarding visual enhancement effects. Although the  comparing their results. A simpli ed version without residual blocks
UIVE method proposed in this paper does not completely eliminate  (w/o RB), a version without the adaptive brightness adjustment module
color bias and exhibits slight texture non-smoothness, it effectively  (w/o Ab), and the complete UIVE architecture. The test samples were
enhances contrast, maintains the vividness of image colors, and  selected from actual underwater image datasets and included
preserves subtle color gradient changes. The quantitative evaluation  representative samples with varying degrees of color bias. The
results presented in Table 3 indicate that the PCDE method performs  experimental results indicate that the model missing residual blocks
optimally in certain metrics, while the UIVE method does not achieve ~ produces noticeable black grid-like artifacts in the output image,
the best results but still demonstrates stable enhancement highlighting the crucial role of residual connectivity in preserving the
performance, thereby con rming the method’s applicability in integrity of feature information. Additionally, the overall brightness of
extreme underwater environments. the output image from the model lacking the adaptive brightness
adjustment module is signi cantly reduced, resulting in poor visual

quality. Quantitative evaluation data (Table 4) and visual comparison

4.5 Ablation analysis results (Figures 9, 10) consistently demonstrate that the full version of
the UIVE model achieves optimal performance across all tested

In order to systematically validate the contribution of each core  metrics. Notably, in the key metric of luminance mean, the adaptive
module of the UIVE framework, this study designed ablation  luminance adjustment module shows a signi cant enhancement,

FIGURE 8
Qualitative comparison of our acquired underwater images. The images from (a) to (i) include: (a) raw underwater image, (b) MLLE, (c) PCDE, (d) EUICCCLF,
(e) UIESS, (f) FUNIE-GAN, (g) UWCNN, (h) PDRMRYV, and (i) the proposed UIVE, respectively.

Frontiers in Marine Science 09 frontiersin.org


https://doi.org/10.3389/fmars.2025.1725829
https://www.frontiersin.org/journals/marine-science
https://www.frontiersin.org

Luo et al.

10.3389/fmars.2025.1725829

TABLE 3 Quantitative comparisons on our captured images, with red values indicating the best results and green values representing the second-best

results.

Methods Entropy NIQE UIQM UCIQE PCQI

MLLE 723 13.04 043 0.64 0.90

PCDE 7.40 1371 048 0.79 091
EUICCCLF 6.85 14.27 0.46 0.65 0.96
PDRMRV 6.73 13.22 0.24 0.38 0.89

UIESS 711 1361 0.36 0.69 0.86
FUNIE-GAN 6.92 13.94 027 056 081
UWCNN 6.26 11.04 031 0.54 0.90

ours 7.25 13.65 0.35 0.60 093

The symbol ' " indicates that the higher the value of the indicator, the better. The symbol ' " indicates that the lower the value of the indicator, the better.
The yellow highlights indicate new experimental results added in response to the reviewers’ comments for additional comparative analysis.

experimentally validating the rationale and necessity of the

module’s design.

4.6 Complexity analysis

In this study, performance evaluation was conducted using 500
images with a resolution of 256 256 pixels from an independent

TABLE 4 An ablation study of our proposed method is presented.

test set within the EUVP dataset, which is entirely separate from the
1,000 images utilized for training. The experimental platform is
equipped with an Intel Core i7-13620H processor and an NVIDIA
GeForce RTX 4060 graphics card. The results of the qualitative
evaluation are shown in Figure 11, which shows that UIVE has a
good enhancement effect. The results of the qualitative evaluation
are shown in Figure 11, which shows that UIVE has a good

Methods Luminance Mean Entropy NIQE uiQM UCIQE
raw 121.27 6.86 15.70 029 051
w/o RB 118.27 6.97 15.83 044 0.60
w/o Ab 109.45 7.05 15.46 042 049
UIVE 122.88 7.18 15.35 047 0.62

The red values indicate the best results, while the green values represent the second-best results.

The symbol ' " indicates that the higher the value of the indicator, the better. The symbol ' " indicates that the lower the value of the indicator, the better.

(a)

FIGURE 9

(b)

(c) (d)

Comparative results of the ablation study. (a) Raw underwater image (b) w/o RB (c) w/o Ab (d) UIVE.
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UCIQE NIQE  UCIQE NIQE  UCIQE NIQE UCIQE NIQE
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FIGURE 10
Normalized quantitative assessment of each version using the Entropy, NIQE, UIQM, and UCIQE metrics. (a) Raw underwater image (b) w/o RB (c) w/o Ab
(d) UIVE.

FIGURE 11
Qualitative comparison in EUVP. The images from (a) to (j) include: (a) a raw underwater image, (b) MLLE, (c) PCDE, (d) EUICCCLF, (e) UIESS, (f) FUnIE-GAN,
(g) UWCNN, (h) PDRMRYV, (i) the proposed UIVE, and (j) a reference image, respectively.

TABLE 5 Model performance evaluation. Red values indicate the best results and green values indicate the second-best results.

Methods Size Para. FLOPs Time Entropy NIQE UIQM UCIQE PCQI PSNR SSIM

MLLE 256 - - 0.05 7.56 4715 0.83 175 116 15.16 0.73 0.86
PCDE 256 - - 0.14 7.32 4124 0.97 172 1.06 14.39 0.65 0.77
EUICCCLF 256 - - 0.02 744 63.45 0.81 0.73 112 15.17 0.75 0.66
PDRMRV 256 - - 0.32 7.03 49.97 041 0.50 0.98 22.23 0.87 0.59
UIESS 256 4.26M 26.35G 0.006 7.47 51.27 0.76 0.76 1.05 20.63 0.87 0.62
FlGJ;I'\IlE— 256 7.02M 20.48G 0.002 7.32 51.06 0.72 1.37 0.96 23.40 0.83 0.69
UWCNN 256 0.04M 2.61G 0.02 6.83 51.09 0.54 0.98 0.75 17,57 0.79 047
Ours 256 0.08M 1.35G 0.004 742 50.65 0.93 2.47 1.09 20.78 0.85 0.63

The symbol ' " indicates that the higher the value of the indicator, the better. The symbol ' " indicates that the lower the value of the indicator, the better.
The yellow highlights indicate new experimental results added in response to the reviewers’ comments for additional comparative analysis.
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FIGURE 12

Standardized quantitative assessment. The x-axis represents the average running time, while the y-axis represents the weighted sum of the six-
assessment metrics: Entropy, NIQE, UIQM, UCIQE, PCQI, URanker, PSNR, and SSIM

enhancement effect. Table 5 presents the detailed performance test
results, with the runtime metric indicating the average
computational time required for the algorithm to process a single
image frame. The experimental results demonstrate that UIVE

offers signi cant advantages across three key performance
metrics: the number of model parameters, computational
complexity (FLOPs), and inference speed. It is noteworthy that
UIVE achieves well-balanced performance in both conventional

(a) (b) (c) (d)

FIGURE 13

(e)

) (8 (h)

Subjective comparison of edge detection. The images from (a) to (i) include: (a) raw underwater image, (b) MLLE, (c) PCDE, (d) EUICCCLF, (e) UIESS,
(f) FUnIE-GAN, (g) UWCNN, (h) PDRMRYV, and (i) the proposed UIVE, respectively.

FIGURE 14

Subjective comparison of corner point detection. The images from (a) to (i) include: (a) raw underwater image, (b) MLLE, (c) PCDE, (d) EUICCCLF, (e)
UIESS, (f) FUnIE-GAN, (g) UWCNN, (h) PDRMRYV, and (i) the proposed UIVE, respectively.
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