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1. Introduction

The ocean covers a significant portion of the Earth’s surface and harbors abundant nat-
ural resources, meaning that underwater exploration is of significant importance. Various
underwater technologies, including autonomous underwater vehicles (AUVs), rely heavily
on visual data for navigation, mapping, and environmental analysis, making underwater
imaging a critical component of ocean exploration. As a result, underwater image pro-
cessing has become a vital technology across multiple domains, including marine biology,
oceanography, and underwater robotics. However, acquiring and processing high-quality
underwater images is exceptionally challenging due to the complex and uncontrollable
nature of the underwater environment. Common issues, often caused by artificial lighting,
such as light attenuation, color distortion, low contrast, blurred details, and noise, signifi-
cantly degrade image quality. These problems not only hinder human visual perception but
also reduce the effectiveness of automated analysis. Moreover, the unique optical properties
of underwater imaging, including selective light absorption and scattering, mean that tra-
ditional in-air imaging methods or conventional enhancement algorithms are insufficient.
Specially designed algorithms for underwater image enhancement, correction, and analysis
are essential in addressing these challenges and advancing underwater exploration.

Classic image enhancement methods in underwater settings rely on the physical mod-
eling of light propagation to approximate and reverse image degradation [1] or employ
priors such as dark-channel estimation [2] and color information [3] to improve visual
quality. Beyond enhancement, conventional approaches to underwater object detection,
segmentation, and tracking have relied primarily on handcrafted features and heuristic
rules [4,5]. Although these approaches can improve underwater image quality, they typi-
cally depend on fixed assumptions that may not generalize well to the diverse and dynamic
conditions encountered in underwater environments. In recent years, deep learning-based
methods have emerged as powerful alternatives for underwater image processing. These
methods leverage large amounts of data and neural network architectures to automatically
learn representations and achieve impressive performance. For example, several studies
have applied convolutional neural networks, transformers, and state-space models to
enhance and restore underwater images [6-10]. In addition, deep learning techniques have
been widely adopted for underwater object detection and segmentation [11-15], demon-
strating strong performance in various underwater environments. Compared to traditional
methods, deep learning-based approaches offer improved robustness, leading to enhanced
image detail, higher accuracy, and better adaptability to complex underwater conditions.

This book, Application of Deep Learning in Underwater Image Processing, presents nine
innovative approaches that leverage deep learning techniques to address the key challenges
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in underwater image processing. In addition to a quantitative study on underwater image
enhancement, this publication includes a comprehensive introduction to related topics,
including image restoration, underwater object detection and segmentation, and sonar
image analysis. Researchers have conducted in-depth analyses and integrated advanced
techniques, including Generative Adversarial Networks (GANs) and the You Only Look
Once (YOLO) series, to further advance deep learning applications in underwater image
processing. Furthermore, we provide a thorough comparative analysis of conventional and
deep learning-based methods. In summary, this book serves as a comprehensive resource
exploring recent breakthroughs in deep learning for underwater imaging, offering both
practical tools and conceptual frameworks for professionals engaged in marine science,
engineering, and computer vision research.

2. An Overview of Published Articles

Awan et al. (contribution 1) address the challenging problem of underwater image
degradation caused by color distortion and contrast loss due to light attenuation and scatter-
ing. Existing methods typically use linear transformations for color compensation followed
by image enhancement. However, the authors observed that linear transformations for
color compensation may fail to enhance images across a variety of underwater scenes. To
address this problem, the authors propose a dual-pathway framework that uses a classifier
to categorize underwater images as Type I or Type Il based on their color characteristics.
Type I images benefit from linear transformation, whereas Type Il images decline in qual-
ity when a linear transform is applied. Depending on the classification, images are then
processed using either the Deep Line Model or the Deep Curve Model, which perform
linear or nonlinear transformations, respectively. The framework demonstrates superior
performance in restoring underwater images on benchmark datasets. Future research
directions include refining the classifier to handle ambiguous cases, extending the model
to more nuanced image categories, and integrating richer performance metrics for deeper
insights into image quality restoration.

Fu et al. (contribution 2) tackle the challenges of underwater image degradation
caused by absorption, scattering, and complex lighting conditions. Existing GAN-based
methods often suffer from instability during training, resulting in suboptimal enhance-
ment. To address these issues, the authors propose the Multi-scale Evolutionary Generative
Adversarial Network (MEvo-GAN), which integrates genetic algorithms into GANs to
enhance underwater images. The MEvoGAN framework employs a multi-path generator
architecture to extract features at different spatial scales. This design improves the net-
work’s ability to recover fine textures and global structures from degraded underwater
images. In addition, the authors integrated an evolutionary algorithm composed of varia-
tion, evaluation, and selection modules. These components guide generator training by
simulating natural selection, generating multiple offspring models, and choosing the best-
performing candidates based on metrics. The experimental results show that MEvoGAN
outperforms existing methods in restoring underwater images in benchmark datasets.

Gayé-Vilar et al. (contribution 3) address the challenge of efficiently monitoring
cold-water coral habitats in deep-sea environments. These habitats are difficult to assess
due to limited visibility, light attenuation, and complex backgrounds. Traditional object
detection methods are limited in terms of computational efficiency and real-time perfor-
mance. To overcome these limitations, the authors utilized the YOLOvSI-seg to detect
and segment coral species in underwater images. The experimental results demonstrated
that YOLOvSI-seg is effective in monitoring cold-water coral species. Furthermore, the
study revealed that the coral distribution is highly uneven and is greatly influenced by
environmental conditions.
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Jiang et al. (contribution 4) propose an improved YOLOVS for identifying and classify-
ing marine debris. Marine debris has caused significant environmental damage, emphasiz-
ing the necessity of cleanup. However, the identification and classification of marine debris
are hindered by low underwater visibility, which slows down cleanup operations. To over-
come these limitations, the authors integrated the clo block transformer module into the
YOLOVS backbone network. This enhancement improves the extraction of both high- and
low-frequency features from underwater debris images, thereby enhancing the perception
of crucial image information, particularly for small, indistinct targets. Furthermore, the
authors introduced the coarse-to-fine spatial and channel reconstruction module to reduce
spatial and channel redundancy and enhance feature representation to handle confusion
caused by suspended matter and varying light intensities underwater. The experimental
results show that the improved model outperforms the original YOLOVS in marine debris
detection tasks.

Zheng et al. (contribution 5) propose Multi-gradient Feature Fusion YOLOv7 (MFE-
YOLOV?) to address the challenges of target detection in underwater sonar images. These
challenges include the complex underwater environment, low-quality sonar image data,
and limited sample sizes. MFE-YOLOV?7 involves several key modifications to the YOLOv7
model, including replacing its spatial pyramid pooling channel shuffling and pixel-level
convolution with a multi-scale information fusion module to enhance multi-scale feature
processing and reduce missed detections for various target sizes. In addition, the authors
introduced recurrent feature aggregation convolution to improve feature extraction and
adaptability to noisy sonar images. This allows the model to better learn and represent
target features. Furthermore, a spatial and channel synergistic attention mechanism was
integrated to help the model focus on crucial features, thereby boosting recognition accuracy
and robustness in challenging underwater environments. The experimental results show
that MFE-YOLOV7 achieves higher accuracy than other object detection approaches.

Yang et al. (contribution 6) address the challenges of target recognition in side-scan
sonar (5SS) images, which suffer from distortion and noise, leading to blurred details and
feature loss. Existing models often have limitations when deployed on edge devices due to
their high computational complexity and resource consumption. To address these issues,
the authors propose SS-YOLO, a lightweight deep learning model focused on SSS target
detection that aims to achieve both a lightweight design and enhanced accuracy. The
SS-YOLO framework improves the YOLOv8 model by replacing the complex convolutional
layer in the coarse-to-fine module with a combination of partial convolution and pointwise
convolution to reduce redundant computations and memory access. Additionally, they inte-
grated an adaptive scale spatial fusion module using 3D convolution to combine multi-scale
feature maps, maximizing the extraction of invariant features and addressing information
loss. The authors also included an improved multi-head self-attention mechanism in the
detection head, which enhanced the model’s ability to focus on important features with low
computational load. Furthermore, the authors propose a new side-scan sonar dataset, cre-
ated by combining self-collected and public data and expanding it through augmentation
to overcome limited sample sizes. The experimental results demonstrate that SS-YOLO
outperforms the original YOLOv8 model in terms of accuracy while maintaining lower
model complexity.

Lu et al. (contribution 7) address the challenges of underwater object detection caused
by the limitations of sonar imaging, such as noise, low resolution, and the lack of texture
and color information. To overcome these challenges and improve detection accuracy, the
authors developed AquaYOLO, an enhanced version of YOLOvS8. YOLOVS consists of a
backbone module, neck module, and prediction module. The backbone module performs
initial feature extraction, the neck module refines and captures detailed features, and the
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prediction head identifies and localizes objects. The authors propose a residual block to
replace traditional convolutional layers in the backbone module for improved feature
extraction. In addition, they propose a dynamic selection aggregation module in the neck
module to dynamically fuse multi-layer features and enhance feature correlation. The
experimental results show that AquaYOLO achieves superior performance on a custom
sonar image dataset.

Lin et al. (contribution 8) address the challenges of underwater image degradation
stemming from color attenuation, scattering, and noise from artificial illumination. In
contrast to traditional GAN-based restoration models, which often require paired data
or suffer from color inconsistencies, the authors propose a Dual-CycleGAN framework
with dynamic guidance for robust underwater image restoration. Their framework com-
prises two collaboratively trained CycleGANSs: a Light Field CycleGAN, which generates
enhanced light field guidance images, and a Restoration CycleGAN, which performs the
actual restoration process. Integrating light field information into the model guides the
restoration process, significantly improving color fidelity and structural detail. A compre-
hensive set of loss functions supports the training process, including adversarial, cycle
consistency, perceptual, identity, patch-based contrast quality index, intermediate output,
and color balance losses. These functions ensure enhanced training stability and percep-
tual quality. The Dual-CycleGAN achieves state-of-the-art performance with reduced
computational complexity.

Ma et al. (contribution 9) conducted a comparative study on a traditional physical
model and four deep learning-based approaches for underwater image enhancement. The
traditional method employed techniques such as color balance correction, LAB spatial
decomposition, adaptive histogram, bilateral filter, and Laplace pyramid decomposition.
The deep learning-based methods included water-net, UWCNN, UWCycleGAN, and U-
shape Transformer. Based on evaluations using the UIEB dataset, the authors conclude
that traditional methods are more effective in shallow and stable waters environments,
while deep learning-based methods are better suited to diverse and dynamic underwater
conditions. For future work, the authors suggest incorporating physical priors into deep
learning architectures, developing lightweight models, and exploring adaptive enhance-
ment strategies.
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Abstract: Underwater imaging presents unique challenges, notably color distortions and reduced
contrast due to light attenuation and scattering. Most underwater image enhancement methods first
use linear transformations for color compensation and then enhance the image. We observed that
linear transformation for color compensation is not suitable for certain images. For such images,
non-linear mapping is a better choice. This paper introduces a unique underwater image restoration
approach leveraging a streamlined convolutional neural network (CNN) for dynamic weight learning
for linear and non-linear mapping. In the first phase, a classifier is applied that classifies the input
images as Type I or Type IL. In the second phase, we use the Deep Line Model (DLM) for Type-I
images and the Deep Curve Model (DCM) for Type-II images. For mapping an input image to
an output image, the DLM creatively combines color compensation and contrast adjustment in
a single step and uses deep lines for transformation, whereas the DCM employs higher-order curves.
Both models utilize lightweight neural networks that learn per-pixel dynamic weights based on
the input image’s characteristics. Comprehensive evaluations on benchmark datasets using metrics
like peak signal-to-noise ratio (PSNR) and root mean square error (RMSE) affirm our method’s
effectiveness in accurately restoring underwater images, outperforming existing techniques.

Keywords: underwater images; underwater image restoration; underwater image enhancement;
color restoration; lightweight network; deep learning

1. Introduction

Underwater imaging plays an important role in ocean observation and marine engi-
neering applications. However, underwater images suffer from several artifacts. While
capturing underwater images, a considerable portion of the light is absorbed during its
propagation in the water, resulting in color distortion [1]. Moreover, backward—forward
light scattering severely affects the contrast and details of images, which further deterio-
rates the performance of underwater industrial applications [2]. Therefore, underwater
image enhancement—addressing color restoration, enhancing contrast, and improving
details—is an essential task in marine engineering and observation applications.

In the literature, many methods have been proposed for improving underwater im-
age quality. These methods can be broadly categorized into prior-based, imaging-based,
and machine-deep learning-based techniques [2-5]. Generally, prior-based methods heavily
depend on hand-crafted priors and excel in dehazing outdoor images. However, their
performance is less than satisfactory for underwater images, and they struggle to correctly
manage color shifts. Although imaging-based approaches significantly improve the color
and contrast of underwater images, they often overlook the specificities of underwater
imaging models. This oversight can result in over-enhanced or over-saturated final images.
Machine/deep learning methods provide better results; however, they usually suffer from
generalization problems. We observed that most of the methods from all three categories
behave differently for different input images. It means that their performance depends
on the characteristics of input images. They may work well on some images, while they
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may not provide good results for other images. Therefore, it is important to study the
characteristics of the input images.

In this study, we propose a method for underwater image restoration that employs
linear or non-linear mapping depending on the type of the input image. First, an input
image is classified as Type I or Type II. Then, Type-I images are enhanced using the Deep
Line Model (DLM), while the Deep Curve Model (DCM) is employed for Type-II images.
The DLM effectively integrates color compensation and contrast adjustment in a unified
process, utilizing deep lines for transformation, whereas the DCM is focused on apply-
ing higher-order curves for image enhancement. Both models utilize lightweight neural
networks that learn per-pixel dynamic weights based on the input image’s characteristics.
The main contributions of the paper are summarized below:

*  We observed that color components of the degraded underwater images have linear
and non-linear relationships among them. So, images are classified as Type I or
Type II. Different treatment is suggested for different types of images, and it yields
better results.

e The Deep Line Model (DLM) is proposed for input images having linear relationships
among their color components. As the color components have a linear relationship,
pixels can be improved using a linear (line) model, whereas the DLM learns the
parameters of the line for each pixel.

¢ The Deep Curve Model (DCM) is proposed for images having non-linear relationships
among their color components. As the color components have a non-linear relation-
ship, pixels may not be improved using a line model. In this case, a curve is more
appropriate and effective in improving the color components. Thus, the DCM learns
the parameters of the curve for each pixel.

The efficacy of the proposed solution is measured by conducting experiments on
benchmark datasets and using quantitative metrics: the peak signal-to-noise ratio (PSNR)
and root mean square error (RMSE). The comparative analysis affirms our method’s effec-
tiveness in accurately restoring underwater images, outperforming existing techniques.

2. Related Work
2.1. Underwater Physical Imaging Model

The underwater image formation model (IFM) also known as the atmospheric scatter-
ing model (ASM) is depicted in Figure 1. It can be seen that three types of lights are received
by the image-capturing device: (1) the reflected light that comes to the camera directly
after striking the object, (2) the forward-scattered light that deviates from the original
direction after striking the object, (3) the back-scattering light that comes to the camera
after encountering particles. The attenuation of light depends both on the distance of the
device to the object and the light’s wavelengths and is affected by seasonal, geographic,
and climate variations. These factors, in turn, severely affect the quality of the captured
images, and the image restoration become a challenging task. There are various image
formation methods that describe the formation of images in scattering media, but we adopt
the model proposed in Schechner and Kopeika [6] in this work. According to this model,
the intensity of the image in each color channel ¢ € {R, G, B} at each pixel is composed of
two components: the attenuated signal, which represents the amount of light absorbed
by the underwater medium, and the veiling light, which represents the light scattered by
the medium.

Ic(x) = ]c(x)tc(x) + (1 - tc(x)) “Ac, 1)

where bold denotes vectors, x is the pixel coordinate, I.(x) is the acquired image value
in color channel ¢, f.(x) is the transmission of that color channel, and J.(x) is the object
radiance. The global veiling-light component A, is the scene value in areas with no objects
(te = 0, Yc € {R,G,B}). In homogeneous media, the transmission map (TM) can be
described by tc(x) = e P*(*), where § is the medium attenuation coefficient and z(x) is
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the depth. The primary objective of underwater image restoration methods is to restore the
original image J(x) with corrected colors from the observed and degraded image I (x).

Wavelength

(@)
o~

Figure 1. Formation of underwater images. The direct transmission of light contains valuable

\

information about the scene, while the backscattered light degrades the image by reflecting off the
suspended particles in the water column. The distance between the camera and the object, denoted
by z, affects the clarity of the image. Red light is absorbed more quickly than other wavelengths,
making it less effective for underwater imaging. Additionally, forward scattered light can blur the
scene, further reducing image quality.

2.2. Underwater Restoration Techniques

Underwater image restoration techniques can broadly be categorized into prior-based,
imaging-based, and machine-deep learning-based techniques. Prior-based methods utilize
the underwater image formation model (IFM) and draw priors from the degraded images.
Initially, a transmission map (TM) is derived from priors such as the dark-channel prior
(DCP) [3], red-channel prior (RCP) [7], medium-channel prior (MDP) [8], and haze-line
prior (NLD) [9]. Subsequently, the image is restored using the IFM, which is equipped
with the TM and atmospheric light. In [10], a red-channel prior (RCP)-guided variational
framework is introduced to enhance the TM, and the image is restored utilizing the IFM.
In contrast to the prior-based methods, imaging-based methods do not utilize the IFM.
Instead, they rely on foundational image enhancement techniques such as contrast enhance-
ment, histogram equalization, image fusion, and depth estimation. Peng et al. [2] proposed
a depth estimation technique for underwater scenes that relies on image blurriness and
light absorption. This depth information is fed into the IFM to restore and enhance the
underwater visuals. In another study by Ancuti et al. [11], a combined approach of color
compensation and white balancing is applied to the original degraded image to restore its
clarity. Zhang et al. [12] introduced a strategy guided by the minimum color loss princi-
ple and maximum attenuation map to adjust for color shifts. In another recent work by
Zhang et al. [13], a Retinex-inspired color correction mechanism is employed to eliminate
color cast. The research further incorporates both local and global contrast-enhanced
versions of the image to refine the color output.

On the other hand, deep learning methods are mainly divided into ASM-based and
non-ASM-based techniques. ASM-based methods use the atmospheric scattering model
(ASM) to clear up hazy images. For instance, DehazeNet [14] by Cai et al. applies a deep
architectural approach to estimate transmission maps, generating clear images. Similarly,
MSCNN [15] by Ren et al. uses a multi-scale network to learn the mapping between hazy
images and their corresponding transmission maps. AOD-Net [16] by Li et al. directly
creates clear images with a lightweight CNN, and DCPDN [17] by Zhang et al. leverages
an innovative network architecture, focusing on multi-level pyramid pooling to optimize
the dehazing performance. In contrast, non-ASM-based methods rely on various network
designs to transform hazy images directly into clear ones through various structures like
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the encoder—decoder, GAN-based, attention-based, knowledge transfer, and transformer-
based networks. Encoder—decoder structures like the gated fusion network (GFN) by
Ren et al. [18] and Gated Context Aggregation Network (GCANet) by Chen et al. [19] uti-
lize multiple inputs and dilated convolutions to effectively reduce halo effects and enhance
feature extraction. GAN-based networks such as Cycle-Dehaze by Engin et al. [20] and
BPPNet by Singh et al. [21] offer unpaired training processes and are capable of learning
multiple complexities, thereby yielding high-quality dehazing results even with minimal
training datasets. Attention-based networks like GridDehazeNet by Liu et al. [22] and FFA-
Net by Qin et al. [23] implement adaptive and attention-based techniques, providing more
flexibility and efficiently dealing with non-homogeneous haze. Knowledge transfer meth-
ods like KITDN by Wu et al. [5] leverage teacher—student networks, enhancing performance
in non-homogeneous haze conditions by transferring the robust knowledge acquired by the
teacher network. In [24], to tackle the problems of low contrast, color distortion and poor
visual appearance, a sequence of operations such as white balancing, gamma correction,
sharpening, and manipulating weight maps are performed on the input image. In [25],
a CycleGAN-based network is proposed that uses the U-Net structure in the generator part,
as the long skip connection of U-Net will obtain more detailed information. The pixel-level
attention block is appended in the network for detail structure modeling. Transformer-
based networks like DehazeFormer by Song et al. [26] make significant modifications in
traditional structures and employ innovative techniques like SoftReLU and RescaleNorm,
presenting better performance in dehazing tasks with efficient computational cost and
parameter utilization. In a more recent deep learning-based method [27], a style transfer
network is used to synthesize underwater images from clear images. Then, an underwater
image enhancement network with a U-shaped convolutional variational autoencoder is
constructed for underwater image restoration. In another work [28], a physical imaging-
based model is proposed that includes a multi-scale progressive enhancement module to
enrich the image details and a chromatic aberration correction mechanism for color balance.
In [29], an underwater image enhancement scheme is proposed that incorporates domain
adaptation. Firstly, an underwater dataset fitting model (UDFM) is developed for merging
degraded datasets. Then, an underwater image enhancement model (UIEM) is suggested
for image enhancement. In a more recent work [30], we propose a multi-task fusion where
fusion weights are obtained from the similarity measures. Fusion based on such weights
provides better image enhancement and restoration capabilities.

3. Motivation

We conducted an experiment using 11,950 images with ground truths (GTs) from two
well-known datasets: EUVP [31] and UIEBD [32], as well as various methods from the
literature: ACT [33], AOD [16], DNet [14], FGAN [31], MMLE [12], NLD [9], RLP [34],
SCNet [35], UDCP [36], and UNTYV [10]. First, we computed the root mean square error
(RMSE) and peak signal-to-noise ratio (PSNR) using the input images and their GTs. Then,
these methods were applied to the 11,950 images, and the metrics RMSE and PSNR were
computed using the restored images and their GTs. We then compared the metric values
before and after applying the methods to the images. After counting the number of images
with improved and declined metrics, the results were unexpected. Figure 2 shows the
number of images that have improved and declined metrics. It can be observed that a larger
number of images, after applying the restoration methods, have not improved the metrics
RMSE and PSNR. This indicates that the performance of the methods depends on the
characteristics of the input images. They may work well on some images, while they may
not provide expected results for others. Therefore, it is important to study the characteristics
of the input images. For this purpose, we investigate the relationships between the color
components of the input images.
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Figure 2. Methods including ACT [33], AOD [16], DNet [14], FGAN [31], MMLE [12], NLD [9],
RLP [34], SCNet [35], UDCP [36], and UNTYV [10] are applied on 11,950 images. The numbers and
their percentages are shown for the number of images where the metrics RMSE and PSNR are
improved and declined, respectively.

Let I.(x) represent a degraded underwater color image, where x = (x,y) denotes
the coordinates of the image pixels and ¢ € {r, g, b} signifies the red, green, and blue
color channels, respectively. The color components of the image can thus be denoted as
{I;(x), I;(x), I;(x) }. In underwater imaging, differential color attenuation across wave-
lengths frequently leads to compromised visual fidelity, predominantly impacting the red
channel while leaving the green comparatively unaltered [11]. Conventional restoration
techniques typically adopt a sequential approach: initial color correction to balance channel
disparities, followed by linear enhancement methods such as contrast stretching to mitigate
the attenuation effects.

In the literature, many methods use the mean values from each channel for color
compensation [11,37-39]. This approach is grounded in the Gray World assumption, which
suggests that all channels should exhibit equal mean intensities in an undistorted image [40],
leading to a straightforward approach for color compensation:

Ir(x) = Ir(x) + (Ig(x) — L(x)) - (1 — L (x) - Lg(x)),
Io(x) = L(x), @)
Ip(x) = I(x) + (Ig(x) = I(x)) - (1 = Iy(x) - Ig(x)).

where I;(x), I;(x), and I;(x) denote the mean values of the degraded color components of
the underwater image I.(x).

Although additive adjustments can compensate for color distortions in red and blue
channels, our study reveals that this compensation may worsen the color composition in
many cases, leading to inferior quality in restored images. As demonstrated in Figure 3,
two distinct outcomes are observed: Type-I images benefit from color correction, with spec-
tral intensities approaching the ground truth, enhancing visual quality. Conversely, Type-II
images experience worsened color discrepancies, resulting in suboptimal restoration. This
necessitates a dual restoration approach. Our method uses a classifier to categorize images,
which is followed by the application of the DLM for Type-I images and the DCM for
Type-II images. This strategy ensures precise, adaptive restoration aligned with the specific
requirements of each image category.

10
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Figure 3. The effect of color compensation operation on two different types of images. For Type I,
color compensation aligns colors closer to the ground truth (GT), enhancing visual fidelity. In contrast,
for Type II, the compensation results in color distortion when compared to GT.

4. Proposed Method

The proposed methodology restores images through a two-phase process. Initially,
an image classifier categorizes each image as either Type I or Type II. Subsequently, Type-1
images are processed using the Deep Line Model (DLM), while Type-II images undergo
enhancement through the Deep Curve Model (DCM). The complete framework depicted
in Figure 4 showcases the complete process, from initial classification to the final output,
highlighting the effectiveness and adaptability of both the DLM and DCM in underwater
image restoration.
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Figure 4. Overview of the proposed framework illustrating adaptive mapping capabilities of
the models: (a) input images with intensity profiles, (b) architecture of the Deep Line Model
(DLM), (c) examples of lines varying with parameters «, B, (d) output images processed by the DLM,
(e) architecture of the Deep Curve Model (DCM), (f) examples of curves demonstrating higher-order
adjustments, (g) output images processed by the DCM.

4.1. Image Classifier

Based on the observations in images’ profile intensity and metrics, images have been
categorized into two distinct types. Type-I images are those that retain or improve in
quality following linear transformation for color compensation, while Type-II images
are characterized by a decline in quality after the same transformation. Following this
classification, we applied linear transformations and computed metrics such as RMSE and
PSNR and labeled the images accordingly. For the classification task, a small neural network
is designed that takes the features obtained through DenseNet121 [41] and analyzes the
intrinsic properties of an input image and guides it toward the most appropriate restoration
pathway—the DLM for Type-l images and the DCM for Type-II images—thereby enhancing
feature extraction and image restoration. The subsequent sections delve into the detailed
frameworks of each model.

11
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4.2. Deep Line Model

Mostly, underwater image enhancement methods are executed in two linear operations.
Initially, a color-corrected image I.(x) is obtained by compensating the channels through
additive adjustment factors [11,42]. The generalized form of this operation is as follows:

-

Ie(x) = Le(x) + 77c(x), 3)

where 7. represents the additive adjustment factors for each channel ¢ € {r, g,b}. In the
second step, the restored image I (x) is obtained by improving contrast. It is achieved by ap-
plying another linear operation that stretches the pixel values of the color-corrected image.

~

Ic(x) = K¢ fc(x) + ,Bc, 4)

where a. and B, are constants utilized to represent weights for each channel that are mostly
applied globally.

Instead of performing two separate linear operations and using global weights, we sug-
gest a Deep Line Model that combines two steps and uses per-pixel weights. The proposed
model is expressed as

fc(x) = ac(x) - Le(x) + Be(x) - e (x), ®)

where a.(x) and B.(x) are weight matrices which are learned through the deep network
and 7, represents the color compensation factors for each channel ¢ € {r, g, b}. The color
compensation factors 7. are computed by using the mean guided compensations [11]
through the following expressions.

r = (I_g(x) —L(x))(1— Ir(x)Ig(x)),
g =0, (6)

= (T (x) = I (x)) (1 = I (x) Ig(x)).

where I;(x), I;(x), and I;(x) denote the mean values of degraded color components of
underwater image I.(x).

Now, the computational challenge exists in the derivation of dynamic weight matri-
ces. To overcome this, we employ a lightweight deep neural network, as illustrated in
Figure 4b. The network’s architecture encompasses seven convolutional layers; the first
six are equipped with 16 filters each, kernel 3 x 3 and utilizing ReLU activation functions,
while the seventh layer adopts a Tanh activation to produce the required weight matrices.
This setup is specifically designed to facilitate localized adjustments, empowering the deep
line model delineated in Equation (5) to competently address the complex characteristics of
underwater images and effectuate precise, adaptive enhancements. Figure 4c exemplifies
this capability, depicting the generic behavior of deep lines with varying random parame-
ters «, B, spanning a range from —1 to 1. Our model is not only effective but also efficient,
comprising a mere 18,390 trainable parameters and requiring only 54.07 MB of memory,
rendering it an optimal solution for resource-constrained systems.

4.3. Deep Curve Model

The images that are not restored through linear operations require non-linear transfor-
mations. Inspired by the work [43] for low light image enhancement, we propose a Deep
Curve Model for underwater image restoration. A second-order polynomial is a simple
non-linear mapping between an input image I.(x) and the output image I.(x), which is
also differential.

N

Ie(x) = 761 (%) - (Ie(%))? + ye2(x) - Le(x) + 73(x), )

12
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where 7. 1(x), vc2(x), and 7. 3(x) are pixel-wise coefficients for each channel ¢ € {r, g,b}.
By setting 7. 1(x) = 7c2(x), and .3(x) = zeros(x), the non-linear mapping can be simpli-
fied and re-written as

a

Ie(x) = Ie(x) + ve(x) - Ie(x) - (1 = Le(x)) (8)

where 7. (x) represents the weight matrices for the non-linear mapping (curves) for each
channel ¢ € {r, g, b}. It means that the curves are applied separately to each of the three
RGB channels, allowing for better restoration by preserving the inherent color and by
reducing the risk of over-saturation. Furthermore, the image is restored by applying
mapping inside the network, so it should be differentiable for forward and backward
propagation. While the second-order curves can provide satisfactory restoration results,
they can further be improved by applying higher-order curves. One simple way to achieve
higher-order mapping is to apply a second-order mapping iterative fashion. The iterative
version of the deep curve model can be expressed as

9 (x) = 1"V () 490 V() 1V () - (1 - 1V (x)), 9)

(n—=1)

where 7 indicates the iteration number and v, (x) represents the weight matrices for

the (n — 1)th iteration. For n = 1, f,;(l) (x) is computed through (7). Furthermore, for n
iterations, n x 3 weight matrices are required. In this work, we have set the eight, i.e.,
n e {1,2,...,8}, so (8 x 3 = 24) dynamic weight matrices need to be learned. Now,
the problem is how to compute dynamic weight matrices.

To learn the weight matrices (curve parameter maps), we adopted a technique similar
to that used in the deep line model discussed in the previous section. A lightweight deep
neural network, as shown in Figure 4e, is employed to compute these dynamic weight
matrices. The network takes the input image I.(x) and learns a set of pixel-wise curve
parameter maps corresponding to higher-order curves. The behavior of such curves is
illustrated in Figure 4f, for instance, A3, with A1 and A, set to —1 and the number of
iterations 1 equal to 3, showcasing the advanced adjustment capabilities with these curves.
The network’s architecture comprises seven convolutional layers with the first six layers
each containing 32 kernels of size 3 x 3 with a stride of 1, which are followed by a ReLU
activation function to introduce non-linearity into the model. The final layer consists
of 24 convolutional kernels of the same size and stride but employs a Tanh activation
function, ensuring that the output values are constrained within the range of —1 to 1.
This layer produces a total of 24 curve parameter maps (dynamic weight matrices) across
eight iterations with each iteration providing three curve parameter maps for each channel

ce{rg b}

5. Results and Discussion
5.1. Datasets

In this study, we utilized two primary datasets: EUVP [31] and UIEBD [32]. Both
datasets comprise subsets containing paired and unpaired images. We aggregated paired
images from subsets of EUVP, including underwater_dark, underwater_scenes, and under-
water_imagenet, resulting in a combined total of 11,950 images. These images were used for
both training and testing within our proposed method. Similarly, from the UIEBD dataset,
we selected 890 images from the raw-890 subset for the same purpose. For performance
evaluation, we used the test_samples subsets from both EUVP and UIEBD, which consist
of 515 and 240 images, respectively.

5.2. Evaluation Metrics

In assessing the quality of restored images, we adopted widely recognized metrics
such as RMSE and PSNR [44]. RMSE was calculated as follows:

13
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1 M N
RMSE = mx; ; (I'(x,y) x,v))? (10)

where M and N represent the dimensions of the images, I/(x, y) is the color-corrected input
image, and I/(x,y) is the output image. A lower value of RMSE indicates better results.
In addition to RMSE, the peak signal-to-noise ratio (PSNR) was used as an evaluation
metric during the validation phase. PSNR is a standard measure for assessing the quality
of reconstructed images in comparison with the original ones. PSNR was calculated using
the formula:

PSNR = 20 - log, ( MAX )

MSE

where MAX| is the maximum possible pixel value of the image, and MSE represents the
mean squared error, which is calculated as the squared difference between I/(x,y) and
I.(x,y) averaged over all of the pixels. A higher value of PSNR represented better quality.

(11)

5.3. Implementation

In our implementation, we constructed the framework using PyTorch and executed
on an NVIDIA GeForce RTX3090 GPU. The proposed method integrates three core models:
(1) Image Classifier, (2) DLM, and (3) DCM. Image Classifier differentiates between Type-I
and Type-II images. For the training of Image Classifier, first, we applied color compensa-
tion through (2) on 11,434 images and labeled them with 1 if the image is improved with
respect to the input image; otherwise, its label was set to 0. From a total of 11,434 images,
9000 images were used for training and 2434 images were utilized for testing. The training
process also utilized a learning rate of 1 x 10~* and a batch size of 2 and 100 epochs.
The training accuracy obtained was 99.01%, whereas accuracy on test data was noted as
84.18%. The DLM targets the enhancement of Type-I images with configuration settings
such as batch sizes of 64 and 80 epochs for EUVP and batch sizes of 2 and 200 epochs for
UIEBD; the DCM focuses on the restoration of Type-II images. This model adopts optimizer
configurations similar to the DLM but with a specific batch size of 2 and 100 epochs for
EUVP and solely 200 epochs for UIEBD. Throughout their training phases, both the DLM
and DCM models employ the RMSE (L2) as a loss function. Using the assembled dataset,
a classifier was trained to categorize the images into two types: Type I and Type II. This
classification was carried out on 11,435 images from EUVP and 890 images from UIEBD.
As a result, 758 images from EUVP and 240 images from UIEBD were identified as Type
II, while the remaining images were designated as Type I. The DLM was then trained on
10,677 Type-I images from EUVP and 500 images from UIEBD. In contrast, the DCM was
trained using 758 Type-II images from EUVP and 140 Type-II images from UIEBD. All
models utilized the Adam optimizer to ensure efficient convergence. For both training and
evaluation, we processed images with dimensions 256 x 256. Importantly, our settings
incorporated gradient clipping, normalized to 0.1, to prevent gradient explosions, along
with a weight decay of 0.0001 to provide regularization.

5.4. Comparative Analysis

In order to rigorously assess the efficacy of our proposed approach, we contrasted
it against leading-edge methods in the domain. This encompasses non-learning tech-
niques such as NLD [9], RLP [34], MMLE [12], and UNTYV [10], as well as learning-driven
paradigms including ACT [33], FGAN [31], DNet [14], AOD [16], and SCNet [35]. First,
input images are restored through the above-mentioned methods and the proposed method,
and then restoration accuracy is compared by utilizing the widely accepted quantitative
metrics, root mean square error (RMSE) and peak signal-to-noise ratio (PSNR). A lower
value for RMSE and a higher value for PSNR indicate better results. Table 1 presents the
quantitative results for test samples across both datasets. The performance of the proposed
networks for the EUVP dataset is denoted as “Ours”. Focusing on the EUVP dataset,
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a quick examination of Table 1 reveals that the DLM exhibits superior performance in
Type-I images, registering an RMSE of 0.08 and a PSNR of 22.30 dB, which outperforms
state-of-the-art (SOTA) methods. Similarly, for Type-II images, the DCM surpasses compet-
ing methods by achieving 0.06 RMSE and 25.00 dB PSNR. Notably, when contrasted with
SCNet and ACT—the models boasting the second-best performance for Type-I and Type-II
images, respectively—the DLM excels with a differential of 0.02 in RMSE and 2.3 dB in
PSNR, whereas the DCM showcases a marked improvement with 0.87 RMSE and 4.4 dB
PSNR. Transitioning to the UIEBD dataset, SCNet leads in performance for Type-I images,
registering a 0.07 RMSE and 23.60 dB PSNR. This is contrasted with the DLM, which holds
the position for the second-best performance, achieving 0.11 RMSE and 20.10 dB PSNR.
Conversely, for Type-II images, the DCM stands out by attaining 0.08 RMSE and 22.20 dB
PSNR. When compared with SCNet—the runner-up in performance—our DCM establishes
a superior benchmark with a difference of 0.02 in RMSE and an elevation of 1.5 dB in PSNR.

Table 1. Comparison of average RMSE and PSNR for non-learning and learning-based meth-
ods on EUVP and UIEBD test images. The best results are in bold, and the second-best results
are underlined.

Non-Learning-Based Methods Learning-Based Methods
Measure Dataset Type Input NLD RLP MMLE UNTV ACT DNet AOD FGAN SCNet Ours
RMSE EUVP Type-1 0.11 0.15 0.15 0.18 0.14 0.84 0.12 0.78 0.73 0.10 0.08
Type-II 0.08 0.12 0.15 0.17 0.11 0.93 0.10 0.87 0.84 0.11 0.06
UIEBD Type-1 0.15 0.18 0.14 0.21 0.16 0.81 0.17 0.75 0.70 0.07 0.11
Type-II 0.14 0.12 0.11 0.24 0.17 0.92 0.14 0.86 0.53 0.10 0.08
PSNR EUVP Type-1 20.00 17.00 17.30 15.30 17.40 17.50 19.10 15.10 13.70 20.00 22.30
Type-II 2200 1840 16.90 15.60 19.20 20.60 20.10  13.30 15.50 19.70 25.00
UIEBD Type-1 17.60 1530 17.50 14.30 16.20 15.50 1590  15.10 12.70 23.60 20.10
Type-II  18.60 1870 19.20 12.60 15.60 19.70 17.80  13.10 9.99 20.70 22.20

To assess the robustness of the proposed method for qualitative evaluation, we selected
six images from each dataset of Type-I and Type-II categories and the visual outcomes
from established approaches and the proposed method shown in Figure 5. It can be
observed from the figure that methods such as MMLE tend to over-darken certain areas
in their dehazing results. Additionally, techniques like NLD, RLP, and UNTV exhibit
notable color distortions and texture degradation. Meanwhile, ACT, DNet, and AOD-
Net struggle with the remaining haze effects. FGAN’s outcomes lean excessively toward
reddish tones, and while SCNet shows an improvement over previous methods, especially
for Type-I images, it still presents slight color distortions and tends to produce overly bright
images. Remarkably, ACT performs commendably on Type-II images when compared
to other competitors. In contrast, our proposed method excels by restoring finer details
and achieves more visually appealing restorations, outperforming both traditional and
learning-based counterparts.

Similarly, to further verify the effectiveness of our approach, we extended our com-
parison to the six randomly selected images from the UIEBD dataset, representing both
Type-I and Type-II categories. The restored images for the comparative methods along
with the proposed method are presented in Figure 6. It can be observed from the figure
that prevalent methods such as UDCP, ACT, D-Net, and AOD-Net struggle with lasting
haze. MMLE and UNTYV, in particular, introduce significant color distortions, to preserve
texture details and edge sharpness, whereas F-GAN tends to bias the image restoration
toward a reddish tint. RLP and SCNet offer superior visual clarity compared to their
counterparts, yet their dehazed images exhibit excessive brightness when compared to
our model. In contrast, our method not only restores natural colors and sharp edges but
also excels in processing Type-II images, consistently surpassing both conventional and
learning-based algorithms.
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Figure 5. Visual enhancements of the EUVP dataset utilizing non-learning and learning techniques,

inclusive of our proposed method. Refer to Tables 2 and 3 for associated RMSE and PSNR values.

Table 2. Comparison of average PSNR for non-learning and learning-based methods on EUVP and

UIEBD test images. The best results are in bold, and the second-best results are underlined.

Non-Learning-Based Methods

Learning-Based Methods

Dataset Image Input NLD RLP MMLE UNTV ACT D-Net AOD F-GAN SCNet Ours
EUVP test_p84_  19.30 15.70 15.10 17.33 17.52 17.00 18.90 15.16 15.50 15.62 26.70
Type-1 test_p404_ 17.20 15.00 16.00 18.79 15.96 14.99 17.10 15.24 14.60 13.96 28.30

test_p510_ 22.70 21.10 22.20 17.48 20.77 20.11 20.40 13.73 13.60 17.55 24.50
EUVP test_p171_ 23.70 20.70 19.60 15.61 20.38 22.04 19.90 12.13 15.20 20.22 27.70
Type-II  test_p255_ 26.50 18.90 8.45 10.45 18.61 24.88 26.40 15.73 13.50 24.27 29.90
test_p327_  23.70 20.20 16.20 15.68 20.24 21.18 20.50 13.44 15.00 18.99 26.10

UIEBD  375_img_  20.80 19.50 16.80 16.54 20.10 19.40 19.30 15.01 15.40 15.57 22.90

Type-1 495_img_ 18.10 15.40 14.50 15.11 17.51 14.62 17.20 13.94 14.00 13.80 27.00
619_img_ 22.70 21.10 22.20 17.49 20.78 20.12 20.41 13.74 13.61 17.56 24.51
UIEBD  746_img_ 23.70 20.70 19.60 15.62 20.39 22.05 19.91 12.14 15.21 20.23 27.71
Type-II.  845_img_  26.50 18.90 8.46 10.46 18.62 24.89 26.41 15.74 13.51 24.28 29.91
967_img_  23.70 20.20 16.21 15.69 20.25 21.19 20.51 13.45 15.01 19.00 26.11
Table 3. Comparison of average RMSE for non-learning and learning-based methods on EUVP and
UIEBD test images. The best results are in bold, and the second-best results are underlined.
Non-Learning-Based Methods Learning-Based Methods

Dataset  Image Input NLD RLP MMLE  UNTV ACT DNet AOD FGAN SCNet Ours
EUVP test_p84_  0.11 0.16 0.20 0.14 0.13 0.14 0.11 0.18 0.17 0.17 0.05
Type-1 test_p404_  0.14 0.18 0.20 0.11 0.16 0.18 0.14 0.17 0.19 0.20 0.04

test_p510_  0.07 0.09 0.10 0.13 0.09 0.10 0.10 0.21 0.21 0.13 0.06
EUVP test_p171_  0.07 0.09 0.10 0.17 0.10 0.08 0.10 0.25 0.17 0.10 0.04
Type-II  test_p255_  0.05 0.11 0.40 0.30 0.12 0.06 0.05 0.16 0.21 0.06 0.03
test_p327_  0.07 0.10 0.20 0.16 0.10 0.09 0.09 0.21 0.18 0.11 0.05

UIEBD  375_img_  0.09 0.11 0.14 0.15 0.10 0.11 0.11 0.18 0.17 0.17 0.07

Type-1 495_img_  0.14 0.20 0.20 0.18 0.14 0.19 0.14 0.20 0.20 0.20 0.04
619_img_  0.07 0.09 0.10 0.13 0.09 0.10 0.10 0.21 0.21 0.13 0.06

UIEBD  746_img_ 0.07 0.09 0.10 0.17 0.10 0.08 0.10 0.25 0.17 0.10 0.04

Type-II  845_img_ 0.05 0.11 0.40 0.30 0.12 0.06 0.05 0.16 0.21 0.06 0.03
967_img_  0.07 0.10 0.20 0.16 0.10 0.09 0.09 0.21 0.18 0.11 0.05
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Figure 6. Visual enhancements on the UIEBD dataset utilizing non-learning and learning techniques,
inclusive of our proposed method. Refer to Tables 2 and 3 for associated RMSE and PSNR values.

Furthermore, Tables 2 and 3 enumerate the quantitative results for images depicted in
Figures 5 and 6. For both datasets, the performance of the proposed method is indicated as
“Ours”. In examining the EUVP dataset for Type-I images, the DLM consistently showcases
superior performance across all images, registering a minimum RMSE of 0.04 and a PSNR
of 28.30dB. Similarly, for Type-II images, the DCM emerges as the top performer across
all images, notching a minimum RMSE of 0.03 and a PSNR of 29.90 dB. Transitioning to
the UIEBD dataset, for Type-I images, the DLM stands out in performance for two out of
three images, achieving a minimum RMSE of 0.05 and a PSNR of 26.90 dB. For Type-II
images, the DCM exhibits top-tier performance in 2 out of 3 images, recording a minimum
RMSE of 0.04 and a PSNR of 29 dB. In a comprehensive analysis, both the DLM and
DCM prove their efficacy across both datasets, outperforming in 10 out of 12 images.
In comparison to other methods, with RLP being the second-best performer, it excelled in 4
out of 12 images.

5.5. Ablation Study

The proposed method was tested using 515 images from the EUVP dataset and
240 images from the UIEBD dataset. The proposed classifier designated 486 to Type I and
29 images to Type II out of 515 images from the EUVP dataset, setting them up as the
testing sets for the DLM and DCM, respectively. Similarly, from the UIEBD dataset, test
images classified 213 images as Type I and 27 images as Type II. All datasets were provided
to each of the proposed DLM and DCM for the restoration. RMSE and PSNR metrics were
computed for each image in the datasets, and the average values of the PSNR and RMSE
are shown in Table 4. The DLM is designed for refining Type-I images and the DCM is
developed for the restoration of Type-II images. From the table, it can be observed that
when models are applied on Type-I and Type-II images, respectively, improved PSNR
and RMSE measures are obtained. Whereas, declined or marginally improved metrics are
obtained when models are applied on Type-II and Type-I images, respectively. Hence, the
DLM and DCM are effective for the restoration of Type-I and Type-1I images, respectively.

In addition, for qualitative analysis of the DLM and DCM, we selected two images
from each type, and their restored versions are shown in Figure 7. From the analysis of
the figure, it is evident that the DLM performs better for Type-I images in both datasets,
yielding restored images that are closer to the ground truth (GT). However, when the DCM
is applied to Type-I images, although certain areas appear clearer, there is a tendency for
colors to become denser. For instance, the blue color intensifies, resulting in a more bluish
appearance of the image. Conversely, Type-II images restored using the DCM for both
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datasets exhibit a cleaner look and are more closely aligned with the GT, whereas the DLM
shows suboptimal performance, either causing color distortion or producing blurry images.

Table 4. Quantitative results of ablation study comparing the DLM and DCM. Average RMSE/PSNR
for Type-I and Type-II images. (The best values are highlighted).

Datasets Group Input DLM DCM
EUVP Type-1 0.11/20.00 0.93/22.35 0.89/20.63
Type-II 0.08/22.00 0.97/24.18 0.97/25.03
UIEBD Type-1 0.15/17.60 0.93/20.08 0.85/16.37
Type-II 0.14/18.60 0.94/17.81 0.95/22.20
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Figure 7. Ablation study evaluating the DLM and DCM for underwater image restoration. For Type-I
images, the DLM achieves RMSE/PSNR values of 0.05/26.73, while the DCM yields 0.05/26.14 for
Type-II images, and 0.06/24.80 in the UIEBD dataset, compared to the DLM’s 0.16/16.10. Red boxes
indicate qualitative differences between the models.

In our detailed examination of the Deep Curve Model (DCM) performance, we ob-
served a consistent enhancement in the restoration quality with increasing iterations.
Utilizing two representative images from the UIEBD dataset, as illustrated in Figure 8,
we record the progression of quality improvements. For instance, as shown in Figure 8b,
the restoration quality at the fourth iteration (I4) manifests a considerable enhancement
from the input, which is evidenced by the RMSE/PSNR values of 0.09/20.95. This trend
of enhancement persists through iterations 14 and 16, as highlighted by the correspond-
ing RMSE/PSNR figures, which signify the improved clarity and overall quality of the
dehazed images. The peak of visual clarity is achieved at iteration I8, registering the lowest
RMSE of 0.06 and the highest PSNR of 24.66 for the top image, with the bottom image
exhibiting similarly positive metrics. Notably, limiting the model to merely one or two
iterations does not invariably lead to inferior dehazing outcomes; in some cases, the image
quality may remain stable or even slightly enhance, suggesting that the optimal number of
iterations for image enhancement is variable. The correlation between the iteration count
and the quality of dehazing is evident with higher iterations yielding superior visual and
quantitative results.
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Figure 8. Ablation study of the effect of different iterations. The RMSE/PSNR for the input and the

corresponding iterations are written beneath each subfigure.

5.6. Complexity of Models

In order to estimate the time taken by different models, we run all three model clas-
sifiers, DML, and DCM turn by turn on the system X64 bit-based PC having an 11th
generation Intel Core i9-11900K processor with 32 GB RAM for 2700 images and calcu-
lated the processing time. Table 5 shows the numerical values for time in seconds for all
three models. As expected, the classifier is based on DenseNet121, which has much more
trainable parameters. For each Type-1 image, approximately 0.0155 s were consumed,
whereas for the processing of a Type-II image, 0.0161 s time was taken. So, it can also be
observed that the classifier is taking a larger portion of the time. The DML and DCM are
light-weight models, so they consume a tiny portion of the total time per image.

Table 5. Time taken by different models used in the proposed solution (in seconds).

Number of Images Classifier DLM DCM
2700 37.82 4.11 5.84
1 0.0140 0.0015 0.0021

5.7. Limitations and Future Work

Although the proposed framework typically yields improved restoration outcomes, its
efficacy can be compromised by the misclassification of images. Such wrong classifications
are more likely when images possess mixed characteristics or when the changes in their
characteristics are slight. These occurrences underline the need to refine the classifier’s
accuracy to ensure dependable performance in real-world applications. An improved
classifier can be designed by cultivating better image labeling procedures and exploiting
deep image features. Moreover, in this study, we divided the images into two types, which
may also not be optimal. It is anticipated that dividing images into various categories and
developing models according to the characteristics of the images will further improve the
results. In addition, a thorough study about the other performance metrics for input and
restored images is required for further investigation. Such a study not only will help in
better understanding the problem of underwater image restoration problem but also will
be helpful in designing better solutions.

6. Conclusions

In this paper, we presented an underwater image restoration solution that initially,
categorizes input images into Type I or Type II. Afterward, based on the classification,
the DLM is applied to restore Type-I images, while the DCM is used for the restoration
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of Type-II images. Both models utilize lightweight neural networks for learning per-
pixel weight matrices based on the input image’s characteristics. The efficacy of the
proposed solution is measured by conducting experiments on benchmark datasets and
using quantitative metrics PSNR and RMSE. Experimental results and comparative analysis
demonstrate the efficacy of the proposed method.
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Abbreviations

The following abbreviations are used in this manuscript:

ASM atmospheric scattering model
CNN  convolutional neural network
DCP dark-channel prior

DCM  Deep Curve Model

DLM  Deep Line Model

GFN gated fusion network

IFM image formation model

MCP medium-channel prior

PSNR  peak signal-to-noise ratio
RCP red-channel prior

RMSE  root mean square error

™ transmission map

UIEM  underwater image enhancement model
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Abstract: In underwater imaging, achieving high-quality imagery is essential but challenging due
to factors such as wavelength-dependent absorption and complex lighting dynamics. This paper
introduces MEvo-GAN, a novel methodology designed to address these challenges by combining
generative adversarial networks with genetic algorithms. The key innovation lies in the integration
of genetic algorithm principles with multi-scale generator and discriminator structures in Generative
Adpversarial Networks (GANSs). This approach enhances image details and structural integrity while
significantly improving training stability. This combination enables more effective exploration and
optimization of the solution space, leading to reduced oscillation, mitigated mode collapse, and
smoother convergence to high-quality generative outcomes. By analyzing various public datasets
in a quantitative and qualitative manner, the results confirm the effectiveness of MEvo-GAN in
improving the clarity, color fidelity, and detail accuracy of underwater images. The results of the
experiments on the UIEB dataset are remarkable, with MEvo-GAN attaining a Peak Signal-to-Noise
Ratio (PSNR) of 21.2758, Structural Similarity Index (SSIM) of 0.8662, and Underwater Color Image
Quality Evaluation (UCIQE) of 0.6597.

Keywords: underwater image enhancement; color transfer; genetic algorithms

1. Introduction

The field of underwater imaging technology plays a vital role in numerous applica-
tions, including marine resource exploitation, marine ecological protection, and biodiversity
monitoring. It is a fundamental component of marine information collection. Nevertheless,
the underwater environment presents a number of significant challenges, including strong
scattering, absorption, and background noise, which can degrade image quality by affect-
ing contrast, sharpness, and color [1]. These challenges present significant barriers to the
effective application of underwater imaging techniques and require advances in imaging
technology to overcome them.

Deep learning-based methods are more effective than traditional methods at capturing
useful information in underwater images and providing more accurate and adaptive
enhancements. This is achieved by utilizing deep neural networks to learn complex features
and map functions of the image. Generative adversarial networks, which are powerful
deep learning models, have been successfully applied to underwater image enhancement
tasks with remarkable results. These methods use end-to-end mapping without relying on
any underwater imaging models and prior knowledge, are widely applicable, and achieve
better results than traditional methods.

However, GAN training for underwater image enhancement is challenging. The typ-
ical low contrast, blurriness, and color distortion in underwater images lead to unstable
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training processes, resulting in images with low fidelity; insufficient texture detail; and,
often, color bias.

Addressing these issues, this paper introduces a novel underwater image enhancement
algorithm called Multi-scale Evolutionary Generative Adversarial Networks (MEvo-GAN).
MEvo-GAN enhances the traditional GAN framework by improving the network’s loss
function, integrating deep residual shrinkage network blocks, and employing multi-scale
generative networks. This method effectively learns the mapping relationship between
degraded and clear underwater images, capturing diverse scale features and details more
comprehensively. It significantly improves image clarity, addressing low contrast, blur-
riness, and color distortion more efficiently. Additionally, the incorporation of a genetic
algorithm stabilizes the training process by selecting the most fit offspring.

The contributions of MEvo-GAN are twofold. First, MEvo-GAN employs a multi-path
approach in its generator and discriminator, a strategy crucial for capturing a broader range
of features at different scales. This multi-scale processing enables the network to more
effectively extract complex features inherent in underwater imagery, such as varying light
patterns and obscure textures, thereby substantially improving the restoration of image
details and structure. Secondly, to address the specificity of underwater images, underwater
image quality metrics are also taken into account when evaluating the offspring. This makes
the genetic algorithm integrated in MEvo-GAN play a key role in optimizing the generator
parameters. Targeting this approach reflects the evolutionary process, selectively retaining
and combining effective features passed on from generation to generation, thus improving
the diversity and quality of the generated underwater images. Such optimization ensures a
more nuanced adaptation to the unique challenges of underwater environments, enhancing
the realism of the restored images.

In summary, these advances make MEvo-GAN a significant advancement in the
field, providing powerful solutions to the complex challenges of underwater imaging and
opening up new avenues for ocean exploration and research.

2. Related Work
2.1. Underwater Image Enhancement

With the rapid development in the fields of computer vision and image processing,
researchers have continued to explore and improve methods for underwater image en-
hancement. The field encompasses a range of approaches, from traditional physics-based
methods to contemporary deep learning techniques.

In the field of physics-based methods, researchers often employ physical models to
simulate underwater light propagation, coupled with complicated mathematical operations
for image restoration. One prominent example is the Dark Channel Prior (DCP) algorithm
by He et al., which ingeniously utilizes the darkest points in hazy images to restore them,
integrating physical models of image propagation [2]. These algorithms typically require
the formulation of underwater imaging models, including the estimation of scattering
light components and attenuation coefficients. But because of the complex and variable
nature of the underwater environment, it is difficult to establish a precise model and
estimate robust parameters. Building on the DCP framework, Chiang et al. introduced a
novel method that amalgamates DCP with wavelength-dependent compensation, adeptly
restoring color balance in underwater imagery [3]. Similarly, Galdran et al. developed an
enhanced underwater image restoration algorithm, considering the distinct influences of
natural and artificial light sources, by modifying the red channel /dark channel approach [4].
Drews et al. contributed to this field with their Underwater Dark Channel Prior (UDCP)
algorithm, focusing on the attenuation characteristics of red light underwater [5]. Peng et al.
expanded the DCP concept through their Generalized DCP (GDCP) algorithm, which
incorporates adaptive color correction into the restoration model, offering more versatility
in underwater image enhancement [6]. Hou et al. designed a variational model with an LO
norm term, constraint term, and gradient term by integrating the proposed ICSP into an
extended underwater image formation model [7]. Despite the efficacy of these methods,
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they rely on heuristic enhancement strategies and specific prior knowledge, which renders
them incapable of addressing the intricate and multifaceted degradation issues encountered
in real-world underwater scenarios. Consequently, they are subject to inherent limitations.

In contrast, deep learning approaches, based on deep neural networks, have been
shown to be particularly effective in the field of image enhancement. These methods are
especially effective in capturing vital information from underwater images and providing
accurate, adaptive enhancement. In recent years, generative adversarial networks have
been widely used in this field. For instance, Yao et al. used a deep learning-based ap-
proach to solve the underwater image degradation problem. They constructed Gaussian
pyramids of multiple dimensions to extract shallow features. Then, they enhanced the
high-dimensional salient features using a VGG16-based progressive enhancement neural
network [8]. Zhang et al. proposed an adversarial learning-based approach to enhance un-
derwater images, addressing issues such as color casting. They also utilized pre-processing
techniques and improvements in generative adversarial networks and evaluated their
approach using public datasets [9]. The ECO-GAN method proposed by Jiang et al. success-
fully solves the problems of color distortion, low contrast, and motion blur in underwater
images by means of an innovative generative adversarial network and a specific decoder
design. This demonstrates its significant contribution and potential for extension in the
field of underwater image enhancement [10]. Chen et al. introduced a hybrid restoration
scheme that combines filtering techniques in the Fourier domain with GAN-based enhance-
ment, demonstrating significant improvements in image quality [11]. In an innovative
approach, Li et al. developed WaterGAN, a network that incorporates depth estimation
and color correction modules, utilizing unsupervised learning to generate realistic un-
derwater images from aerial image and depth pairings for color correction [12]. Yang’s
contribution involves a CGAN-based approach using multi-scale generative networks
and dual discriminator networks, specifically targeting underwater image distortion [13].
In addition, Li et al. proposed a new approach to improve the traditional loss function of
CycleGAN, which provides a two-step learning strategy to enhance the performance of
underwater images [14]. Cong et al. designed dual discriminators for the style-content
adversarial constraint, promoting the authenticity and visual aesthetics of the results [15].
Wang et al. divided underwater enhanced images into different domains and utilized a
feature vector to measure the distance from the raw image domain to each enhanced image
domain [16]. In a further development, Li et al. designed a template-free color transfer
learning framework for predicting transfer parameters, which are more easily captured
and described [17].

GAN:-based approaches have been demonstrated to outperform conventional methods
in mapping degraded underwater images to visually clear outputs. However, the utiliza-
tion of GANs in this context is not without challenges. Common issues include training
instabilities, model collapse, and the necessity of significant time and computational re-
sources. These problems can result in inaccurate color restoration and unclear images in
underwater photography, necessitating further research and optimization in this area.

2.2. Genetic Algorithms with GAN

GAN-based methods still face problems such as training instability, mode collapse,
and other problems, which restrict their application in the field of underwater image en-
hancement, particularly in the early stages. The adversarial process between the generator
and the discriminator may result in local optimization. Mode collapse occurs when a
generator is trapped in a specific pattern, producing similar samples uniformly, which
leads to a lack of diversity and variability.

Evolutionary algorithms optimize GAN generators by simulating biological evolution
processes like selection, crossover, and mutation. Combining evolutionary algorithms with
GAN s can improve stability and enhance the expressive capability of generators. Wang et al.
proposed a novel framework named Evolutionary Generative Adversarial Networks (E-
GAN s), evolving a group of generators to compete against each other [18]. Experiments
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show that E-GANSs can overcome the limitations of a single adversarial training objective
and consistently retain well-performing offspring, further advancing GAN success and
progress. Chen et al. introduced the CDE-GAN framework, integrating dual evolution of
generators and discriminators into a unified evolutionary adversarial framework, utilizing
their complementary properties and injecting dual mutation diversity during training,
effectively conducting adversarial multi-objective optimization, stably capturing multi-
modal estimated densities, and improving generative performance [19]. Mu et al. employed
mutation operations from genetic algorithms, retaining well-performing generators for
subsequent training, effectively capturing data distributions, and mitigating mode collapse
in standard GANSs [20]. He et al. proposed a multi-objective evolutionary algorithm driven
by GANSs, classifying parental solutions as real and fake samples to train GANs, then
improving stability and the quality of training [21]. Zhang et al. presented a GAN based
on the PSO algorithm to enhance training stability, particularly by improving the inertia
weight of particle swarms and assessing generator performance, achieving notable results
in face generation [22]. Liu et al. proposed EvoGAN, an evolutionary algorithm (EA)-
assisted GAN method for generating various composite expressions, accurately generating
target composite expressions [23]. Xue et al. incorporated evolutionary mechanisms
into CycleGAN, continuously improving generator weight configurations and enhancing
generated image quality and details through a channel attention mechanism [24].

Evolutionary mechanisms in generative adversarial network training can enhance
stability, generative effects, and diversity. These improvements lead to increased efficiency
and generative capacity in GANs. However, challenges remain, including selecting appro-
priate loss functions, designing effective network structures, and optimizing the efficiency
of the evolutionary algorithms.

3. Proposed Method

Contemporary deep learning methodologies for underwater image enhancement en-
counter challenges in processing multi-scale underwater images, particularly in addressing
the varying physical properties inherent at different scales. This can lead to noise and
unwanted artifacts in the generation process, further reducing image clarity and negatively
impacting subsequent visual tasks.

To address these issues, we introduce a novel underwater image enhancement method,
MEvo-GAN. As depicted in Figure 1, the MEvo-GAN network comprises two generators,
namely Gx_sy and Gy _sx, alongside two discriminators, namely DX and DY. Generator
Gx sy is tasked with transforming degraded underwater images into clear counterparts,
whereas Gy s x performs the inverse function. The discriminators, DX and DY, ascertain
the authenticity of images produced by these generators.

Scalar: belongs to

domain X or not

As close as possible

Figure 1. General MEvo-GAN architecture.
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In Figure 1, the double-headed arrows labeled “as close as possible” represent the
various loss functions. These loss functions are designed to ensure that images transformed
between domains maintain maximum similarity to the original version after a round-trip
conversion. By minimizing the differences between the original and enhanced images,
our approach achieves the ability to enhance images that are both sharp and retain the
corresponding detail of the original image.

We propose a multi-scale generator that is more sensitive to image details. This multi-
scale approach captures a wider range of features at different scales, enabling the network to
more effectively extract complex features inherent in underwater images, such as changing
light patterns and blurred underwater textures. The multi-scale generator achieves this
by processing the input image through a number of different dilated convolution kernels,
allowing it to focus on both fine detail and broader structural features, resulting in greatly
improved recovery of image detail and structure.

Furthermore, by incorporating evolutionary algorithms, the parameters of the genera-
tor are gradually optimized during the training process. In each iteration, offspring with
higher fitness are selected from the generators and used as parents for the next generation,
progressively enhancing the network’s performance. This evolutionary process mirrors
natural selection, improving the overall quality and robustness of the generated images.

3.1. Generators and Discriminators

The primary function of the generator is to convert degraded input images into
clear underwater representations. For enhanced detail retrieval, the generator employs a
multipath methodology in feature extraction, leveraging convolutional kernels of varied
dimensions and sizes. This approach significantly mitigates computational load while
concurrently augmenting processing speed. A deep residual contraction network is also
used, which includes a deep residual network and a soft thresholding learning network
function [25]. Soft thresholding is a nonlinear transformation method whose formula can
be expressed as follows:

x—A, x>A
flx)=qx+A x<-A @
0, “A<x<A

This function subtracts the absolute value of the signal from the threshold value,
and when the absolute value is less than the threshold value, the output is zero. Such an
operation effectively attenuates small fluctuations in the signal and retains larger signal
changes, thus removing noise or unimportant fluctuations from the signal. Specifically,
the soft thresholding function is applied after each residual block to ensure that all small
noise fluctuations are effectively filtered out during feature extraction, while larger useful
signals are retained. This approach not only helps to reduce noise but also enhances
image details. After obtaining a series of thresholds, the soft threshold learning network
achieves channel weighting, which reduces redundant information and helps to suppress
the effects of noise. The innovation of these three path networks incorporates deep residual
contraction networks in order to capture different levels of features and form a multi-scale,
high-level semantic feature map.

The purpose of the discriminator is to differentiate whether the input enhanced images
are real. The discriminator and generator engage in adversarial learning, prompting the
generator to produce more realistic images, thereby improving the quality of the generated
images. With a multi-scale discriminator structure, the global structure and local details of
images are considered simultaneously, further enhancing the realism and fidelity of the
generated images.
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In summary, MEvo-GAN is able to extract valuable features from clear underwater im-
ages by utilizing multi-scale paths and depth residual shrinkage blocks, adeptly extracting
valuable features from clear underwater images. These features are then reinfused into the
generated images through a series of encoding, transforming, and decoding steps. Detailed
generator and discriminator architecture as shown in Figure 2.
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Figure 2. Detailed generator and discriminator architecture.

3.2. Genetic Algorithm

Genetic algorithms mimic the process of biological evolution by simulating the pro-
cesses of natural selection, crossover, and mutation in order to optimize solutions and im-
prove performance. There are three modules at the core of the genetic algorithm, namely
G-Variations (mutation), G-Evaluation (evaluation), and G-Selection (selection). These mod-
ules are combined to optimize the parameters of the generator, as shown in Figure 3. With the
genetic algorithm module, the network is able to gradually optimize the parameters of the
generator during the training process, and the variations module enables the network to
converge faster and adapt to different input situations, which enhances the stability and
generalization of the network. The evaluation and selection modules combine underwater
physical imaging characteristics to generate higher-quality and clearer underwater images.

In the evolutionary process, we randomly initialize a set of generators from an ex-
tensive parameter space. These generators constitute the initial set of parent generators.
The parameters () of each generator are chosen by random distribution to ensure diversity
in the parameter space. The initial parent generators can be represented as follows:

{Gxy(6"), Gxoy(6%), ..., Gxoy (0)}, {Gyx(01), Gy x(6%), ..., Gy x(67)},

where 0/ represents the parameter set for the (j)-th generator. Then, each parent gen-
erator (Gx_,y(0/) and Gy_,x(0)) produces M offspring through variation, resulting in
the following:

{Gxv(8}), Gxsy (8)), -, Gxoy (Bhy) ) {Gy—x(8)), Gy x(8)), ..., Gyx (0}, }-

where 9;,1 denotes the parameter set of the (m)-th offspring derived from the (j)-th parent.
Thus, we generate a total of | x M offspring generators for each generation. These offspring
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are then evaluated, and the best-performing ones are selected as the new parents for the
next generation as follows:

{Gxoy(61), Gxv(63), ..., Gxosy (0))}, {Gyx (61), Gy x(63), ..., Gyx(6])}.
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Figure 3. General genetic algorithm architecture.

In the G-Variations module, three different mutation strategies are applied, each
corresponding to different minimization objectives of the generator, namely G-minimax
mutation, G-heuristic mutation, and G-least-square mutation, corresponding to a traditional
GAN, Non-Saturated GAN (NS-GAN), and Least Squares GAN (LSGAN), respectively [26].

G-Minimax Mutation: This mutation strategy aims to minimize the difference between
generated and real samples, making the generated samples more realistic. Its objective
function is to minimize the Jensen-Shannon divergence between the generated samples
and the real samples.

M = CE. _, [log(1 — D(Go(2)))]. @)

In Equation (2) and the equations that follow, D is the discriminator, Gy is the generator,
z is the noise sample, and p; is the noise distribution. It is evident that the G-minimax
mutation is the most effective in terms of offspring development during the training process.
However, this mutation fails when the discriminator can discriminate well between samples
generated by the generator.

G-Heuristic variant: In contrast to the minimax mutation, the G-heuristic mutation
is non-saturating when the discriminator effectively rejects the generated samples. This
avoids the phenomenon of gradient vanishing.

M}éeuristic _ _%EZNPZ [log(D(Gy(z)))]. ©)

Nevertheless, G-heuristic mutation may result in instability and fluctuations in gener-
ative quality due to the pushing apart of data and model distributions.

G-Least-Square variant: The G-least-square mutation is effective in preventing gradi-
ent vanishing when the discriminator easily recognizes the generated samples. In addition,
G-least-square mutations do not impose extremely high penalties for generating false
samples, nor do they impose extremely low penalties for pattern dropping, thus helping to
avoid mode collapse.

ME = Ezp.[(D(Go(2)) — 1)%]. 4)
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Thus, three different mutations provide multiple training strategies for the generator.
The overall goal is to optimize the generator’s parameters for effective and high-quality
underwater image generation.

Then, each of the initial generators is evaluated using the G-Evaluation module. In the
G-Evaluation module, we assess the quality and diversity of individual generators and
decide the parents for the next generation. We introduce the Quality Fitness Score (FGy),
Underwater Image Quality Score (FG,), and Diversity Fitness Score (FG,), which consider
the quality and diversity of the produced samples. The goal is to make informed decisions
about the selection of parents for the next generation based on these evaluations.

Quality Fitness Score (FGg): This score is used to evaluate the quality of generated samples
by calculating the cumulative output of the generated samples across multiple discriminators.

FGq = EZNpZ[D(GQ(Z))]' (&)

The Quality Fitness Score (FG,) measures the acceptance level of the generated samples
across the discriminators, representing how well the generator’s samples conform to the
real distribution.

Underwater Image Quality Score (FG,,): The UCIQE (Underwater Color Image Quality
Evaluation) is a metric specifically designed to assess the quality of underwater images [27].
It analyzes the color, clarity, and contrast of images to measure image quality. A higher
overall UCIQE value indicates clearer images with higher contrast, more details, and better
restoration effects.

Diversity Fitness Score (FG): This score is primarily used to assess the diversity of
generated samples, i.e., the difference between the distributions of generated samples and
real samples [28]. The formula for the diversity fitness score is expresses as follows:

FGy = —1log||Vp — Ex~p,. [10g D(x)]
— Bz, [ log (1-D(Gs(2) ) II

The Comprehensive Fitness Score (FG) combines the Underwater Image Quality Score
and the Diversity Fitness Score to holistically evaluate the performance of individual generators

as follows: FG = FGy + vFGy + FGy, %

(6)

where 7y and 7 are weight coefficients used to balance the Underwater Image Quality Score
and the Diversity Fitness Score. The Comprehensive Fitness Score is used to evaluate the
performance of individual generators, determining which generators will be selected as
parents for the next generation and continuously optimizing the generator’s parameters
during the evolutionary process. This approach is in line with the evolutionary principles,
guiding the selection of parents for the next generation in a way that enhances both the
quality and diversity of the generated underwater images.

In the G-Selection module, the next generation’s parents are determined by comparing
the fitness scores of individual generators. We use the (i, A) selection strategy, which
is a variant of the selection process in evolutionary algorithms. This strategy balances
exploration (y: parent population size) and exploitation (A: offspring population size) by
selecting the best individuals from both parent and offspring populations.

After sorting, | individuals possessing the maximum fitness score can survive for the
next evolution during adversarial training. This process is formulated as follows:

0',6%,...,00 «0},63,...,6l. 8)

The pseudo-code of genetic algorithm involved in MEvo-GAN is shown in
Algorithm 1.
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Algorithm 1 The algorithm of MEvo-GAN

Require: The generators Gx_,y, Gy_,x; the discriminators Dy, Dy; the number of iterations
T; the number of parents for Generators J; the number of mutations for each generator
M; the hyper-parameter +, # of fitness function of Generators.
1: Initialize Gx_,y’s parameter {Gx_,y(0'), Gx_y(6?),...,Gx_y(8/)}, initialize Gy_,x’s
parameter {Gy_x(6"), Gy_,x(62),...,Gy—x(6))}.
: Initialize Dy, Dy parameters.
fort =1to T do
Sample a batch of x,,x ~ Pjatq-
Sample a batch of z ~ P, and generate a batch of x4, with Generators.
Update Dy, Dy parameters.
: end for
: forj=1to [ do
Sample a batch of z ~ P;.
form =1to M do ) )
Gx_y(#) and Gy_x(#/) produce offspring Gx_,y(8},) and Gy_x(6),) via
Equation (2), Equation (3), and Equation (4) respectively.
12: end for
13: end for
14: Evaluate the | x M evolved offspring of Generators via Equation (7).

15: Select the best-performing offspring {GX_W(G%), GX_W(G%), ., GX_>Y(9{)} for Gx_.y

RS AN LI

_
= e

and {Gy_,x(01), Gy_,x(6%),..., Gy%X(Q{)} for Gy_,x as the next generation’s parents
of Generators.

3.3. Loss Functions

The loss functions comprise four main components, each playing different roles in
training the generator and discriminator. By balancing these components, the generator is
guided to produce the desired transformation results.

(1) Adversarial loss is primarily used to train the generator and discriminator, enabling
the generator to create realistic target-domain images and allowing the discriminator to
distinguish between generated and real images. The loss function for the generator G is
expressed as follows:

Eadv(Gr DY) = EXdiata(x) [log DY(G(x))]' )

The loss function of the discriminator (D) usually consists of the following two parts: the
loss for generated images and the loss for real images. The goal of these losses is to enable the
discriminator to accurately distinguish between generated and real images. The loss function is
expressed as follows:

Lady (DY/ G) = _EyNPdata (v) [log Dy (]/)]
- Ex~pdata(x) [10g(1 - DY(G(x)))]'
This indicates that the discriminator (D) aims to maximize this loss function while
the generator (G) seeks to minimize it. By alternating optimization of the generator and
discriminator’s losses during training, the generator gradually produces more realistic

images, and the discriminator improves its discrimination capability. This adversarial
training process leads to the generation of high-quality images.

(10)

(2) Cycle consistency loss ensures that an image, after being transformed by the generator
then reversed back, maintains its original form. This helps the generator learn the
mapping between the source and target domains and prevents mode collapse. Cycle
consistency loss consists of two parts—for transformations from the source to target
domain and vice versa.

Leye(G/F) = Exeopy (v [IF(G(x)) = x[1]

(11)
+ Eypi i IG(E(®)) = ylhl-
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(3) Identity consistency loss ensures that the input image retains its own characteristics af-
ter being transformed by the generator, i.e., the input and generated images are similar
to a certain extent. This helps reduce information loss during image transformation.

Liat(G F) =By oy ) =y 1]

(12)
+Exwpdata(x)[|| F(.X) -X ||1]

(4) To further improve image quality, perceptual loss is introduced to reduce detail loss,
improve image blur, and make enhanced images more realistic. The VGG network is
trained on large-scale datasets such as ImageNet, making it visually perceptive for
feature extraction. The use of VGG loss ensures that the generated images are visually
perceived to be consistent with the real images, thus enhancing the subjective quality
of the images.

L
Lvce =Y w | ¢1(G(x)) =i (y) |1 - (13)
=

Both the generated image (G(x)) and the target image (y) are input into the VGG
network to extract feature mappings at various layers. Then, the L1 distance between these
mappings is calculated as the VGG loss. By minimizing this loss, results closer to the real
image in terms of perception are obtained.

EG :Eadv<G/ DY) + )\cycﬁcyc(G/ F) +/\idt[’idt(G/ F) + /\Vggﬁvgg(G/ F)' (14)

Here, Acyc, Aige, and Aygq are hyperparameters controlling the weights of cycle consis-
tency, identity consistency, and perceptual losses, respectively. The overall generator loss
balances these various parts, guiding the generator to learn the necessary transformations.

4. Experimental Results and Analysis
4.1. Datasets

We used publicly available underwater image enhancement datasets EUVP [29],
UIEB [30], and UFO-120 [31]. These datasets were carefully chosen for their diverse
characteristics, allowing us to comprehensively train and test MEvo-GAN across a range of
underwater imaging conditions.

The EUVP dataset includes a wide range of underwater images, both paired and un-
paired. These images were taken with seven different cameras and cover various scenarios,
such as marine exploration and human-robot cooperation. The dataset is diverse in terms
of visibility conditions and locations, making it a realistic representation of underwater
environments. It also includes images from public YouTube videos, showcasing different
water types and lighting conditions. The EUVP dataset is divided into the following three
subsets: synthesized underwater dark-scene images, degraded underwater images gener-
ated using ImageNet, and authentic underwater-scene images. We randomly selected 80%
of the dataset for training and kept the remaining 20% for testing.

The UIEB dataset encompasses 890 pairs of underwater images, each vividly illustrat-
ing various underwater scene degradations, such as insufficient lighting and blurriness.
Unique to this dataset is that each image pair includes an original, unenhanced image
alongside a high-quality reference image. These reference images were carefully curated
and enhanced using various algorithms, providing a valuable benchmark for image quality.
In line with our data handling protocol, 80% of the UIEB dataset was randomly selected for
the training of MEvo-GAN, with the remaining 20% allocated for testing.

Lastly, the UFO-120 dataset, comprising 120 underwater light fields, primarily consists
of images captured across different marine environments and time periods. This dataset
highlights the complexity and diversity inherent in underwater environments, making it
an ideal tool for testing the adaptability of MEvo-GAN. Unlike the other datasets, UFO-120
is primarily utilized for testing, providing a robust platform to evaluate the effectiveness
of MEvo-GAN in real-world scenarios. By training and testing MEvo-GAN with these
diverse datasets, we gained a comprehensive understanding of the algorithm’s perfor-
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mance and its potential for practical application in the processing of images of real-world
marine environments.

4.2. Training Details

In our network training setup, we categorized the images into the following two sets:
degraded underwater images in the TrainA folder and clearer counterparts in the TrainB
folder. This organization streamlined the training process without separating generator
and discriminator training phases. To optimize the training for both speed and memory
efficiency, we adjusted the input sample size to a resolution of 256 x 256 pixels. Moreover,
we set the batch size to 1 and defined the training duration as 200 epochs, balancing
computational demands with performance. The implemented evolutionary algorithm
included a specification of three offspring per generation, coupled with the adaptiveness
parameters, set at values of 1 and 0.1, respectively. These settings were chosen to effectively
balance exploration and exploitation in the learning process. For visual analysis and
progress tracking, we employed the Visidom tool, which enabled us to periodically save
and visualize the reconstruction results every five iterations. This approach provided a
more intuitive monitoring of the network’s learning trajectory. During the testing phase of
the network model, we designed the system to allow for flexible adjustment of the input
sample size to accommodate various testing scenarios. The initialization of parameters
was conducted using the Kaiming algorithm, a method known for its effectiveness in
neural network initialization. In all our experiments, we utilized the Adam optimizer,
a widely used optimization algorithm in machine learning, setting the initial learning rates
for the generator and discriminator at 1 x 1073 and 2 x 1073, respectively, to achieve a
balanced optimization. Training parameters Aqyge, Acyc, and A3 were meticulously set at
1, 12, and 0.6, respectively, after careful consideration of their impact on the network’s
performance in terms of feature extraction, cycle consistency, and identity mapping.

4.3. Comparison of Visual Quality of Enhancement

In this section, detailed experimental results of MEvo-GAN are provided and compared
with existing underwater enhancement algorithms. Tests included the EUVP, UIEB, and UFO-
120 datasets, demonstrating MEvo-GAN’s performance in various underwater environments.

The color chart recovery test evaluated MEvo-GAN's effectiveness in underwater
image color correction using color chart recovery. Based on a distortion-free color chart
that undergoes color degradation due to complex underwater imaging environments,
the processing of degraded images validated the method’s color restoration effectiveness.
Color Fidelity Error (CFE) was used to quantify results, measuring the color difference
between enhanced and original color chart images. A lower CFE value indicates better
color restoration. The results of a comparison of MEvo-GAN with classical methods are
shown in Figure 4.

In the color chart recovery test, UDnet [32] generally resulted in darker images.
CWR [33] and FunieGAN [34] caused intermingling of color tones, with some overex-
posure effects affecting actual perception. Shallow-UWnet [35] and URSCT [36] produced
images with a general grayish tone, with shallow color information recovery. UGAN [37]
and WaterNet restored the color chart image more naturally but with lower distinction
in the same color series. RAUnet [38] showed natural color restoration but with uneven
color in some blocks. In contrast, MEvo-GAN displayed bright colors with clear distinc-
tion among various color series in the color chart images, such as higher contrast in dark
blocks, closely resembling the real color chart, offering a good visual effect, and having
the smallest CFE index, making it closer to the standard color chart image. Comparative
images before and after enhancement are shown in Figure 5. FunieGAN, CWR, and UDnet
increased the brightness of enhanced images but were not effective in removing color bias,
as especially noticeable in some images with areas of over-enhancement leading to color
distortion. Shallow-UWnet and WaterNet effectively removed color bias but were not as
effective in removing blurriness. UGAN and URSCT were effective in removing color bias
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in underwater images, making the colors more natural and maintaining brightness well.
However, compared to MEvo-GAN, their restored colors were still not as realistic and vivid.
In some areas, URSCT-treated images still had slight blurriness or obstructions, not achiev-
ing complete clarity. RAUnet appeared to restore colors naturally without significant color
distortion. Clarity and contrast were moderately improved, but there was still room for
improvement in some areas. In contrast, MEvo-GAN not only successfully removed color
bias and blurriness but also excellently restored image brightness and details. The color
restoration appeared both natural and vivid, especially in red and blue recovery, making
underwater images truer to life and clear.

Reference CWR FunieGAN Shallow-UWnet UDnet

UGAN URSCT ‘Waternet RAUnet Ours

Figure 4. Results of the 9-method color-card recovery experiment (CFE indicator in the upper left of
the image).

Input CWR FunieGAN Shallow-UWnet UDnet UGAN URSCT ‘Waternet RAUnet Ours

Figure 5. Visual comparison of enhancements of images from the EUVP, UIEB, and UFO-120 datasets.

Then, we compared MEvo-GAN with other mainstream underwater image enhance-
ment methods in terms of various evaluation metrics. As shown in Table 1, MEvo-GAN
demonstrated superior performance in metrics like PSNR, SSIM, and UCIQE, especially
excelling in the UCIQE index, indicating its significant advantage in improving the overall
quality of underwater images that other methods did not have.
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Table 1. Comparison on UIEBD, EUVP, and UFO-120 datasets. The best and second-best scores are
indicated in red and blue, respectively.

Method UIEBD EUVP UFO-120

Metric PSNR SSIM UCIQE PSNR SSIM UCIQE PSNR SSIM UCIQE
UGAN 19.4947 0.7496 0.6476 19.6102 0.8131 0.6169 23.1764 0.7959 0.6487
WaterNet 21.1659 0.8290 0.6414 19.4398 0.8492 0.6628 19.6768 0.7704 0.6373
FunieGAN 16.3028 0.7045 0.6434 20.3005 0.7721 0.6451 23.4593 0.7959 0.6487
CWR 16.8157 0.7451 0.5334 16.2670 0.6820 0.6230 16.3482 0.6120 0.6346
Shallow-UWnet 16.9228 0.6857 0.5457 18.9380 0.8288 0.5367 22.2391 0.7796 0.5682
UDnet 18.3965 0.7959 0.5509 20.0486 0.8251 0.5594 19.4468 0.7560 0.6206
URSCT 17.8031 0.6609 0.5432 17.1730 0.8114 0.4231 21.3893 0.7930 0.4314
RAUnet 229179 0.8148 0.6467 19.9144 0.8092 0.5809 24.0392 0.8224 0.5961
Ours 21.2758 0.8662 0.6597 20.0502 0.8255 0.6727 19.4011 0.7989 0.7001

4.4. Multi-Scale Visualization

MEvo-GAN implements a multi-branch architecture that integrates convolutional
kernels of various sizes and layers of different depths to capture features on multiple scales,
thus enhancing image detail. Specifically, the model contains several sub-models, like
convl, conv2, conv3, and conv4, which apply 3 x 3,1 x 1, and 5 x 5 dilated convolutional
kernels, capturing local details and comprehensive contextual information from larger
areas. Additionally, the inclusion of a deep residual shrinkage network helps further
improve feature extraction efficiency.

Figure 6 illustrates the feature maps generated by these sub-models. A detailed obser-
vation of these maps reveals the specialized functions of each sub-model. Conv1 is adept at
extracting texture and structural information, playing a pivotal role in restoring details that
are often lost in underwater haziness, particularly around object edges and textures. Conv2 is
tailored to the extraction of local features, thereby sharpening image detail and enhancing
contrast. This enhancement is crucial in making underwater objects more discernible and
visually striking. Conv3 produces a binarized effect, concentrating mainly on prominent
contours and shapes within the image. This functionality is key to improving the distinction
between foreground and background elements, thus highlighting the subject matter more
effectively. Conv4, on the other hand, is primarily responsible for capturing color information
and luminance levels. This capability is vital for reinstating the original colors of underwater
images and for optimizing their dynamic range. The ‘result’ feature map is a synthesis of the
outputs from these four sub-models. This collective integration harnesses their individual
strengths, leading to a marked enhancement in image details, contrast, saturation, and color
fidelity. When compared to the final ‘output’, it is evident that this structured, multi-scale
approach significantly enriches the quality and realism of the output images.

4.5. Ablation Study

To rigorously evaluate the effectiveness of MEvo-GAN and the contributions of its
individual components, we executed an ablation study. This process involved the se-
quential removal of critical elements within MEvo-GAN, namely the multi-scale network,
the evolutionary mechanism, and the VGG loss function.

As shown in Table 2, the intact MEvo-GAN configuration demonstrates superior perfor-
mance across all evaluated metrics, clearly highlighting the significant contributions of the
integrated components. Notably, the ablation experiments brought to light instances of gradi-
ent explosion in configurations lacking the evolutionary mechanism. This finding underscores
the mechanism’s pivotal role in bolstering training stability, as depicted in Figure 7.
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input convl conv2 conv3 conv4 result output

Figure 6. Visualization of feature maps.

Table 2. Comparison of different models on PSNR, SSIM, and UCIQE metrics.

Model PSNR SSIM UCIQE

—w /o multiscale network 19.0107 0.7950 0.6053
—w /o0 Evo mechanism 20.0486 0.8352 0.5694
—w /o0 VGG loss 20.8675 0.8251 0.6420
MEvo-GAN 21.2758 0.8662 0.6597

(a) (b) (©)

Figure 7. Example of gradient explosion phenomenon during training without integration of evolu-
tionary mechanism. (a) Original image; (b) training image without incorporation of evolutionary
mechanism; (¢) MEvo-GAN.

Additionally, we employed the SIFT detection algorithm to compare feature point
matching before and after image enhancement, as illustrated in Figure 8. When using
the SIFT detection algorithm, a higher number of matched feature points indicates that
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the generation process preserves many key features of the original image, resulting in
higher image clarity. The data presented in Figure 8 demonstrate that MEvo-GAN exhibits
superior feature-point retention capability.

Moreover, the omission of either the multi-scale network or the VGG perceptual loss
function markedly diminished the quality of the resultant images. Specifically, in real
underwater environments, images produced without the multi-scale network exhibited
noticeable blurriness, particularly in finer details. Similarly, the absence of VGG perceptual
loss led to issues like excessive color saturation and texture loss. MSE and MAE losses often
result in the generated image being too smooth and lacking in detail and texture. VGG
losses retain more detail and texture information, making the generated image visually
sharper and more realistic. In contrast, the complete MEvo-GAN architecture synergistically
combines these components to yield images that closely resemble real underwater scenes
in color accuracy and detail clarity. The Visual comparison of the enhancement effects of
different ablation models is shown in Figure 9.

Figure 8. Enhancement effect feature point matching for different ablation models and the full
MEvo-GAN model. (a) —w/0-VGG loss; (b) —w/o-multiscale network; (c) MEvo-GAN.

The results from the ablation study affirm the significant contribution of each compo-
nent in MEvo-GAN towards its overall efficacy in underwater image enhancement tasks.
A notable highlight is MEvo-GAN'’s exceptional performance in the Underwater Color
Image Quality Evaluation (UCIQE) metric, where it substantially outperforms existing
methods. This achievement underscores MEvo-GAN’s advanced capability in significantly
enhancing underwater image quality by effectively reducing color biases and blurriness,
improving brightness, and restoring intricate details.

() (b) © @

Figure 9. Visual comparison of the enhancement effects of different ablation models and the full MEvo-
GAN model. (a) Original image; (b) —w/0-VGG loss; (¢) —w/o-multiscale network; (d) MEvo-GAN.
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5. Conclusions

The Multi-scale Evolutionary Generative Adversarial Network (MEvo-GAN) has demon-
strated remarkable capabilities in enhancing underwater images. Its innovative integration of
adversarial learning with evolutionary strategies enables effective multi-scale image process-
ing and optimization. This approach has led to substantial improvements in the visual quality
of underwater images. Compared to previously popular methods, MEvo-GAN performed
particularly well in the UCIQE metric, which comprehensively evaluates multiple aspects
of the image, such as color balance, contrast, and clarity. This further verifies the significant
advantages of MEvo-GAN in enhancing the quality of underwater images.

Notably, while MEvo-GAN exhibits exceptional proficiency in color reproduction, it is
recognized that the full spectrum of its capabilities in enhancing overall underwater image
quality is yet to be fully tapped. Future research endeavors will focus on this aspect, aiming to
further elevate the model’s efficacy. This will involve delving into optimization of the model
structure and integrating attention mechanisms to refine the restoration of image details.

In summary, MEvo-GAN represents a significant stride forward in the realm of under-
water image enhancement, thanks to its synergistic use of deep learning and evolutionary
strategies. Building upon the robust framework of MEvo-GAN, our future objectives
are twofold—to extend the application of this methodology into a broader spectrum of
related tasks and to refine the quality of training datasets specific to MEvo-GAN. Specifi-
cally, through meticulous selection and fine tuning of hyperparameters such as Aygg, Acyc,
and A;z, alongside the incorporation of additional evolutionary algorithms, we anticipate
further enhancement of MEvo-GAN’s performance and elevation of the level of detail and
overall image quality. This strategic approach is anticipated to substantially enhance the
overall visual quality and efficiency of MEvo-GAN. Through these advancements, our
aim is to not only elevate MEvo-GAN’s current capabilities but also to expand its range of
practical applications. Such developments are expected to contribute significantly to the
field of image processing, highlighting MEvo-GAN's role as a versatile and impactful tool
in this domain.
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Abstract: Cold-water coral (CWC) reefs, such as those formed by Desmophyllum pertusum and
Madrepora oculata, are vital yet vulnerable marine ecosystems (VMEs). The need for accurate and
efficient monitoring of these habitats has driven the exploration of innovative approaches. This study
presents a novel application of the YOLOvS8l-seg deep learning model for the automated detection
and segmentation of these key CWC species in underwater imagery. The model was trained and
validated on images collected at two Natura 2000 sites in the Cantabrian Sea: the Avilés Canyon
System (ACS) and El Cachucho Seamount (CSM). Results demonstrate the model’s high accuracy
in identifying and delineating individual coral colonies, enabling the assessment of coral cover and
spatial distribution. The study revealed significant variability in coral cover between and within the
study areas, highlighting the patchy nature of CWC habitats. Three distinct coral community groups
were identified based on percentage coverage composition and abundance, with the highest coral
cover group being located exclusively in the La Gaviera canyon head within the ACS. This research
underscores the potential of deep learning models for efficient and accurate monitoring of VMEs,
facilitating the acquisition of high-resolution data essential for understanding CWC distribution,
abundance, and community structure, and ultimately contributing to the development of effective

conservation strategies.

Keywords: cold-water corals; underwater image processing; deep learning; marine protected areas;
Aviles Canyon system; El Cachucho

1. Introduction

Cold-water coral (CWC) reefs, such as those formed by the framework-building
scleractinians Desmophyllum pertusum (Linneus, 1758) and Madrepora oculata (Linneus, 1758),
are vital yet vulnerable marine ecosystems (VMEs) renowned for their biodiversity and
crucial role in deep-sea environments [1]. The ecological significance of CWC reefs lies in
their ability to create complex three-dimensional structures that provide habitat [2], feeding
grounds [3], and nursery areas for a diverse array of marine organisms [4,5], thereby
enhancing overall biodiversity and biomass in the deep sea. The intricate framework of
these reefs also influences critical ecological processes, including larval dispersal, retention,
and feeding efficiency, further underscoring their importance in maintaining the health
and productivity of deep-sea ecosystems [6-8].

These reefs are found in diverse locations, including continental slopes, seamounts,
fjords, and submarine canyons [9,10]. The unique geomorphological characteristics of
submarine canyons and seamounts, with their complex topography and steep slopes, offer
natural refuges for CWC reefs, shielding them from destructive fishing practices and other
anthropogenic disturbances [11,12]. The varied terrain and hydrodynamic conditions
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associated with these geological formations create a mosaic of habitats that support a rich
tapestry of benthic communities, including the iconic CWC reefs.

The scleractinian corals, D. pertusum and M. oculata, are key ecosystem engineers in
the deep sea, constructing the framework of CWC reefs that provide essential habitat for
numerous associated species. These corals, often referred to as ‘white corals” due to their
ahermatypic nature, do not rely on symbiotic algae for nutrition and can thrive in the cold,
dark depths of the ocean. The presence of these corals fosters a diverse assemblage of fauna,
including bivalves, gastropods, echinoderms, sponges, and worms, many of which utilize
the coral skeletons for attachment or as a source of food [13]. The structural complexity of
CWC reefs, with their numerous crevices and overhangs, creates microhabitats that support
a wide range of ecological niches, further contributing to the high biodiversity associated
with these ecosystems [14].

Despite their ecological importance, CWC reefs face numerous threats, including bot-
tom trawling, deep-sea mining, and climate change [15,16]. These anthropogenic pressures
pose a significant risk to the integrity and persistence of CWC reefs, potentially leading to
habitat degradation, loss of biodiversity, and disruption of ecosystem functions [17]. The
slow growth rates and fragile nature of many CWC species make them particularly vul-
nerable to disturbance, and recovery from damage can take decades or even centuries [18].
The increasing recognition of the threats facing CWC reefs has led to their designation
as VMEs by the United Nations General Assembly (Resolution 61/105), highlighting the
urgent need for their protection and conservation [1].

Accurate identification and delineation of CWC reefs, particularly from underwater
imagery, remains a challenge due to the lack of precise information on coral cover and
the associated structural complexity. Traditional methods of monitoring and assessing
CWC reefs often rely on labor-intensive manual annotation of images or video footage,
which can be time-consuming and prone to subjective interpretation [19]. The vastness and
remoteness of deep-sea environments further complicate efforts to obtain comprehensive
and representative data on CWC distribution and abundance.

Recent advances in computer vision techniques, particularly deep learning-based
object detection and segmentation models, have offered promising solutions to these chal-
lenges. These models, trained on large labeled datasets, can automatically identify and
delineate coral colonies in underwater images, thereby enabling accurate estimation of
coral cover and spatial distribution [20,21]. The application of deep learning in marine
ecological research has gained significant traction in recent years, demonstrating its po-
tential to revolutionize the way we study and monitor marine ecosystems. In the realm
of underwater object detection, this task is particularly challenging due to the unique
characteristics of the marine environment, such as poor visibility, light attenuation, and
complex backgrounds. Traditional object detection methods, including the Region-based
Convolutional Neural Network (R-CNN) series [22,23], have been explored for underwater
applications, but often face limitations in computational efficiency and real-time perfor-
mance. The emergence of single-stage detectors, such as the You Only Look Once (YOLO)
series [24-26], has addressed these limitations, offering a faster and more streamlined
approach. YOLO models have demonstrated remarkable success in various domains, in-
cluding underwater object detection [21]. Their ability to simultaneously predict bounding
boxes and class probabilities in a single pass contributes to their efficiency and suitability
for real-time applications. Among these models, YOLOvS8 has emerged as a powerful tool,
demonstrating effectiveness in detecting various marine organisms, including corals in
diverse environments [27].

In this study, we leveraged the power of YOLOVS for the automated detection and
segmentation of coral species in remotely operated towed vehicle (ROTV) imagery collected
at two Natura 2000 sites in the Cantabrian Sea. Our objectives are threefold: (1) to develop
novel methodologies for monitoring CWC VMEs, (2) to assess variability in coral cover
across geographically proximate areas and among transects within each area, and (3) to
characterize these CWC communities in terms of CWC coverage. By analyzing ROTV
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imagery, we aim to overcome the challenges associated with manual annotation and
obtain accurate quantitative data for improved understanding and management of these
ecosystems.

2. Materials and Methods
2.1. Study Area

This study, framed within the INTEMARES project, focuses on two regions of the
bathyal rocky outcrops in the Cantabrian Sea, south of the Bay of Biscay (Figure 1): the
Avilés Canyon System (ACS) and El Cachucho Seamount (CSM). These areas were selected
due to their designation as vulnerable marine ecosystems (VMEs) and their harboring of
benthic communities classified as habitat 1170 (Reefs) under the European Union Habitats
Directive (92/43/EEC). Of particular interest within these communities are the cold-water
coral reefs, which are a focal point of this research.

44°0"

43°30

@ Transects [_J] CSM_SCA/MPA [_] CSM_Extension ACS_SCI

-6°0 -5°30° -5°0 -4°30°

Figure 1. Map of the study area showing the boundaries of ACS and CSM, including its expansion
(blue). Points indicate the transects surveyed in the study.

El Cachucho Seamount, designated a Marine Protected Area (MPA) and Special Area
of Conservation (SAC) in 2011, is characterized by its complex geomorphology, featuring
rocky outcrops and steep slopes [28]. Its summit, known as Le Danois Bank, lies at
425 m depth and predominantly consists of rocky outcrops with sparse sediment cover,
contrasting with its inner basin (800-1000 m), where sediment accumulation is higher [12].

The ACS, a Site of Community Importance (SCI) and potential SAC within the Natura
2000 network, extends from the continental shelf to bathyal depths. It is characterized
by rocky outcrops with diverse morphologies and relief, some of which exhibit tectonic
activity [29]. This complex geomorphology creates a diverse habitat that supports rich
benthic biodiversity [14,30].

The presence of key reef-building species, such as D. pertusum and M. oculata, high-
lights their ecological importance [31]. These white corals harbor a suite of associated
fauna species such as bivalves, gastropods, echinoderms, sponges, and worms and host
breeding grounds for fished species. These species do not depend on living corals, but
use the skeletal remains as a substrate for fixation or grazing on sessile invertebrates [30].
The primary role of CWC reefs is to function as feeding grounds, refuges, and as substrata
for larval settlement, juvenile growth, and as nursery areas. Furthermore, they contribute
to the goods and services of the deep sea. Finally, the three-dimensional nature of these
reefs increases the structural complexity of these ecosystems, making them particularly
vulnerable and, therefore, deserving of special attention in terms of conservation [32]. In
the study area, both species co-occur at different depths. D. pertusum has been recorded
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in the Avilés Canyon System (ACS) in a bathymetric distribution range of 342-1473 m; in
the NW Atlantic, this is the most abundant and widely distributed construction species.
M. oculata, in ACS, appears at 342-1660 m and is slow-growing and very vulnerable to
trawling; it has construction activity on the continental margins of Europe.

2.2. Data Acquisition

High-resolution underwater imagery was obtained using two ROTV: Politolana [33]
and TASIFE [34]. These vehicles are capable of descending to depths of 2000 m and
are equipped with a high-resolution camera, bidirectional telemetry, and an acoustic
positioning system (Figure 2). The camera was oriented in a zenith position, capturing
images of the seabed at five-second intervals, and synchronized with environmental data
to ensure the acquisition of comprehensive datasets during each dive.

Figure 2. (a) The TASIFE ROTV used in the ECOMARG 2024 survey. (b) ROTV Politolana used in
the INDEMARES-INTEMARES 2014-2021 surveys. (c) Example image obtained by ROTV of the
Cantabrian Sea seabed with D. pertusum and M. oculata colonies.

A total of 19 transects were conducted on different dates in both study areas: 9 in
the CSM and 10 in the ACS. To standardize data acquisition, the ROTV Politolana was
maintained at a constant distance of 1.5 m from the seabed during all transects, each lasting
20 min and covering an average distance of 460 m. The samplings were conducted at depths
ranging from 450 to 1200 m. The Avilés transects were associated with submarine canyon
head areas, whereas most of the El Cachucho transects were located in areas adjacent to the
seamount. This sampling approach provided a detailed view of the diversity of habitats
and communities present in the study area, as well as an assessment of the influence of
geomorphology and other environmental factors on species distribution.

2.3. Data Processing and Analysis

In this study, the YOLOvS8I-seg model was employed for the detection and segmenta-
tion of the coral species, M. oculata and D. pertusum (Figure 3), due to several key advantages
it offers. YOLOv8l-seg is a state-of-the-art model characterized by its unified architecture,
capable of performing both object detection and instance segmentation in a single pro-
cess [26]. This capability is particularly crucial in the analysis of complex underwater
imagery, where corals often exhibit irregular shapes and may be partially obscured by other
elements in the environment. Moreover, YOLOv8Il-seg has consistently demonstrated supe-
rior performance compared to previous YOLO versions and other object detection models,
such as Faster R-CNN, across a range of computer vision applications [35]. The model’s

44



J. Mar. Sci. Eng. 2024, 12,1617

efficiency, accuracy, and ability to handle instance segmentation make it well-suited for the
challenges of automating cold-water coral analysis in underwater images.
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Figure 3. Workflow for cold-water coral analysis: Underwater imagery from a ROTV was annotated
in CVAT to train the YOLOvS8I-seg model. Five-fold cross-validation ensured model robustness before
inferring new imagery, accurately detecting and segmenting coral species.

The YOLOVSI-seg architecture is based on a deep neural network composed of three
main components:

e Backbone (CSPDarknet53): This component is responsible for extracting relevant
features from the input images at different scales. The CSPDarknet53 architecture has
proven highly effective in feature extraction for object detection tasks.

e Neck (Path Aggregation Network, PAN): This network combines the features ex-
tracted by the backbone at different scales, thereby enabling better detection of objects
of various sizes. YOLOVS utilizes a modified PAN structure to optimize this process.

e  Head: This component performs final detection and segmentation predictions. In the
case of YOLOv8]l-seg, the head has two branches: one for object detection, predicting
bounding boxes and object classes; and another for instance segmentation, generating
accurate segmentation masks for each detected object.

The dataset used for model training and validation consisted of 670 coral images
collected during various campaigns (see Acknowledgements) at Natura 2000 sites within
the central Cantabrian region, representing a batch from each of the 19 transects conducted
in the study areas. These images were manually labeled in YOLO format using the CVAT
tool. The labeling process was optimized through an iterative approach that combined
the training of an initial model with manual correction of the predictions generated by
that model, utilizing the “auto_annotate” function of Ultralytics with a YOLOv8 model
and SAM “mobile_sam.pt” [36]. Annotations in COCO format were converted to YOLO
PyTorch. Model training was performed for 500 epochs with an initial learning rate of 0.01,
applying data augmentation techniques to enhance model generalization.

For validation, 20% of the images (128 images) were reserved as an independent
validation dataset, and 5-fold cross-validation (K-Fold) was implemented. Model perfor-
mance was evaluated using metrics such as precision (B, M), recall (B, M), F1 score (B, M),
intersection over union (IoU), mAP50, mAP50-95, and fitness. The complete source code,
weights, and example data are available at: https://github.com/AlbertoGaya/cold-water-
coral-reef/tree/main (27 August 2024).

Using the data extracted from the YOLOvS8l-seg model, a comprehensive analysis
was conducted to assess coral cover and species distribution in the study areas. The mean
percentage of area covered and the number of individuals per species and transect were
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calculated. Non-parametric statistical tests (Kruskal-Wallis and Dunn’s test) were applied
to compare coral cover between percentage areas and identify significant differences.

Additionally, non-metric multidimensional scaling (nMDS) was employed to visualize
the similarity between transects based on coral reef composition, and hierarchical cluster
analysis was used to group the most similar transects, with results presented on a map.

Regarding the experimental setup, all analyses were performed in a Jupyter Lab
environment using Python 3.9. The Ultralytics package was employed for model training
and inference. The hardware configuration included an Intel Core i7-13700F Processor
(16 cores, 2.1 GHz), 16 GB DDR5 RAM (2 x 8 GB, 4800 MHz), and an NVIDIA GeForce
RTX 4070 VENTUS 2X E 12G OC GPU.

3. Results
3.1. Model Performance Evaluation
The YOLOvVS8l-seg model demonstrated robust performance in the detection and

segmentation of the target coral species, M. oculata and D. pertusum. Validation results,
both in 5-fold cross-validation and independent validation, are summarized in Table 1.

Table 1. Cross-validation results on bounding boxes (B) and masks (M), and independent valida-
tion results.

Validation Precision (P) Recall (R) mAP50 mAP50-95
Cross-validation (B) 0.784 0.703 0.781 0.544
Cross-validation (M) 0.784 0.694 0.769 0.508
Independent validation 0.839 0.749 0.833 0.601

In the independent validation, the model achieved even higher performance, highlight-
ing its ability to generalize to unseen data. Notably, the model exhibited slightly superior
performance in detecting and segmenting D. pertusum (P = 0.876, R = 0.810) compared to
M. oculata (P = 0.804, R = 0.693).

Overall, the validation results support the effectiveness of the YOLOv8l-seg model
in the automated detection and segmentation of cold-water corals in underwater imagery,
suggesting its potential as a valuable tool for monitoring and assessing these vulnerable
ecosystems.

While precise runtime measurements were not collected in this study, the utilization
of the YOLOVS8I-seg model in conjunction with a dedicated GPU (NVIDIA GeForce RTX
4070) enabled efficient processing of the high-resolution imagery, facilitating the timely
completion of the analysis.

3.2. Coral Cover Comparison between Study Areas

Descriptive analysis of the data revealed differences in coral cover among transects
and study areas. The mean cover of D. pertusum was 0.56% =+ 0.02% (range: 0-13.29%),
while that of M. oculata was 0.40% =£ 0.01% (range: 0-7.58%). The Kruskal-Wallis test
confirmed significant differences in total coral cover both among transects (p < 0.001) and
between CSM and ACS (p < 0.001), with higher cover in the latter.

Non-metric multidimensional scaling (nMDS) and hierarchical cluster analysis
(Figure 4) identified three distinct groups based on coral species composition, showing an
increasing gradient of cover from group yellow to group red.

Group yellow, with the lowest coral cover (maximum 3% for M. oculata), is mainly
distributed in CSM. Group blue, with intermediate cover (maximum 6% for D. pertusum),
is found in both CSM and ACS. Group red, with the highest cover (maximum 13% for
M. oculata), is exclusively located in the La Gaviera canyon head within the ACS (Figure 5).
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Figure 5. Line graph showing the mean cover (%) of D. pertusum and M. oculata in each group
identified by hierarchical cluster analysis.

4. Discussion

The results of this study demonstrate the effectiveness of deep learning models, such
as YOLOvSI-seg, in the automated detection and segmentation of cold-water corals in
underwater imagery. The high performance of the model in terms of precision, recall, and
mAP (Table 1) highlights its potential as a valuable tool for streamlining the monitoring
and assessment of vulnerable ecosystems, overcoming the limitations of laborious manual
annotation. These results are consistent with other studies that have successfully applied
deep learning techniques for the automated identification of benthic fauna [27,35] and
highlight the growing potential of these methods in marine ecological research.

Analysis of the data revealed significant variability in coral cover, not only among
different transects, but also between the El Cachucho and Avilés areas. This discrepancy
suggests that coral distribution is influenced by local factors, such as substrate density,
curvature, and rugosity [37], as evidenced in the La Gaviera canyon head, where particular
environmental conditions appear to favor higher coral cover. The identification of three
distinct groups of transects based on coral species composition (Figures 4 and 5) supports
this hypothesis, showing an increasing gradient of cover from group yellow to group red
(La Gaviera).

The variability in coral cover observed even among nearby transects highlights the
inherent challenges associated with sampling these VMEs. Cold-water coral habitats often
occur in discontinuous patches or are strongly delimited by specific conditions such as
substrate type [38], depth, slope, orientation [39], and currents [40]. The fragmented and
localized nature of cold-water coral reefs, coupled with the technological and logistical
constraints associated with deep-sea research [41], makes it challenging to obtain a com-
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prehensive and representative picture of the distribution and abundance of these species.
In this regard, two transects conducted in La Gaviera, located in areas with conditions
distinct from those of the reefs, exhibited very different coral cover values, reinforcing the
notion of spatial heterogeneity in these ecosystems (Figure 6). Interestingly, all the transects
located below 650 m belong to the yellow group. The red group, exclusively located in La
Gaviera canyon head, has a mean depth of 773 m, while the blue group ranges between
750 and 1200 m. This suggests a potential depth gradient in coral cover, although the patchy
nature of the transects and the limited sample size in different depth ranges require further
research to confirm this hypothesis. However, our findings provide valuable preliminary
evidence suggesting a potential depth-related pattern in cold-water coral distribution.
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Figure 6. Map of the study area (CSM and ACS) with the locations of the transects color-coded by a
group based on hierarchical cluster analysis. La Gaviera canyon head is indicated within the ACS.

The application of deep learning models like YOLOv8I-seg, in conjunction with the
collection of detailed environmental and biological data, presents a promising avenue for
enhancing our understanding and capacity to protect cold-water coral reefs. The integra-
tion of environmental data, such as temperature, salinity, current velocity, and substrate
characteristics, into predictive models could help elucidate the complex relationships be-
tween physical factors and coral distribution. Such models could also be used to forecast
the potential impacts of climate change and other anthropogenic disturbances on these
vulnerable ecosystems, informing the development of adaptive management strategies.

The promising results obtained with YOLOVS in this study highlight the transfor-
mative potential of deep learning in facilitating the automated assessment of vulnerable
marine ecosystems. The model’s efficacy in accurately detecting and segmenting cold-water
corals, even within the challenging visual conditions of the deep sea, paves the way for
more efficient and comprehensive monitoring efforts. However, we recognize that the
inherent complexities of underwater imaging, such as low visibility and color distortion,
present ongoing challenges [42]. Future research could explore the integration of advanced
image enhancement techniques, leveraging innovations in reinforcement learning [43] or
metalens technology [44], to further refine the accuracy and robustness of deep-sea object
detection models. The expansion of automated detection and segmentation to encompass a
wider range of benthic species, including sponges and gorgonians, would also significantly
enhance our understanding of cold-water coral ecosystems’ structure and function [32].
Additionally, addressing limitations related to variations in image scale due to fluctuations
in ROTV altitude and inconsistencies in data collection arising from disparities in tran-
sect design could further improve the precision and comparability of future studies. The
continued integration of these advanced techniques with ongoing improvements in data
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acquisition and processing will undoubtedly enhance our capacity to study, monitor, and
ultimately conserve these invaluable ecosystems.

5. Conclusions

The automated analysis of underwater imagery using YOLOvS8Il-seg has proven to be
an effective tool for the detection and segmentation of cold-water coral species, facilitating
the assessment and monitoring of these vulnerable ecosystems. Our results reveal signif-
icant variability in spatial coral cover, not only among geographically distinct areas but
also between nearby transects within the same area, highlighting the inherently patchy
and localized nature of these habitats. This heterogeneity underscores the challenges of
sampling and monitoring cold-water coral reefs and emphasizes the need for comprehen-
sive, high-resolution surveys to accurately assess their distribution and abundance. The
observed depth gradient in coral cover, with a potential optimum range, warrants further
investigation to understand the underlying ecological drivers.

The next step in this research involves leveraging the acquired coverage data and
associated environmental variables (e.g., temperature, salinity, depth, substrate type, cur-
rent flow) to develop a predictive model for cold-water coral species distribution. Such a
model could help identify key environmental predictors of coral presence and abundance,
enabling more targeted and efficient surveys and informing the design of effective conser-
vation and management strategies, particularly in the context of seabed management.

Despite methodological limitations, this study provides valuable insights into the
distribution of key species in Natura 2000 sites and lays the groundwork for future re-
search integrating environmental data and expanding the range of species studied, thereby
enhancing our ability to understand, manage, and conserve cold-water coral reefs. The
continued integration of these advanced techniques with ongoing improvements in data
acquisition and processing will undoubtedly enhance our ability to understand, manage,
and conserve these invaluable ecosystems.
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Abstract: Autonomous underwater vehicles equipped with target recognition algorithms are a pri-
mary means of removing marine debris. However, due to poor underwater visibility, light scattering
by suspended particles, and the coexistence of organisms and debris, current methods have problems
such as poor recognition and classification effects, slow recognition speed, and weak generalization
ability. In response to these problems, this article proposes a marine debris identification and classifi-
cation algorithm based on improved YOLOVS8. The algorithm incorporates the CloFormer module,
a context-aware local enhancement mechanism, into the backbone network, fully utilizing shared
and context-aware weights. Consequently, it enhances high- and low-frequency feature extraction
from underwater debris images. The proposed C2f-spatial and channel reconstruction (C2{-SCConv)
module combines the SCConv module with the neck C2f module to reduce spatial and channel
redundancy in standard convolutions and enhance feature representation. WIoU v3 is employed
as the bounding box regression loss function, effectively managing low- and high-quality samples
to improve overall model performance. The experimental results on the TrashCan-Instance dataset
indicate that compared to the classical YOLOVS, the mAP@0.5 and F1 scores are increased by 5.7%
and 6%, respectively. Meanwhile, on the TrashCan-Material dataset, the mAP@0.5 and F1 scores
also improve, by 5.5% and 5%, respectively. Additionally, the model size has been reduced by 12.9%.
These research results are conducive to maintaining marine life safety and ecosystem stability.

Keywords: marine debris identification and classification; YOLOvVS; CloFormer transformer;
SCConv; WloU

1. Introduction

Human domestic waste enters the ocean, where it can be eaten by animals or entangled
in marine organisms, affecting ecosystem stability and human health [1,2]. Currently, the
state-of-the-art technological approach involves the use of autonomous underwater vehicles
equipped with marine debris recognition algorithms to clean up oceanic debris [3,4]. However,
due to reasons such as weak underwater light intensity, interference from suspended
particles, biological adhesion, and changes in the shape of debris, the quick and accurate
identification of marine debris is still an urgent problem to be solved.

Marine debris identification can be roughly divided into traditional and deep learning
methods. Traditional methods generally use either sensing technology (e.g., sonar, lidar)
or traditional machine learning (e.g., dictionary learning). Initially, sonar or lidar was
used to conduct underwater detection directly. Zhang et al. (2010) and Tucker et al. (2011)
conducted underwater detection based on different sonar systems. The detection range was
improved, but there were problems with low resolution and weak anti-interference [5,6].
Pellen et al. (2012) and Gao et al. (2014) used lidar to detect underwater targets, which
improved resolution and anti-interference performance, but the recognition effect was
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poor, and propagation loss was large [7,8]. With the development of machine learning,
dictionary learning has been combined with sonar images in underwater target detection.
Azimi-Sadjadi et al. (2017) proposed a subspace-based underwater sonar image detection
method that solved the propagation loss but had low generalization ability [9]. Similarly,
Lu et al. (2019) improved the recognition rate by using sparse representation to identify
underwater targets, but signal loss caused instability in the algorithm’s performance [10].
In summary, traditional marine debris identification methods have shortcomings such as
poor recognition effects, large propagation loss, weak anti-interference, low generalization
ability, and performance instability and are difficult to extend to all scene types.

With the development of deep learning, convolutional neural networks (CNNs) have
been widely used in image processing. Valdenegro-Toro (2016) trained a CNN classifier
to identify marine debris, but it identified fewer types and overlooked environmental
disturbances [11]. Xian et al. (2018) developed an underwater man-made object recognition
system. Due to the use of synthetic underwater images, authenticity was lacking, and the
model was complex [12]. Hong et al. (2020) used a classifier trained with enhanced data to
classify and identify marine debris and applied it to a real environment, but there were
few recognition categories [13]. Politikos et al. (2021) utilized region-based CNNs to detect
submarine debris in a real environment, expanding marine debris categories, but their
approach had a low recognition rate [14]. Wei et al. (2022) proposed an improved U-Net-
based architecture, which enriched the semantic segmentation dataset of marine debris.
However, the recognition speed was slow [15]. Sinthia et al. (2023) improved the YOLOv8
model to detect marine debris, with good recognition effects but weak generalization
ability [16]. In summary, marine debris identification based on deep learning has the
advantages of automatic feature learning, adaptability to different types of marine debris,
and strong scalability, but it requires a large amount of data support. Current deep learning
algorithms have shortcomings such as poor recognition and classification effects, slow
recognition speed, complex models, and weak generalization capabilities.

This article proposes a marine debris identification and classification algorithm based
on improved YOLOvS. The main contributions are as follows:

(1) Because small targets in marine debris occupy few pixels in an image and have
unclear and missing features, the CloFormer module with a dual-branch architecture
is introduced in the backbone network to enhance the perception of image information;

(2) The C2f-SCConv module is proposed to enhance feature representation capabilities,
addressing the problem that recognition is easily affected by factors such as underwater
suspended matter, light intensity, and biological habits, resulting in overlap and damage
of debris and organisms in an image, and hence feature confusion and redundancy;

(3) WIoU v3 with weight factors is used as the bounding box loss function to reduce
harmful gradients caused by low-quality samples while managing samples of differ-
ent quality;

(4) Simulation experiments show that the proposed algorithm has strong generaliza-
tion performance, good recognition and classification effects, fast recognition, and
low complexity.

The remaining paper is structured as follows. Section 2 introduces the dataset used
in this study and discusses the strengths and limitations of the classic YOLOVS. Section 3
outlines the improvements made to YOLOVS. Section 4 details the experiment and provides
an in-depth analysis of the results. Finally, Section 5 summarizes the conclusions of
this research.

2. Materials and Methods
2.1. Dataset Preparation

The TrashCan dataset compiled by Hong et al. [17] was used for training. The images
were sourced from the Japanese Marine Geosciences and Technology Bureau’s deep sea
image electronic library. The authors extracted debris data from nearly 1000 videos of
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various lengths captured by underwater vehicles. The dataset includes 7212 annotated
images, labeled into two subsets: TrashCan-Instance and TrashCan-Material.

TrashCan-Instance, with an 84:16 training-validation split, contains 6065 and 1147 images,
respectively, and 9540 and 2588 labels across 22 categories. These labels include rov (artifi-
cial objects deliberately placed in the scene), plants, eels, unknown instances, nets, cups,
bottles, pipes, snack wrappers, and clothing. TrashCan-Material, split into 83:17 training
and validation sets, comprises 6008 and 1204 images, respectively, with 9741 and 2595 labels
across 16 categories. These labels include plants, fish, eels, metals, plastics, rubbers, wood,
fishing gear, paper, and fabric (Table 1).

Table 1. Division and classification statistics of TrashCan dataset.

Training Validation Training Set Validation Number of
TrashCan Set .
Set Set Label Categories
Label
Instance 6065 1147 9540 2588 22
Material 6008 1204 9741 2595 16

2.2. Classic YOLOwv8 Network

Released by Ultralytics in 2023, YOLOVS has four advantages: (1) the anchor-free struc-
ture solves problems that anchor boxes may encounter with non-standard-shaped objects;
(2) cutting-edge data enhancement technology enhances the robustness and generalization
capabilities of the model; (3) adaptive training strategies to optimize the learning rate
and balanced loss function can improve model performance; (4) the flexible architecture
enables users to easily adjust the structure and parameters to adapt to a variety of target
detection tasks.

The YOLOvVS network consists of an Input, Backbone, Neck, and Head, as shown
in Figure 1.

Data preprocessing and Feature extraction and Feature integration and | | Target positioning and
Data enhancement Feature fusion Feature optimization Multi-scale detection
Input Backbone Neck Head

Figure 1. Classic YOLOVS8 network structure.

YOLOVS8 has shown excellent performance in image recognition in fields such as
industrial defects [18], agricultural pests [19], and medical imaging [20], due to its efficient
target detection and real-time processing. However, there are three problems in the case
of marine debris identification: (1) Because some C2f modules in the backbone network
extract features too many times, direct use will lead to degradation of the feature extraction
function and cause insufficient fusion of key information during feature fusion. (2) Because
the neck C2f modules are located behind the splicing layer, the direct stacking of features
from different layers will cause redundancy and interference in the feature integration
process and will affect feature optimization. (3) Model performance decreases because the
ClIoU loss function is unable to handle samples of different quality in the TrashCan dataset.

3. The Proposed Approach
3.1. Improved YOLOwv8 Network

To address the above-mentioned issues, the classic YOLOvS8 network is enhanced, as
shown in red in Figure 2. The lightweight CloFormer module [21], featuring context-aware
local enhancement, is integrated into backbone layers 4 and 6 to boost the C2f module’s
feature extraction. This mechanism realizes the deep mining of both high-frequency
local information (such as edges and texture of marine debris) and low-frequency global
information (such as the overall structure and spatial layout of the image), improving focus
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on debris features while minimizing background interference. Consequently, feature fusion
becomes more accurate and effective. The SCConv [22] module is integrated into the four
C2f modules in the neck, optimizing the fine reconstruction of features across spatial and
channel dimensions. The former eliminates redundant spatial information to make the
feature map more compact and richer in key information, while the latter enables SCConv
to further reduce the interference between channels by optimizing the channel correlations,
thereby enhancing the overall feature consistency and discrimination. This dual-dimension
optimization decreases feature dimension during integration, lightening the computational
load on subsequent processing layers and significantly improving feature expression.
WIoU v3 is used as the bounding box regression loss function, and its wise gradient
gain distribution method is used to reduce the competitiveness of high-quality anchor
boxes and the interfering gradients generated by low-quality samples, which improves the
recognition effect.

C2f 2. Conv L Conv 0 S |
Shortcut-true,n=3xd k=3, s=2, p=1 P2 - k=3, s=2, p=1 P1 B P

Conv 8
k=3, s=2, p=1 P3

—H—»[ConvModule}[ ConVZd_l

H—I—»[ConvModulej»[Conde]—»C Cls:BCE )'
e || |

|
[ConvModule Conde_ :
W{Conde}»( CIs:BCE )|

Conv 19 | | |

k=3, s=2, p=1 P4

|
|
Conv 5 |
|
|

k=3, s=2, p=1 P5

C2f 8

Shortcut=True,n=3xd

|
—»{ Concat [ 20 | || |
cOnvModule}[cOnvzd}»—:
ConvModule o Conv2d |»-{  CIsBCE )

Backbone Neck Head

Figure 2. Improved YOLOVS8 network structure, where the yellow box represents the classic structure
of YOLOVS, and the red box represents the improved structure in our model.

3.2. Improved Backbone C2f Structure

Before the improvement, the input backbone C2f module divided the feature map
into two parts. Feature extraction in the bottleneck was limited to small debris targets
and struggled to differentiate complex background information (Figure 3a). For the con-
volution block in its internal bottleneck, the CloFormer module is introduced, realizing
the C2f-CloFormer module with a dual-branch architecture, as shown in Figure 3b, which
focuses on the small targets themselves and screens useful background information to
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better understand and represent features in the input image, improving feature extraction
capabilities and the feature fusion effect on small targets in marine debris images.

Bottleneck-
CloFormer

Bottleneck-
CloFormer

onv
K=1, s=1, p=0, K=1, s=1, p=0,
c=c_out c=c out

(a) (b)

Figure 3. Comparison of the structures of two types of C2f before and after improvement, where
the purple box represents the classic Bottleneck, and blue box represents the improved Bottleneck-
CloFormer, the yellow box represents the convolutional layer, the green box represents the Split
operation, and the red box represents the Concat operation. (a) Classic backbone C2f structure.
(b) Improved backbone C2f-CloFormer structure.

The Clo block structure in CloFormer is shown in Figure 4. The global branch uses
downsampling for K (key) and V (value) and ordinary attention for Q (query), K, and V
to capture low-frequency global information. The local branch adopts the attention-style
convolution operator AttnConv. To aggregate high-frequency local information, depth-wise
convolution (DWconv) with shared weights is implemented to extract local representations.
The Hadamard product of Q and K is computed, followed by transformations to generate
context-aware weights that enhance local features. The outputs of the global branch
and local branch are fused, allowing the model to capture both high- and low-frequency
information. This process is defined in Formulas (1)—(5).

Yglobal = Attn(Q, Pool(K), Pool(V)) 1)
Q/ K/ V - 1::C (Pin) (2)
Vo, = DWconv(V),Q, = DWconv(Q), K, = DWconv(K) 3)

(4)

Yiocal = Tanh (F (Swish(Fe(Q,Owo))) ) O Vo

Vd
Yo = Fe (Conca’f< (Yglobalr Ylocal) ) ) ©)

where Ygiopa is the output of the global branch; Attn is the attention mechanism; Pool is
downsampling; Pj, is the input of AttnConv; F. is a fully connected layer; V,, Q,, and K,
are the outputs after depth-wise convolution; Yj,,; is the output of the local branch; Tanh
and Swish are activation functions; © is the Hadamard product; d is the number of token
channels; and Y, is the integrated output of the local and global branches.

57



J. Mar. Sci. Eng. 2024, 12,1748

AttnConv

A
FDWconv] [DWConV)l

Local branch

Figure 4. The internal structure of Clo block in CloFormer, where the blue dashed box represents
the Global branch module, the red dashed box represents the Local branch module, and the green
dashed box represents the Context—aware module.

3.3. Improved Neck C2f Structure

The classic neck C2f module has a significant increase in feature dimension during
feature integration, complicating the feature representation problem during feature opti-
mization, as shown in Figure 5a. Multiple SCConv modules were introduced to replace
the bottleneck in the C2f module, creating a multi-branch structure called the C2f-SCConv
module. This module reduces redundant information and enhances feature representa-
tion, as illustrated in Figure 5b. This can increase the representation ability of features
in feature integration and make feature optimization more flexible through self-adaptive
adjustment of the spatial structure and channel relationship of features, which can improve
the recognition of overlapping targets and damaged targets in marine debris images.

Figures 6 and 7 show the spatial reconstruction unit (SRU) and channel reconstruc-
tion unit (CRU), respectively, which constitute SCConv. The SRU suppresses the spatial
redundancy of feature maps through Separate-Reconstruct, and the CRU reduces channel
redundancy through Split-Transform-Fuse.

As shown in Figure 6, the SRU first separates these information-rich feature maps
from those with less information corresponding to the spatial content and uses cross-
reconstruction to fully combine the two information features after weighting to obtain
cross-reconstructed features X! and XW2, which are connected to obtain a spatially refined
feature map, X".

As shown in Figure 7, the CRU divides the feature map X" into the main part, the
upper road, and a supplementary part, the lower road; adds group-wise convolution
(GWC) and point-wise convolution (PWC) in the upper road to obtain Y;; and splices the
lower road to obtain Y; after point convolution. Through concatenation and operations
such as softmax on S1 and S2 after global average pooling (P), we obtain refined channel
feature Y.
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Figure 5. Comparison of two types of neck C2f structures before and after improvement, where the
red-box represents a multi-branch structure composed of multiple SCConv modules. (a) Classic neck

C2f structure. (b) Improved neck C2{-SCConv structure.
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Figure 7. The internal structure of the channel reconstruction unit.
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3.4. Loss Function

YOLOvS8 uses DFL and CloU to calculate the regression loss of the bounding box. The
CloU and bounding box regression loss functions are defined as Formulas (6) and (7) [23,24].

2 b bgt
CloU = ToU — p(cz) — v ©)
2 (b, b#"
Loy = 1 — ToU + p(cz) Fov @)

where IoU is the overlap rate between the predicted and real boxes, p?(b,b8") is the Eu-
clidean distance between their center points, « is a balance parameter, v indicates the
consistency of the aspect ratio, and c is the diagonal distance of the minimum enclosed
area covering two bounding boxes.

CloU has three disadvantages: (1) overemphasizing a factor in formula (6) may cause
bias in the model during training; (2) CloU may not accurately reflect the quality of the
prediction frame when the target is occluded by other objects; and (3) it is difficult for the
model to learn the correct prediction method for targets with extreme aspect ratios (e.g.,
eels, pipes, wood).

CloU does not consider the impact of low-quality samples in the training data. We
replace it with WloU v3 [25] in the YOLOv8 model of marine debris identification. WIoU
v3 employs a unique gradient allocation mechanism that assigns smaller gradient gains to
small and large outliers, effectively identifying prediction errors caused by poor sample
quality and reducing harmful gradients generated by low-quality samples. In addition,
WIoU v3 adjusts the gradient size and direction, enabling the model to prioritize high-
quality representative samples during optimization. The improved loss function is shown
in Formulas (8)—(10).

(x—xg)* + (v - ygt)z

Rwiou = exp 5 N € (1€ 8)
(W +Hg?)
Lwiouvi = RwiouLiou, Licu € [0,1] )
Lwiouvs = rLwiouvi, I = g,é, p= Loy € [0, 400) (10)
dx Liou

where x and y are the center point coordinates of the prediction box, xgt and Vgt are the
center point coordinates of the real box, Wg and Hg are the respective width and height of
the minimum bounding box, * indicates the separation operation, Ryyou is the amplification
factor based on the center point distance between the predicted box and the real box, Lj,u
is the IoU loss, 1 is the gradient gain, « and 6 are hyperparameters, 3 is the outlier degree,
L*Jou is the monotonic focusing coefficient, and Loy is the average loss value.

4. Experiment and Results
4.1. Experimental Environment and Parameter Settings

The experimental platform was built on Python 3.7, PyTorch 1.10, CUDA 10.2, and
CUDNN 7.6, using a 24-GB NVIDIA GeForce RTX 3090 equipped with Windows 10. The
model was trained using Stochastic Gradient Descent (SGD) optimization, with respective
initial and final learning rates of 0.001 and 0.0001; weight decay and momentum set to
0.0003 and 0.91, respectively; and a batch size of 16. During the training process of up
to 200 epochs, if the model did not have better results within 20 consecutive epochs, the
training ended early.
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4.2. Evaluation Indicator and Training Process

To comprehensively and objectively evaluate the proposed algorithm, training was
carried out based on the instance and material of the TrashCan dataset, and the accuracy,
recall, F1 score, frames per second (FPS), model size (Size), mAP@0.5, mAP@0.75, and
mAP [0.5:0.95] were used to evaluate the performance of the model, where mAP@0.5 and
mAP@(.75 are the mean average accuracies on all categories with respective IoU thresholds
of 0.5 and 0.75; and mAP [0.5:0.95] is the average degree of the mAP under different IoU
thresholds when the IoU threshold is increased from 0.5 to 0.95 in steps of 0.05. The relevant
formulas are shown in Formulas (11)-(14).

TP

Precision = ——— 11
recision TP+ TP (11)
TP
Recall = TP LN (12)
2 x Recall x Precision
Fl = 1

Recall + Precision (13)

n . 1
mAP = %IAP = / P(R)dR (14)

0

where TP (true positive) is the number of correctly predicted positive cases, FP (false
positive) is the number of negative cases predicted as positive, and FN (false negative) is
the number of positive cases predicted as negative. P is precision and R is recall. AP stands
for the average detection precision for one object category. N is the total number of target
categories. mAP is the average accuracy for all categories.

The above indicators are employed to assess the trained model. The proposed model
is trained as shown in Algorithm 1.

Algorithm 1 Training steps of the model

1: Basic parameters: 8 = (hyper-parameters = {image size = (640, 640, 3), epoch = 200, batch-size = 16,
Do not use pre-trained weights, optimizer = SGD with learning rate = 0.001, validation = per
epoch, batch-size = 16}

2: Evaluation indicator: [P, R, F1, mAP@0.5, mAP@0.75, mAP [0.5:0.95], Size (MB), FPS].

3: Create data loaders for Trashcan_train, Trashcan _val, and Trashcan _test.

4: Initialize model training;:

5: For epoch =1 to total_epochs:

For iteration = 1 to number_of_iterations_per_epoch.

6: Feed Trashcan_train and Trashcan_val into the model.
7: for iteration € [1, number_of_iterations_per_epoch] do
8: Feed Trashcan_train and Trashcan_val into the model.

9: Split batches into images M and labels N.

10: Forward M through the model to get output tensor T.

11: Compute the loss L and apply it to the label tensor N and the output tensor T.
12: The gradient of the loss L relative to the model parameters is obtained.

13: Update the model weights using the SGD optimizer.

14: Obtain model = &

15: end for

16: Load « for model testing

17: Initialize the predicted list X and the ground truth label list Y as empty.

18: for the batch in the Trashcan test

19: Split batches into images M and labels N.

20: Pass M through « to get output tensor T.

21: Add the output tensor T and label tensor N to the lists X and Y, respectively.
22: end for

23: Output [P, R, F1, mAP@0.5, mAP@0.75, mAP [0.5:0.95], Size (MB), FPS].
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4.3. TrashCan-Instance Dataset Simulation Analysis

To validate the proposed model, it was trained and evaluated on the TrashCan-Instance
dataset and compared with current algorithms, including a similar single-stage algorithm
and a two-stage algorithm biased toward accuracy. The results are shown in Tables 2 and 3.

Table 2. Comparison of multi-threshold mAP performance on TrashCan-Instance dataset.

Model mAP@0.5 (%) mAP@0.75 (%) mAP [0.5:0.95] (%) Reference
Improved Mask R-CNN 65.00 48.10 4410 Deng et al. (2021) [26]
TEM 63.09 48.38 44.03 Ali et al. (2022) [27]
YOLACT 58.80 42.50 37.70 Corrigan et al. (2023) [28]
MLDet 68.90 55.10 49.20 Ma et al. (2023) [29]
Improved YOLOVS 72.00 57.80 51.60 This study

Table 3. Comprehensive evaluation of model performance on the TrashCan-Instance dataset.

Model Size (MB) mAP@0.5 (%) FPS Reference
Faster R-CNN 795 55.40 18 Hong et al. (2020) [17]
SSD 205 58.12 78 Liu et al. (2016) [30]
YOLOTrashCan 214 65.01 36 Zhou et al. (2022) [31]
Improved YOLOv5 17.2 67.00 61 Liu et al. (2023) [32]
Improved YOLOVS 432 72.00 66 This study

(1) The comparison algorithms in Table 2 improve accuracy in different ways. As can be
seen in the table, our model has superior mAP@0.5, mAP@0.75, and mAP [0.5:0.95]
values, with overall improvements of 4.5%, 4.9%, and 4.9%, respectively, relative to
the best-performing MLDet [29].

(2) Hong [17] uses a two-stage algorithm with high accuracy, and SSD [30], YOLOTrash-
Can [31], and Improved YOLOV5 [32] are fast single-stage algorithms. As can be
seen from Table 3, the mAP@0.5 of the proposed model is the best, the size is second
only to that reported by the Improved YOLOVS5 [32], the FPS is second only to that of
SSD [30], and the difference is not great.

(3) It can be seen from Tables 2 and 3 that the proposed model achieves a balance in
evaluation indicators and realizes better recognition and classification effects with
less running time.

To intuitively compare the effectiveness of each improvement, we used a YOLOv8m
baseline to verify the effectiveness of the proposed model. The results of these ablation
experiments are shown in Table 4, from which it can be seen that, except for the FPS
of the proposed model, which is slightly worse than the original, other indicators are
improved. The precision, recall, F1 score, and mAP@0.5 are increased by 6%, 5%, 6%, and
5.7%, respectively, and the size is reduced by 6.4 MB. Figure 8 shows that the proposed
model achieves high accuracy with fewer training cycles, indicating faster convergence
and enhanced recognition performance.

A comparison of the mAP@0.5 for each category between the improved YOLOVS
model and the unimproved YOLOv8m model in the TrashCan-Instance dataset is shown
in Figure 9.

(1) As can be seen from Figure 9, the recognition rate of the proposed model exceeds 40%
in the categories of clothing and crabs, and it is improved to varying degrees in the
other 16 categories.

(2) The recognition rates of can, branch, wreckage, and tarp declined slightly, perhaps
due to the higher feature discrimination of the improved model for other small target
categories and low feature discrimination caused by being too sensitive to some labels
in target cans, which are smaller than the other object types in the images. Moreover,
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due to the large number of categories in the dataset and the low number of labels
for branch, wreckage, and tarp, the model may be biased toward learning categories
with a large number of labels during training, resulting in a slight reduction in the
recognition rate.

To evaluate the proposed model’s capability to handle low-resolution images and resist

interference, this study selected low-quality data with noise from the TrashCan-Instance
dataset and conducted heatmap experiments, as depicted in Figure 10.

)

@)

Tabl

The heat maps in Figure 10b,c demonstrate that the proposed model displays
brighter and more concentrated warm colors for the target, effectively capturing
important features from low-resolution images and providing more accurate target
position information.

In the heatmap in Figure 10c, the proposed model exhibits reduced brightness in
noisy areas, indicating a significant decrease in the impact of suspended particle
noise during image processing, showcasing the model’s anti-interference ability in
noisy environments.

e 4. Performance of ablation experiments conducted by integrating different modules with the

TrashCan-Instance dataset.

Group Model Precision Recall F1 Size (MB) mAP@0.5 (%) FPS
1 YOLOv8m 0.73 0.62 0.67 49.6 66.30 89
2 + CloFormer 0.78 0.62 0.69 46.9 68.00 61
3 + SCConv 0.79 0.63 0.70 45.7 68.90 73
4 + WloU v3 0.75 0.62 0.68 49.6 67.50 89
5 + CloFormer + SCConv 0.80 0.65 0.72 43.2 71.10 66
6 + CloFormer + WIoU v3 0.79 0.63 0.70 46.9 69.00 61
7 + SCConv + WIoU v3 0.76 0.64 0.70 45.7 69.30 73
8 Our Model 0.79 0.67 0.73 43.2 72.00 66

Note

0.3

0.2

0.1

0.0

: + represents the modules added by each group.

TYOLOwvEMm

— YOLOvBm+CloFormer

—_— YOLOVEm+SCConv
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5
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epoch

Figure 8. Training curves on the TrashCan-Instance dataset.
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Figure 10. (a) Original images. Comparison of the heatmaps for (b) YOLOv8m and (c) the proposed
model on the TrashCan-Instance dataset, where the brighter color indicates higher attention and the
darker color indicates lower attention.

To visualize the marine debris recognition effect of the model, it was compared with
the YOLOv8m model on the TrashCan-Instance dataset, with results as shown in Figure 11.
The frame line indicates the position of an object in an image, and the object category and
recognition rate are indicated above the data.
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aninal ee

Figure 11. (a) Original images. Comparison of the recognition results of (b) YOLOv8m and (c) the
proposed model on the Trashcan-Instance dataset.

(1) From Figure 11b,c, it can be seen that the YOLOv8m model missed the detection of
starfish and plants and mistakenly detected tarp and rov. However, the recognition
rate of the proposed model was slightly less than that of YOLOv8m for bags. In
all other categories, this model improved the recognition rate, with no missed or
false detections.

(2) Overall, the proposed model showed good results, better than those of the YOLOv8m
model on the TrashCan-Instance dataset, and could accurately identify and classify
multiple targets and information-damaged targets in a variety of complex underwa-
ter environments.

4.4. Simulation Analysis of TrashCan-Material Dataset

To verify the generalization performance of the proposed model, experiments similar
to those in Section 4.3 were performed on the TrashCan-Material dataset, with results as
shown in Tables 5 and 6.

(1) The comparison models in Table 5 address various problems in the recognition of
marine debris images, using different algorithms. It can be seen that all indicators of
the proposed model exceed those of the comparison models, with improvements of
5%, 6.3%, and 3.5% compared to the existing best MLDet [29], respectively.

(2) Table 6 shows the comparison of three algorithms with the proposed model in terms
of speed and accuracy. It can be seen that the mAP@0.5 of the proposed model exceeds
those of the compared models, and the size is much smaller. The FPS of the proposed
model is 13 less than that of SSD [30] but is higher than those of the other two models.

(3)  From the analysis of Tables 5 and 6, the proposed model achieved comparatively good
results in terms of recognition speed and effect.

To visually assess the improvement effect of the proposed model, it was compared
with the unimproved YOLOv8m model in ablation experiments on the TrashCan-Material
dataset, with results as shown in Table 7. While the FPS of the proposed model was
slightly worse, other indicators improved. Precision increased by 3%, recall by 6%, F1 score
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by 5%, and mAP@0.5 by 5.5%, and size was reduced by 6.4 MB. In addition, Figure 12
demonstrates that the proposed model also performs well in recognition.

Table 5. Comparison of multi-threshold mAP performance on TrashCan-Material dataset.

Model mAP@0.5 (%) mAP@0.75 (%) mAP [0.5:0.95] (%) Reference
IEM 56.70 38.68 36.11 Ali et al. (2022) [27]
EfficientDets 27.80 20.90 18.60 Zocco et al. (2023) [33]
ERL-Net 58.90 / 37.00 Dai et al. (2024) [34]
GCC-Net 61.20 / 41.30 Dai et al. (2024) [35]
MLDet 63.50 45.70 42.30 Ma et al. (2023) [29]
Improved YOLOVS 66.70 48.60 43.80 This study

Table 6. Comprehensive evaluation of model performance on the TrashCan-Material dataset.

Model Size (MB) mAP@0.5 (%) FPS Reference
Mask R-CNN 795 54.00 21 Hong et al. (2020) [17]
SSD 194 55.80 84 Liu et al. (2016) [30]
YOLOTrashCan 214 58.66 37 Zhou et al. (2022) [31]
Improved YOLOVS 43.2 66.70 71 This study

Table 7. Performance of ablation experiments conducted by incorporating different modules into the
TrashCan-Material dataset.

Group Model Precision Recall F1 Size (MB) mAP@0.5 (%) FPS
1 YOLOvV8m 0.70 0.58 0.63 49.6 61.20 90
2 + CloFormer 0.69 0.59 0.63 46.9 63.40 69
3 + SCConv 0.71 0.59 0.64 45.7 63.60 79
4 + WIoU v3 0.69 0.58 0.63 49.6 63.30 90
5 + CloFormer + SCConv 0.74 0.60 0.66 432 65.30 71
6 + CloFormer + WIoU v3 0.71 0.60 0.65 46.9 63.90 69
7 + SCConv + WIoU v3 0.72 0.61 0.66 45.7 64.90 79
8 Our Model 0.73 0.64 0.68 43.2 66.70 71

Note: + represents the modules added by each group.

0.7
0.6
0.5
0.4
0.3 1
— YOLOV8m
- YOLOV8m+CloFormer
0.2 4 ——— YOLOV8m+SCConv
— YOLOVB8m+WIoU v3
o.1 ——  YOLOV8m+CloFormer+SCConv
. —— YOLOv8m+CloFormer+WIoU v3
— YOLOV8m+SCConv+WIoU v3
0.0 4 ——— Our Model
0 25 50 75 100 125 150 LIS 200

epoch

Figure 12. Training curves on the TrashCan-Material dataset.
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A comparison between the mAP@0.5 for each category of the improved YOLOvS8
model and the unimproved YOLOv8m model in the TrashCan-Material dataset is shown
in Figure 13, from which we make the following observations:

(1) Using the proposed model, the recognition rate of paper was the most increased, by
25%, and the rates for the other 12 categories were improved to varying degrees;

(2) The recognition rates of fabric, other trash, and plastic decreased slightly, perhaps
due to insufficient learning of the features of these categories; however, the improved
module improved its ability to distinguish between other categories, resulting in the
model being significantly affected by the similarity of features in the three categories
of fabric, other garbage, and plastic when training; this, in turn, led to a slight decrease
in the recognition rate.
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Figure 13. Comparison of the two models on the TrashCan-Material dataset for mAP@0.5 in each category.

Figure 14 depicts the heatmap experiment conducted on the TrashCan-Material dataset.
Consistent with the findings in Section 4.3, the proposed model demonstrates a capacity to
manage low resolution and exhibit strong anti-interference.

To illustrate the effectiveness of the proposed algorithm, the visualization results on the
TrashCan-Material dataset test are shown in Figure 15. We make the following observations:

(1) If there are multiple, small, and overlapping targets, the unmodified YOLOv8m is
prone to miss detection of fish, other animals, starfish, and eels, while the proposed
model does not have this problem and can identify all with a high recognition rate;

(2) Small target starfish that are not marked in the original image can be identified by the
proposed model, indicating good feature learning potential.

67



J. Mar. Sci. Eng. 2024, 12, 1748

(b)

Figure 14. (a) Original images. Comparison of the heatmaps for (b) YOLOv8m and (c) proposed
model on the TrashCan—Material dataset, where the brighter color indicates higher attention and the
darker color indicates lower attention.
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Figure 15. (a) Original images. Comparison of the recognition results of (b) YOLOv8m and (c)
proposed model on the Trashcan—Material dataset.

4.5. Analysis and Summary
We observe the following from the test results on the TrashCan-Instance and TrashCan-
Material datasets:

(1) From Sections 4.3 and 4.4, it can be seen that the proposed model shows excellent
performance on both subsets, indicating good generalization ability.

(2) The constructed network model and loss function have certain effects on the extraction
and fusion of marine debris image features, the integration and optimization of
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features, and the suppression of harmful gradients, reflecting certain progress in terms
of recognition and classification effects, recognition speed, and model complexity.
In addition, the model exhibits a certain ability to identify targets in low-resolution
images while resisting interference.

(3) The FPS of the proposed model is slightly lower than that of the classic and unim-
proved models, reflecting the trade-off of reasoning efficiency for better recognition
results. Size has not reached the optimal level, possibly because no more lightweight
improvements have been made to the YOLOv8 model. Subsequently, we will consider
applying model pruning technology to remove weights or connections that contribute
little to model performance.

5. Conclusions

This study proposes a marine debris recognition and classification algorithm based
on an improved YOLOVS, addressing issues of poor recognition and classification perfor-
mance, slow recognition speed, model complexity, and weak generalization capabilities of
existing marine debris. Experimental results indicate that the proposed model achieves
a mAP@Q.5 and speed of 72% and 66 FPS, respectively, on the TrashCan-Instance dataset,
and an mAP@0.5 and speed of 66.70% and 71 FPS, respectively, on the TrashCan-Material
dataset. Our design also reduced the model size by 12.9%. Visual assessment reveals
effective recognition and classification in complex and variable underwater environments,
significantly minimizing missed and false detections.

Future research will target categories affected by feature similarity and those with
limited labels. By employing image enhancement and model pruning techniques, we aim
to tackle identification challenges arising from poor original image quality and large model
sizes, further enhancing marine debris identification and classification.
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Abbreviations

YOLOVS8 You Only Look Once Version 8
CloFormer Clo block Transformer

WIoU v3 Wise Intersection over Union version 3
C2f Coarse to Fine

SPPF Spatial Pyramid Pooling with less FLOPs
CloU Complete Intersection of Union

DFL Distribution Focal Loss
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BCE Binary Cross-Entropy
Bbox Bounding Box
Cls Classification
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Abstract: The need for precise identification of underwater sonar image targets is growing in
areas such as marine resource exploitation, subsea construction, and ocean ecosystem surveillance.
Nevertheless, conventional image recognition algorithms encounter several obstacles, including
intricate underwater settings, poor-quality sonar image data, and limited sample quantities, which
hinder accurate identification. This study seeks to improve underwater sonar image target recognition
capabilities by employing deep learning techniques and developing the Multi-Gradient Feature
Fusion YOLOvV7 model (MFF-YOLOvV?) to address these challenges. This model incorporates the
Multi-Scale Information Fusion Module (MIFM) as a replacement for YOLOv7’s SPPCSPC, substitutes
the Conv of CBS following ELAN with RFAConv, and integrates the SCSA mechanism at three
junctions where the backbone links to the head, enhancing target recognition accuracy. Trials were
conducted using datasets like URPC, SCTD, and UATD, encompassing comparative studies of
attention mechanisms, ablation tests, and evaluations against other leading algorithms. The findings
indicate that the MFF-YOLOv7 model substantially surpasses other models across various metrics,
demonstrates superior underwater target detection capabilities, exhibits enhanced generalization
potential, and offers a more dependable and precise solution for underwater target identification.

Keywords: deep learning; underwater images; underwater target recognition; sonar images;
improved YOLO

1. Introduction

The need for precise recognition in underwater target detection is growing rapidly,
encompassing fields such as marine resource exploitation, subsea construction, and oceanic
ecosystem monitoring. Sonar image target recognition plays a vital role in these applica-
tions [1-5]. Nevertheless, the intricate underwater environment, low-quality sonar image
data, and limited sample sizes pose significant challenges to conventional image recogni-
tion algorithms, hindering accurate identification. Consequently, there is a pressing need
to develop more effective methods to enhance sonar image target recognition performance.

This research aims to address these issues by leveraging deep learning techniques.
The main goal is to create a robust underwater sonar image target recognition system
that can handle environmental complexities, improve target identification precision, and
resolve the problem of limited data samples. The innovative aspect of this research lies in
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the creation of the Multi-Gradient Feature Fusion YOLOv7 model (MFF-YOLOvV?) using
deep learning techniques. This model introduces several key improvements: a novel
Multi-Scale Information Fusion Module replaces YOLOv7’s SPPCSPC, enabling better
feature capture of varying target sizes in sonar images; RFAConv substitutes the Conv in
the two CBSs following ELAN; and the SCSA mechanism is incorporated at three junctions
between the backbone and head to enhance the model’s ability to handle underwater
environmental complexities, focus on relevant target recognition features, and improve
recognition accuracy. These enhancements are expected to significantly improve YOLOV7’s
performance in sonar image recognition, contributing substantially to underwater target
detection and offering more reliable and efficient solutions for various applications.

Sonar images originate from imaging sonar. When operating as an active sonar system,
the process is as follows:

1. The sonar system emits sound waves.

2. The sound waves pass through the water, reflect off underwater targets, and return.
3. The reflected echoes return to the sonar system.

4. Images are formed through the complex processing of these echoes.

The underwater environment’s complexity and inherent unpredictability make the
imaging process susceptible to medium-related influences. Echo signals often encounter
issues such as attenuation and distortion, resulting in sonar images with reduced contrast
and resolution, indistinct target boundaries, and barely discernible features [6-9].

Conventional methods for recognizing targets in sonar images primarily rely on
features based on pixels, grayscale values, or preconceived notions about the targets [10,11],
often resulting in limited accuracy. In recent times, the field of computer vision has been
revolutionized by deep learning, which has subsequently advanced underwater target
detection. Deep learning-based target detection approaches are typically categorized into
two-stage and one-stage algorithms. Two-stage algorithms first identify potential regions
containing targets, followed by classification and localization within these areas. For
instance, Villon et al. [12] employed convolutional neural networks to swiftly identify
fish in marine images, achieving a 94.9% accuracy rate. Guo et al. [13] utilized deep
residual networks to recognize sea cucumbers with an 89.5% accuracy rate. Dai et al. [14]
created a dual-branch backbone network called GCC-Net, which uses both enhanced and
original images as input to train underwater target detectors. However, these methods
are computationally intensive, slow, and require numerous candidate regions. Moreover,
when dealing with complex sonar images, there is still potential for improving accuracy.

Unlike two-stage methods, single-stage algorithms like the YOLO [15-21] family
eliminate the need for a candidate region network, instead generating prediction boxes
directly on the input image for target detection. Muksit [22] and colleagues introduced
the YOLO-Fish algorithm in 2022, achieving 76.56% accuracy in identifying 20 distinct
fish species in their habitats. In 2024, Liu et al. [23] developed a modular underwater
enhancement component that could be integrated into YOLOV5, resulting in a 2.6% increase
in mAP on the DUO dataset. Lei et al. [24] enhanced YOLOVS5’s backbone network by
incorporating the Swin Transformer. Although it achieved a small increase in mADP, it
significantly increased the model volume. Although the YOLO algorithm has a speed
advantage, it occasionally has missed or false detections in complex environments with
high noise points and dense small targets, raising concerns about its stability.

Traditional image recognition algorithms struggle with accurately processing low-
resolution sonar image data, which involves a complex procedure. Even sophisticated
deep learning models have room for enhancement when dealing with intricate sonar
images. For example, the YOLO framework encounters several challenges, including poor
image quality in complex underwater settings, challenges in detecting small and closely
grouped targets, and issues with both missed detections and false positives. Although
YOLOV9 and YOLOV10 excel in optical image processing, for achieving high accuracy with
minimal resources, YOLOV7 proves more advantageous for sonar images. This is because
underwater sonar targets are typically small-scale and accompanied by increased noise, and
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YOLOvV7 demonstrates superior recognition capabilities for small targets. Consequently,
this study aims to enhance YOLOV?7 to address these challenges. It introduces MFF-
YOLOV7, which improves noise processing in low-resolution scenarios and enhances
detection of dense, small targets.

In the field of underwater target image recognition, the traditional YOLOv7 model has
significant limitations when dealing with high-noise and unclear sonar images, such as the
complex underwater environment, various target sizes, numerous interfering information
in sonar images, low imaging resolution, and small and dense targets. These factors can
cause missed and false detections in the model. To solve the above problems, we propose
the MFF-YOLOvV7 model. First, we introduce the original Multi-Scale Information Fusion
Module (MIFM) to replace SPPCSPC. The MIFM can better fuse multi-scale information
and enhance the model’s processing ability of features at different scales. Even in complex
underwater scenes, it can accurately identify targets of various sizes, thereby effectively
solving the problem of processing features at different scales due to the large size differences
in underwater targets. Secondly, we replace the Conv in the CBS following ELAN with
RFAConv. Given the high noise and unclearness of sonar images, the existing feature
extraction methods have deficiencies, while the RFAConv has better feature extraction
capabilities and is more adaptable to specific types of sonar image data. It can significantly
improve the model’s learning and representation of sonar image features, enabling it to
extract useful target features from noise better.

The SCSA mechanism should be implemented at the three junctions where the back-
bone connects to the head. In underwater target recognition, sonar images often contain
numerous interfering elements, which can lead to the model being influenced by irrelevant
information. By employing the SCSA mechanism, the model can prioritize crucial feature
information and minimize the impact of unrelated data. This allows the model to concen-
trate more effectively on target recognition-related features when transferring information
from the backbone to the head, thus enhancing the model’s recognition accuracy. To assess
the efficacy of the proposed approach, we conducted rigorous comparative evaluations
using various real-world sonar image datasets, including URPC [25], SCTD [26], and
UATD [27].

To conclude, the core innovations of this paper are embodied in the following
key contributions:

1. The traditional YOLOv7 model has many limitations when dealing with high-noise
and unclear sonar images, such as the complex underwater environment, various
target sizes, numerous interfering information, low imaging resolution, and small and
dense targets. These factors can easily lead to missed detections and false detections.
To address these issues, we have designed the MFF-YOLOvV7 model.

2. The Multi-Scale Information Fusion Module (MIFM) has been introduced and imple-
mented to enhance the YOLOvV7 model. This module excels at integrating information
from various scales, thereby improving the model’s ability to process features at
different levels, particularly in complex underwater environments where target di-
mensions fluctuate. The MIFM demonstrates robust fusion capabilities, overcoming
the constraints of conventional modules and effectively capturing characteristics of
targets with diverse sizes. Additionally, the MIFM can dynamically adjust its focus
on targets of varying scales based on the actual underwater conditions, enabling
intelligent resource allocation. This mechanism substantially enhances the preci-
sion of sonar image target identification while minimizing instances of missed and
false detections.

3. Rigorous comparative evaluations were conducted on the real-world sonar image
datasets URPC, SCTD, and UATD. The results indicate that the MFF-YOLOv7 model
performs exceptionally well in these two datasets. It demonstrates good performance
on specific datasets, exhibits strong generalization ability, and can adapt to sonar
image recognition tasks in different scenarios.
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The article’s subsequent sections are organized as follows: Section 2 focuses on in-
troducing YOLOvV?7 and several enhanced modules, including MIFM, RFAConyv, and the
SCSA mechanism, along with the architecture and enhancements of the MFF-YOLOvV7
network. These module improvements aim to enhance the model’s effectiveness in recog-
nizing targets in underwater sonar images. Section 3 offers a comparative evaluation of
MFF-YOLOvV7 against leading sonar image recognition technologies and presents findings
from multiple real-world datasets. Section 4 concludes the article by summarizing the
research outcomes and providing closing remarks.

2. Background

In underwater target image recognition, the continuous development of related tech-
nologies provides strong support for achieving more accurate and efficient target detection.
This part will introduce the related work. Firstly, the traditional target detection algorithm
YOLOV7 will be expounded, and its improvement direction will be derived. In sequence,
the following will introduce YOLOV7, the Multi-Scale Information Fusion Module (MIFM),
RFAConyv, the SCSA mechanism, and the ultimately proposed MFF-YOLOV?. Through an
in-depth analysis of these technologies, the innovation and breakthroughs of this study in
underwater target image recognition will be demonstrated.

2.1. YOLOv7

YOLOV7, as an advanced target detection algorithm, holds an important position in
computer vision, especially excelling in target detection tasks. As shown in Figure 1, the
structure of YOLOv7 mainly consists of key components such as Backbone, Head, and
Prediction. The input image with a size of 640 x 640 x 3 first enters the Backbone part.
Here, through a series of elaborately designed network layers, such as the efficient ELAN
module, as well as operations like convolution (Conv), batch normalization (BN), activation
function (SiLU), etc., a multi-level feature extraction is performed on the image. During the
feature extraction, specific structures such as the SPPCSPC module play an important role
in feature fusion, capable of integrating feature information at different levels. The image
undergoes multiple processing and downsampling operations, such as reducing the feature
dimension through operations like Maxpool, thereby gradually forming feature maps of
different scales. Subsequently, these features enter the head part for further analysis and
processing, and finally, the prediction results are output in the form of three tensors of
specific sizes.
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Figure 1. Structure of the YOLOv?7.
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2.2. Multi-Scale Information Fusion Module (MIFM)

There are many complex challenges in target detection, especially underwater tar-
get image recognition. The particularity of the underwater environment makes it diffi-
cult for traditional target detection methods to meet the demand for accurate recogni-
tion. We introduce the Multi-Scale Information Fusion Module (MIFM) to address these
challenges effectively.

The details of MIFM are shown in Figure 2. This module first expands the feature
channels through two 1 x 1 convolution operations, with an expansion ratio of y =2, to
increase the feature dimension and provide richer information for subsequent processing.
Then, the input features are divided into two parallel paths for processing. One of the paths
involves a gating mechanism, and the element-wise product of the features of the two
paths enhances the nonlinear transformation, enabling the module to capture the complex
relationships between features better. In the lower path, depth wise convolution is used
for feature extraction, which can effectively extract features and reduce the computational
amount. The module uses two 3 x 3 dilated convolutions with dilation rates of 2 and 3,
respectively. Using these convolutions achieves multi-scale feature extraction, extracting
features at different scales and improving its adaptability to targets of different sizes.
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Figure 2. The structure diagram of MIFM.

Given the input tensor X € RHXWXC where H (Height), W (Width), C (Channel),
MIFEM is formulated as:

UP(X) = W1><1((P(W3x3><3wl><1(X))®(W§X3W1><1(X) + ngawlxl(x))) (1)

DOZUI’I(X) = Wlxl(X) + R(GN(W3><3(X))> ()
Xout = Concat(Up(X), Down(X)) 3)

O represents element-wise multiplication, ¢ represents GELU nonlinearity, W3, , repre-
sents 3 x 3 dilated convolution with a dilation rate of 2, and W}, , represents
3 x 3 dilated convolution with a dilation rate of 3. W represents convolution, and the
subscript indicates the kernel size of the convolution. R represents the Leaky ReLU activa-
tion function, and GN represents the Group Norm.

The Multi-Scale Information Fusion Module (MIFM) has significant underwater target
detection advantages. Compared with the original SPPCSPC module of YOLOv7, MIFM
can more effectively fuse information of different scales and has stronger adaptability for
various underwater target sizes and complex environments. It can automatically adjust
the attention to targets of different scales according to the actual situation to intelligently
allocate resources, while SPPCSPC could be more flexible in this aspect. In addition, MIFM
introduces operations such as gating mechanisms, depthwise convolution, and multi-scale
dilated convolution, which can better capture the complex relationships between features,
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achieve more powerful nonlinear transformations, and enhance the extraction ability of
features for targets of different sizes. In contrast, the feature processing method of SPPCSPC
is relatively single. In underwater target detection tasks, MIFM significantly improves the
accuracy of sonar image target recognition, reduces missed detections and false detections,
and performs better in dealing with the challenges of the complex underwater environment.

2.3. RFAConv

In target detection, especially in underwater target image recognition tasks, continu-
ously exploring more effective feature extraction and fusion methods is crucial. To further
enhance the model performance and better adapt to the complex underwater environ-
ment, we introduce a new type of convolution structure, RFAConv (Recurrent Feature
Aggregation Convolution). Traditional convolution methods may have certain limitations
when dealing with underwater target detection problems, such as insufficient extraction of
multi-scale features and difficulty capturing the complex features of targets. Therefore, the
replacement with the RFAConv aims to overcome these problems and improve underwater

target detection performance.

The structural diagram of RFAConv (Recurrent Feature Aggregation Convolution)
is depicted in Figure 3. RFAConv is crucial for target detection, enhancing network per-
formance by learning an attention map through interaction with receptive field feature
information. To mitigate the additional computational burden caused by this interaction,
RFAConv employs AvgPool for pooling global information from each receptive field fea-
ture. It then facilitates information exchange 1 x 1 group convolution operations and
utilizes softmax to highlight the significance of individual features within the receptive
field. Additionally, receptive field attention (RFA) is implemented on the spatial features
of the receptive field. This approach not only emphasizes the importance of various fea-
tures within the receptive field but also considers its spatial characteristics, effectively
addressing the issue of convolution kernel parameter sharing. The receptive field spatial
features are dynamically generated, and RFA forms a fixed combination with convolution,
with both elements working interdependently to boost performance. In essence, RFA-
Conv’s unique design substantially improves target detection network performance while

efficiently managing computational overhead and parameter count.
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Figure 3. RFAConv Structure diagram.
The calculation of REAConv can be expressed as:

F = Softmax(g'*! (AvgPool(X))) x ReLU(Norm(g"¥(X))),
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where ¢ represents group convolution, and the superscript indicates the size of the con-
volution kernel. X represents the input feature map, and the output F is obtained by
multiplying the attention map with the transformed receptive field spatial feature. Softmax
and ReLU represent activation functions, AvgPool represents the max pooling operation,
and Norm is the normalization operation.

Selection and position arrangement of convolution structures are crucial in exploring
improvements in target detection models. Different results are produced when RFAConv
replaces the CBS (Convolution-BatchNorm-SiLU) structure at different positions. When
replacing other CBSs, the effect worsens, while the best effect is achieved when it is placed
at the CBS position immediately following the ELAN module in YOLOV7, replacing the
Conv with RFAConv.

The reasons for this phenomenon mainly lie in two aspects. On the one hand, the
ELAN module plays a key role in feature extraction, and its output features have specific
patterns and characteristics. The CBS position immediately following it is crucial for further
processing and optimizing these features. The unique recurrent feature aggregation method
of RFAConv can better adapt to the characteristics of the output features of the ELAN
module, achieving more effective feature fusion and extraction. The CBS at other positions
may receive input features that do not match the characteristics of the RFAConv, be unable
to exert its advantages fully, and even introduce inappropriate processing, resulting in a
worse effect. On the other hand, at this specific position after the ELAN module, RFAConv
can collaborate better with the preceding and subsequent modules, better undertake and
integrate the features extracted by the upstream modules, and provide a higher-quality
feature representation for subsequent processing. Due to the different interaction methods
between the modules, a good collaboration effect cannot be achieved at other positions,
thereby affecting the model’s overall performance.

In summary, placing RFAConv at the CBS position immediately following the ELAN
module in YOLOV? is well-considered. This position can give full play to the advantages
of RFAConv, form good coordination with the surrounding modules, significantly enhance
the model’s ability to extract features of underwater targets, reduce the occurrence of
missed detections and false detections, enhance the robustness and adaptability of the
model, improve the accuracy and stability of target detection, and thereby achieve better
underwater target detection performance.

2.4. Spatial and Channel Synergistic Attention (SCSA) Module

Attention mechanisms are increasingly important in target detection and computer vi-
sion. They can help the model focus more precisely on key information, thereby enhancing
the features’ expression ability and the model’s performance. However, current attention
mechanisms still have certain limitations in dealing with multi-semantic information and
spatial-channel collaboration.

We introduce a brand-new attention mechanism, SCSA (Spatial and Channel Synergis-
tic Attention), to overcome these drawbacks and fully explore the collaboration between
spatial and channel attention. SCSA aims to achieve more accurate feature extraction by
efficiently integrating multi-semantic spatial information and channel information to obtain
better model performance. Next, we will elaborate on the specific structure and working
principle of SCSA in detail.

SCSA (Spatial and Channel Synergistic Attention) is a new type of attention mech-
anism. Its structure is shown in Figure 4. This attention mechanism aims to explore the
collaboration between spatial and channel attention. It mainly comprises Shared Multi-
Semantic Spatial Attention (SMSA) and Progressive Channel Self-Attention (PCSA).

78



J. Mar. Sci. Eng. 2024, 12, 2326

X AvgPool GroupNorm~4;

MS-DWConv1d
(3.5.7.9)

BxCxW.

Y AvgPool

GroupNorm~4

WMS-DWConvid) Muiti-Receptive Fieid Shared Depthwise Separabie (GrounNorm—a]

- p A TR =

( (3.5.7.9) ) 1D Convolutions with Kernels of 3, 5,7,and 9 \ ) Group with N Groups | V. I Value K Key
Channel-wise Attention i — o R

Based on Self-Attention Q) Element-wise — (e.g., Reshape) |

Figure 4. The structure diagram of the SCSA mechanism. The variable n represents the number of

groups the sub-features are divided into, and 1P represents a single pixel.

Shared Multi-Semantic Spatial Attention (SMSA) module:

Spatial and Channel Decomposition: We break down the given input X €
in terms of the height and width dimensions. Global average pooling is then applied
to each of these dimensions, which gives rise to two one-way 1D sequence structures,
namely Xy € REXC*W and Xy € RBXCXH_ In order to capture different spatial
distributions as well as contextual relationships, we divide the feature set into K
sub-features that are of the same size and are independent of each other. These sub-
features are named Xh and X{,v, and each sub-feature has a channel count of % In
this paper, we have set the default value as K = 4. The procedure for decomposing
into sub-features is detailed as follows:

RB><C><H><W

X};:XH[:,(i—l)x%;ix%,:] (5)
, C C
X@V:XW[:,(i—l)XR:iXE,:] (6)

where X' represents the i-th sub-feature.

2.

Efficient Convolutional Approach: Implement separable one-dimensional convolu-
tions with filter sizes of 3, 5, 7, and 9 across the four sub-features to detect various
semantic spatial patterns. Concurrently, employ efficient shared convolutions for
alignment to tackle the restricted receptive field issue resulting from splitting features
into H and W dimensions and utilizing 1D convolutions. The process of obtaining
diverse semantic spatial data are defined as where a denotes the b-th sub-feature.

~1 c..c .
Xy = DWConvldX "® (Xy) )

[
k

~i B %_> ;
Xy = DWConvld; *(Xyy) 8)

X; represents the spatial structure information obtained by the i-th sub-feature after

the lightweight convolution operation, and k; represents the convolution kernel applied to
the i-th sub-feature.

3.

Computing the Spatial Attention Map: Aggregate different semantic sub-features,
normalize them using group normalization (GN) of K groups, and then generate
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spatial attention through the Sigmoid activation function. The formula for calculating
the output feature is:

Attng = a(GNIIfI(Concat(X}{, X%, .. .,Xﬁ)), ©)

Attny = o(GNE (Concat(Xiy, X3, ..., XK)), (10)

where ¢ represents Sigmoid normalization, and GN}! and GN}) represent Group Norm
along the H and W dimensions, respectively.

Progressive Channel-wise Self-Attention (PCSA) module:

Explore the dependencies between channels through convolution operations. We
were inspired by using MHSA in ViT to model the similarities between different tokens
in calculating spatial attention, combined with the spatial priors modulated by SMSA to
calculate the similarities between channels. A progressive compression method is adopted
to preserve and utilize the multi-semantic spatial information extracted by SMSA and
reduce the computational cost of MHSA. The specific implementation is as follows:

X, = Pooléf;y”(”'w’)(xs), (11)

Fproj = DWConvld(Cﬁ)C, (12)

Q = Fyy(Xp), (13)

K = Fpoj(Xp), (14)

V = o (Xp)- (15)

Poolgf ;)/\/)_)(H,’W,) represents the pooling operation with a kernel size of 7 x 7, adjust-

ing the resolution from (H, W) to (H', W’), and F,,; represents the mapping function for
generating queries, keys, and values.

Collaboration effect: SCSA guides the learning of channel attention through spatial
attention. SMSA extracts multi-semantic spatial information from each feature, providing
precise spatial priors for channel attention calculation; PCSA refines the semantic under-
standing of local sub-features by using the overall feature map X, reducing the semantic
differences caused by multi-scale convolutions in SMSA. The final constructed SCSA is:

SCSA(X) = PCSA(SMSA(X)). (16)

In the underwater sonar image target recognition task, introducing the SCSA (Spatial
and Channel Synergistic Attention) attention mechanism is of great significance. The
existing attention mechanisms have limitations in dealing with multi-semantic information
and spatial-channel collaboration, while SCSA aims to overcome these limitations. Integrat-
ing multi-semantic spatial and channel information effectively can achieve more accurate
feature extraction, thereby improving the model performance. For underwater sonar image
target recognition, the SCSA mechanism offers several benefits. It enhances the model’s
capacity to concentrate on crucial information, boosts feature representation capabilities,
and improves the detection and identification of underwater targets. At the same time, it
can effectively integrate multi-semantic spatial information, helping the model to learn
higher-quality feature representations and better cope with problems such as various sizes
of underwater targets and complex environments. In addition, through the collaboration
of space and channel, SCSA can extract target features more accurately and reduce the
occurrence of missed and false detections.

Adding the SCSA mechanism at the three connection positions—where the backbone
connects to the head—enhances the model’s ability to pay attention to and extract features
and improve the model’s performance in tasks such as target detection and recognition. The
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SCSA can effectively integrate multi-semantic spatial information and channel information.
Through the collaboration of space and channel, it can better focus on key information
and improve the ability to express features. Introducing SCSA at these three connection
positions enables the model to better learn and utilize features at different stages and
enhance the attention to different scales and semantic information, thereby improving
the recognition accuracy of underwater sonar image targets. Incorporating SCSA at these
locations can yield several benefits. It can enhance the critical distribution of features,
prompting the model to focus more on essential characteristics and improve feature utiliza-
tion. Additionally, it can enhance feature fusion, allowing for better integration of features
from various levels and scales, thereby boosting feature expressiveness and resilience.
Furthermore, it can enhance the model’s generalization capabilities by learning more rep-
resentative features, mitigating overfitting risks, and improving the model’s adaptability
across diverse datasets and tasks.

2.5. MFF-YOLOv7

In the field of underwater target image recognition, the conventional YOLOv7 model
exhibits significant limitations when confronted with challenges such as complex underwa-
ter environments, diverse target sizes, abundant interfering information in sonar images,
low imaging resolution, and small, densely clustered targets. Consequently, it is susceptible
to instances of missed detections and false detections. To address these issues, we propose
the MFF-YOLOVv7 model, which aims to enhance the performance and accuracy of the
model in underwater target image recognition. Figure 5 illustrates the structural diagram
of MFF-YOLOvV?7, demonstrating its distinctive design.
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Figure 5. The MFF-YOLOvV7 network.

The traditional YOLOV7 model needs to improve when dealing with the problems
of complex underwater environments and various target sizes. To solve this problem,
the MFF-YOLOvV7 model introduces the original Multi-Scale Information Fusion Module
(MIFM) to replace SPPCSPC MIFM can fuse multi-scale information more effectively and
enhance the model’s ability to process features of different scales. Applying the Multi-
Scale Information Fusion Module (MIFM) enables the model to identify targets of various
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sizes in complex underwater scenes accurately. It effectively solves the problem that the
traditional module makes it difficult to effectively process features of different scales due
to the large size differences in underwater targets. By introducing MIFM, our model can
better adapt to the diversity of underwater environments and improve the ability to detect
and recognize targets.

Considering the characteristics of sonar images, such as high noise and unclearness, the
existing feature extraction methods need to be improved when dealing with such images.
Therefore, we replace the Conv in the CBS immediately following ELAN with RFAConv.
RFAConv has a better feature extraction ability and is more adaptable to specific types of
sonar image data. It can significantly improve the model’s learning and representation
of sonar image features, enabling it to extract useful target features from the noise better.
This improvement helps to enhance the model’s performance when processing low-quality
sonar images and reduces missed and false detections caused by image quality issues.

In underwater target recognition, sonar images often contain numerous interfering
information, which makes the model prone to be disturbed by irrelevant information,
thereby affecting recognition accuracy. To solve this problem, we introduce the SCSA
mechanism at the three connection positions where the backbone connects to the head. The
SCSA mechanism can help the model pay more attention to important feature information
and reduce the interference of irrelevant information. By enabling the model to better focus
on the features related to target recognition when transferring features from the backbone to
the head, the SCSA mechanism can significantly improve the model’s recognition accuracy
and enhance the model’s robustness in complex underwater environments.

The MFF-YOLOvV7 model has successfully solved the problems faced by the traditional
YOLOvV7 model in underwater target image recognition through innovative improvements
such as introducing MIFM, replacing Conv with RFAConv, and introducing the SCSA
mechanism. These improvements have significantly enhanced the model’s ability to fuse
multi-scale information, extract features of sonar images, and pay attention to important
information, thereby greatly improving the recognition accuracy and robustness of the
model. Our improvements provide a more effective solution for underwater target image
recognition and have the potential to achieve better results in practical applications.

3. Experimental Design and Experimental Analysis

This section demonstrates the effectiveness and generalization of the proposed method
through underwater sonar image target detection experiments. In this section we briefly
introduce the datasets and evaluation metrics used in the experiments and the experi-
mental settings. Subsequently, a comparison experiment of attention mechanisms will be
conducted to prove the advantages of the SCSA mechanism. Next, ablation experiments
will be carried out to prove the effectiveness of each improvement. Then, improvements
should be made compared with other mainstream algorithms to prove the superiority of
the improved algorithm. Finally, other datasets will be verified to prove the generalization
of the improved algorithm.

3.1. Experimental Environment

To verify the model’s effectiveness, we conducted comparative experiments on the
URPC, SCTD and UATD datasets to verify the detection effect of the model. The operating
system is Windows 11, the deep learning framework is PyTorch 1.4.0, the CPU is Intel Core
i7 12700H, the memory is 32 GB, and the GPU is NVIDIA GeForce GTX 3070TL.

3.2. Experimental Indicators

The assessment criteria were Precision, Recall, MAP using the following formulas:

TP

Precision = ————
recision TP+FP’

(17)
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TP
TP+ FN’

Here, TP refers to the number of samples that are correctly judged as positive exam-
ples. It represents the situation of successfully identifying the target category during the
prediction or classification process. FP refers to the number of samples that are wrongly
judged as positive examples. It indicates the situation where the model wrongly classifies
negative examples as positive ones. FN refers to the number of samples that are wrongly
judged as negative examples. It represents the situation where the model wrongly classifies
positive examples as negative ones and misses them.

mARP is an abbreviation of average accuracy and an indicator of recognition accuracy
in target recognition. When there are multiple classes to be detected or classified, each
class has its own average precision (AP). mAP is the average of the average precisions of
all these classes. mAP provides a comprehensive metric to measure the performance of a
multi-class classification model and can comprehensively reflect the accuracy of the model
on different classes.

Recall = (18)

1
AP = / P(r)dr, (19)
0
_ Lo APy
mAP = N (20)

where p represents precision, r represents recall, p is regarded as a function with r as a
parameter, 7 is the number of object categories, and AP, represents the average precision
of the neural network when recognizing specific types of targets. MAP has two evaluation
metrics, namely MAP@0.5 and MAP@0.5:0.95. MAP@0.5 represents the average precision
when the Intersection over the Union (IoU) threshold is 0.5 and is an evaluation metric with
relatively low detection requirements. MAP@0.5:0.95 is the average precision calculated at
multiple IoU thresholds (starting from 0.5, increasing by 0.05 as the step size up to 0.95),
representing an evaluation metric with higher detection requirements. It can more compre-
hensively evaluate the performance of the model under different precision requirements.
The above indicators are used to measure the accuracy of the neural network.
Intersection over Union (IoU) is an important metric widely used in fields such as
computer vision to measure the degree of overlap between two sets (usually two regions
represented by bounding boxes in images). It is calculated by dividing the intersection (i.e.,
the overlapping part) of the two sets by the union (all included parts), and the calculation

Its value range is between 0 and 1. A value of 0 indicates no overlap between the two
sets, such as two detection boxes corresponding to different objects in object detection; a
value of 1 indicates complete coincidence, that is, the positions of the detection boxes are
exactly the same and correspond to the same object. In the object detection task, it is mainly
used to evaluate the matching degree between the predicted object bounding box and the
real bounding box. By setting a threshold (such as 0.5) we determine that if it is greater
than this threshold, the predicted box is considered to accurately detect the target; if it is
lower, it may be a wrong or inaccurate detection.

3.3. Experimental Results and Analysis of the URPC Dataset

The URPC dataset encompasses 10,875 images, which are categorized into four subsets:
sea urchin, sea cucumber, scallop, and starfish. The distribution of samples among these
subsets is highly unbalanced. As shown in Figure 6a, the category statistics chart reveals
that the sea urchin subset has the largest number of samples, followed by the starfish and
sea cucumber subsets, with the scallop subset having the fewest.
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Figure 6. The sample information of the URPC dataset. (a) presents statistical information such
as category distribution, box size, centroid position, and aspect ratio of the dataset for analyzing
data characteristics. (b) shows example images from the dataset, presenting the actual situation of
underwater scenes.
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This dataset is divided into a training set and a test set in an 8:2 ratio to support
the training and testing of the proposed algorithm. After this division, 8700 images are
allocated for training and 2175 for testing. However, to further improve the model’s
performance and generalization ability, a validation set is also required. The division into
training, validation, and test subsets is based on the following considerations. Firstly, to
maintain the representativeness of each subset, the samples are divided proportionally
according to the original distribution of each category. Secondly, in order to ensure that
the model can be effectively evaluated and fine-tuned, a sufficient number of samples are
reserved for the validation set.

The dataset showcases a range of intricate scenarios, including visual obstruction
caused by clustered underwater organisms, variations in illumination, and image distortion
resulting from motion capture. These challenging conditions accurately represent the
underwater environment and improve the model’s ability to generalize. The box plot
indicates that the dimensions of the target boxes are relatively uniform. The normalized
target location map suggests that targets are primarily concentrated horizontally but more
dispersed vertically. The standardized target size map reveals that target dimensions are
fairly consistent, with most being small in size. Sample images from the URPC dataset are
displayed in Figure 6b.

3.3.1. Attention Mechanism-Contrast Trials

Conducting the attention comparison experiment on the UPRC dataset is crucial for
in-depth research and evaluation of the performance of different attention mechanisms.
This experiment focuses on analyzing the attention comparison experiment of YOLOV?Z,
aiming to prove the advantages of the SCSA mechanism through detailed data and
result demonstrations.

It can be seen from Table 1 that APechinus, APstarfish, APholothurian, and APscallop
represent the average precision of different underwater targets, respectively. YOLOv7-
SCSA performs well in these four indicators. APechinus has a value of 86.0%, which is
higher than the 85.0% of other models like YOLOV?. For instance, we can use APechinus to
illustrate this comparison. The result shows that the SCSA mechanism can extract features
more precisely when handling sea urchin targets.

Table 1. Experimental contrasts of attention mechanisms based on YOLOv?7.

Method APechinus APgiarfish APyolothurian  APscallop mAP@0.5 mAP@0.5:0.95 Precision (%) Recall (%)
YOLOv7 [20] 85.0% 89.6% 78.5% 35.4% 72.1% 42.6% 82.1 66.9
YOLOvV7-CBAM [28] 85.3% 89.8% 79.3% 34.5% 72.2% 42.6% 82.0 67.1
YOLOvV7-ECA [29] 85.0% 89.5% 79.5% 36.2% 72.6% 42.8% 82.1 68.1
YOLOV7-SE [30] 85.5% 89.4% 78.6% 35.7% 72.3% 42.7% 83.0 66.4
YOLOV7-SimAM [31] 85.2% 89.9% 79.2% 36.2% 72.7% 42.8% 82.0 67.1
YOLOv7-Biformer [32] 85.3% 90.1% 79.8% 36.3% 72.9% 42.9% 81.4 66.5
YOLOv7-SCSA [33] 86.0% 90.8% 84.7% 37.7% 74.8% 43.5% 84.9 68.9

As a consequence, our strategy can be improved. For APstarfish, the value of YOLOv?7-
SCSA is also relatively high, indicating that this mechanism is also effective in starfish
target detection. Regarding APholothurian and APscallop, SCSA also shows advantages,
indicating that it is adaptable to different types of underwater targets and can perform
effective feature extraction for the characteristics of different targets.

Both mAP@0.5 and mAP@0.5:0.95 are two metrics that reflect the comprehensive
detection capabilities of a model under different Intersections over Union (IoU) thresh-
olds. YOLOvV7-SCSA achieves 74.8% in mAP@0.5, which is higher than other models.
The fact that YOLOV7-SCSA achieves 74.8% in mAP@0.5, which is higher than that of
other models, implies that under relatively lower detection requirements, the SCSA can
enhance the overall detection effect of the model for various targets. Moreover, in terms
of mAP@0.5:0.95, its value reaches 43.5%, which is significantly better than other models.
Since this metric considers multiple IoU thresholds, it demonstrates that the SCSA can play
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a good role under different precision requirements. It has a strong generalization ability
and can adapt to various complex detection scenarios, thus providing powerful support
for the comprehensive evaluation of the model’s performance.

The Precision metric represents the precision rate, which is the proportion of samples
that are truly positive among those predicted as positive examples. The Precision rate
of YOLOV7-SCSA is 84.9%, which is higher than that of other models. The fact that
the Precision rate of YOLOV7-SCSA is 84.9%, which is higher than that of other models,
indicates that during the detection process, the SCSA mechanism can identify targets more
accurately, thereby reducing the occurrence of false positives. It can effectively focus on
key information and make more precise judgments on targets, enhancing the accuracy and
reliability of the model. Such a high Precision rate is of crucial importance for underwater
target image recognition tasks. Especially in situations where it is necessary to distinguish
between different target types accurately, the SCSA can provide a more reliable basis for
decision-making for the model.

The Recall indicator represents the recall rate, the proportion of samples that are
positive examples and are predicted as positive examples. The recall rate of YOLOv7-SCSA
is 68.9%, which is higher than that of other models. The higher performance metrics (such
as, the higher precision rate or other relevant evaluation indicators mentioned before)
indicate that the SCSA mechanism can better detect targets and reduce the number of
missed reports. In underwater target image recognition, due to factors such as complex
environments and diverse targets, missed detections are a common problem. By better
focusing on crucial information and improving the feature expression ability, SCSA can
effectively enhance the coverage ability of the model for targets, ensuring that more targets
are correctly detected, thereby improving the practicability and effectiveness of the model.

The SCSA mechanism can better focus on essential information, improve the feature
expression ability, and extract target features more accurately by effectively integrating
multi-semantic spatial information and channel information, thereby significantly improv-
ing the performance of the YOLOv7 model in the underwater target image recognition task.
This conclusion is consistent with the theoretical expectations of the attention mechanism
and provides a more effective solution for underwater target image recognition.

3.3.2. Ablation Experiment

In the underwater target image recognition research, to deeply explore the influence of
different modules on the model performance, we use the UPRC dataset to conduct module
ablation experiments. This experiment aims to evaluate the importance and contribution
of each module in the underwater target recognition task by purposefully removing or
replacing specific modules in the model. Through conducting rigorous module ablation
experiments on the UPRC dataset, we expect to more accurately understand the mechanism
of action of different modules, thereby providing a solid basis for further optimizing the
model performance.

Table 2 of the ablation experiment clearly shows the importance of different modules
for the YOLOv7 model in underwater target image recognition. The base model (YOLOV?),
when no new module is added, has an accuracy of 82.1%, a recall rate of 66.9%, a mAP@0.5
of 72.1%, and a mAP@0.5:0.95 of 42.6%, providing a baseline performance for subsequent
comparisons. When only the RFAConv module is added, the accuracy increases to 85.1%,
and the mAP@0.5 changes to 73.1%, etc., indicating that this module, with its better feature
extraction ability, plays a positive role in dealing with the problems of high noise and
unclearness of sonar images, and improves the model’s ability to learn and represent target
features. Then, when both the RFAConv and SCSA modules are added simultaneously, the
accuracy further improves to 88.2%, and all indicators have significantly improved, high-
lighting the importance of the SCSA mechanism in reducing the interference of irrelevant
information and enabling the model to focus on target features.
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Table 2. Ablation comparison of model performance improvements on the URPC dataset.

Model RFAConv SCSA MIFM Precision Recall mAP@0.5 mAP@0.5:0.95
82.1% 66.9% 72.1% 42.6%
Vv 85.1% 67.2% 73.1% 42.7%
YOLOVZ N Ni 88.2% 69.3% 75.9% 44.3%
Vv Vv Vv 89.9% 73.0% 79.1% 45.0%

The / represents that this module is used in the model.

Finally, when the three REAConv, SCSA, and MIFMs are added, the model perfor-
mance is at its best. The accuracy is 89.9%, the recall rate is 73.0%, the mAP@0.5 is 79.1%,
and the mAP@0.5:0.95 is 45.0%. The MIFM solves the problem of significant differences
in underwater target sizes by better fusing multi-scale information. The three modules
work together to make the model perform outstandingly in the underwater target image
recognition task. The excellent performance shown in aspects like higher precision rates,
better mAP values at different thresholds, and other remarkable achievements fully prove
the respective advantages of the RFAConv, SCSA, and MIFMs and their collaboration effect.
This provides a clear direction and a solid basis for further optimizing the underwater
target image recognition model.

As shown in Figure 7, by comparing the two confusion matrices, it can be seen that
MFFE-YOLOv7 shows advantages in multiple aspects. First, for each category of targets,
the accuracy of MFF-YOLOV?7 has generally improved. For example, the accuracy of the
“echinus” category has increased from 0.84 to 0.9. Secondly, the added modules help to
reduce the misclassification rate. The RFAConv module improves the feature extraction
ability, enabling the model to handle the high noise and unclearness of sonar images
better; the SCSA mechanism focuses on important feature information and reduces the
interference of irrelevant information. Especially when facing numerous interfering pieces
of information in underwater target recognition, it can improve the recognition accuracy
of the model; the MIFM effectively solves the problem that the traditional module is
challenging to process features of different scales due to the significant size differences
in underwater targets by better fusing multi-scale information. These advantages make
MFF-YOLOV7 more accurate and reliable in the underwater target image recognition task,
providing a more effective model choice for research in this field.
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Figure 7. The confusion matrices of the models under the URPC dataset are as follows: (a) is the
confusion matrix of YOLOV?7, and (b) is the confusion matrix of MFF-YOLOV?7.

Figure 8a The Precision-Recall (PR) curve of YOLOvV7 shows different characteristics
in different categories. The precision value of the “echinus” sea urchin target is 0.850,
indicating a relatively high detection precision at different recall rate levels. The “starfish”
target’s precision is 0.896, showing good detection performance. However, the precision
of the “scallop” target is only 0.354, indicating that the performance in detecting this type
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of target needs to be improved. The precision of the “holothurian” sea cucumber target is
0.785, which is at a medium level. Considering all categories, the average precision is 0.721.
From the overall shape, the precision shows a downward trend as the recall rate increases.
The situation requires further analysis of the specific numerical changes in different recall
rate intervals better to understand the performance of YOLOV? in various situations.
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Figure 8. The PR curve of the model under the URPC dataset (a) is the PR curve of YOLOv7 and
(b) is the PR curve of MFF-YOLOV?.

Figure 8b The PR curve of MFF-YOLOV7 has improved in all categories. The precision
of the “echinus” sea urchin target has increased to 0.927, which is significantly higher than
that of YOLOv?7. The “starfish” target’s precision has reached 0.993, almost approaching
perfect detection precision, with excellent performance. The precision of the “scallop”
scallop target is 0.397. Although it is still relatively low, it has made particular progress
compared to YOLOvV?. The precision of the “holothurian” sea cucumber target is 0.847, a
noticeable improvement. Overall, the average precision has increased to 0.791. From the
overall PR curve, the curve of MFF-YOLOV?7 is closer to the upper right corner, meaning
that it has higher precision at the same recall rate or higher recall rate at the same precision,
showing its advantage in the underwater target image recognition task.

Overall, MFF-YOLOV? is superior to YOLOV? in all categories and the comprehensive
average precision, fully demonstrating the improvement effect of the added three modules
(RFAConv, SCSA, and MIFM) on the model performance. The improvement amplitudes
of precision in different categories vary. For example, the “starfish” category significantly
improves amplitude, while the “scallop” category has improved but is still relatively low,
suggesting that subsequent research needs to further optimize the model for scallop targets.
It can be seen from the shape and position of the PR curve that MFF-YOLOV7 can maintain
a high precision into a broader range of recall rates, which is very valuable for balancing
detection precision and recall rate in practical applications. To sum up, by analyzing the
PR curves of these two models, the performance advantages of MFE-YOLOV?7 after adding
the three modules in the underwater target image recognition task are clarified, providing
an essential basis for further improving and optimizing the model.

Figure 9 presents a visual comparison of the performance of YOLOv7 and MFF-
YOLOV7? in multiple underwater scenes, which provides valuable insights into the capabili-
ties of both models.

In the context of multi-target detection, YOLOvV7 exhibits several limitations. As
shown in the figure, in complex underwater environments, it often struggles to accurately
detect and distinguish between multiple targets. Small-sized and occluded targets pose
particular challenges for YOLOv7. The model is prone to missed detections, where it fails
to identify some of the targets present in the scene. Additionally, false detections occur,
where it incorrectly identifies objects as targets. This is mainly due to the complex nature
of underwater sonar images, which have low resolution and contain various interfering
factors. The indistinct target discrimination ability of YOLOvV? further exacerbates these
issues, making it difficult to accurately classify different types of targets. Achieving a
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balanced detection accuracy and recall rate for different target types is also a challenge for
YOLOV7 in such scenarios.
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Figure 9. The recognition results of the model in the underwater scenes of the URPC dataset.
(a) shows the recognition results of the YOLOv7 model, indicating the problems of missed detections,
false detections, and interference from the environment in multi-target and single-target detections.
(b) is the recognition result of the MFF-YOLOvV7 model, reflecting the advantages of this model in
accurately detecting various targets and balancing accuracy and recall rate.

In contrast, MFF-YOLOV7 shows significant improvements in multi-target detection.
The added RFAConv module enhances the model’s feature extraction capabilities, especially
in the presence of high noise and unclear sonar images, which are typical in underwater
environments. This allows the model to better capture the characteristics of targets. The
SCSA mechanism focuses the model’s attention on the relevant features of each target,
reducing the interference from irrelevant information and improving the discrimination
between different targets. The MIFM effectively fuses multi-scale information, enabling the
model to handle targets of various sizes, including small-sized and occluded ones. As a
result, MFF-YOLOV? can accurately detect a greater number of targets and achieve a more
balanced detection accuracy and recall rate across different target types, thereby enhancing
the overall multi-target detection performance.
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For single-target detection, YOLOV? is highly susceptible to the complex factors in
the underwater environment. Changes in lighting and water turbidity can significantly
affect its ability to extract meaningful features from a single target. As a consequence, it
has difficulties in accurately identifying single targets with indistinct features. The low
annotation probability of such targets further compounds the problem, as the model has less
training data to learn from. This leads to unstable detection results, with the performance
varying depending on the environmental conditions.

MEFE-YOLOV?, on the other hand, demonstrates higher accuracy and stability in single-
target detection. The SCSA mechanism enables the model to focus precisely on the features
of a single target, effectively reducing the influence of environmental interference. This
allows the model to accurately identify single targets even in challenging underwater
conditions. For single targets with indistinct features, the combined effect of the RFAConv
and MIFMs leads to more effective feature extraction. This, in turn, improves the detection
success rate, as the model can better capture the subtle characteristics of the target.

The improved MFF-YOLOV? offers several notable advantages. Firstly, it provides
higher detection accuracy in both multi-target and single-target detection scenarios, ef-
fectively reducing false and missed detections. Secondly, it exhibits better adaptability to
the complex environment of multiple underwater scenes, including variations in lighting,
water turbidity, significant differences in target sizes, and occlusions. This adaptability
makes it a more reliable solution for underwater target detection in real-world applications.
Furthermore, it achieves a more balanced performance across different types of targets,
which is crucial for comprehensive underwater target recognition. The overall improve-
ment in detection performance not only provides more accurate results but also serves as a
foundation for more advanced underwater imaging and sensing applications. Additionally,
the stable detection results of MFF-YOLOV?7 ensure the reliability of the data generated,
which is essential for subsequent analysis and decision-making processes.

In summary, the visual evidence in Figure 9, along with the detailed analysis, clearly
demonstrates that MFE-YOLOV? is significantly superior to YOLOvV7 in multi-target and
single-target detection and recognition in multiple underwater scenes. This superiority
validates the effectiveness of the proposed modifications and highlights the potential of
MFF-YOLOV? for various underwater target detection applications.

3.3.3. Contrasting Experiments with the Other Algorithms

In the research of underwater target detection, it is essential to introduce the MFF-
YOLOV? model and compare it with other models. On the one hand, the underwater
environment is complex and changeable. The forms and sizes of targets vary, and they are
often affected by various factors such as lighting, water flow, and turbidity. By comparing
it with other models, the performance of MFF-YOLOV? in dealing with these complex
challenges can be clarified better to evaluate its feasibility and reliability in practical applica-
tions. On the other hand, different target detection models adopt different algorithms and
techniques. The advantages and disadvantages of various methods can be deeply under-
stood through comparison, providing directions for further improvement and optimization
of MFE-YOLOV?.

As shown in Table 3, the performance of different target detection models is com-
pared on the URPC dataset. Among them, YOLOv5s has average performance in various
indicators, with an accuracy of 80.4%, a recall rate of 65.5%, a mAp@0.5 of 68.9%, and
a mAp@0.5:0.95 of 38.1%, indicating that there is room for improvement in its detection
performance. YOLOv5m has made particular progress compared to YOLOv5s, with an
accuracy of 82.6%, but the overall performance still needs to improve. YOLOV7 has a rela-
tively balanced performance in multiple indicators, with an accuracy of 82.1%, a recall rate
of 66.9%, a mAp@0.5 of 72.1%, and a mAp@0.5:0.95 of 42.6%, but there is still potential for
improvement. YOLOv7-Tiny has a particular advantage with an accuracy of 82.7%, but the
recall rate of 63.6% and mAp@0.5:0.95 of 36.9% are relatively low. YOLOv7-SDBB performs
well in some indicators, with an accuracy of 82.0%, a recall rate of 66.8%, a mAp@0.5 of
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72.4%, and a mAp@0.5:0.95 of 43.4%, but there is a gap compared to the excellent models.
YOLOvVS8n has weak overall performance, with an accuracy of 80.1%, a recall rate of 64.8%,
a mAp@0.5 of 68.6%, and a mAp@0.5:0.95 of 38.6%. YOLOVY is comparable to YOLOV7 in
some indicators, with an accuracy of 82.1%, a recall rate of 64.8%, a mAp@0.5 of 71.0%, and
a mAp@0.5:0.95 of 42.0%, and there is also room for further improvement.

Table 3. Performance comparison of target detection models on the URPC dataset.

Model Precision (%) Recall (%) mAp@0.5 (%) mAp@0.5:0.95 (%)
YOLOvS5s [34] 80.4 65.5 68.9 38.1
YOLOv5m [35] 82.6 65.2 69.5 41.2

YOLOV7 [20] 82.1 66.9 72.1 42.6
YOLOv7-Tiny [36] 82.7 63.6 69.6 36.9
YOLOV7-SDBB [20] 82.0 66.8 72.4 43.4
YOLOvVSn [37] 80.1 64.8 68.6 38.6
YOLOVY [21] 82.1 64.8 71.0 42.0
MFE-YOLOv7 89.9 73.0 79.1 45.0

Our MFF-YOLOvV7 model performs outstandingly in various indicators on the URPC
dataset. The accuracy is as high as 89.9%, which is significantly higher than other models,
and means it can identify targets more accurately and thus reduce false alarms. The
recall rate is 73.0%, higher than most models, which can detect targets better and thus
reduce missed alarms. The mAp@0.5 is 79.1%, and mAp@0.5:0.95 is 45.0%, leading among
all models, which fully demonstrates that this model has excellent performance under
different Intersection over Union (IoU) thresholds and can evaluate the detection ability of
the model more comprehensively. Compared with other target detection models on the
URPC dataset, the MFF-YOLOv7 model shows obvious advantages and achieves better
accuracy, recall rate, and average precision, providing a more effective solution for tasks
such as underwater target detection.

3.4. Experimental Results and Analysis of the SCTD

The experimental data used in this study comes from the Sonar Common Target
Detection Dataset (SCTD) collected and organized by Zhou Yan, containing 596 images.
The sonar targets in these images were labeled using the open-source annotation tool
Labellmg. The annotated dataset mainly includes three main types of targets: sunken
ships (461 images), crashed aircraft (90 images), and human bodies (45 images). Random
rotation and Gaussian blurring were applied to balance the original dataset and alleviate
the problem of sample imbalance. In the final photos, these three main targets contain 512,
454, and 397 instances, respectively. The dataset is divided into a training set, validation
set, and test set in the ratio of 7:1:2. Figure 10 shows the schematic diagrams of these three
typical sonar image targets.

(a)human

Figure 10. Cont.
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(c)aircraft

Figure 10. The SCTD sonar images dataset.

Model Generalizability Experiment

Accurately identifying targets in sonar images in underwater target detection is cru-
cial for various applications. We need to conduct extensive experimental verification to
ensure that the proposed model can perform well in different scenarios. Among them,
experiments on the SCTD were conducted to verify the model’s generalization. The SCTD
contains various underwater sonar images covering various environments and target types.
Through experiments on this dataset, we can evaluate whether the model can accurately
identify and classify targets when facing complex and changeable actual situations, thereby
verifying the model’s generalization ability and providing strong support for its reliability
in practical applications.

Table 4 shows that our MFF-YOLOvV7 model has obvious advantages and excellent
generalization among various underwater target detection models.

Table 4. Accuracy of various underwater target detection models built in the SCTD.

Method APgpip APpane APhuman mAp@0.5 mAp@0.5:0.95
SSD [38] 86.2% 86.8% 86.1% 86.4% 43.0%
Faster R-CNN [17] 88.2% 86.8% 87.3% 87.5% 43.8%
YOLOVS3 [17] 87.3% 89.0% 86.1% 87.5% 47.8%
YOLOV4 [18] 89.2% 87.9% 87.3% 88.2% 49.6%
YOLOVS5 [39] 90.2% 90.1% 89.9% 90.1% 56.6%
YOLOvV7 [20] 89.2% 89.0% 89.9% 89.3% 54.0%
YOLOVS [37] 89.2% 90.1% 89.9% 89.7% 54.7%
MFF-YOLO v7 96.3% 99.9% 99.9% 98.7% 63.2%

Compared with other models, the MFF-YOLOv7 model has significantly improved
all indicators. In terms of APship (average precision of ship detection), APplane (average
precision of aircraft detection), and APhuman (average precision of human detection), the
MFE-YOLOv7 model has reached 96.3%, 99.9%, and 99.9%, respectively, far higher than
other models. In terms of mAp@0.5 (average precision when the IoU threshold is 0.5) and
mAp@0.5:0.95 (average precision when the IoU threshold is between 0.5 and 0.95), the
MFE-YOLOv7 model has reached 98.7% and 63.2%, respectively, also significantly ahead of
other models.
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This indicates that the MFF-YOLOv7 model can more accurately detect various under-
water targets, including ships, aircraft, and humans. It has a higher vital generalization
ability and can adapt to different underwater target detection tasks. In contrast, other
models such as SSD, Faster R-CNN, YOLOv3, YOLOv4, YOLOv5, YOLOv7, and YOLOvVS8
perform relatively poorly in these indicators. Our MFF-YOLOvV7 model has significant
advantages and excellent generalization in underwater target detection and can provide
more reliable and accurate detection results for related applications.

MFF-YOLOV7 shows an outstanding performance on the SCTD. It can be seen from
the PR curve in Figure 11 that the average precision of all categories is as high as 0.987
when the Intersection over the Union threshold is 0.5, which shows that the model as a
whole has extremely high detection accuracy. Specifically for each category, the average
detection precision of ships is 0.963, and the detection effect is good. However, with the
human and aircraft categories at 0.999, it is almost close to perfect detection.
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—— plane0.999
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Figure 11. MFF-YOLOvV?7 PR plots of the SCTD.

Overall, this model performs well in detecting various types of targets, has a high
overall average precision, has strong generalization ability and accuracy, and can ac-
curately identify and detect different types of underwater targets. Generally speaking,
MFF-YOLOV? performs outstandingly in underwater sonar image target detection and
provides an efficient and reliable solution for this field.

3.5. Generalization Experiment
3.5.1. UATD Datasets

In today’s field of scientific research, the performance verification of models is a key
link in promoting technological development. To explore the performance of the model in
complex situations comprehensively and deeply, we carefully selected the UATD dataset to
conduct experiments.

The UATD dataset is quite considerable in size, consisting of 9000 sonar images. Its
data collection was accomplished with the aid of a Multi-Beam Forward-Looking Sonar
(MFLS), and the adopted Tritech Gemini 1200ik sonar has high-resolution characteris-
tics and can flexibly switch the operating frequency between 720 kHz (long distance)
and 1200 kHz (short distance) for targets at different distances.

One of the highlights of this dataset lies in the authenticity of its collection environ-
ment. Some of the data are from Jinshitan, Dalian, where the water depth is in the shallow
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water environment ranges from 4 to 10 m; another part is from Haoxin Lake, Maoming,
with a maximum water depth of 4 m. The data collected in such real marine and shal-
low water environments undoubtedly add more practical significance and challenges to
the experiments.

More importantly, the UATD dataset covers a rich and diverse range of object cate-
gories, including ten types such as Cube, Ball, Cylinder, Human Body, Plane, Circle Cage,
Square Cage, Metal Bucket, Tire, and ROV. These objects are imaged in the underwater
environment with low visibility, and the complexity of their sonar images can be imagined.
Precisely because the UATD dataset has the notable characteristics of low visibility and
multiple objects, it becomes an ideal choice for us to verify the superiority of the model
in complex situations. Experiments based on this dataset will also provide an extremely
valuable basis and profound insights for the performance evaluation of the model.

The dataset is already split in training, testing and validation sets comprising 7600,
800, and 800 sonar images, respectively.

3.5.2. Experimental Results and Analysis

Table 5 presents a performance comparison between various deep learning models in
the literature with MFF-YOLOV?7, all trained on the UATD dataset [27]. Among all these
models, MFF-YOLOV7 demonstrated superior performance, achieving the best precision,
recall, and mAP50.

Table 5. Comparison of Performance of different object detection models and MFF-YOLOvV7 on
UATD Dataset.

Model Precision (%) Recall (%) mAp@0.5 (%)
RetinaNet [40] 63.2 62.4 62.5
Faster R-CNN [17] 74.3 75.3 75.1
YOLOVS3 [17] 85.4 82.1 79.1
SDD Net [41] 81.3 79.7 80.2
YOLO-DCN [42] 86.2 83.4 80.5
YOLOV3SPP [43] 91.1 93.0 92.2
YOLOVS [37] 85.4 81.0 83.3
MFE-YOLOvV?7 91.2 88.9 87.2

In the comparison of different object detection models, the precision of MFF-YOLOv7
reached 91.2%. Compared with 63.2% of RetinaNet and 74.3% of FasterRCNN, it has a
relatively significant advantage, indicating that in the detection results, the proportion of
correct predictions as positive examples is relatively higher, that is, the performance of
detection accuracy is excellent, and the false alarm situation is relatively less. At the same
time, compared with YOLOvV3SPP (91.1%), which also has a high precision, MFF-YOLOv7
is slightly better, which reflects its excellent ability to accurately identify targets.

The recall rate of MFF-YOLOV7 is 88.9%. Compared with models such as 62.4%
of RetinaNet and 81.0% of YOLOVS, it can better find out the actual positive examples,
meaning that under the UATD dataset, the possibility of missing targets is relatively lower,
and it has a good performance in comprehensively detecting all relevant targets, and has a
wide coverage of targets.

The mAp@0.5 of MFF-YOLOV? reached 87.2%. Compared with models such as 62.5%
of RetinaNet and 75.1% of FasterRCNN, it has obvious advantages. Furthermore, when
compared with other common and better-performing models such as YOLOvV3 (79.1%)
and YOLO-DCN (80.5%), it is also at a relatively high level. This reflects that its average
precision at different recall rates is good. When considering the detection accuracy and
recall situation comprehensively, the overall performance is relatively prominent, and it
can complete the object detection task more stably and with high quality.

Overall, by comparing with multiple different object detection models on the UATD
dataset, MFF-YOLOvV7 has shown its superiority in several key indicators such as pre-
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cision, recall rate, and mean average precision, proving its excellent performance in the
complex underwater object detection scene (corresponding to the characteristics of the
UATD dataset).

Figure 12 shows the confusion matrix of the UATD dataset obtained by comparing the
predicted labels with the actual labels.
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Figure 12. Confusion Matrix Results for UATD Dataset.

Figure 13 shows the label map (Figure 13a) and the predicted label map (Figure 13b).
In the label map, different targets such as “cube”, “ball”, “circle cage”, etc., are clearly
marked. The predicted label map shows the prediction results of the model for these targets
and the corresponding probability values.

In the single-target scenario, such as in sub-images where only “cube” or “ball”
exists, the model has significant advantages. When the model predicts a single target, the
prediction probability is often high. Taking “cube” as an example, when the sub-image
in the label map is marked as “cube”, the corresponding predicted label in the predicted
label map is “cube”, and the probability value is mostly above 0.8, which indicates that
the model has high accuracy in identifying single targets and has a strong confidence in
recognizing individual targets.

Furthermore, the model performs well in distinguishing different types of single
targets. The prediction probability for “ball” is generally high, which means that when
dealing with single-target situations, the model can distinguish “cube” and “ball” well and
rarely misjudge.

In the multi-target scenario, for example, when there are both “cube” and “circle cage”,
or “ball” and “circle cage” in the sub-image, the model’s performance is satisfactory. It
can be seen from the predicted label map that the model can accurately identify multiple
targets one by one. For instance, in the sub-image with both “cube” and “circle cage”, the
model can correctly label these two targets, and the probability value corresponding to
each target is within a reasonable and acceptable range.

More importantly, when dealing with multiple targets, the model does not miss any tar-
gets. In all sub-images containing multiple targets, the model can completely identify all the
targets, reflecting its good performance in the face of a complex multi-target environment.
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Figure 13. (a) Test set labels. (b) Predicted bounding boxes of the test set.

Overall, whether in single-target or multi-target cases, the labels predicted by the
model have a high consistency with the actual labels, and the predicted probability values
are mostly at a relatively high level. This characteristic demonstrates the model’s outstand-
ing advantages when dealing with single and multi-targets in the UATD dataset. In the
complex underwater environment, this superiority is of great significance for target detec-
tion and recognition work, which can significantly improve the accuracy and reliability of
detection and provide a strong guarantee for related work.
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4. Limitations of the Proposed Method
4.1. Data Requirements and Adaptability Challenges

Although the MFF-YOLOvV7 model incorporates certain strategies to handle data
challenges, it still has notable limitations. The model requires a substantial amount of
labeled data for effective training. Despite the efforts to address the small sample size
issue, in scenarios where the underwater environment or target characteristics deviate
significantly from the training data, the model’s performance may degrade. For example,
when encountering new types of underwater terrains or previously unseen target species,
the model might struggle to accurately detect and classify targets. This indicates that the
model’s adaptability to novel underwater conditions and target variations needs improve-
ment. Future research should focus on developing techniques to enhance the model’s
generalization ability across diverse underwater scenarios and target types, potentially
through advanced data augmentation methods or unsupervised learning strategies.

4.2. Noise Processing and Computational Efficiency

The MFF-YOLOv7 model has made efforts to address the noise problem in sonar
images, but challenges remain. While the introduced modules such as RFAConv and the
SCSA mechanism contribute to feature extraction and noise reduction, extremely high
noise levels or complex noise patterns in underwater sonar images can still impact the
model’s accuracy. Additionally, although the model aims to balance performance and
computational complexity, its computational requirements are relatively high compared
to some lightweight models. This restricts its application in resource-constrained under-
water devices with limited processing power and memory. Future work should explore
more efficient noise reduction algorithms and optimize the model’s architecture to re-
duce computational overhead, enabling its deployment in a wider range of underwater
sensing systems.

4.3. Model Complexity and Generalization Ability

The complexity of the MFF-YOLOvV7 model, with its multiple innovative modules
like the Multi-Scale Information Fusion Module (MIFM) and the combination of different
attention mechanisms, enhances its performance but also brings drawbacks. The intricate
architecture increases the difficulty of training and debugging, slows down the model’s
iteration speed, and reduces its maintainability. Moreover, in cases of severe data imbalance,
the model’s generalization ability may be compromised. For instance, if certain target
classes are severely underrepresented in the training data, the model might not perform
optimally for those classes in real-world applications. Future research should strive to
simplify the model’s structure without sacrificing performance, improve its generalization
ability through more effective data handling techniques, and conduct comprehensive
evaluations on a broader range of underwater sonar image datasets to ensure its stability
and reliability in various practical scenarios.

By understanding these limitations, future research can be directed towards improving
the model. This could involve developing more advanced noise suppression techniques,
optimizing the model structure to reduce computational costs, exploring data augmentation
and balancing strategies to enhance generalization ability, and improving the model’s
interpretability. These efforts will enable the MFE-YOLOv7 model to play a more significant
role in a wider variety of underwater target detection applications and contribute more
effectively to the field of underwater imaging and sensing.

4.4. Dataset-Specific Performance and Improvement Directions

The MFF-YOLOvV7 model has limitations despite its general superiority. For the
URPC dataset, results are subpar, with low recall for scallops. This may stem from the
dataset’s complex underwater environments and diverse target species, causing the model
to struggle in generalization. To boost scallop recall, gathering more diverse, high-quality
sonar images of scallops can enrich the dataset and help the model learn scallop features
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better. Optimizing the model’s architecture or training process, like modifying network
layers or adjusting algorithms, is also essential to enhance sensitivity to scallop features.

The SCTD shows excellent results, likely due to a better fit between its features and the
model’s design. However, a deeper analysis is needed to clarify the performance difference.

To improve overall underwater biota detection, other strategies include fine-tuning
hyperparameters for target datasets to enhance accuracy and generalization. Advanced
data preprocessing such as adaptive noise filtering and normalization can assist in handling
input data. Incorporating domain knowledge by customizing feature extraction or attention
mechanisms to match underwater organisms’ visual cues is beneficial. Understanding
these limitations guides future research in developing better noise suppression, optimizing
the model for lower computational costs, exploring data augmentation and balancing,
and improving model interpretability, enhancing the model’s role in underwater target
detection and its contribution to underwater imaging and sensing.

5. Conclusions
Our contributions can be summarized as follows:

1. We have introduced a series of new modules to enhance the model’s performance.
The Multi-Scale Information Fusion Module (MIFM) has replaced the SPPCSPC in
YOLOV?. It can integrate multi-scale information better, thereby strengthening the
model’s ability to handle features of different scales. This improvement has effectively
addressed the issue that due to the significant differences in the sizes of underwater
targets, traditional modules have difficulties processing features of different scales. It
has significantly improved the accuracy of sonar image target recognition accuracy
and reduced the occurrences of missed and false detections.

2. The RFAConv has been introduced to replace the Conv in the CBS of ELAN. It boasts
better feature extraction capabilities and is more adaptable to sonar images” high-noise
and unclear characteristics. As a result, it has significantly enhanced the model’s
ability to learn and represent the features of sonar images, enabling it to extract helpful
target features from noise more effectively.

3. Moreover, the SCSA mechanism has been introduced at three connection positions
between the backbone network and the head. It helps the model focus more on
important feature information and reduces the interference of irrelevant information.
The introduction of the SCSA mechanism at three connection positions between
the backbone network and the head further improves the recognition accuracy and
robustness of the model, allowing it to focus on target features more accurately in
complex underwater environments.

We have carried out detailed experiments on datasets like URPC, SCTD, and UATD,
which cover attention mechanism comparison experiments, ablation experiments, and
comparison experiments with other mainstream algorithms. Through these efforts, we
have fully validated the effectiveness and superiority of the MFE-YOLOv7 model. The MFF-
YOLOV7 model has significantly improved all metrics in these experiments. It has shown a
more vital generalization ability and the capacity to precisely detect various underwater
targets, providing a more reliable and accurate solution for underwater target detection.
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Abbreviations

The following abbreviations are used in this manuscript:

MFF-YOLOv7 Multi-Gradient Feature Fusion YOLOv7 model

MIFM Multi-Scale Information Fusion Module
SPPCSPC Spatial Pyramid Pooling Channel Shuffling and Pixel-level Convolution
CBS Convolution-Batch Normalization-SiL.U activation function
ELAN Efficient Layer Aggregation Network
RFAConv Recurrent Feature Aggregation Convolution
SCSA Spatial and Channel Synergistic Attention
UATD Underwater Acoustic Target Detection Dataset
SCTD Smaller Common Sonar Target Detection Dataset
The Underwater Optical Target Detection Intelligent Algorithm Competition
URPC
2021 Dataset
GCC-Net Grouped Channel Composition Network.
YOLO You Only Look Once
Conv Convolution
BN Batch Normalization
SiLU Sigmoid Linear Unit
RFA Receptive Field Attention
SMSA Shared Multi-Semantic Spatial Attention
CBS Convolution-Batch Normalization-SiL.U activation function
PCSA Progressive Channel Self-Attention
10U Intersection Over the Union
CBAM Convolutional Block Attention Module
ECA Efficient Channel Attention
SE Squeeze-and-Excitation
SimAM A Simple, Parameter-Free Attention Module for Convolutional Neural Networks
Biformer Bidirectional Interactive Attention Transformer

Faster R-CNN  Faster Region-based Convolutional Neural Networks
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Abstract: As seabed exploration activities increase, side-scan sonar (SSS) is being used more
widely. However, distortion and noise during the acoustic pulse’s travel through water
can blur target details and cause feature loss in images, making target recognition more
challenging. In this paper, we improve the YOLO model in two aspects: lightweight design
and accuracy enhancement. The lightweight design is essential for reducing computational
complexity and resource consumption, allowing the model to be more efficient on edge
devices with limited processing power and storage. Thus, meeting our need to deploy
SSS target detection algorithms on unmanned surface vessel (USV) for real-time target
detection. Firstly, we replace the original complex convolutional method in the C2f module
with a combination of partial convolution (PConv) and pointwise convolution (PWConv),
reducing redundant computations and memory access while maintaining high accuracy. In
addition, we add an adaptive scale spatial fusion (ASSF) module using 3D convolution to
combine feature maps of different sizes, maximizing the extraction of invariant features
across various scales. Finally, we use an improved multi-head self-attention (MHSA)
mechanism in the detection head, replacing the original complex convolution structure,
to enhance the model’s ability to focus on important features with low computational
load. To validate the detection performance of the model, we conducted experiments
on the combined side-scan sonar dataset (SSSD). The results show that our proposed SS-
YOLO model achieves average accuracies of 92.4% (mAP 0.5) and 64.7% (mAP 0.5:0.95),
outperforming the original YOLOv8 model by 4.4% and 3%, respectively. In terms of model
complexity, the improved SS-YOLO model has 2.55 M of parameters and 6.4 G of FLOPs,
significantly lower than those of the original YOLOv8 model and similar detection models.

Keywords: side-scan sonar (SS5); YOLOVS; lightweight design; partial convolution; multi-
head self-attention; feature fusion

1. Introduction

In modern marine surveying, side-scan sonar (SSS) technology is widely used [1-3].
With the increase in marine development activities, the application of SSS technology has
been continuously deepening. It is now widely used in various fields such as underwater
target search, seabed geomorphological surveys, pipeline inspections, and marine environ-
mental studies. The principle of side-scan sonar equipment is to transmit acoustic pulses
to the seabed or underwater targets, through sensors mounted on an unmanned surface
vessel (USV) or an autonomous underwater vehicle (AUV). The acoustic pulses transmitted
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outward will be reflected, and will generate scattered echo when they encounter under-
water objects or the seabed [4]. The intensity of the scattered echo is influenced by factors
such as the shape and material of the target, while the return time difference is affected
by the position of the target. SSS records the scattered echos, which are used to generate a
two-dimensional sonar image of the underwater surface. Thus, indicating the position and
status of the target.

In recent decades, manual extraction has been the primary method for target identifica-
tion in SSS. These manual approaches include support vector machine (SVM) [5,6], singular
value decomposition (SVD) [7,8], and independent component analyses (ICA) [9,10], among
others. They rely on image pixel features, image variations, grayscale thresholds, or known
prior information, along with manually designed filters, to accomplish underwater target
detection tasks. However, in addition to being laborious and resource-intensive, many
approaches have drawbacks such inadequate robustness, excessive complexity, and low
detection accuracy [11].

Because of the remarkable performance and broad application of convolutional neu-ral
networks (CNN) in standard optical images, scholars have recently begun to pay more
attention to the use of deep learning techniques for target detection in SSS images. Kong
et al. [12] proposed a model via the dual-path network and the fusion transition module
to conduct feature extraction. In addition, this model uses a dense connection technique
to enhance multi-scale prediction, enabling low signal-to-noise ratio and small effective
sample sizes for object location and classification. Wang et al. [11] proposed the use of
multi-scale convolution and attention mechanisms with global reception fields to obtain
sonar image multi-scale semantic features and enhance the correlation between features.
Zhang et al. [13] improved the YOLOvV7 network by adding the Contextual Transformer
(CoT) module in the backbone and the Coordinate Attention (CA) module in the neck to
enhance the model’s feature extraction capabilities. Additionally, they reconstructed the
combined network features based on the BiFPN structure. Wen et al. [14] highlights the
Swin-Transformer for dynamic attention and global modeling, which enhanced model
attention to the desired regions inside SSS images containing large amounts of irrelevant
information. They also incorporated a feature scaling factor into the model to address
the uncertainty of geometric features in SSS target characteristics. In their subsequent
research, Wen et al. [15] proposed a new YOLOv7 model that combines attention mecha-
nisms and scaling factors for underwater SSS target detection. This model builds on their
previous findings by incorporating scaling factors into the improved YOLOV7 architecture,
addressing the issue of low detection accuracy caused by the uncertainty of geometric
features in SSS targets. The new YOLOv7 model achieved a 2.58% increase in mAP accuracy
compared to their earlier YOLOvV7 model, and a 9.28% increase compared to the original
YOLOvV7 model.

Mittal et al. [16] evaluated the performance of several traditional lightweight object
detection models on well-known datasets such as MS-COCO and PASCAL-VOC, demon-
strating the effectiveness of these models on edge devices. They listed the applications
of lightweight object detection models in areas such as autonomous driving, robotic vi-
sion, intelligent transportation, and industrial quality inspection. They also suggested
that future research should continue to optimize lightweight object detection models to
improve their practicality and performance on edge devices. Liu et al. [17] proposed a
lightweight object detection algorithm for robots based on an improved YOLOVS5. They in-
troduced C3Ghost and GhostConv modules into the YOLOv5 backbone network to reduce
model parameters while maintaining detection speed and accuracy. Additionally, DWConv
modules were incorporated into the YOLOv5 neck network to further decrease model
parameters and enhance feature fusion speed. Lang et al. [18] proposed a lightweight object
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detection framework called MSF-SNET for the real-time detection of airborne remotely
sensed images in resource-limited situations. The framework uses SNET as a backbone
network to reduce parameter and computational complexity while enhancing small object
detection through multi-scale feature fusion. Zhang et al. [19] proposed MSFF-Net, a Multi-
scale Spatiotemporal Feature Fusion Network, for video saliency prediction. The network
uses 3D convolutions and a Bi-directional Temporal-Spatial Feature Pyramid (BiTSFP) to
fully exploit spatiotemporal features. An Attention-Guided Fusion (AGF) mechanism and
Frame-wise Attention (FA) module are introduced to adaptively learn fusion weights and
emphasize useful frames. MSFF-Net outperforms existing methods in accuracy on DHFIK,
Hollywood-2, and UCF-sports datasets.

In summary, the current challenges in target detection tasks for SSS images include a
limited number of dataset samples, high model complexity, and poor detection accuracy.
SSS images typically have low resolution, complex seabed backgrounds, and a variety
of underwater targets, making object detection particularly difficult. Traditional object
detection methods are often inefficient in these special environments, especially on edge
devices where computational resources and storage space are limited, exacerbating these
issues. To address these challenges, lightweight object detection models and feature fusion
techniques have become key research directions. The lightweight model greatly reduces
computational complexity and resource consumption, making object detection on edge
devices more efficient. Feature fusion technology can effectively integrate multi-scale
information to compensate for the recognition difficulties caused by low resolution and
a complex background. Therefore, combining lightweight object detection with feature
fusion technology can ensure high detection accuracy and improve efficiency and real-
time performance, making the model more suitable for real-time object detection tasks in
resource-limited environments. Single-stage object detection models are more suited for
embedding in hardware devices to enable real-time target recognition in SSS images because
they typically offer higher accuracy, quicker speed, and better real-time performance [20].
The YOLOVS [21,22] network is used as the foundational model in this paper. It may be
used for tasks like instance segmentation, object identification, and image categorization.
The streamlined design of YOLOVS8 makes it easily adjustable to a variety of hardware
platforms, from cloud to edge devices, and suited to a wide range of applications [23].

The following are this study’s primary contributions:

(1) We combined self-collected SSS data with public datasets to create a new side-
scan sonar dataset (SSSD) dataset. Through data augmentation, we expanded the orig-
inal dataset, addressing the issue of a limited sample size and few target types in SSS
data. This dataset can now be used for performance evaluation of various sonar target
detection methods.

(2) To reduce the complexity of the convolution process, we introduced a combination
of the partial convolution (PConv) and the pointwise convolution (PWConv) modules,
replacing the original Bottleneck module in C2f. Under resource-constrained conditions,
PConv performs convolution operations only on a portion of the input feature map, fol-
lowed by PWConv, significantly reducing redundant computations and memory access
while maintaining relatively high accuracy.

(3) The adaptive scale spatial fusion (ASSF) structure was designed to integrate infor-
mation from multi-scale feature maps, addressing the feature fusion issue in low-resolution
sidescan images. It processes and concatenates feature maps of different sizes, forming
a unified dimensional composite view. Then, 3D convolution is applied to extract scale
sequence features, enhancing target recognition.

(4) The detection head incorporates an improved multi-head self-attention (MHSA)
mechanism. This method not only fully leverages contextual information to improve
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detection accuracy but also ensures detection efficiency by using the attention mechanism
without the feed-forward network (FEN) layer.

2. Data

The side-scan sonar dataset (SSSD) used in this study consists of two parts: one part is
sourced from the publicly available sonar common target detection dataset (SCTD) [24],
and the other part was collected by our team using a USV equipped with a multi-beam
and SSS collection system, gathered in Weifang, China.

2.1. Data Collection

The proprietary data were collected using the SS900F(Qingdao Hydro-tech Marine
Technology Co. Ltd., Qingdao, China) SSS device, which is mounted on the unmanned
surface vessel, as shown in Figure 1. The imaging principle of this type of sonar is to
transmit sound waves through a transmitting transducer, forming multiple narrow beams
distributed vertically along the navigation direction within a certain space, and recording
the echoes to obtain multiple channel information.

SS900F side-scan sonar

Figure 1. Unmanned surface vessel and SS900F SSS equipment.

The technical specifications of the SS900F SSS are also provided in Table 1. The data
collection area is an operational wind farm, where the seafloor terrain is relatively flat
with minor undulations. The majority of the surveyed sea area has a depth of less than 10
m. The seafloor features gentle undulations, with slope gradients ranging from 0.60%. to
0.85%o within the 0-5 m depth range, and approximately 0.23%. within the 5-10 m depth
range.

Table 1. The technical specifications of the SS900F SSS.

Technical Specifications Parameters
Operating Frequency 900 kHz
Maximum Range 75 m @ 900 kHz
Horizontal Beam Width 0.2° @900 kHz
Vertical Beam Width 50°
Along Track Resolution 0.07m @20 m;0.17 m @ 50 m;0.26 m @ 75 m;
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We used the specialized sonar processing software SonarWiz (v7.09.03) to process
the raw data from each collected SSS line. First, the SSS data are imported under the
correct coordinate system. Then, the data are filtered, adjusted for gain, and color adjusted
to achieve the desired visual effect. When filtering data, a low-pass filter is used to
remove background noise and high-frequency interference generated by the sensor itself by
selecting the “Filters” function in the SonarWiz menu. For gain adjustment, selecting the
“ Automatic Gain Control” function of “Gain Control” allows SonarWiz to automatically
make gain adjustments to optimize image quality. For color adjustment, select “Color
Palette” and use the default color settings to enhance image visualization. Two types of
target objects were selected for target detection and classification: the submerged portions
of the wind turbine pile foundation and the underwater artificial reef. The processed SSS
images, as shown in Figure 2, were cropped to a size of 640 x 640 pixels for each image

containing a target object.

Figure 2. Processed SSS images of the wind turbine pile foundation and underwater artificial reef
(the image on the left is of the wind turbine pile foundation, and the image on the right is of the
underwater artificial reef).

In this study, the processed SSS images of the wind turbine pile foundation and
underwater artificial reef are combined with data from the publicly available SCTD to form
a new dataset, named SSSD. SCTD contains three categories of data samples, with a total
of 363 samples, including 57 aircraft, 34 humans, and 271 ships. The detection targets in
the SSSD are ultimately divided into the following five categories: aircraft, human, ship,
foundation, and reefs. The Labellmg image annotation tool was used to annotate the
category information of the target objects’ locations in the images.

2.2. Data Post-Processing

To avoid longtail effects during model training, we ensured relative balance in the
number of images for each target class, when merging and forming the new dataset. The
newly constructed dataset specifically addresses the issue of insufficient small sample
sizes in the original dataset, resulting in a more balanced distribution of samples across
classes. This adjustment leads to a more uniform sample size distribution, which is shown
in Figure 3. The original SCTD has only 357 images. After incorporating our experimental
data, the total number of images in the SSSD was 682. The dataset was then split into three
subsets at random: the training, validation, and testing sets. To ensure that each subset
of the training, validation, and test sets accurately reflects the overall class distribution of
the dataset, we employed a stratified sampling method. In total, 80% of the images are
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used for training in the training set, and another 15% of the images are provided to the
validation set. The last 5% of the images are provided to the test set. This approach ensures
that the class distribution in each subset is consistent with the distribution in the entire
dataset, thus avoiding underrepresentation of any class in the subsets. Specifically, during
the stratified sampling process, the data samples are randomly assigned to each subset,
without considering the specific state or characteristics of the images, but solely based on
the class distribution. This ensures adequate representation of each class in all subsets.
The training set is used for model training to adjust the model weights by optimization
algorithms such as back propagation and gradient descent. The validation set is used to
evaluate the model performance and tune the hyperparameters. At the end of each training
cycle, the model is evaluated on the validation set to determine whether there is overfitting
or underfitting and to select the best hyperparameters. The test set is used for the final
evaluation of the model’s generalization ability, which are data that the model has not seen
during the training and validation phases and is used to simulate the model’s performance
in real-world applications.
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Figure 3. Distribution of the normalized width and heights of the objects in the combined dataset.

Given that the sample size of this training set is still small and may lead to overfitting
problems, we performed data augmentation to expand the dataset. By using image aug-
mentation techniques, we increased the diversity and quantity of the training data. This is
crucial when dealing with limited datasets, as it allows the model to learn from a wider
range of variations and conditions, thereby improving its generalization and accuracy in
real-world scenarios. In this study, we applied various data augmentation techniques, such
as adding random noise, adjusting image brightness, cutout, random rotation, cropping,
translation, and mirroring to synchronously augment the original images and annotations.
Each image was augmented by at least one method, and every original image was ex-
panded into five images. We counted the total number of data samples in the training set
after data augmentation. Since each image may contain multiple objects, the total number
of data samples in the training set is greater than the number of images, with the total
number of data samples being 5130. The sample quantity and size distribution are shown
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in Figure 3. Among them, the dataset includes 385 samples for aircraft, 190 for humans,
1280 for ships, 980 for foundations, and 2295 for reefs.

3. Method

To deploy the sonar target detection algorithm on our self-developed autonomous
vessel for real-time detection, this research focuses on achieving model light weighting
without compromising performance. The aim is to reduce the cost of model training and
deployment, enabling the integration of the model on mobile and embedded devices. To
effectively address this challenge, we selected the single-stage YOLOvV8 model as the core
of the algorithm and enhanced it specifically for underwater target detection.

3.1. The Network Structure

To meet various application objectives, YOLOVS offers several network scales, in-
cluding n, s, m, 1, and x [25]. By modifying network scaling factors (hyperparameters
such as widen_factor, deep_factor, and ratio), several different scales can be created. In
particular, the widen_factor modifies the number of channels in each layer to alter the
network’s width, and the deep_factor modifies the number of repeats of specific structures
inside layers to alter the network’s depth. At the end of the network, the ratio is used to
modify the number of channels in the feature maps [26]. Higher scaling factors can lead
to deeper, wider networks that can learn more complicated characteristics, but they also
increase the computational load. Considering that the SSS target detection task involves
fewer categories, a smaller-scale network is sufficient to meet accuracy requirements while
achieving faster speeds and lower memory access costs. Therefore, the model is improved
based on YOLOvVSn, by setting the hyperparameters widen_factor to 0.25, deep_factor to
0.33, and ratio to 2.0.

3.2. Improved Algorithm

Due to the limitation of the hydroacoustic communication bandwidth, it is relatively
difficult to transmit large-volume data over long distances between the USV and the shore
base station. Thus, the USV needs to independently complete the data processing and
target detection tasks during operation and transmit the real-time detection results to
the shore operator. In order to achieve efficient underwater target detection on the USV
platform, it is necessary to lighten the detection model to improve the detection speed
and minimize the consumption of computational resources while ensuring high detection
accuracy. Although the YOLOVS algorithm is already highly efficient, its performance
for low-resolution, long-range SSS target recognition is limited by its feature extraction
capability [27]. Therefore, it is necessary to design lightweight detection models that can
efficiently extract structural features. This will ensure that the models can accurately and
quickly complete target detection tasks with limited computational resources, meeting the
needs of AUVs to independently perform underwater detection.

Based on these considerations, we improved the original YOLOVS8 network, as illus-
trated in Figure 4. First, to address the complexity of the convolution operations in the
original C2f module and the repetitive design of the Bottleneck module, we introduced
the partial convolution(PConv) [28] structure from FasterNet, which reduces computation
and memory access by processing only part of the input channels. Second, we integrated
an adaptive scale spatial fusion (ASSF) module into the neck of the model, which pre-
serves the structural features of the targets to the greatest extent, addressing the problem
of information loss and degradation during the intermediate propagation of SSS images,
thereby improving detection accuracy. Finally, we incorporated an improved multi-head
self-attention (MHSA) attention mechanism into the detection head. This approach not
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only fully leverages contextual information to enhance detection precision, but also ensures
detection efficiency by using an attention mechanism without an FEN layer.
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Figure 4. The network architecture diagram of SS-YOLO ((a—c) represent the Backbone, Neck, and
Head parts of the YOLO network, respectively. (d—g) represent the proposed improved module
structures within the overall network).

3.2.1. Fast-C2f

The C2f module is a key component of the YOLOvV8 network backbone. Through
operations such as feature transformation, branch processing, and feature fusion, it extracts
and transforms the input data’s features, generating output with stronger representational
ability. This helps to improve the performance and representational capabilities of the
network, allowing it to be better adapted to complex data tasks. These operations rely
on a combination of multiple Bottleneck layers and complex convolutional operations,
although this helps to improve the feature extraction capability of the network, allowing it
to better adapt to complex data tasks, but they come at the cost of significantly increasing
the number of parameters and computational complexity, leading to a slower inference time
and higher computational overhead. This becomes especially problematic in contexts where
real-time detection is critical, such as when deploying YOLOVS on devices with limited
resources, like edge devices or mobile platforms. Therefore, inspired by the FasterNet
network design pattern, we introduced the partial convolution (PConv) and the pointwise
convolution (PWConv) convolution modules to build a new FasterBlock module [28]. The
new FasterBlock module is embedded into the original C2f structure of YOLOVS, replacing
the original Bottleneck module and forming the new Fast-C2f structure. This approach
reduces the number of parameters and speeds up the computation by reducing unnecessary
convolution operations. Figure 4d depicts the Fast-C2f structure.

As shown in Figure 4d, the new PConv layer and PWConv layer act as primary
operators that form the new FasterBlock module. Specifically, the PConv layer is followed
by two PWConv layers to fuse information from different channels. The first PWConv layer
fuses all channel functions to double the number of channels, while the second PWConv
layer restores the number of channels to the original. Between these two PWConv layers,
batch normalization and activation layers are applied, along with shortcut connections for
efficiently reusing the input feature maps.

PConv optimizes memory access costs and saves computational resources by reducing
feature map redundancy. Due to the high degree of similarity between feature maps across
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channels, PConv only processes a subset of the input channels using traditional spatial
feature extraction, leaving the other channels unprocessed. For continuous or regular
memory access, let the total number of channels be c. The first or last continuous ¢y
channels are selected to represent the entire feature map for spatial feature extraction. The
design of PConv and its combination with PWConv are shown in Figure 5.
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Figure 5. The convolutional structure design of PConv and the combination of PConv and PWConv
form a T-shaped convolutional structure.

When the input and output feature map channels are identical, PConv’s FLOPs are
hxwx k% c (1)
The memory storage of PConv is
hxwx2cp+k2><c§zh><w><2cp (2)

In Equation (1), when the ratio r = ¢, /c = 1/4, the FLOPs of PConv is only 1/16 of
regular Conv, and the memory storage of PConv is only 1/4 of regular Conv. PConv is
followed by PWConv, and at this point, the effective receptive field on the input feature
map forms a T-shaped Conv structure [29]. Compared to directly implementing a T-
shaped convolution structure, this decomposed convolution fully exploits the redundancy
between filters, further reducing computational demands. The FLOPs of the combined
T-shaped Conv are calculated as follows, making full use of the information from the
remaining channels.

hxwx(kzxcxcp+c><(c7c,,)) 3)

3.2.2. Adaptive Scale Spatial Fusion

According to scale space theory, an image’s scale axis—which denotes the range
of possible scales for an object, is used to build the scale space. Rather than simply
modifying the image size, images of different scales are generated based on Gaussian
filtering with varying degrees of blurring of the original image. As a result, the larger the
scale value, the blurrier the image generated [30]. The target’s structural characteristics in
the image, however, remain unchanged despite the scale shift. Due to the complexity of the
underwater environment, the acoustic signal propagates in the water with problems such as
deformation and noise pollution, which leads to problems such as low image illumination,
blurred details, and feature loss, which will increase the difficulty of target detection.
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Therefore, making full use of the invariance of the target’s structural features and fusing
image features of different scales is particularly important to improve detection accuracy.

In low-resolution SSS images, although blurry targets may lose some detail, the struc-
tural characteristics of the targets remain unchanged. However, when using the original
classical FPN for multi-scale feature fusion, the high-level features, during interaction and
propagation with the low-level features, often experience information loss or degradation
after passing through multiple intermediate scales, reducing the effectiveness of the feature
fusion between non-adjacent layers [31,32].

Therefore, modifying the feature pyramid structure to fully utilize the high-level
features with low resolution and high semantic information is crucial for target recognition
in low-resolution SSS images. Drawing on the design concepts of the feature fusion module
by Kang et al. [33], we introduced an improved adaptive scale spatial fusion module (ASSF).
This module consists of two parts: the Triple Feature Encoding module (TFE) and the Scale
Sequence Feature Fusion module (SSFF).

Figure 4e shows the structure of the TFE module. First, convolution operation is
used to adjust the number of feature channels, making the channel counts of the three
different-sized feature maps the same. Let the original middle-size channel count be 1C;
after convolution, the channel count of the large-size feature map is adjusted from the
original 0.5C to 1C, and the channel count of the small-size feature map is adjusted from
the original 2C to 1C.

Then, the large-size and small-size feature maps were downsampled and upsampled,
respectively. For downsampling, a hybrid structure consisting of maximum pooling and
average pooling is employed, which aids in reducing the number of parameters and
computational load on the network. For feature maps of a small size, the nearest neighbor
interpolation method is used for upsampling. The upsampling method can enhance low-
resolution SSS images to high resolution, which allows the model to better learn and predict
complex features in the data. Finally, the three feature maps of large, middle, and small
sizes with the same dimensions are spliced in the channel dimension; the splicing method
is as follows:

Frre = COTIC{Ilt(Fl, F., FS) (4)

And the feature maps of the TFE module output are indicated by Frrg. The symbols
F, By, and F; stand for large, middle, and small feature maps, in that order. Concatenation
of £, Fy, and F; yields Frpg. Frrg has three times the channel number of F;, and the same
spatial dimensions.

The original YOLOVS structure predicts image content by constructing multi-scale
feature maps, creating three scales: P3, P4, and P5. However, simply using summation or
concatenation methods to fuse pyramid features cannot effectively leverage the correlations
between feature maps of different scales. Therefore, to better merge the multi-scale feature
maps, the Scale Sequence Feature Fusion module (SSFF) is proposed.

As shown in Figure 4f, the feature maps P3, P4, and P5 are first convolved with a
series of Gaussian kernels of increasing standard deviation [34,35], so that the number of
channels across the three feature maps is unified, as follows:

Folif) = X0, X, i~ i~ ) x Golp,v) ©)
Gol,y) = e (/27 6)

Where f represents a two-dimensional (2D) feature map and F; is generated by smooth-
ing with a series of convolutions using a 2D Gaussian filter with increasing standard
deviation ¢. G, is the 2D Gaussian filter that is used.
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Next, the closest neighbor interpolation approach is employed to pair P4, P5, and P3
to the same resolution as P3 because the output feature maps from the above Gaussian
smoothing have different resolutions. Each feature map is given the level dimension using
the unsqueeze function, converting it from a 3D tensor [height, width, channel] to a 4D
tensor [depth, height, width, channel] in order to provide a general view. P3 and P4, as
well as P5 feature maps, are finally concatenated.

The 3D convolution block, which consists of 3D convolution, 3D batch normalization,
and the leaky reLU activation function, receives the concatenated general view as an input.
A 3 x 3 x 3 (depth, height, width) kernel size with suitable padding and a stride of 1
is used in the 3D convolution procedure. Spatial feature information of the SSS images
can be efficiently used by adding channels to convolution to extract the scale sequence
features of general views. Thus, the deformed SSS targets can be better recognized for
identification. Compared with the method of adding attention, this method of directly
performing convolution operations to fuse spatial scale features is more lightweight and
faster in calculation.

3.2.3. DetectSA

In the traditional YOLOVS network structure, the design of the detection head is
relatively complicated, and its number of parameters occupies almost half of the number
of YOLOVS parameters. This is because YOLOVS uses a decoupling head to achieve target
identification. However, since underwater SSS target detection task only requires the
identification of fewer types of targets, a more complicated detection head is not required
to guarantee the multiclassification target detection task. Therefore, we restructured the
detection head of YOLOVS, abandoned the original means of target detection through
multiple convolutional operations, and improved the real-time performance of the model by
introducing a lightweight self-attention mechanism while ensuring the detection accuracy.

In order to help the neural network understand which locations and material require
more attention, attention methods are frequently used in object detection. In the area of
natural language processing, the transformer self-attention mechanism has acquired a lot
of traction and shown competitive outcomes [13,36,37]. In fact, when dealing with image-
related tasks, each pixel can be viewed as a three-dimensional vector, where the number
of image channels represents the dimensions. Therefore, an image can be considered as a
collection of vectors fed into the model. When self-attention mechanisms are introduced
into the model, the model can independently determine the shape and type of the receptive
field, making it more effective in capturing critical information.

However, in traditional attention mechanisms, since the relationship between each
element and all other elements needs to be calculated, it results in a significant increase in
computational cost and memory requirements. Therefore, we introduced a self-attention
mechanism without the fully connected FFN to capture contextual information [38]. As
shown in Figure 6, we employed 1 x 1 convolutions both before and after the (MHSA) [39]
to reduce and then increase the dimensions, thereby reducing the memory consumption of
the self-attention layer.

Specifically, the 1 x 1 convolution layer before the MHSA is used to reduce the
feature dimension from c1 to c2, thereby reducing the computational load of the attention
mechanism. MHSA is employed to capture long-range dependencies within the features,
enhancing the ability to detect targets. The 1 x 1 convolution layer after MHSA is used to
restore the original feature dimension by increasing the feature dimension from c2 back
to cl. Additionally, a 1 x 1 convolution is added as a bypass to add the output of the
self-attention module to the initial input, forming a residual connection [40].
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Figure 6. Memory-efficient self-attention mechanism.

4. Experiments and Analysis

In order to verify the superiority of our proposed algorithm and the completeness
of the dataset, we first conducted ablation experiments on the SSSD for the different
improvements, and then analyzed the comparative experiments for the different models
on this dataset. The ablation experiments aim to confirm the effectiveness of our model
improvement through qualitative analysis; while the comparison experiments aim to
show the superiority of our proposed model in terms of both real-time and accuracy by
comparing our proposed SS-YOLO model with other target detection models.

4.1. Evaluation Criteria

We employ a variety of standardized model detection evaluation metrics to compare
the performance of various detection models, such as precision (P), recall rate (R), the
average precision (AP), and the mean average precision (mnAP). Below are the precise
definitions and calculations for these indicators:

(1) Precision is used to assess the model’s ability to accurately identify a target, and
it represents the proportion of all detections that are judged by the model to be positive
samples that are actually correctly identified as targets. In other words, the precision rate
reflects how many of the results predicted to be in the positive category are correct when
the model recognizes a target. A higher precision rate means that the model produces
fewer false positives, i.e., fewer non-target instances are incorrectly identified as targets.
Recall, on the other hand, is used to assess the model’s ability to recognize all target classes,
and denotes the proportion of all actual target samples that the model is able to correctly
identify. Recall emphasizes the model’s ability to provide complete coverage of targets,
i.e.,, whether it is able to identify all actually existing targets as much as possible. A higher
recall means that the model misses less and is able to find more real targets.

Thus, precision and recall focus on the trade-off between the accuracy and complete-
ness of the model’s detection results, respectively. A high precision rate indicates that the
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model more reliably avoids false positives, while a high recall rate indicates that the model
is able to capture the target more comprehensively.

TP

P= TP + FP 7)
TP

R= TP +FN ®)

The real positives that are accurately predicted are known as true positives (TP).
Actual negatives that are accurately anticipated negatives are known as true negatives
(TN). Actual negatives that were mistakenly anticipated to be positives are known as false
positives (FP). Actual positives that were mispredicted as negatives are known as false
negatives (FN).

(2) The area under the precision-recall curve for a particular target category is typically
used to determine the average detection precision, or AP (Average Precision). Both the
precision and recall of the detection findings are taken into consideration when evaluating
the model’s detection performance in that category. On the other hand, the model’s overall
detection performance over the whole dataset is assessed using mAP (Mean Average
Precision), which is the average of the APs of several target categories. The model’s
recognition ability across many categories can be fully reflected by mAP, and a larger mAP
value means that the model performs better in each area. Therefore, AP is used to assess the
detection ability of a single category, while mAP is more global and can comprehensively
measure the performance of the model in a multi-category target detection task.

1
AP = /O P(r)d, )
mAP = % Az\l;f (10)

i=1

N is the number of detected categories.

4.2. Experiment Setup

The deep learning model training, validation and testing were performed using a
computer system using the Windows 10 operating system, with two GPUs (NVIDIA Tesla
T4 16G), running CUDA version 12.1, python version 3.10.3, deep learning framwork, and
pytorch version 2.1.2.

The training of the deep learning model starts from scratch and the hyperparameters
involved in the training process have been given in Table 2.

Table 2. Hyperparameters of model training.

Parameters Configuration
image size (960, 960)
batch size 16
epochs 200
initial learning rate 0.01
final learning rate 0.1
weight decay 0.0005
SGD momentum 0.937
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4.3. SSSD Result

In order to illustrate the crucial significance that various alterations play, we first
conduct ablation experiments on the SSSD. Figure 7 shows the confusion matrix for the
experimental results of the various models. In the confusion matrix, the true category
is represented by each column, while the predicted category to which the data belong is
represented by each row. By analyzing the elements of the confusion matrix, it is possible
to determine in which categories the model is prone to misclassification. From Figure 7a,
it can be seen that the original YOLOv8 model demonstrates relatively low classification
performance in the “aircraft” and “reefs” categories, with accuracy rates of 0.57 and 0.83,
respectively. Particularly for these two categories, a high proportion of background is
misclassified as targets. This indicates significant deficiencies in the model’s ability to
distinguish these categories, especially in separating them from complex backgrounds. Fig-
ure 7b—d, respectively, demonstrate the improvements after introducing different structures
into the original model. With the optimization of the model, the classification accuracy for
the “aircraft” and “reefs” categories shows significant improvement. In the SS-YOLO model
shown in Figure 7d, the classification coefficient for “aircraft” increased by 0.14, while
“reefs” improved by 0.07. Furthermore, the proportion of background being misclassified
as “aircraft” and “reefs” dropped significantly. This indicates that the robustness of the
improved model against complex backgrounds has been significantly enhanced.
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Figure 7. The confusion matrix obtained from ablation experiments based on the SSSD. (a) YOLOvVS8

(b) YOLOVS + Fast-C2f (c¢) YOLOvVS + Fast-C2f + ASSF (d) YOLOvS8 + Fast-C2f + ASSF + Detect.

Through the above analysis, it is evident that the MHSA attention mechanism en-
hances the model’s ability to extract global features, enabling it to better capture the global
characteristics of targets such as “aircraft” and “reefs” and avoid being misled by locally
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complex backgrounds. The ASSF module effectively integrates features at different scales,
addressing the shortcomings of the original model in multi-scale object detection, particu-
larly significantly improving the detection performance for small targets (such as “reefs”).
Figure 7d shows a significant reduction in the proportion of background misclassified
as targets, indicating that the improved SS-YOLO model exhibits higher robustness in
distinguishing between target and non-target regions, thereby improving detection reliabil-
ity. The SS-YOLO structure demonstrates greater consistency across multiple categories,
reducing the mutual confusion between “reefs” and “foundation”, which suggests that the
model has clearer decision boundaries between different categories.

Furthermore, Figure 8 shows the changes in the loss functions, precision, recall, and
map metrics for the SS-YOLO model on the training set and the validation set as the number
of training epochs increases. According to the loss function charts, all three loss functions
on the training and validation sets are covered to a stable state. Recall shows a consistent
rising trend and coverages to about 0.85, whereas precision displays notable oscillations at
first and stabilizes at 0.82 after 60 epochs. The model’s mAP value eventually stabilizes

around 0.93.
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Figure 8. The result on our SSSD. The results and variations in the loss function, precision, recall and
mapping evaluation metrics are included in the result images.

4.3.1. Ablation Experiments

We conducted a series of ablation experiments, making sure that the training settings
and hyperparameters remained constant, to assess the contribution of each modification
to the network. The YOLOv8n model served as the baseline in these studies, and the
suggested improvements were implemented one after the other for comparison.

We evaluated all three enhanced detection networks on the same test dataset, with
the detection results presented in Figure 9. For large targets with distinctive features,
in Figure 9a, the YOLOvV8 model in the first row exhibits a significant under-detection
problem. This is likely attributed to the model’s insufficient ability to adapt to complex
backgrounds. While in Figure 9¢, the YOLOv8 model in the first row has a significantly
larger detection range and a duplicate detection problem, which suggests that the target
has been misrecognized as multiple independent targets, resulting in the overlapping
detection frames. For the small targets in Figure 9d, both the YOLOv8 model in the
first row and the model integrating the Fast-C2f structure in the second row show lower
confidence and more serious leakage detection, which is particularly underperforming
in small object detection. These analyses show that the original YOLOv8 model has
significant performance bottlenecks when processing SSS images in complex backgrounds,
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especially in the small target detection task, and is difficult to meet the demand for high-
precision detection.

ship 0.79

YOLOv8Nn+|
FastC2f |
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YOLOv8n+,
FastC2f+
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Figure 9. Visual analysis of different effects obtained from ablation experiments based on the
SSSD. (a) YOLOVS (b) YOLOvVS + Fast-C2f (¢) YOLOvVS + Fast-C2f + ASSF (d) YOLOVS + Fast-C2f +
ASSF + Detect.

Based on the above, in order to improve the detection accuracy of the model, the ASSF
structure is introduced, and the detection effect is shown in the third row in Figure 9. The
detection effect in the third row shows a significant improvement compared to the model
in the first and second rows. By introducing the ASSF structure, the model is able to better
extract target features from information at different scales, which improves the recognition
of multi-scale targets and reduces the effect of background interference on target detection.
Especially for smaller targets, the model is able to capture the detailed information of the
target area more accurately, which significantly improves the recognition confidence and
reduces the leakage detection problem.

As shown in the fourth row of Figure 9, despite the reduction in the number of
parameters in the detection head, the model’s ability to perceive the target area remains
unaffected. In fact, the attentional mechanism not only optimizes the recognition of small
targets but also suppresses the interference from background noise. Compared with the
first and second rows, the model in the fourth row can locate the target more accurately, and
it maintains a similar detection effect with the third row while being lightweight. Especially
in the complex background, the boundary of the target becomes clearer, and the missed
detection is significantly reduced. The introduction of the attention mechanism allows
the model to further improve the detection accuracy by focusing on key regions without
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increasing the computational overhead. At the same time, the model is able to adaptively
allocate the attention so that even in low resolution images, the model can still effectively
extract the target features, ensuring better detection effect and accuracy.

The quantitative evaluation scores of the ablation experimental outcomes are detailed
in Table 3. Based on the data presented in Table 3, integrating the Fast-C2f structure into the
YOLOv8n model reduces its parameters from 3.15 million to 2.45 million, and the GFLOPs
from 8.9 to 7.1. This reduction in both parameters and computational complexity indicates
a more lightweight model, which is crucial for deployment on resource-constrained edge
devices. The decrease in parameters directly contributes to lower memory usage and faster
inference times, which is essential for real-time target detection. This improvement in the
model’s architecture enables it to better meet the demands of real-time detection without
sacrificing accuracy. Considering the impact of parameter reduction on model accuracy, the
ASSF structure and DetectSA structure are addicted, respectively. The addition of the ASSF
structure further improves the mAP 0.5 and mAP 0.5:0.95 scores of the YOLOv8n model
by 1.8% and 2.5%. In summary, the proposed enhanced model exhibits a reduction in
parameters by 0.49 million and a decrease in GFLOPs by 2.5, compared to the original model.
Additionally, it achieves notable performance improvements, with an increase of 4.4% in
mAP@0.5 and 3% in mAP@0.5:0.95, indicating a significant boost in detection accuracy.

Table 3. Quantitative results of the ablation experiments (Bolded and underlined data are the best
data results for each parameter).

Method Params FLOPs mAP@0.5 mAP@[0.5, 0.95]
YOLOv8n 3.15M 89G 0.88 0.617
YOLOvS8n + Fast-C2f 245 M 71G 0.874 0.634
YOLOv8n + Fast-C2f + ASSF 2.69M 7.6 G 0.898 0.642
YOLOvV8n + Fast-C2f + ASSF + DetectSA 255 M 6.4 G 0.924 0.647

4.3.2. Contrast Experiments

We tested two popular target detection algorithms as well as other algorithms in
the YOLO family separately on the SSSD. The detection results are then compared with
our proposed SS-YOLO algorithm in order to evaluate the detection performance of our
algorithm in more detail. Table 4 provides a detailed presentation of the comparative
experiments’ quantitative data.

Table 4. Quantitative results of the contrast experiments (Bolded and underlined data are the best
data results for each parameter).

Method Params FLOPs P R mAP@0.5 mAP@[0.5,0.95]
SSD [41] 2498 M 137.94 G 0.608 0.841 0.827 0.419
Faster R-CNN [42] 41.22M 911G 0.836 0.915 0.88 0.534
YOLOv5s [43] 72M 165G 0.905 0.902 0.896 0.628
YOLOvV7t [44] 6.2M 139G 0.896 0.787 0.868 0.560
YOLOvVS8n [45] 3.15M 89G 0.877 0.835 0.88 0.617
YOLOV9s [46] 71 M 264G 0.889 0.921 0.933 0.698
SS-YOLO 2.55 M 6.4 G 0.821 0.857 0.924 0.647

It can be observed that the proposed SS-YOLO network demonstrates superior perfor-
mance across multiple key metrics. Compared with both the traditional single-stage object
detection algorithm SSD [41] and the two-stage detection algorithm Faster R-CNN [42],
SS-YOLO shows significantly lower parameters and higher accuracy. SS-YOLO'’s Params
and FLOPs are only 2.55 and 6.4, respectively, while SSD’s Params and FLOPs are 24.98
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and 137.94. As a single-stage object detection algorithm, it is clear that SSD is slower
than our proposed network. Furthermore, in terms of accuracy, SS-YOLO not only offers
faster detection speed but also exhibits superior detection precision. SSD’s mAP is only
0.827, and the lower accuracy is due to its simpler architecture compared to the two-stage
detection algorithm Faster R-CNN and our SS-YOLO, which sacrifices detection precision
for higher speed [47]. Faster R-CNN’s mAP is 0.88, slightly higher than SSD, but still
significantly lower than our proposed network. Additionally, from the perspective of
parameter count and inference time, the computationally intensive Faster R-CNN does not
meet the requirements for deployment on edge devices.

Another point worth noting is that compared to other algorithms in the YOLO series,
our network also demonstrates significant performance advantages. SS-YOLO not only
surpasses other models in detection speed but also maintains relatively high accuracy.
Compared to YOLOV5s [43] and YOLOvV7t [44], SS-YOLO has significantly lower parame-
ters and FLOPs. YOLOV5s has 7.2 M Params and 16.5G FLOPs, while YOLOv7t has 6.2 M
Params and 13.9G FLOPs, both more than double those of SS-YOLO. In terms of mAP,
SS-YOLO maintains a mAP of 0.924, while YOLOv5s and YOLOv7t have mAP values of
0.896 and 0.868, respectively, both noticeably lower than the improved SS-YOLO. Although
the YOLOV9s [46] network achieves slightly higher accuracy with a mAP of 0.933, its
Params and FLOPs are 7.1 M and 26.4 G, respectively, which indicates it sacrifices speed to
gain higher accuracy. Overall, SS-YOLO achieves a balance between accuracy and speed,
offering clear advantages over other models.

5. Conclusions

This paper introduces a lightweight network designed for deployment on unmanned vessels to
detect objects in SSS images. To achieve network lightweighting, we first reduced the complexity
of the convolution process by combining PConv and PWConv to form a new FasterBlock module,
replacing the original convolution block in C2f. This achieved a balance between detection accuracy
and speed. To fully utilize the scale information of objects and address the deformation issue of targets
in SSS images, we optimized the ASSF structure. After concatenating feature maps of different sizes,
we extracted scale-sequential features based on 3D convolutions. To address the high complexity
of the original YOLOvV8 model’s detection head, we incorporated an MHSA attention mechanism
without the FEN layer into the detection head. This increased the model’s sensitivity to features while
reducing the parameters of the detection head, thus improving detection speed. We constructed a
new SSSD and conducted both ablation and comparative experiments on it. The results show that
our proposed SS-YOLO model achieves an excellent balance between detection accuracy and speed,
demonstrating superior performance. In the future, we will focus on the deployment of the model on
autonomous vessels to realize the real-time detection of underwater targets by unmanned vessels
equipped with SSS equipment.
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Abstract: Object detection in underwater environments presents significant challenges
due to the inherent limitations of sonar imaging, such as noise, low resolution, lack of
texture, and color information. This paper introduces AquaYOLO, an enhanced YOLOv8
version specifically designed to improve object detection accuracy in underwater sonar
images. AquaYOLO replaces traditional convolutional layers with a residual block in
the backbone network to enhance feature extraction. In addition, we introduce Dynamic
Selection Aggregation Module (DSAM) and Context-Aware Feature Selection (CAFS) in
the neck network. These modifications allow AquaYOLO to capture intricate details better
and reduce feature redundancy, leading to improved performance in underwater object
detection tasks. The model is evaluated on two standard underwater sonar datasets,
UATD and Marine Debris, demonstrating superior accuracy and robustness compared to
baseline models.

Keywords: underwater object detection; underwater sonar images; tracking; underwater
classification; marine detection; marine classification

1. Introduction

Conventional intelligent systems, designed for tasks like object detection, recognition,
and segmentation, heavily rely on high-resolution data from optical sensors. Inspired by
the human visual system, these sensors have undergone significant technological advance-
ments, resulting in an abundance of high-quality optical data. Landmark datasets such
as ImageNet [1], COCO [2], and PASCAL VOC [3] have been instrumental in advancing
these systems, driving substantial improvements in their performance and capabilities in
recent years.

Underwater environments present significant challenges for optical sensors due to
the absorption and scattering of light in water, which severely degrades image quality
and limits their effectiveness. To overcome these limitations, acoustic sensors, particularly
sonar systems, have become the preferred solution for underwater data collection. Unlike
optical sensors, sonar systems perform well in low-visibility and challenging underwater
conditions, delivering superior performance and dependable data [4]. This makes sonar
systems indispensable for underwater applications where conventional optical sensors are
inadequate [5].
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Interpreting acoustic images is challenging due to the harsh underwater environment,
significant noise, reflections, interference, attenuation, reverberations, scattering, and shad-
ows [6]. These factors severely degrade image quality, complicating the interpretation
process. Additionally, sonar images lack texture and color information, leading to lower res-
olution and reduced detail compared to optical images. In addition, the inherent limitations
of sonar technology, such as restricted range and resolution, exacerbate these challenges,
making underwater object detection and recognition particularly difficult. Consequently,
developing robust algorithms and techniques for underwater object detection from sonar
images remains an active area of research. Moreover, factors such as depth, water trans-
parency, operating frequency, and sensor parameters introduce variations in resolution and
scale across underwater sonar images. These complexities are further amplified because
traditional object detection methods rely heavily on texture and color cues.

The primary reason for the limited research in underwater sonar imagery is the lack
of large, publicly available datasets, unlike those in the optical sensor domain. Acquiring
underwater images requires specialized equipment, such as sonar systems, and these
images differ significantly from high-resolution optical images due to the absence of
texture and color information. Additionally, labeling sonar images is challenging as it
demands specialized domain expertise, making the annotation process complex and time-
consuming. Interpreting these images also requires significant technical knowledge, further
complicating dataset creation. As a result, existing underwater sonar datasets [7-12] are
sparse and limited to a few classes.

To address the challenge of object detection and recognition in underwater environ-
ments, significant progress has been made with advancements in sonar technology, data
acquisition techniques, and algorithm development. Numerous research efforts are cur-
rently focused on designing robust deep learning architectures for this domain. In recent
years, several object detection methods [13-21] have been proposed for underwater sonar
data. However, most of these approaches address specific problems and evaluate per-
formance using custom-tailored datasets. Despite the availability of some benchmark
underwater datasets, the lack of standardized evaluation protocols makes it challenging to
compare the overall progress of underwater object detection systems, unlike in the optical
sensor domain.

Recently, many researchers have leveraged transfer learning to adapt existing models
for underwater object detection. For example, Majchrowska et al. [22] evaluated Efficient-
Det, Mask R-CNN, and DETR on the Trashcan and TACO datasets, while Xue et al. [23]
proposed a custom ResNet50-YOLOv3 model. Fulton et al. [9] trained SSD, Faster R-CNN,
and Tiny YOLO on the Deep-Sea Image Dataset. Wang et al. [24] enhanced PP-YOLOv2
with noise filtering and attention mechanisms, achieving improved performance on the
Marine Debris dataset. Similarly, Qin et al. [25] developed YOLOv7C, incorporating atten-
tion and Multi-GnBlock modules to enable high-order feature interactions, resulting in a
1.9% mAP improvement and 2.5x faster detection speed through redundancy pruning.

While transformer-based models like DETR [26] have demonstrated promising results
in object detection, their high computational complexity and slower inference speeds make
them impractical for real-time underwater tasks, especially on hardware with limited pro-
cessing power, such as onboard sonar systems. Additionally, methods specifically designed
for sonar imagery, such as SSD-based approaches [9] and custom ResNet-YOLO hybrids [23],
often target narrow use cases or rely on custom datasets. This lack of standardized bench-
marks limits direct comparisons and raises concerns about their generalization capabilities.

This paper introduces AquaYOLQO, an enhanced version of YOLOvVS specifically
tailored for subtle and complex underwater sonar images. The model is designed to capture
the intricate details of sonar imagery, which are often challenging to detect. To achieve this,
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AquaYOLO replaces the traditional Convolutional Neural Network (CNN) backbone with
a residual block structure, enhancing the model’s ability to learn complex features and fine-
grained details critical for underwater sonar data. Furthermore, AquaYOLO incorporates a
Dynamic Spatial Attention Module (DSAM) and Context-Aware Feature Selection (CAFS) in
the neck network, replacing the conventional approach of simply concatenating multi-level
features. These modules enable the model to effectively learn interrelationships between
features across different levels and intelligently select relevant features based on contextual
information, leading to improved feature representation. The proposed method delivers a
balance of effectiveness, speed, and adaptability, making it highly suitable for real-time
object detection tasks. AquaYOLO is particularly advantageous for underwater sonar data,
where low-latency detection is essential for practical and operational applications. The key
contributions of this work are as follows:

*  Replacing traditional CNN layers with residual blocks in the backbone network
improves the model’s ability to learn complex features and capture fine details in
noisy sonar images.

e Integrating DSAM in the neck network enables the dynamic aggregation of multi-level
features, reducing redundancy and improving feature correlation.

¢ Introducing CAFS for intelligent feature selection based on contextual information
further enhances feature representation and object localization accuracy.

¢ AquaYOLO is evaluated through four different variants on two standard benchmarks
of underwater sonar data Underwater Acoustic Target Detection Dataset (UATD) [27]
and the Marine Debris Dataset [12], demonstrating superior performance compared
to existing methods despite the limited availability of sonar data.

2. Related Work

Research in underwater object detection has progressed significantly with the adoption
of deep learning techniques. Due to the inherent challenges of sonar imaging such as noise,
low resolution, lack of texture, and limited color information, traditional object detection
models often under perform in these environments. Furthermore, the lack of large publicly
available underwater sonar datasets hinders the development and training of robust
models, making it difficult to achieve high accuracy and generalization.

To address these challenges, many researchers experimented with transfer learn-
ing on different state-of-the-art object detection models on underwater sonar images.
Majchrowska et al. [22] evaluated the performance of EfficientDet, Mask R-CNN, and
DETR on the Trashcan and Taco dataset. Xue et al. [23] proposed custom Resnet50-Yolov3
and Fulton et al. [9] trained SSD, Faster R-CNN, Tiny Yolo, and Yolov2 on the Deep-sea
image dataset [28]. Chia et al. [29] performed transfer learning on RetinaNet, Faster R-CNN,
Tiny Yolov3, Yolov4, and Yolov5, evaluating their performance on the Trashcan data set.

Other notable works include Watanabe et al. [30], who trained Yolov3 on custom-
made underwater images of marine debris dataset. Valdenegro et al. [31,32] developed a
CNN model with different optimizers and evaluated its performance on a custom-made
dataset. Additionally, Fuchs et al. [33] evaluated performance of Resnet50 on the ARACATI
dataset [34]. Recently, Saba et al. [35] evaluated performance of various scaled variants of
YOLOVv5 and YOLOvVS8 on the Marine Debris dataset [12] and a custom tailored dataset.

Furthermore, Wang et al. [24] proposed an improved object detection method based
on PP-YOLOV2, incorporating image resegmentation, noise filtering, and attention mech-
anisms to enhance feature extraction, with a decoupled head optimizing classification.
The method was evaluated on the Marine Debris dataset, showing improved performance
in challenging sonar conditions. Qin et al. [25] proposed YOLOv7C, which enhances sonar
object detection by integrating an attention mechanism for better feature extraction and
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Multi-GnBlock modules for high-order feature interaction. The model achieves a 1.9%
Mean Average Precision (mAP) improvement and 2.5 x faster detection speed with a 47.5%
reduction in model size through redundancy pruning.

While significant progress has been made in underwater object detection, most existing
models, including PP-YOLOV?2 [24], YOLOv7C [25], and other variants of YOLO, focus on
improving detection accuracy in underwater sonar images but often face challenges with
noise, low resolution, and limited texture and color information. These models, despite
their improvements, tend to focus on feature extraction from general object detection
tasks and often require large datasets for effective training. In contrast, the proposed
AquaYOLO model specifically addresses these challenges by introducing residual blocks
in the backbone to enhance feature extraction in low-resolution sonar images. Additionally,
AquaYOLO incorporates DSAM and CAFS in the neck and head, which allows the model
to better aggregate multi-scale features and reduce redundancy. These innovations not only
improve the robustness of detection in sonar data but also make AquaYOLO more effective
in handling the unique challenges of underwater environments. Experimental results
demonstrate that AquaYOLO outperforms these existing methods in terms of accuracy and
robustness, making a significant contribution to the field of underwater object detection.

YOLOVS, selected as the baseline model for this study, consists of three core com-
ponents: the backbone, the neck, and the output layers. YOLOvVS introduces various
improvements. It introduces the C2f module in place of the CSPLayer. The C2f incorporates
a two-convolution cross-stage by combining high-level features with circumstantial data to
enhance performance. Additionally, YOLOvV8 employs an anchor-free architecture with
decoupled heads. This task-specific specialization improves the model’s performance for
various computer vision tasks. The backbone module is tasked with mining key features
from input data. The neck module consolidates and refines these features. Using a feature
pyramid network (FPN) design, it combines features of different levels to generate a richer
and more complete illustration of the input.

The prediction module is responsible for detecting and pinpointing input classes. It
comprises various detectors of different sizes and levels, enabling it to identify input of
varying dimensions. In the last layer, YOLOv8 employs the sigmoid activation to compute
object scores, reflecting the likelihood of an object’s existence within a bounding container.
Softmax activation is used to illustrate the probability of each category, indicating the
chances that an item fits into each possible category. To compute the loss value at the
bounding box level, it integrates CloU and DFL. In addition, it utilizes binary cross-entropy.
These mechanisms are highly useful in enhancing performance, particularly for small-
scale items.

The principles introduced in the Adaptive Selection and Interaction Aggregation
(ASIA) module and the Dynamic Feature Selection (DFS) module, as proposed in [36],
have been extended to enhance the neck and head network of YOLOvVS. Specifically,
the traditional concatenation of multi-level features is replaced with a more dynamic
approach inspired by the ASIA and DFS modules introduced as DSAM and CAFS. These
modules help the network learn interrelations between features at different levels, reducing
feature redundancy and improving the model’s capability to focus on crucial features.

Additionally, incorporating CAFS, a slight modification of the DFS module, further im-
proves the selection and representation of features based on their contextual relevance. This
modification allows for more intelligent feature selection, ensuring that the network em-
phasizes the most relevant features in the given context. This method enables more precise
feature aggregation, leading to improved detection performance and overall effectiveness
of YOLOVS8 in complex underwater scenarios.
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3. Proposed Methodology

Detecting objects in underwater environments using sonar images is a challenging
task due to the inherent noise and low resolution of these images. While traditional object
detection models like YOLOv8 have demonstrated remarkable effectiveness in various
domains, they often struggle with the fine-grained details required for accurate detection
in sonar imagery.

To address these limitations, we propose AquaYOLO, a model specifically designed
for the complexities of underwater sonar image analysis. AquaYOLO is structured into
three primary components: the backbone module, the neck module, and the prediction
head module. The backbone module focuses on robust feature extraction, incorporating
residual block layers instead of standard convolutional layers to enhance feature represen-
tation. The neck module is responsible for efficient feature aggregation and processing,
where we introduce a novel Dynamic Spatial Attention Module (DSAM) as a replacement
for traditional concatenation and up-sampling methods. This module enables the network
to capture intricate spatial features more effectively. The prediction head module performs
object identification and localization, leveraging the enriched feature maps from the pre-
vious stages. These enhancements improve AquaYOLQ's ability to extract and process
intricate features, significantly boosting its performance in detecting objects within noisy
and low-resolution sonar images.

In AquaYOLO, we utilize residual blocks. Residual blocks introduce skip connections,
which help mitigate the vanishing gradient problem and allow the training of much deeper
networks as shown in Figure 1. In the residual network based layers, the output of the
particular /th layer is calculated through the combining in and out of the previous layer
(I—1)thas [37]

xp = g(xi—1, ki) + x4 ¢))

where k; is the kernel, x is the input. g() is the variable that needs to be learned. A simple
residual layer combination is shown in Figure 1. g(x;_1) shows the output for input x;_1.
Output g(x;_1) is combination with input x;_1 and after it, the activation function is utilized.
The inclusion of residual block layers enables the model to learn more complex features
and finer details from the sonar images. Residual block is particularly advantageous for
processing sonar images due to their ability to retain information across many layers.
This characteristic is essential for sonar imagery, where subtle differences in texture and
structure can be critical for accurate object detection.

The integration of residual block into the backbone network significantly enhances the
model’s feature extraction capabilities. Residual block’s ability to capture intricate details
and maintain feature integrity across multiple layers is particularly beneficial for sonar
images, where fine-grained features are crucial for accurate detection. This improvement
allows the model to better differentiate between objects and background noise, leading to
higher detection accuracy.

Underwater sonar images often contain subtle variations that are critical for identify-
ing objects. Residual block enables the AquaYOLO model to learn these fine details more
effectively than traditional convolutional layers. This capability is essential for distinguish-
ing between objects of similar size and shape but different textures or materials. Sonar
images are inherently noisy, which can hinder the performance of standard object detection
models. In addition, Sonar images lack the fine edge details due to unavailability of color
information. Traditional CNNs may suffer to maintain the edges information. The residual
connections in the network enable the network to become more vigorous by facilitating
the flow of gradients during training. This helps the network to preserve and carry edge
information. The residual block architecture allows for the creation of deeper networks
without the risk of vanishing gradients. Moreover, we also observed that incorporation of
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residual blocks results in effective training on smaller datasets compared to other models
due to their capability to extract features from data with reduced dimensional representa-
tions. This capability is useful for underwater images datasets which suffer from scarcity.
Above-mentioned reasons support that utilization of residual block enable AquaYOLO to
perform well even in challenging underwater environments where noise levels are high.

Xt.1 |

ReLU
| 64x(3x3) | |x.

g(X¢.1)

< Y

X¢ = 9(X¢.q) + X¢4

| R;LU |

|

Figure 1. Residual block used in backbone of AquaYOLO.

This scalability means that the AquaYOLO can be expanded to include more layers
if necessary, further improving its ability to learn complex features from sonar images.
The deeper network can capture more detailed and abstract representations of the input
data, enhancing overall detection performance. The output head leverages the enhanced
features provided by the residual block backbone to make more accurate predictions.

The neck network of the proposed model introduces DSAM replacing concatenation
and upsampling at different levels of the models. YOLOvVS integrates features learned at
different levels by concatenation which causes information redundancy and also hinders
localization. DSAM dynamically interacts and integrates multi-level features by selectively
adjusting features based on contextual information. DSAM results in better feature cor-
relation at different levels, reduces feature redundancy, and limits excessive variation in
learned features at different scales. Figure 2 represents the detailed architecture of the
DSAM module which starts with the Feature Alignment Unit (FAU) which processes input
features Fa and Fb to align resolution and channel count with the current level feature Fa,
hence replacing up sampling layers in YOLOv8 neck. FAU is a combination of an upsam-
pling layer, a convolution layer, batch normalization, and finally ReLU, which means FAU

127



J. Mar. Sci. Eng. 2025, 13,73

fuses features from adjacent levels to address the semantic gap between them. Then, the
input features Fa and Fb are fed to the CAFS network.

DSAM
Fa Fb

FAU FAU Conv+BN+RelU Conv+BN+RelU

Conv+BN+RelLU Conv+BN+RelLU

———m CAFS

Y
Conv+BN+RelLU

FAU (Up/Down Sampling)+Conv+BN+RelLU

Element Element
. Wise Wise
Addition Multiplication

Figure 2. Detailed architecture of dynamic selection aggregation module (DSAM).

CAFS first concatenates two input features and then a series of convolution operations
are performed to improve feature extraction as depicted in Figure 3, and then finally
softmax is applied to produce feature weights Wa and Wb. These learned weights are used
to select features at different levels by performing element-wise multiplication with input
feature to suppress any interference or irrelevant information and then performing element-
wise summation to obtain the final enhanced feature. To learn fused features, sigmoid
and element-wise multiplication are applied to obtain Wf. Finally, the output feature
is obtained by element-wise summation. CAFS captures multi-level feature interaction
by using multiplicative fusion with addition and concatenation. In the back-propagation
operation, gradients of concatenation remain constant. The results of features at one level do
not impact features at other levels, leading to a lack of correlation between different levels.
Conversely, in the multiplicative fusion method, the gradient of each level’s features is
influenced by features from other levels. This allows features at different levels to constrain
and support each other, thereby significantly enhancing the localization accuracy of learned
features, thus improving feature illustration. The detailed architecture of AquaYOLO is
depicted in Figure 4.
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Conv+BN+RelLU Conv+BN+ReLU
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Figure 3. Detailed architecture of context-aware feature selection (CAFS).
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Figure 4. AquaYOLOQ: Detailed model architecture. In AquaYOLO we utilized ResNet Blocks denoted
as P1, P2...P5. Model layers are denoted by L1, L2... L19.
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4. Experimental Configuration
4.1. Datasets

AquaYOLO is evaluated on two publicly available standard benchmark datasets for
underwater sonar images, the Underwater Acoustic Target Detection dataset (UATD) [27]
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and the Marine Debris dataset [12]. As AquaYOLO is an enhanced version of Ultralytics
YOLOVS, for the implementation using Ultralytics YOLOv8 models, a different annotation
format is required. Specifically, these models expect annotations in the form of .txt files.
In this format, each row corresponds to a single object in an image and includes the
following information: [‘class index’, ‘center x’, ‘center y’, “‘width’, ‘height’]. The class index
starts from 0 and increments for each additional class. Moreover, the coordinates of the
bounding boxes are normalized relative to the resolution of the image, ensuring that all
values fall between 0 and 1.

UATD is a relatively large-scale dataset comprising 9000 sonar images. The dataset is
captured using Multibeam Forward Looking Sonar (MFLS). Gemini 1200ik sonar manufac-
tured by Tritech, Scotland, is used for recording sonar images which is a high-resolution
sonar and operates at 720 kHz for long-range targets and 1200 kHz for shorter ranges.
The good part of the dataset is that it is captured in the real marine environment. Some
part of the dataset is captured on Golden Pebble beach at Dalian and the rest is captured in
Haoxin lake at Moaming. It comprises sonar images captured in shallow water, 4 to 10 m
in Golden Pebble Beach, and at-most 4 m in Haoxin lake. A total of ten object classes are
used: Cube, Ball, Cylinder, Human Body, Plane, Circle Cage, Square Cage, Metal Bucket,
Tyre, and ROV. Figure 5 shows some sample sonar images from the UATD dataset which
illustrates the complexity of underwater sonar images.

Figure 5. Some sample pictures from UATD dataset [27].

The dataset is already divided into train, test, and validation sets comprising 7600, 800,
and 800 sonar images, respectively. Annotations are saved in XML files in PASCAL VOC
format. The PASCAL VOC format is a commonly used annotation format in computer
vision. In this format, each annotation file contains detailed information about the objects
within an image, encapsulated within the “object” tag. This tag comprises two essential
child tags: “name” and “bndbox”. The “name” tag indicates the class name of the object,
providing a clear identification of what the object is, while the “bndbox” tag specifies the
bounding box coordinates that localize the object within the image. This bounding box is
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further detailed with four tags: “xmin”, “ymin”, “xmax”, and “ymax”. These tags define
the coordinates of the bounding box in terms of the top-left and bottom-right corners.
Specifically, “xmin” and “ymin” represent the x and y coordinates of the top-left corner,
while “xmax” and “ymax” correspond to the x and y coordinates of the bottom-right corner
of the bounding box. A python script was developed and used to convert VOC standard
format to YOLO format and later saved in txt format so that it can be used by AquaYOLO.

The Marine Debris dataset is an openly accessible collection of 1868 images, captured
using the Forward Looking Sonar ARIS Explorer 3000 sensor desinged and manufactured
by Sound Metrics, Bellevue, Washington. These images were taken within a controlled
water tank environment with dimensions of 3 m by 2 m by 4 m. This dataset encompasses
11 distinct classes, each representing common marine debris items such as bottle, can,
drink carton, hook, propeller, shampoo bottle, tire, chain, valve, hook, wall, and standing
bottle. Figure 6 shows some sample sonar images from the Marine Debris Dataset which
shows that this dataset is rather easy as it shows crisp boundaries of objects captured using
Forward Looking Sonar. The accompanying dataset annotations are stored in the COCO
XML format, a widely used standard in computer vision. Within each annotation file,
the details for every object are encapsulated within the “object” tag, which includes two
critical child tags. The “name” tag specifies the class name of the object, while the “bndbox”
tag defines the bounding box coordinates. The “bndbox” tag further breaks down into “x”,
“y”,“w”,and “h” tags, where “x” and “y” represent the positions of the top-left position.
Here, “w” and “h” depict the width and height. To facilitate the conversion from the COCO
XML format to the YOLO .txt format, a Python script was employed. This script automates
the translation of the bounding box coordinates and class labels into the appropriate format
for YOLO, ensuring compatibility with the AquaYOLO. For training, testing, and validation
of the models, the dataset was split into three subsets with an 80:10:10 ratio.

Figure 6. Sonar images from Marine Debris Dataset [12].
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4.2. Environmental Setup

To ensure a fair comparison of performance, we use the hardware platform having
Nvidia GeForce RTX 2070 GPU with 8 GB of memory manufactured by NVidia, United
States. This setup provides a consistent hardware environment for evaluating each model’s
capabilities. The performance is evaluated based on mAP at a 50% Intersection over Union
(IoU) threshold and mAP at 50-95% IOU. Additionally, inference speed, measured in
milliseconds, is used to compare the efficiency of the models on the test data.

The experiments are performed on a computer with Windows 10. The deep learning
models are implemented in torch version 2.4. This setup ensured compatibility and stability
across all experiments. By using these standardized metrics and consistent hardware and
software environments, we aim to provide a reliable and accurate comparison of the models’
performance in detecting objects in underwater sonar images.

4.3. Evaluation Metrics

When assessing target detection tasks, various important metrics are frequently uti-
lized: recall (R), precision (P), and average precision (AP). Recall represents the fraction
of actual targets correctly identified, as outlined in Equation (2) [38]. Conversely, preci-
sion quantifies the proportion of correctly identified targets among all predicted targets,
as explained in Equation (3) [38].

TP

R= TP+ FN @)
TP

P= TP+ FP ®)

Here, TP stands for the count of true positives, or correctly identified targets, FP
denotes false positives, and FN signifies false negatives, or targets that were missed.
Average precision (AP) measures the region beneath the precision-recall (P-R) graph,
with recall represented on the horizontal axis and precision on the vertical axis. The AP is
calculated using Equation (4) [39]:
1

AP = _OP(r) dr 4)

The mean average precision (mAP) is determined by computing the average of the
AP scores across all classes, as illustrated in Equation (5) [39]:

1 k
mAP = z ,; AP(n) (5)

In this research, mAP is at 50%, employing a 50% IoU criterion, and mAP is at 50-95%,
utilizing an IoU range of 50% to 95% as thresholds are utilized. For convenience, mAP at
50% is referred to as mAP50 and mAP at 50-95% is referred to as mAP50-95 throughout
the paper.

5. Experimental Results
5.1. Qualitative Results

Table 1 presents performance comparison between various deep learning models in
the literature with AquaYOLO, all trained on the UATD dataset [27]. Among all these

models, AquaYOLO demonstrated superior performance, achieving best precsion, recall,
and mAP50.
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Table 1. Comparison of AquaYOLO with Various other Models on UATD Dataset.

Model Precision Recall mAP50 mAP50-95
RetinaNet [40] 63.2 62.4 62.5 30.6
FLS Detector 82.3 75.7 75.6
RT-DETR-L 82.6 80.7 77.3
FSLD-Net 86.7 81.9 80.3
FasterRCNN [41,42] 74.3 75.3 75.1 379
YOLOV3 [43] 85.4 82.1 79.1 -
SDDNet [44] 81.3 79.7 80.2 419
YOLO-DCN [43] 86.2 83.4 80.5 -
YOLOV3SPP [45] 91.1 93.0 92.2 45.7
YOLOV5-s [42] 92.8 92.2 93.9 53.8
YOLOvVS 85.4 81 83.3 37.9
AquaYOLO (our) 94.7 94.5 94.9 48.1

Table 2 presents performance comparison between different variants of YOLOV5,
YOLOVS, and AquaYOLO. All three were trained on the Marine Debris dataset [12].
Among these models, AquaYOLO demonstrated superior performance achieving an
mAP50 score of 97.6%.

Table 2. Comparison of AquaYOLO with Various other Models on Marine Debris Dataset.

Model mAP50 mAP50-95 Inference Speed (ms)
Tiny-YOLOv3 70.0 61 3.3
Faster R-CNN 80.8 64 54

RetinaNet 85.1 67 53
Tiny-YOLOv4 87.4 69 3.1
YOLOv5s 93.6 72 3.4
YOLOV5I 94.1 71.8 6.5
YOLOV5m [35] 95.3 72 32
YOLOvVSs 94.6 73.2 4.4
YOLOv8m 95.1 734 54
YOLOvSI 94.9 73.6 8.2
YOLOVSn [35] 95.3 73.3 1.3
AquaYOLO 97.6 75.7 1.3

Table 3 shows the mAP50 scores per class for AquaYOLO, trained on the Marine
Debris Dataset. Table 3 indicates that both the Shampoo-bottle and Valve classes received
relatively low mAP scores, suggesting that they are frequently misclassified as other classes.
These misclassifications can be attributed to the inherent challenges of sonar imaging.
Objects like the Shampoo-bottle and Standing-bottle share similar shapes and sizes, while
the Valve class resembles other metallic debris. The lack of texture and color information
in sonar images makes it difficult for the model to differentiate between these classes.
Additionally, the presence of noise and low resolution in sonar images further obscures
subtle features, contributing to these errors. This analysis highlights the specific areas
where AquaYOLO struggles, providing insight into the model’s limitations in handling
certain object classes.

To better understand the feature extraction process, feature visualization was per-
formed using Eigen-CAM [46]. This technique allowed us to visualize the regions of the
input image that the model focuses on at different layers of the network, providing a deeper
understanding of how the model interprets the sonar images. By generating activation
maps, Eigen-CAM highlights the most important areas that influence the decision-making
process of the model, offering a clear view of the features learned by the network.
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Table 3. Class-wise mAP50 score for AQquaYOLO on Marine Debris dataset.

Class mAP50
Bottle 98.7
Can 95.4
Chain 98.7
Drink-carton 98.8
Hook 99.3
Propeller 94.7
Shampoo-bottle 92.5
Standing-bottle 98.1
Tire 98.95
Valve 93.5
Wall 97.7

We performed a comparison of the features learned at different layers by YOLOv8n
and AquaYOLO. The source image, randomly selected from the test set, contains three
objects: Wall, Drink-carton, and Tire, and it was used to represent feature maps through
Eigen-CAM. Figure 7 illustrates the feature visualization of the initial feature extraction
layers, randomly chosen from the backbone of both YOLOvV8 and AquaYOLO. As shown
in Figure 7, AquaYOLO captures a larger number of fine-grained features in the early
layers (L1 and L2) because of residual blocks, while later layers (L5 and L6) become more
focused and specific to the objects of interest, demonstrating the model’s ability to refine its
attention and distinguish between different objects in the scene.

YOLOvEn

AquaYOLO

Figure 7. Feature visualization of backbone layers in YOLOv8n and AquaYOLO using Eigen-CAM
on the Marine Debris Dataset. Red color show the high intensity areas which were mainly considered
for decision making by the model.

Figure 8 shows the feature maps of the neck layers. Visualizing L7 and L9 reveals that
the inclusion of residual blocks in AquaYOLO enables the model to focus on learning only
the most relevant features, specifically the objects of interest. The visualizations in L10 and
L12 demonstrate the improvement achieved by replacing simple concatenation with the
DSAM, enhancing feature representation and object detection performance.

Figure 9 shows the feature visualization of the head layers of YOLOv8n and AquaY-
OLO. L13 and L15 highlight the high-intensity features learned by AquaYOLO near the
objects of interest, while YOLOvS8n tends to learn more features from the background.
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A similar pattern was observed in the feature maps of L18. While both models successfully
detected all three objects, the feature intensities in L19 of AquaYOLO were notably stronger
than those in YOLOVS8n, indicating higher confidence in detecting the objects of interest.

YOLOvEn

AquaYOLO

Figure 8. Feature visualization of neck layers in YOLOv8n and AquaYOLO using Eigen-CAM on the
Marine Debris Dataset. Red color show the high intensity areas which were mainly considered for
decision making by the model.

L15 L18

Figure 9. Feature visualization of head layers in YOLOv8n and AquaYOLO using Eigen-CAM on the

YOLOvEn

AquaYOLO

L13 L19

Marine Debris Dataset. Red color show the high intensity areas which were mainly considered for
decision making by the model.

5.2. Quantitative Results

Figure 10 illustrates some inference results produced by AquaYOLO on the test data,
along with the ground truth annotations on the Marine Debris Dataset.

Figure 11 shows some inference results produced by AquaYOLO on test data along
with ground truth values on the UATD Dataset.
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Figure 10. Inference Results of AquaYOLO, ground truth (left) and inference results (right) on Marine
Debris Dataset.
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.

Figure 11. Inference results of AquaYOLO ground truth (left) along with inference (right) on
UATD Dataset.

6. Ablation Study

Figure 12 represents the precision—confidence curve which plots the precision value
at different confidence thresholds. It can be observed that as the model’s confidence
threshold increases, the precision typically increases as well. It can also be observed that
the precision—confidence curve rises quickly and maintains high precision across most
confidence levels.
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Figure 12. Precision confidence curve for UATD Dataset. Different color lines represent graph for
different classes. Thick blue line represents the overall graph.

Figure 13 represents the precision—recall curve which plots precision values at different
recall levels. It can be observed that as recall increases, precision is decreasing. This is
because to increase recall, the model needs to predict more positives, which can result in
more false positives, reducing precision.
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Recall

Figure 13. Precision recall curve for UATD Dataset. Different color lines represent graph for different
classes. Thick blue line represents the overall graph.

Figure 14 represents the recall-confidence curve which plots the recall value at dif-
ferent confidence thresholds. It can be observed as the confidence threshold increases,
recall decreases. This is because the model becomes more conservative, classifying fewer
instances as positive, which may result in missing more true positives.
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Figure 14. Recall confidence curve for UATD Dataset. Different color lines represent graph for
different classes. Thick blue line represents the overall graph.

Figure 15 represents the confusion matrix for the UATD dataset by comparing the
predicted labels with the actual labels. Although the overall performance of AquaYOLO
remains strong, the confusion matrix highlights specific areas where the model struggles.
Notably, the Square Cage class is frequently misclassified as a Cube due to their similar
structural features in sonar imagery. Similarly, the Circle Cage class often overlaps with
predictions for the Square Cage and the Ball, likely because of their circular outlines and
the lack of distinguishing texture in sonar data. These misclassifications are influenced
by factors such as reverberation artifacts, shadowing effects, and the inherent noise in
sonar images. Such insights provide a clearer understanding of AquaYOLQ's limitations in
handling objects with similar geometric profiles.

Table 4 presents performance comparison when different modules are incorporated
in the proposed AquaYOLO on the UATD dataset. These modules include the residual
block, the DSAM module, and the CAFS module. However, here, we elaborate the impact
of these modules. It can be inferred that our proposed modules improved performance in
the object detection problem.

Table 4. Comparison of AquaYOLO with various other models on Marine Debris Dataset.

Residual DSAM CAFS mAP50 mAP50-95
95.1 73.3
yes 95.4 73.5
yes 95.6 73.2
yes 95.3 74.4
yes yes 97.2 74.4
yes yes 96.7 75.2
yes yes 97.1 74.3
yes yes yes 97.6 75.7
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Figure 15. Confusion matrix results for UATD Dataset.

7. Conclusions

AquaYOLO represents a significant advancement in underwater object detection by
effectively addressing the challenges of sonar imaging. Underwater object detection is
inherently difficult due to factors such as noise, low resolution, and the lack of texture
in sonar images. By incorporating residual block layers and introducing the Dynamic
Spatial Attention Module (DSAM) and Context-Aware Feature Selection (CAFS) into the
network architecture, AquaYOLO can capture subtle details in complex underwater sonar
data and selectively extract the most relevant information from feature maps, thereby
enhancing detection accuracy. Experimental results on the UATD and Marine Debris
datasets demonstrate that AquaYOLO outperforms existing models in both accuracy
and robustness. These results confirm that the proposed model excels at handling the
unique challenges of underwater sonar imagery, establishing it as a promising solution for
underwater object detection tasks. Future research could focus on enhancing the model’s
scalability and robustness across different sonar systems and environments.
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Abbreviations

The following abbreviations are used in this manuscript:

COCO Common Objects in Context
C2f Coarse to Fine

CloU  Complete Intersection of Union
DETR  Detection Transformer

DFL Distribution Focal Loss

RFB Radial Basis Functions

SSD Single Shot MultiBox Detector
VOC Visual Object Classes

YOLO  You Only Look Once
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Abstract: The field of underwater image processing has gained significant attention re-
cently, offering great potential for enhanced exploration of underwater environments,
including applications such as underwater terrain scanning and autonomous underwater
vehicles. However, underwater images frequently face challenges such as light attenu-
ation, color distortion, and noise introduced by artificial light sources. These degrada-
tions not only affect image quality but also hinder the effectiveness of related application
tasks. To address these issues, this paper presents a novel deep network model for single
under-water image restoration. Our model does not rely on paired training images and
incorporates two cycle-consistent generative adversarial network (CycleGAN) structures,
forming a dual-CycleGAN architecture. This enables the simultaneous conversion of an
underwater image to its in-air (atmospheric) counterpart while learning a light field image
to guide the underwater image towards its in-air version. Experimental results indicate
that the proposed method provides superior (or at least comparable) image restoration
performance, both in terms of quantitative measures and visual quality, when compared
to existing state-of-the-art techniques. Our model significantly reduces computational
complexity, resulting in a more efficient approach that maintains superior restoration ca-
pabilities, ensuring faster processing times and lower memory usage, making it highly
suitable for real-world applications.

Keywords: underwater image restoration; deep learning; unsupervised learning; generative
adversarial networks

1. Introduction

In recent years, the exploration of underwater environments has become increasingly
important because of the increasing exhaustion of natural resources and the advancement of
the global economy. Many applications in ocean engineering and research now rely heavily
on underwater imagery captured by autonomous underwater vehicles (AUVs). One of the
primary functions of AUVs is to be able to capture underwater imagery that is essential to
explore, understand, and interact with the marine environment. Much research regarding
underwater image processing has been proposed for scientific exploration of deep-sea
environments [1,2]. However, underwater imaging faces more challenges than atmospheric
imaging. Underwater images frequently experience degradation caused by attenuation,
color distortion, and noise from artificial lighting. Specifically, scattering and absorption
caused by particles in the water, such as microscopic phytoplankton or non-algae particles,
can attenuate direct transmission and produce ambient scattered light. The diminished
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direct transmission lowers scene intensity and causes color distortion, while scattered
ambient light further alters the scene’s appearance. These degradations complicate the
restoration of underwater image quality, seriously affecting related tasks in underwater
exploration, such as target detection, pattern recognition, and scene understanding.

Image restoration is fundamentally an ill-posed problem used to obtain high-quality
images from degraded input images. Quality degradation may occur due to the capture
process (such as noise and lens blur), post-processing (such as compression), or under
non-ideal conditions (such as haze and fog). Various image restoration techniques have
been proposed in the literature, which rely on prior knowledge, assumptions, and learning
strategies. With the rapid advancement of deep learning algorithms, more and more
image restoration technologies based on deep learning have emerged [3,4]. The success of
deep learning-based methods often depends on sufficient and effective training datasets.
Considering the scarcity of paired training image samples of underwater images and their
corresponding ground truth (or clean) versions, this poses a significant challenge to training
deep models for single under-water image restoration. Although several underwater image
datasets are synthesized through physical-based models, there is still a lack of publicly
accessible collections. Furthermore, most underwater image synthesis methods do not
intend to reproduce atmospheric scenes, resulting in incomplete enhancement and difficulty
in approaching actual underwater conditions.

In recent years, underwater image restoration methods based on single images have
attracted attention due to their effectiveness and flexibility. The restoration of underwater
images generally falls into two primary categories: conventional techniques and deep
learning-based approaches. Chiang et al. focused on improving the quality of individual
underwater images by applying image dehazing techniques, addressing attenuation dis-
crepancies along the propagation path [5]. Li et al. employed dehazing through blue-green
channels and corrected the red channel for restoring single underwater images [6]. Ancuti
et al. proposed a fusion-based haze removal framework for single underwater images,
which integrates two images produced by applying color compensation and white balanc-
ing to the input image [7]. For example, Li et al. developed a convolutional neural network
(CNN) specifically designed for the enhancement of underwater images and relied on
underwater scene priors to generate synthetic training data [8]. Additionally, Dudhane
et al. introduced a deep learning network trained on this synthetic dataset [9]. Another
notable contribution is [10], which presented a large-scale benchmark for underwater image
enhancement. This benchmark includes reference images generated through 12 selected
enhancement methods, with the optimal result for each underwater image determined
by a voting process. The simultaneous enhancement and super-resolution method called
Deep SESR is a generative model based on a residual network, designed to enhance image
quality and improve spatial resolution during restoration [11]. Naik et al. proposed a
Shallow-UWnet based on a shallow neural network model to maintain performance with
fewer parameters [12]. Zhou et al. introduced a method for underwater image restora-
tion that involves estimating depth maps and employing backscatter reduction [13]. A
lightweight multi-level network called Lit-Net is proposed by Pramanik et al., focusing on
multi-resolution and multi-scale image analysis for recovering underwater images [14].

Training end-to-end CNN models on paired training data is challenging due to the
difficulty in acquiring a data set consisting of pairs of underwater images and their cor-
responding ground truth (clean) images. To address this issue, generative adversarial
network (GAN) architectures [15], including the cycle-consistent adversarial network
called CycleGAN [16], have been employed in the restoration of underwater images. The
WaterGAN framework [17] uses GAN to generate realistic underwater images from in-air
(atmospheric) images and depth information to facilitate color correction of monocular un-
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derwater images. proposed a model based on a conditional generative adversarial network
for real-time enhancement of underwater images [18]. Guo et al. introduced a multi-scale
dense GAN designed to enhance underwater images [19]. Cong et al. introduced PUGAN,
a GAN model guided by physical models, for enhancing underwater image processing [20].

Existing methods for underwater image restoration often face two major challenges
including inadequate color correction and insufficient detail reconstruction. To tackle
these challenges, this paper presents a solution by proposing a dual-CycleGAN model
specifically designed for single underwater image restoration, which restores an underwater
image with dynamically learning guidance. In more detail, our framework utilizes one
CycleGAN to learn a light field guidance image, which is generated from the target image to
improve color accuracy. The second CycleGAN focuses on training a generator specifically
for underwater image restoration. Both CycleGANSs are trained concurrently, with the
guidance image dynamically steering the output of the restoration generator, leading to
more effective and efficient restoration of underwater images. Two CycleGANs work
together, with one focusing on extracting useful color features from the underwater images,
while the other focuses on restoration and reconstruction. This division of labor helps
improve the final image quality and consistency but also ensures stability throughout the
training process.

The paper is structured as follows. In Section 2, we present a background review of
light field generation techniques, which are utilized in the design of our guidance image.
Section 3 describes the proposed deep learning network for single underwater image
restoration and outlines the problem that this study aims to solve. Section 4 presents the
experimental results, and Section 5 concludes with final remarks.

2. Related Work
2.1. Light Filed Map

The light characteristics of underwater scenes are distinct from those of aerial images
due to particle scattering being highly random, making it difficult to accurately simulate
them with traditional physics methods. A light field preservation approach is introduced to
capture and integrate the diverse underwater light field information into the target image.
The background light field map is generated by the multi-scale filtering process, and this
is achieved by applying a Gaussian blur at different levels of intensity [21]. This multi-
scale approach helps address the limitations of using a single level of filtering, offering a
more precise depiction of the background light. The method is inspired by the multi-scale
Retinex technique [22]. The preserved features in underwater light field images emphasize
the natural stylistic elements of various underwater scenes while omitting the detailed
and structured information found in the original underwater images. In our proposed
algorithm, we use the light field map as a learning guide image to iteratively guide the
output of a generator to effectively enhance the color presentation of underwater image
restoration. Figure 1 illustrates the light field map derived from several underwater images.

Original
Image

Light
Field

Figure 1. Illustration of the output from the light field module.
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2.2. CycleGAN

Cycle-GAN, extended from GAN [15], which was originally proposed by Zhu
et al. [16], aims at enhancing GAN for unsupervised image style transfer by utilizing
the cycle consistency principle. Cycle-GAN has been adapted and extended to various
other image generation tasks, yielding impressive results in each case [23]. CycleGAN
learns a generator that generates images in one domain under given images in another
domain. Many possible mappings can be inferred without using matching information,
which demonstrates outstanding performance in image processing tasks. Deep learning has
been shown to perform well in a variety of underwater tasks, but large datasets are difficult
to obtain in underwater environments. GAN-based methods are suitable for underwater
image restoration. Although generative adversarial networks have excellent results, there
are also unavoidable problems [24-26]. One challenge lies in the difficulty of training
GAN’s and the complexity of objectively assessing the generated output. Another issue is
the potential for model collapse, which can occur if the training penalties are not properly
adjusted. Our proposed method uses light field maps as guide images to stabilize model
training and achieve better restoration performance.

3. Proposed Framework

The overall structure of the proposed dual-CycleGAN that includes two CycleGANs
is shown in Figure 2. As shown in Figure 2, the upper section referred to as the Light Field
CycleGAN, abbreviated as “LFCycleGAN" is mainly designed for guidance learning to
guide an input underwater image toward its in-air version by producing the light field
image of the input image, while the bottom part of Figure 2, referred to as the Restoration
CycleGAN, abbreviated as “RCycleGAN”, is the major CycleGAN designed for producing
the finally restored image. The two models will be jointly trained until the network
converges to obtain the final generator G (Figure 3).

LFCVcleGAN
: Cycle consistency loss for ! | : Forward Adversarial loss !
N . © . . 3 I
I _ . guidancelearning _ __ _for guidance learning _ _r--"-=-- )
Adversarial loss ! Advlersarlal
i oss

Lightfield
converter

Image —»

Grri(Vip) i Backward losses | |
= Forward _16§ses .
LFenancea Backward conversion
Cycle consistency loss | network Gjp;
——f———::::::::::::::::::::: ========z=====z2]
Input single | RCycleGAN  __________________—-------- j ———————— - I
T Intermediate output loss L, ¢e,
underwater | y' o e e e e e e BT 1
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|
! |
! |
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! |
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Figure 2. The proposed unsupervised adversarial learning framework consisting of dual-CycleGAN
with unpaired training images.
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Figure 3. The architecture of the generator in the proposed deep single underwater image resto-
ration network.

3.1. Dual-CycleGAN

The primary objective of this paper is to design a deep neural network that transforms
a single underwater image x € X into its corresponding in-air image, y € Y. X and Y
denote the collections of underwater images (the source domain) and in-air images (the target
domain), respectively. To design an effective generator model, we base it on an autoencoding
architecture, the image is first passed through an encoder, then fed into an 8-layer U-Net to
extract features, and finally processed by a decoder. The encoder is made up of 8 convolutional
layers, each with a 4 x 4 kernel size, using a stride of 2, and both padding and output padding
values set to 1. The feature maps have sizes of 64, 128, 256, and 512, respectively. The decoder
is made up of 8 transposed convolutional (deconvolution) layers, each with a 4 x 4 kernel size
and a stride of 2, and both padding and output padding set to 1. The feature maps for these
layers are 512, 256, 128, and 3, respectively. Finally, we can obtain an image with the same
shape (H x W x 3) as the input.

In the RCycleGAN architecture, the process begins with the input of a degraded
underwater image x into the discriminator. The goal of the RCycleGAN is to transform this
degraded underwater image into its in-air version. This is done through the first generator
Gr1, which takes the underwater image x as input and produces an intermediate in-air
version Ggy(,). However, since the aim is to recover the original degraded input, the next
step involves converting the in-air version back into a degraded underwater image. This is
accomplished using the second generator Ggo, which takes the in-air image Ggy(y) as input

and outputs the degraded underwater version Ggp (GRl(x)> . The process in RCycleGAN
essentially cycles the image between these two transformations: from degraded underwater
to in-air and back to degraded underwater.

In contrast, the LFCycleGAN introduces an additional layer of complexity by incorpo-
rating a guidance mechanism for improved restoration. In this architecture, an additional
generator Gy r; is used to generate a light field image that serves as a guidance map. This
light field image captures the illumination and other environmental characteristics of
the scene, which are then used to help guide the RCycleGAN process. Specifically, the
guidance light field image produced by G| r; is applied to the input underwater image,
assisting the RCycleGAN’s first generator Gg; in transforming the degraded underwater
image into a more accurate in-air version. This guided approach improves the overall
restoration performance by providing additional information to inform the generation
of the in-air image. Since underwater images often exhibit color distortion compared to
corresponding in-air images, we believe that the inherent light field image of the input
underwater image should be consistent with its restored image. Our main idea is to use
the light field map obtained by Grrj in LFCycleGAN of the input underwater image to
guide the restoration process in RCycleGAN to produce its in-air version. As shown in
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Figure 2, for the generated in-air image ' = Gg(x) of the input underwater image x in
the proposed RCycleGAN, we directly get its “baseline” light field version y/; ;. To obtain
an “enhanced” light field version of the input underwater image, it is needed to exclude
possible noises, blurring effects, or color distortions within the image while preserving
its inherent image color representation. To achieve this purpose, we propose a generator
denoted by Gy in our LFCycleGAN (circled by the red dotted line region in Figure 2)
for transforming an underwater image to the corresponding enhanced light field image.
To train Gy f, the LFCycleGAN mainly consists of the forward generator Grry and the
backward generator Gy .

According to the Retinex theory, an image S can be decomposed into the light field
information L and the reflectance R as their product

S=1L-R, 1)

where L is the light field information and R is the reflectance. This equation explains how
light field information influences the appearance of the image. In the LFCycleGAN, the
input image X is processed through the light field module to get the light field information
y;r by Equation (1). The LFCycleGAN takes the original image X and generates the
enhanced light field LF,,j,4,,c04- This process can be expressed as a functional relationship as

LFEVlhIJ}’lCEd = GLFl (]/LF) : (2)

We hypothesize that if the enhanced light field information LF,j,,ceq accurately
reflects the light conditions of the real scene, then the smaller C(y/, LF,,jnceq) 1S, the closer
the light distribution of the restored image y’ is to that of the real scene. Therefore, the
RCycleGAN can leverage this comparison mechanism to improve the restoration quality of
the image. This can be further expressed as:

Q (y/) = g(C(y/, LPenhanced) )1 3)

where Q(y') is the quality assessment function of the image, and g is a function that
describes the impact of the comparison result C(y/, LF o, panceq) ON the restoration quality.
The ultimate goal is to maximize Q(y’), i.e., improve the restoration quality of the image.
This can be achieved by minimizing the comparison function C(y, LF¢ypanced)

maxQ (y') subject to maxC(y’, LFeppanced) 4)
Gr1 Gr1
This mathematical analysis describes how LFCycleGAN uses the light field informa-
tion generated by the RCycleGAN as a comparison baseline for image restoration. By
minimizing the difference between the restored image and the light field information, it
enhances the quality of the restored image.

3.2. Loss Design in RCycleGAN and LFCycleGAN

To achieve the goal of underwater image restoration in RCycleGAN and mimic features
of light field from LFCycleGAN, we include seven kinds of formulate loss functions in the
proposed dual-CycleGAN and they are adversarial loss (L an ), cycle consistency loss ( Leyc),
identity loss (L;4), perceptual loss (L), patch-based contrast quality index(PCQI) [27] loss
(L pegi), color balance loss (L), and intermediate output (Inter) loss (Liper )-

Adversarial loss Lgan is used to determine the similarity between the produced
data and the actual data distribution. Different from the adversarial loss of the original
CycleGAN, in our RCycleGAN and LFCycleGAN, we not only optimize the equations for
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converting underwater image into in-air image, Gg; and on-road image into underwater
images, Gro, but also, we optimize the equations for converting underwater light field
into in-air light field Gy ;1 and equations for converting in-air light field into underwater
light field. We also incorporate four discriminators: Dg, comprising Dgy and Dgy, and
Dy, comprising Dy r1 and Dy, to distinguish the translated samples from those of the
real samples. Therefore, the proposed adversarial loss L5 4 is expressed as:

Lcan(Gri, Grri, Dri, Drr1, X, Y)

[ log(Dr1(y)) ]
Y~Pdata(¥) L+log (D r1 (y))

log(1—Dg1(Ggr1(x)))
+E"diuta (x) [+lg§(1—DI;1 (CI;{LlFiC("C)))]’

=E (5)

where x ~ pyu,(x) and y ~ pyu.(y) denote the data distributions of the samples {x;} and

{yi}, respectively. The expectation E represents the average value of a function

X~ X
over the distribution p,,(x), meaning iidﬂct;(lc)ulates the expected value of some operation
across all possible samples x drawn from the real data distribution. Similarly, Epr data ()
represents the expected value over the distribution p,, (y), calculated across all possible
samples y. Gr1 and G rj generate images that aim to resemble domain Y, starting from
domain X (i.e., X — Y). Dry and Dy p; are the discriminators responsible for distinguishing
the RGB and light field characteristics of the generated images from the real ones. Similarly,
we define an adversarial loss for the reverse mapping (Y — X)), using generators Gro, GLr2
and discriminators Dgo, Dy pp.

Cycle consistency loss, L¢yc is used to ensure that the image converted back retains the
complete information and characteristics of the original image. Different from the cycle
consistency loss of the original CycleGAN, we introduce the respective optimizations in
underwater images and underwater light fields in the proposed cycle consistency loss, Lcyc,

defined as:

Leye(Gr1, Gra, Grr1, Grr2)

—F | Gr2 (Gra (x))—x]|;

X~ Pdata(¥) [+HGLF2(GLF1(JC))*XH1] (©)

|Gr1(Gra2(¥)) vl ).

—HE]/NPdata () [+ IGLr1(GLr2(y))—ylly

We utilize the L1 norm (i.e., Manhattan distance) as part of the cycle consistency loss
to ensure that the mapping from one domain to another is reversible. Compared to the L2
norm (i.e., Euclidean distance), the L1 norm does not impose excessive penalties on small
errors, allowing the generator to capture the features of real images more stably during
the training process. Additionally, the sparsity characteristics of the L1 norm help produce
images that are more interpretable and visually appealing. By focusing on the similarity
between the generated and original images, our model effectively preserves the semantic
information of the input images, thereby achieving higher-quality image translation.

Identity loss, £;;, ensures that when the input image belongs to the target domain,
the generator does not alter it and outputs the same image as the input. This avoids
unnecessary changes and maintains consistency in the content of the image. Different from
the identity loss of the original CycleGAN, we introduce the respective optimizations in
RGB and light field components in the proposed identity loss L;y, is defined as:

Lii(Gr1, Gra2, Grr1, Grr2)
Gr1(y) — vl

+E
HIGrr1(y) — vl

=By pra(y) X~ Piata(X)

[Gra(x) — x|l @)
+|Grea(x) — x|l |
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Perceptual loss focuses more on the perceived quality of the image, aligning it better
with how a human observer perceives image quality. To address the blurring issue in
images generated by GAN, we incorporate perceptual loss, Lper, which is based on the
VGG16 network, is defined as:

YiAillpi(x) — ¢i(Gr(x)) [l

Lper(Gr, GLE) = Expy(v) +1i Ailllgi(x) =1 (GLr(x)) [y
®)

Yidillgi(y) — ¢i(Gr(y))ll4

+E /
e Al i)~ (Gor ()

Y~ Pdata

where ¢; and A; represents the feature extraction function and weight assigned from the
i-th layer of the VGG16, respectively.

To refine the color quality of the restored image Gg(x) from the input x in accordance
with human visual perception, we incorporate the PCQI loss function, which is defined as:

Epcqi (GRZ (GRl (x) )r x) - eil <PCQI(Gr2(Cra (x)),x)’ (9)

where the PCQI function is defined in [27].
In addition, the color balance loss function £, is used to adjust and optimize the
color distribution in images to achieve a more balanced or desired color representation and

is defined as:
]- HxW /

Lop(y') = ZCG{R, G, B} mzz',j:o yelirj) = My, (10)
where y' is the output map of Gry, y denotes the color component of C € {R,G,B}, H
and W are the rows and hights in y, M, is the pixel mean across the three color channels of
y', and i and j are row and column coordinates of the y’ image. Finally, we use intermedia
output loss L., to assess the color similarity between the light field image produced by
Grri1(x) and the image generated by Ggy(x), as defined by

HxW

Linter (¥) =} ;1 ‘GRl(x)(i,]’) = Gre (%) i j))- (11)
. RCycleGAN LFCycleGAN
The loss functions of RCycleGAN, L LOSS , and LFCycleGAN, £ LOSS are
defined as:
RCycleGAN _ »RCycleGAN RCycleGAN RCycleGAN RCycleGAN RCycleGAN
Lioss =Leain + Loy +Lig + Lper Ly (12)
RCycleGAN
+‘ch Y + Linter 7
LFCycleGAN _ »LFCycleGAN LFCycleGAN LFCycleGAN LFCycleGAN
L} 0ss = LN + Leye + L, + Lper . (13)

In the overall training process for jointly training our RCycleGAN and LFCycleGAN,
the complete loss function employed to train the proposed model dual-CycleGAN model

is defined as:

Totall _ pRGBCycleGAN GrayCycleGAN
‘CLoss - ‘CLoss + ‘CLoss . (14)

In the training process, the perceptual loss is iteratively calculated by Ly (Y, Y} ), as
depicted in Figure 2. That is, minimizing this perceptual loss can be viewed as the linkage
between the two CycleGANSs. During the overall network training process, the iteratively
updated light field image y/ ; is used as the guidance to guide the restoration of the input
underwater image.
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4. Experimental Results

To train the dual-CycleGAN for underwater image restoration with unpaired images,
four datasets of different domains are used. Three of these datasets are widely recognized
for underwater image augmentation, including UFO-120 [11], EUVP [28], and UIEB [10].
The DIV2K (DIVerse 2K) dataset [29] is used as the in-air domain dataset. The proposed
method was implemented using PyTorch version 2.0.1 with the Python programming
language. The model optimization was performed using the Adam optimizer [30], with
the initial learning rate configured at 0.00002. The training input patch size was set to
256 x 256, and the model was trained for four hundred epochs. This section is organized
under subheadings, offering a succinct and clear explanation of the experimental results,
their analysis, and the conclusions derived from the experiments.

4.1. Quantitative Comparisons

To assess the performance of our method quantitatively, three well-known quantitative
metrics are used and there are PSNR (peak signal-to-noise ratio), SSIM (structural similarity
index measure), and UIQM (underwater image quality measurement) [31], which leverages
multiple factors influencing underwater image quality. It integrates three components:
underwater image color measurement (UICM), underwater image sharpness measurement
(UISM), and underwater image contrast measurement (UIConM) to provide a comprehen-
sive evaluation. Typically, a higher UIQM value indicates better image quality. To assess the
performance, we compare our method against five state-of-the-art deep learning-based un-
derwater image enhancement techniques, which are Deep SESR [11], Shallow-UWnet [12],
UGAN [18], WaterNet [17], and PUGAN [20]. Among the five comparison methods, the
first two are end-to-end model architectures that require paired training data, while the last
three are GAN based and do not require paired training data. As revealed by Table 1, our
method exhibits better or comparable quantitative performances. Our proposed method
achieves a PSNR that is only 1.89 lower than Deep SESR on the UFO-120 dataset, while
our GFLOPs are just 12.4% of those of Deep SESR. Additionally, the Deep SESR method
requires paired data for training. Compared to PUGAN, our method demonstrates superior
performance compared to others, achieving higher PSNR and SSIM values while achieving
comparable UIQM. Also, our method has only 25% of the computational cost of PUGAN,
which represents a significant improvement in computational efficiency.

Table 1. Quantitative performance assessments on UFO-120, EUVP, and UIEB datasets.

UFO-120 EUVP UIEB

Method PSNR SSIM UIOM PSNR SSIM UIOM PSNR SSIM UIOM
Deep SESR 2715  0.84 3.13 25.25 0.75 2.98 19.26 0.73 297
Shallow-UWnet 2520 0.73 2.85 27.39 0.83 2.98 18.99 0.67 277
UGAN 2345  0.80 3.04 23.67 0.67 2.70 20.68 0.84 3.17
WaterNet 2246  0.79 2.83 20.14 0.68 2.55 19.11 0.80 3.04
PUGAN 23.70  0.82 2.85 24.05 0.74 294 21.67 0.78 3.28
Dual-CycleGAN 2523  0.84 3.06 27.39 0.91 297 22.12 0.85 3.26

Table 2 provides a detailed comparison of the GFLOPs (giga floating point operations)
and the number of network parameters required by the evaluated methods. Our model
stands out by demonstrating a significant reduction in both GFLOPs and network parame-
ters when compared to the other methods. This results in a more computationally efficient
model that retains or even surpasses the performance of state-of-the-art methods in terms
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of underwater image restoration quality. By achieving a lighter model complexity without
compromising performance, our approach not only addresses computational resource limi-
tations but also demonstrates scalability, making it highly suitable for practical applications
with constrained resources. This efficiency, alongside its superior restoration capability, is
one of the most notable strengths of our proposed method, as it ensures faster processing
times and lower memory usage, thus making it a highly practical solution for real-world
deployment.

Table 2. Complexity evaluations for difference methods.

Method FLOPs Parameters
Deep SESR 146.10 G 246 M
Shallow-UWnet 21.63 G 0.22M
UGAN 38.97 G 57.17 M
WaterNet 193.70 G 2481 M
PUGAN 72.05G 95.66 M
Dual-CycleGAN 18.15G 5441 M

4.2. Qualitative Comparisons

As illustrated in Figure 4, our proposed method significantly outperforms state-of-the-
art approaches, particularly in preserving image details and enhancing color representation.
Moreover, benefited from the proposed guidance learning, our method recovers better
color representation than those recovered by other methods.

Shallow-

Deep SESR UGAN WaterNet PUGAN Dual-CycleGAN
UWnet

Figure 4. Qualitative evaluation results on the UFO-120 dataset.
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4.3. Ablation Study

To assess the contribution of each component in the proposed model, we performed the
ablation studies, shown as follows. We remove the guidance learning component and loss
function from the proposed framework to evaluate the effectiveness of the learned light field

guidance, Ljyter, £ and L. The results of the ablation study are presented in Table 3.

cqis
From the ﬁndings,pi"c7 is evident that removing LFCycleGAN from the proposed method
results in a decline in image quality, including blur, loss of structure, and color distortion.
As shown in Table 3, the complete method demonstrates the best performance in both
quantitative and qualitative restoration. All components, including the loss functions and
the guidance learning component, are essential for optimal underwater image restoration.
Removing any of these components resulted in a significant degradation in image quality,

highlighting their necessity in achieving the best restoration performance.

Table 3. Quantitative results of ablation studies.

UIEB
PSNR SSIM UIQM
Complete Dual-CycleGAN 22.12 0.85 3.26
(w/0) Linter 20.81 0.82 2.99
(w/0) Lpeyi 20.75 0.84 2.96
(w/o) Ly 20.8 0.84 2.96
(w/0) Lpegi & Ly 20.88 0.84 2.93

4.4. Discussion

Compared with the existing literature, the proposed method outperforms GAN-based
models, such as WaterNet and PUGAN, in quantitative metrics like PSNR, SSIM, and UIQM,
while maintaining lower computational complexity. Importantly, the model’s reliance on
unpaired training data overcomes a major challenge in applying underwater restoration
models to real-world scenarios, highlighting its methodological flexibility and applicability.
Compared to traditional physics-based approaches or shallow networks like Shallow-
UWnet, the dual-CycleGAN leverages light field guidance to enhance color authenticity
and detail restoration. This improvement likely stems from the light field module’s ability
to capture additional information related to light propagation, effectively mitigating the
scattering and absorption effects prevalent in underwater environments. Additionally, the
CycleGAN's adversarial learning framework resolves the data pairing challenges inherent
in underwater scenarios, offering greater stability compared to conventional GAN models.

However, several limitations of this study warrant further investigation. First, while
the light field guidance module significantly improves restoration, its reliability in highly
turbid or dynamic water bodies requires further validation. Second, the model’s generaliz-
ability across diverse underwater scenarios may benefit from additional real-world training
data. Furthermore, although the framework’s computational demands are relatively low, its
real-time application in resource-constrained environments, such as underwater drones, re-
mains an area for optimization. Future research directions include designing more efficient
and generalizable light field generation methods to handle diverse underwater conditions.
Incorporating advanced deep learning techniques, such as self-attention mechanisms or
variational autoencoders, could further enhance restoration detail and stability. Addi-
tionally, developing multi-frame image restoration techniques for dynamic underwater
scenarios presents another promising avenue.
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5. Conclusions

This paper proposes a dual-CycleGAN architecture, extending and refining concepts
established in previous works on underwater image enhancement and restoration. The
model employs a dynamic guided learning approach, utilizing one CycleGAN to generate
light field information as a reference for the second CycleGAN, which performs the actual
restoration. This innovative dual-CycleGAN structure addresses persistent challenges in
underwater image processing, such as color attenuation, contrast loss, and noise, which
are often exacerbated by the unique optical properties of water. Drawing from existing
literature, most of the methods often rely on paired datasets or heuristic algorithms; our
approach circumvents the need for paired training data, thus enhancing flexibility and ap-
plicability across diverse underwater environments. By transforming underwater images to
their in-air counterparts, our model achieves substantial improvements in color correction,
detail preservation, and texture recovery, as validated by comprehensive experimental
results. The proposed model not only outperforms the existing state-of-the-art methods
in both quantitative metrics and qualitative visual assessments but also demonstrates
comparable or superior performance in recovering crucial image features. Moreover, its
lower computational complexity facilitates faster processing times, making it highly scal-
able and suitable for real-time applications, such as AUVs and remote sensing systems.
This advancement in computational efficiency positions our method as a promising so-
lution for large-scale deployment in practical scenarios where computational resources
may be limited.
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Abstract: Underwater remote sensing image enhancement is complicated by low illu-
mination, color bias, and blurriness, affecting deep-sea monitoring and marine resource
development. This study compares a multi-scale fusion-enhanced physical model and
deep learning algorithms to optimize intelligent processing. The physical model, based on
the Jaffe-McGlamery model, integrates multi-scale histogram equalization, wavelength
compensation, and Laplacian sharpening, using cluster analysis to target enhancements. It
performs well in shallow, stable waters (turbidity < 20 NTU, depth <10 m, PSNR = 12.2) but
struggles in complex environments (turbidity > 30 NTU). Deep learning models, including
water-net, UWCNN, UWCycleGAN, and U-shape Transformer, excel in dynamic condi-
tions, achieving UIQM = 0.24, though requiring GPU support for real-time use. Evaluated
on the UIEB dataset (890 images), the physical model suits specific scenarios, while deep
learning adapts better to variable underwater settings. These findings offer a theoretical
and technical basis for underwater image enhancement and support sustainable marine
resource use.

Keywords: underwater remote sensing; deep learning algorithms; multi-scale fusion-
enhanced physical model; underwater image enhancement

1. Introduction

The oceans are abundant in resources [1-3], and with the continuous advancement
of science and technology, humanity is increasingly exploring their depths [4,5]. Marine
fishery farming, as one of the most important industries in the marine sector, has faced
challenges in recent years due to offshore water pollution and other factors [6,7]. As a result,
there has been a gradual shift from traditional offshore net cage farming to the exploration
and development of deep-sea marine ranching [8-10].

Underwater imagery is one of the most important sources of marine information,
playing a crucial role in the monitoring and management of deep-sea marine ranches [11,12].
However, the complex marine environment often hampers the acquisition of high-quality
underwater images, leading to issues such as color distortion, reduced contrast, uneven
illumination, and noise. These challenges arise from the absorption and scattering effects of
light as it propagates through water, resulting in images with decreased clarity, contrast, and
color fidelity. This directly impacts the accuracy of visual perception and the subsequent
extraction and analysis of important information [13-15]. Figure 1a shows three underwater
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degradation images. Figure 1b shows a schematic diagram of the imaging process for an
underwater image. Figure 1c shows the absorption behavior of light underwater.

s

Color bias

Low light

(b) )’ﬂ'&: Air light (C)

Underwater

Object-camera route d(x)

Figure 1. (a) Three types of underwater degradation images. (b) Schematic diagram of underwater
imaging process. (c) Absorption properties of light in water.

Zhou et al. proposed a multi-feature fusion method (MFFEM) to enhance underwater
images affected by color distortion and low contrast. MFFM combines color correction and
contrast enhancement techniques, generating a fusion weight map based on the features of
the color-corrected and contrast-enhanced images. This method effectively balances color
and contrast while preserving the natural characteristics of the image [16].

Li et al. introduced the Underwater Image Enhancement Benchmark (UIEB), a dataset
of 950 real-world underwater images designed to evaluate and advance underwater image
enhancement algorithms. They also presented water-net, a convolutional neural network
model trained on this dataset to improve image quality. Water-net is a fully convolutional
network that integrates inputs with predicted confidence maps. A feature transformation
unit optimizes the input before fusion, enhancing the overall results [17].

A new underwater image enhancement method was proposed by Ancuti et al., which
introduces a multi-scale fusion technique that combines inputs from white-balanced images.
This method applies gamma correction and edge sharpening to improve visibility. By using
normalized weight mapping, the technique efficiently blends the inputs to produce artifact-
free images [18].

Garg et al. proposed a novel method for enhancing underwater images that combines
contrast-limited adaptive histogram equalization (CLAHE) with a percentile approach to
improve image clarity and visibility [19].

Yang et al. present a solution for underwater image enhancement using a deep residual
framework, which involves generating synthetic training data and employing a VDSR model
for super-resolution tasks via CycleGAN. They introduce the underwater reset (uresNet)
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model, which improves the loss function by incorporating a multinomial approach that
includes Edge Difference Loss (EDL) and Mean Error Loss, enhancing image quality [20].

Hou et al. present a large synthetic underwater image dataset (SUID) designed to
enhance the evaluation of underwater image enhancement and restoration algorithms. The
SUID consists of 900 images generated using the Underwater Image Synthesis Algorithm
(UISA), featuring various degradation types and turbidity levels [21].

Zhang et al. present a contrast enhancement method that involves color channel
attenuation correction while preserving image details. The approach utilizes a specially
designed attenuation matrix to address poor-quality color channels and employs a bi-
histogram-based technique for both global and local contrast enhancement [22].

Guo et al. present a novel approach to underwater image enhancement using a multi-
scale dense generative adversarial network (MSDB-GAN) that integrates residual learning
and dense connectivity techniques. The method employs a multinomial loss function to
generate visually appealing enhancement results [23].

Underwater image enhancement methodologies have evolved along two distinct tra-
jectories: physics-based traditional approaches and data-driven deep learning paradigms.
While traditional methods (e.g., Jaffe-McGlamery model [24]) provide interpretable so-
lutions grounded in optical propagation principles, their performance often degrades in
complex scenarios due to oversimplified assumptions about water turbidity and heteroge-
neous lighting conditions. Conversely, deep learning techniques demonstrate remarkable
adaptability through learned feature representations (e.g., ResNet architectures [25]), yet
remain constrained by substantial data requirements [26] and limited physical interpretabil-
ity [27]. This methodological dichotomy creates critical knowledge gaps in three aspects:

(1) Absence of empirical evidence quantifying performance boundaries between
physics-driven and data-driven approaches across marine environments [28];

(2) Underexplored synergies combining physical priors with neural network architec-
tures (e.g., RD-Unet [29] or MetaUE [30]);

(3) Lack of standardized evaluation protocols addressing both full-reference and
non-reference metrics (PSNR/UIQM /UCIQE) and operational feasibility (real-time pro-
cessing) [31,32].

Our comparative analysis reveals the differences under different approaches for under-
water imagery by systematically evaluating classical algorithms against four state-of-the-art
depth models in 890 images from the UIEB dataset, but also develops a practical guide for
selecting enhancement methods based on depth gradient and turbidity levels—a decision
support framework urgently needed in marine rangeland monitoring, where equipment
limitations and environmental variability coexist.

2. Traditional Methodologies
2.1. Preprocessing Framework for Degradation Characterization

To enhance underwater images, the first step is to effectively classify the images in the
dataset. This requires the selection of appropriate recognition and classification methods
based on the characteristics of each degradation type [17]. To this end, we performed a
preliminary analysis of the dataset. Images categorized as “fuzzy” exhibited blurred object
edges, leading to a loss of detail [33]. This made it difficult to recognize complex textures
or fine features. These images resemble out-of-focus photographs, with an overall lack of
clarity [34]. Low-light images, on the other hand, are characterized by overall dimness and
a lack of contrast between highlights and shadows, making the outlines of objects hard to
distinguish [35]. Additionally, these images typically contain a high level of noise [36,37].
Color-biased images primarily exhibit a green or blue hue [38,39], resulting in unnatural
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color contrast [40] and a loss of the original color fidelity [41]. Red and yellow objects, in
particular, are heavily affected, appearing either severely distorted or nearly invisible [42].

2.1.1. Grayscale Conversion and Luminance Analysis

Color images contain a vast amount of information, which can complicate computa-
tional processes and reduce efficiency [43]. To address this, RGB three-channel images are
converted into single-channel grayscale images [44]. There are three common methods for
grayscale conversion: the maximum value method, the average value method, and the
weighted average method [45-47]. In this study, the weighted average method is employed,
where the R, G, and B components are averaged based on specific weights [48].

I

areyscale(i,7) = 0.299R (i, j) + 0.587G(i, j) + 0.114B(i, ) 1)

where Ioscqle Tepresents the pixel value of the image after grayscale conversion, while
R, G, and B denote the pixel values of the red, green, and blue channels of the original
image, respectively.

In digital image processing, Digital Average Brightness (DA) is a metric that quantifies
the overall brightness level of an image. It is calculated as the average of pixel values,
providing a straightforward measure of the image’s overall luminance.

1 M N
AN L 2 L) @

i=1j=1

DA =

Here, M and N represent the height and width of the image, respectively, defining its
pixel dimensions. I(i, j) denotes the luminance value at the pixel located at position (i, ).

The absolute value of the luminance deviation is defined as the average of the ab-solute
values of the pixel luminance values that deviate from the mean value.

1 MNo
D= MXN;;“(L])*Lmeanl 3)

]

where Leqn is the average brightness of the image. According to the intermediate value of
the grey scale value, Lyqn takes the value of 128. The larger the value of D, the greater the
fluctuation in the distribution of luminance values within the image, resulting in a more
pronounced contrast between bright and dark areas. Conversely, the smaller the value of
D, the more uniform the luminance distribution becomes.
The weighted calculation utilizes information about the luminance distribution of
the image. The grayscale histogram, Hist[i], represents the frequency of pixels with a
luminance value of i in the image, indicating how often each luminance value appears. The
range of luminance values in the image spans from 0 to 255.
The luminance anomaly parameter k is a parameter that measures the relative relationship
between the overall deviation in image luminance and the deviation in luminance distribution.
D
k= @
When the value of k is less than 1, it indicates that the overall luminance deviation
of the image is small relative to the deviation in the luminance distribution. This means
the luminance distribution is more uniform, with no significant luminance anomalies.
Conversely, when k is greater than 1, it suggests that the overall brightness deviation of
the image is larger than the deviation in the brightness distribution. This often results in

160



J. Mar. Sci. Eng. 2025, 13, 899

noticeable brightness abnormalities, such as brightness being concentrated within a certain
range or exhibiting significant unevenness.

2.1.2. Laplacian Sharpness Detection

Sharpness degradation, characterized by blurred edges and the loss of fine details,
is a common issue in underwater imaging [49]. The Laplacian variance-based method
provides a robust quantitative measure for evaluating image sharpness, enabling the
targeted enhancement of degraded regions [50].

The Laplacian variance-based method is a classic algorithm for evaluating image
sharpness. It assesses sharpness by calculating the Laplacian operator of the image, which
highlights the high-frequency components that correspond to image details [51]. The
Laplacian response is shown in Figure 2.

Original Image

Laplacian Response

Figure 2. Laplacian response.

The Laplace operator is a second-order derivative operator, which is a scalar form.

2 2
V2f(x,y) = L0 4 L) ®)

1 N
mo=y 2 V() (6)
i=1

f(x,y); is the i-th pixel value of the Laplace operator result. N is the total number
of pixels. y is the mean value of the Laplace operator result. The higher response value
of the Laplace operator indicates that there are more high-frequency components in the
image with significant edges and details. The pixel values in its output image fluctuate and
have high variance. By comparing the variance with the threshold value, it can be judged
whether the image is clear or not. In this section, the value of T is taken as 12.

Sharp,0* > T
Blurry, o2 <T

Decision = { (7)
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2.1.3. LAB Color Space Analysis

We have selected a color deviation detection technique in the LAB color space to
identify color-distorted images. This method leverages the separation of luminance and
chromatic information in the LAB space, where L represents luminance, A corresponds to
the green-to-red chromaticity channel, and B represents the blue-to-yellow chromaticity
channel [52,53]. The advantage of using the LAB color space is its close alignment with
human visual perception, offering enhanced adaptability to color variations under different
lighting conditions [54,55]. Figure 3 illustrates the color shifts.

Original Image Red Bias Image Blue Bias Image

Figure 3. Color cast.

The color space conversion from RGB to LAB involves three main steps: RGB — XYZ
— LAB. This is because the LAB color space is based on the CIE XYZ color model, with
XYZ being one of the standard color spaces used for color representation.

Convert Linear RGB to XYZ: the RGB image is first converted to XYZ color space by
the CIE 1931 standard matrix and subsequently, nonlinear mapping is applied to generate
LAB components [56].

Convert Linear RGB to LAB:

ax = 500[f(£) — ()] ®
bx =200[f (&) — f(£)]
AR

= { %(269)21‘ f%,otherwise ©

where Lx, ax, and bx represent the values of the three channels in the final LAB color space,
respectively. X, Y, and Z are the calculated values after conversion from RGB to XYZ.

The design of the LAB color space ensures that each channel value directly corresponds
to a specific color property. The A and B channel values for each pixel represent the red—
green and blue—yellow attributes of that pixel’s color, respectively. This distinction enables
the average values of the A and B channels to effectively describe the overall color tendency
of an image, indicating shifts towards red—green or blue-yellow tones.

CM XN AG))

dy = —L

a Ny Ml\>]< N N mean (10)
g — Yiz1 11 B(i, ]) 1

b — —M < N mean

If |d,| is large, the image deviates more significantly in the red—green direction. If |d,|
is large, the image deviates more significantly in the blue-yellow direction.
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By analyzing the standardized deviation of the B channel, the breadth or dispersion of
the color distribution in the image can be quantitatively described.

252:50 |y — Linean — da| - Hist Aly]

MsgA = . XN . .
e — Y20 |y — Limean — dp| - HistB[y]
e MxN

Proportion of chromatic aberration:

\/d2 + d?
S (12)
mqu + mqu

As in the case of fuzzy recognition, here again, a threshold is required, T. In this
section, the value of T is taken as four.

Color_bias,R > T

13
Normal, R < T (13)

Decision = {
2.2. Jaffe-McGlamery Model

The Jaffe-McGlamery model is a classical framework commonly applied in underwa-
ter imaging and image enhancement [57,58]. To investigate the degradation characteristics
of underwater images and validate the accuracy of the degradation model, this paper devel-
ops a degradation model based on the underwater optical transmission model introduced
by Jaffe and McGlamery.

2.2.1. Core Imaging Principle

The imaging principle of the Jaffe-McGlamery model is shown in Figure 4.

Camera z
'y ) \
e, \

Z, ## ,' Light source

N
/
\\ /
SN P
x.y")

X A point in the scene

Figure 4. 3D spatial coordinates of the Jaffe-McGlamery model.

The Jaffe-McGlamery model provides a physical foundation for understanding under-
water image degradation by simulating light propagation through water. It decomposes
the total irradiance received by the camera into three components:

1. Direct component (I = Igirect + Lforward + Ipack): light traveling from the object to
the camera without scattering.

2. Forward-scattered component (Ifouarq): light deflected by suspended particles but
still reaching the sensor.
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3. Backscattered component (Ip,.): ambient light reflected by water particles towards
the camera.
The original model expresses the total irradiance as follows:

I' = Igirect + Iforward + Tpack (14)

However, in practical marine ranch monitoring scenarios (depth < 50 m, NTU < 20),
forward scattering contributes less than 5% to the total irradiance. We thus adopt a
simplified formulation:

I(x) = J(x)t(x) + A(1 — t(x)) (15)
where the variables are defined as follows:

J(x): scene radiance (ideal image without degradation);
t(x): transmission map (t = e~P?, B: attenuation coefficient);
A: background light intensity, estimated via dark channel prior [59].

This simplification aligns with field observations in aquaculture environments [60],
where turbidity variations are moderate. The model’s wavelength-dependent attenuation
(Figure 1c) explains the dominance of blue—green hues in deep water.

2.2.2. Simplified Formulation

The complexity of the original Jaffe-McGlamery model arises from its comprehensive
consideration of multiple scattering effects and spatially varying parameters. To adapt
this model for practical underwater image enhancement in marine ranch monitoring, we
propose three key simplifications supported by empirical and theoretical studies:

1. Neglecting Forward Scattering

Existing studies have shown that in close-range imaging scenarios (e.g., typical camera-
to-target distances in aquaculture monitoring), where the optical range is short and the
suspended sediment concentration is low (NTU < 20), the image blurring effect due to
forward scattering tends to be reduced by the model to a minor factor, and is negligible,
especially in shallow waters (<30 m).

Jaffe [61], in modeling low turbidity underwater imaging, noted that forward scatter-
ing had less than a 2% effect on image signal-to-noise ratios when the turbidity NTU < 15
and the target distance was less than 10 m.

Mobley [62] derived the radiative transfer equation to indicate that in low turbidity waters
(NTU < 20), forward scattering as a proportion of the total scattered energy is typically less
than 5 percent. This conclusion is supported by the measured data of Twardowski et al. [63],
who found that in clear waters with NTU = 10, backward scattering accounted for more than
90 percent of the total scattering, while forward scattering contributed less than 4 percent.

Although experimental data to directly quantify the contribution of forward scattering
are still scarce, theoretical derivations, numerical simulations, and model simplifications
have shown that the contribution of forward scattering to the total irradiance can be
reasonably neglected in typical aquaculture environments with NTU < 20 and water depths
of <30 m. This assumption can be further verified by controlled experiments (e.g., using
collimated light sources and high-precision irradiance sensors). Future research is needed
to further validate the applicability of this assumption through controlled experiments
(e.g., using collimated light sources with high-precision irradiance sensors) [64].

This simplification reduces computational complexity while maintaining fidelity,
as expressed by the following;:

I'= Lgirect + Ipack (16)

2. Spatially Uniform Background Light
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Under low turbulence conditions (NTU < 20) and short imaging ranges (<10 m), the
spatial heterogeneity of the backscattered light can be ignored without a significant degra-
dation in accuracy. Experimental studies have shown that the homogeneous background
assumption reduces computational complexity by 60-70% while maintaining a PSNR loss
of less than 3 dB (corresponding to a visual error of ~3-5%) [65].

In turbid (NTU > 50) or deep-water environments (>30 m), spatial fluctuations in
backscattered light can be as large as 20-30% due to significant spatial gradients caused by
particle stratification and light attenuation, and the homogeneity assumption will lead to
model failure. Neglecting these variations may lead to irradiance estimation errors of more
than 15% [66,67].

Based on the above theoretical and experimental basis, it is reasonable and efficient
to assume that the background light is locally constant, which is particularly suitable for
real-time image enhancement tasks in stable underwater environments such as aquaculture.

In order to synthesize the practical situation, we can simplify the calculation of the
background light to the following equation:

I=J(t)-e P rA (17)

where [ is the observed irradiance (image intensity). J(t) is the scene radiance. f8 is the
attenuation coefficient. d is the depth (or distance to the object). A is the spatially uniform
background light intensity, which is assumed to be constant in this formulation.

This equation encapsulates the simplification that A is constant across the image,
avoiding the need to model complex spatial gradients of background light [68].

The simplified transmission map t.(x) = e P4(¥) assumes a constant . and a globally
estimated d(x), which is computationally efficient and suitable for shallow, stable waters
(depth < 10 m, NTU < 20). However, this approach may oversimplify light propagation
in complex environments, such as deep or turbid waters, where B, varies spatially due
to changes in depth, turbidity, and illumination. Factors like forward scattering and non-
uniform background light, neglected here, could further impact accuracy in such scenarios.

2.3. Traditional Methodologies Example

In this section, we will perform enhancement using traditional underwater image enhance-
ment methods; our underwater image enhancement framework uses a multi-stage iterative
architecture. Color balance correction is first performed, followed by LAB spatial decomposi-
tion to separate luminance and chrominance. Adaptive histogram equalization and bilateral
filtering are then applied to suppress noise while preserving edges. Finally, a multi-scale fusion
strategy integrates the enhanced features through Laplace pyramid decomposition.

2.3.1. Scene-Specific Underwater Image Enhancement

Low-light underwater images often exhibit low global brightness, insufficient contrast,
and a loss of local details [69]. To address these challenges, this paper employs multi-scale
histogram equalization as an enhancement technique. This method effectively improves
global brightness and contrast while simultaneously enhancing local details [70,71].

Multi-scale processing typically uses Gaussian pyramid decomposition or other similar
methods to decompose an image into low-frequency components and multiple high-
frequency components.

Cumulative distribution function:

P(ry) = — (18)
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K
C(rg) = Y P(r)) (19)
j=0
Greyscale value 7, mapped to equalized values:
sk = (L =1)C(re) (20)
Weight of details:
sk = (L —=1)C(rx) (21)
Multi-scale image fusion:
K
Lnhanced = L%nhanced + Z H}(jnhanced (22)
k=1
K
Lnhanced = wOL%nhanced + Z wkH;énhanced (23)
k=1

Enhancement methods based on wavelength compensation and contrast correction are
well-suited for processing color deviation images [72,73]. The wavelength compensation
method compensates for each color channel by analyzing the attenuation law of light:
restoring the intensity of the red channel and compensating for the long wavelength
portion that is absorbed [74]. Balancing the RGB channel makes the overall color closer to
the real scene. Wavelength compensation can effectively correct color bias [75,76].

Based on the properties of light attenuation in the water column, the transmittance
tc(x) is estimated by Eq:

te(x) = e Pedl) (24)

where . is the attenuation coefficient for each channel, reflecting the intensity of water
absorption at different wavelengths (red B, > green B¢ > blue ;). d(x) is the distance from
the pixel point to the camera (as appropriate).

In this study, the attenuation coefficients were set to f, = 0.1, B¢ = 0.05, and f; = 0.03
for the red, green, and blue channels, respectively, based on typical values for clear coastal
waters. These reflect the wavelength-dependent attenuation observed in shallow, low-
turbidity environments (NTU < 20). The distance d(x) was estimated using the dark channel
prior method, adapted for underwater images, allowing scene-specific transmission maps.
However, these fixed . values may not fully represent conditions in deeper or more turbid
waters, where attenuation varies significantly.

Ambient light A, is usually estimated from the pixel area with the highest intensity in
the image:

Ac = max(I.(x)) (25)
xeQ
where () is the candidate region in the image, and usually, an area far from the camera is
selected as the background.

Based on the simplified model of the underwater image (15), the formula for recovering

the real image by backward derivation is as follows:

+ Ac (26)
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Based on the absorption properties of water for different wavelengths of light, the
attenuation of each channel is compensated for with the following commonly used formula:

Je(x) = IC,ECX) 27)
ke = e (28)

k. is the wavelength compensation factor, usually determined by the absorption
properties of water, where a. is the absorption coefficient for the wavelength c.
Contrast improvement by adjusting pixel intensity distribution is as follows:

J'(x) = HE(Je(x)) (29)

where HE is the Histogram equalization operation.
The brightness curve is adjusted to improve details in dark areas:

]c/(x) = ]c(x)’y (30)

7 is permanent, 0.4 < x < 0.6.
Enhancement is limited in areas of excessive contrast:

Jo'(x) = CLAHE(Jc(x), clipLimit) (31)

Here, clipLimit is the parameter used to limit the strength of the histogram equalization.
The combined compensated and corrected image is as follows:

J'(x) = Enhance(]J(x)) (32)

where Enhance is the image enhancement functions (histogram equalization, gamma cor-
rection, and other combined operations).

To address the problem of blurred imaging in underwater images, we use a method
based on Laplace sharpening.

The fuzzy degradation model can be expressed as follows:

Ipturred(X,Y) = loriginat (%, y) - h(x,y) +n(x,y) (33)

where Ijjyreq is the blurred image. Iyyigina is the original clear image. h(x,y) is the point
spread function (PSF), which describes the blurring effect. n(x, y) is the additional noise.

The calculation of the Laplace operator was mentioned earlier (5), which is based on
the calculation of high-frequency details by second-order derivatives, which is simplified
by changing the variables in it by a different name:

o2 912

@ + 872 (34)

Vzl(x,y) =

This operator highlights the regions where the brightness of the image changes drastically,
i.e., the edge regions. In the discrete case, the convolution is implemented as follows:

0 -1 0

Vixy)=|-1 4 —1|-I(xy) (35)
0 -1 0
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The core goal of sharpening is anti-blurring, i.e., the enhancement of the high-
frequency component. The optimization formula is as follows:

Isharp(x/]/) = Ihlurred(x/ ]/) +A- Vzl(x/]/) (36)

A controls the sharpening intensity, usually in the range of 0.5 < A < 1.5.

The parameter A in Equation (36) controls the degree of sharpening applied to the
image by scaling the contribution of the Laplacian term, V2I(x, y). In our implementation,
we set A = 0.5, a value determined empirically to achieve an optimal balance between
enhancing fine details and preventing over-sharpening artifacts, such as ringing or noise
amplification. This choice was informed by testing on a variety of images, where A = 0.5
consistently improved sharpness while maintaining image quality, as assessed through
visual inspection and quantitative metrics like PSNR, UCIQE, UIQM, RGB, and luminance.
The specific image parameters are shown in Table 1.

Table 1. Picture metrics under different A conditions.

A PSNR UCIQE UIQOM RGB Luminance
A=0.5 10.528 30.866 0.249 102.9/158.8/174.3 179.569
A=1 10.333 30.921 0.252 100.9/158.8/175.2 178.147
A=15 10.284 31.084 0.25386 100.4/158.8/175.3 178.274

For complex scenes, the Laplace operator can also be improved using adjustable edge
filters, e.g., high-pass filters:

Hhighfpass =0 VZI(X,]/) (37)

where ¢ is the scale factor used to control the filter response.
Laplace sharpening amplifies not only edge information but may also enhance noise.
The new method proposed in this paper further optimizes the noise suppression.
Combined with Gaussian blurring, a multi-scale image pyramid is constructed:

Ismooth,s(x/ ]/) = Iblurred(x/ ]/) ’ Gs(x, ]/) (38)

where G;(x, y) is the scale s of the Gaussian kernel. Based on the multi-scale image pyramid,
the high-frequency enhancement part is selected:

N
Alyutti—scate(X,Y) = Z Ws - v215<xr3/) (39)
s=1

where w; is the weight of the s th layer and N is the number of pyramid layers.
Optimized sharpening is based on the traditional Laplace operator, combined with
the gradient orientation:

Ishurp(xry) = Iblurred(xl y) +A- (Vzl(x, y) ’ C052(9)> (40)

where 0 = tan_l(g—;/g—i

Combined with bilateral filtering, edge-hold noise smoothing is performed before

), and it indicates the direction of the gradient.

sharpening:

1
Ismaothed(x/y) = k(x ]/)

Z exp(_”(x'y) — I(l/]>| ) 'I(i,j) (41)

2
ije0 207
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Here, k(x, y) is the normalization factor and o, controls the degree of the smoothing of
intensity similarity. Nonlinear smoothing enhances the accuracy of edge differentiation
while reducing noise accumulation after smoothing.

Parameters for Laplace sharpening A can be further designed as an adaptive model:
1

Alxy) = 1+a-exp(— || V2I(x,y) ) (42)

| V2I(x,y) || is the magnitude of the image gradient and a is the control parameters
that determine the response range.

Figure 5 shows the PSNR, UCIQE, and UIQM values of the pictures at the original
stage, after one enhancement and after two enhancements.
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Figure 5. PSNR, UCIQE, and UIQM values for the original image, the image after one enhancement
and the image after two enhancements in specific scenarios.

Figure 5 compares the image quality metrics—peak signal-to-noise ratio (PSNR),
Underwater Color Image Quality Evaluation (UCIQE), and underwater image quality
measure (UIQM)—for the original underwater image, after one enhancement, and after
two enhancements. The PSNR values, ranging from 9 to 11, indicate that the enhancement
process maintains low noise levels, though these relatively low scores suggest some resid-
ual distortion persists, an area for potential refinement. The UCIQE values, increasing
from 37 to 54, reflect significant improvements in color restoration, a critical factor for
enhancing the visual clarity of underwater scenes. Meanwhile, the UIQM values, stable
between 0.17 and 0.27, demonstrate that the overall quality (encompassing contrast, hue,
and sharpness) is preserved without substantial enhancement beyond the first iteration.
This stability suggests that our method effectively targets specific distortions—such as
color shifts—while maintaining the image’s integrity, a balance essential for applications
requiring authentic underwater visuals.

Additionally, it was found that the difference between the results of a single enhance-
ment and two consecutive enhancements was not significant. This suggests that the first
enhancement primarily addressed a single type of distortion in the image, and subsequent
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enhancements did not further improve the quality. In other words, after the first enhance-
ment, the model no longer processed images with normal distortions. This indicates that
the enhancement process primarily focused on addressing specific distortions rather than
improving the overall image quality in multiple steps.

Figure 6 shows the mean and standard deviation of R, G, and B for the original image,
the image after one enhancement, and the image after two enhancements.

G_mean [ G_std B_mean B_std

Enhancement twice

Figure 6. The mean and standard deviation of R, G, and B for the original image, the image after one
enhancement, and the image after two enhancements in specific scenarios.

Figure 6 illustrates the mean and standard deviation of the red (R), green (G), and blue
(B) channels across the original image, after one enhancement, and after two enhancements.
The mean values shift noticeably after the first enhancement, reflecting a correction in
color balance that aligns the image closer to natural underwater hues. However, between
the first and second enhancements, these values remain nearly identical, suggesting that
the initial enhancement sufficiently mitigates the primary color distortions—likely due to
water-induced attenuation. The standard deviations, which are similarly consistent post-
first enhancement, indicate that color variability across the image is stabilized, preventing
over-processing artifacts.

Figure 7 shows the mean and standard deviation of brightness for the original image,
after one enhancement, and after two enhancements. The mean brightness rises slightly
after the first enhancement, indicating improved illumination that enhances visibility—a
vital improvement for underwater environments with poor lighting. However, the lack
of significant change between the first and second enhancements suggests that additional
processing does not further elevate brightness, preserving the image’s natural appearance.
The standard deviation, which remains largely unchanged, reflects consistent brightness
uniformity across all stages, implying that our enhancement avoids introducing uneven
lighting effects. This outcome is advantageous for maintaining the reliability of underwater
images, where uniform brightness aids in accurate object identification and analysis.

Overall, the algorithmic model for underwater image enhancement in special scenarios
has a limited effect on improving image quality. While objective quality metrics such as
PSNR, UCIQE, and UIQM show small improvements, these changes are insufficient to
significantly enhance clarity, color recovery, contrast, and other visual aspects of the image.
In particular, there is almost no noticeable difference in terms of color equalization and
brightness adjustment between the enhanced image and the original. The model appears
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to address only a single type of distortion, and the results from the last two enhancements
suggest that the first enhancement successfully addresses one specific distortion, while
subsequent enhancements do not further improve the image.

These findings underscore the practical utility of our enhancement method in special
underwater imaging scenarios. By correcting color distortions and enhancing visibility with
minimal noise (as seen in Figures 5 and 6) and maintaining brightness uniformity (Figure 7),
our approach enhances image usability for applications like marine biology research,
underwater archaeology, and environmental monitoring. The efficiency of achieving
substantial improvements in a single enhancement step makes it particularly suitable for
real-time systems or resource-constrained settings.

The enhancement results are shown in Figure 8.
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Figure 7. The mean and standard deviation of the brightness for the original image, the image after
one enhancement, and the image after two enhancements in specific scenarios.
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Figure 8. Enhancement results of underwater image models for specific scenarios.

2.3.2. Complex Scenarios Underwater Image Enhancement

Multi-feature fusion techniques are widely employed for underwater image enhance-
ment, particularly in addressing the degradation challenges posed by complex underwater
environments [77-79]. This advanced image processing approach integrates multiple image
features to significantly improve the visual quality and informational clarity of underwater
images, making them more suitable for practical applications [80,81].
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The white balance method is based on the Lambertian reflection model [82], which
corrects the color bias of an image according to the color temperature it presents. For a color
image, the color of a point x on the surface of an object in the image can be represented by
the Lambertian reflectance model.

I(x) = /e(A)S(x,A)C(A)dA (43)

w

Estimation of light source color e:
e= /e(/\)C(A)dA (44)
w

The mean value of surface reflections from objects with the same attenuation coefficient
in an underwater environment is colorless.

Ja(x)S(x,A)dx
[ a(x)dx

Assume that the color of the light source a(x) with an attenuation factor é is a constant:

(45)

é(A) = a(x)e(A) (46)

Bilateral filtering is a nonlinear filtering technique that preserves edge information
while smoothing an image [83,84]. It combines Gaussian filtering in both spatial and pixel-
value domains so that edges are not blurred while smoothing the image [85]. In our model,
we do this by mapping the image to a 3D mesh (a combination of spatial and pixel-valued
domains), then applying Gaussian filtering to the mesh, and finally mapping the result
back to the original image resolution by interpolation.

Gaussian Spatial Kernel:

Wi(p,q) =e % (47)
Gaussian Range Kernel:
_ -1l
Welp,q) =e 27 (48)
Bilateral filter formula:
loe(p) = 157 L We(p,a)-We(p,0) 100 )

qeQ)

We conducted a comparison of the effect of the filter; if you do not use the parameters
of the processing of the function that comes with the openCV, we found that the smoothing
effect is more limited after the parameter qualification of the smoothing effect, as shown in

Figure 9c.
Laplacian Contrast:
Culxy) = |VU(xy)| (50)
Local Contrast: I y) ()
XYy) — XYy
Cre(x,y) = —5 == (51)
LC( y) O'(X, y)
Saliency:
S(X, y) = WeolorScolor (xr 3/) + wt@ﬁur@st@ﬂwe(xl y) + wedgesedge (X, y) (52)
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Exposure:
_ I(x,y) —min(I)
E(xy) max (1) — min(I) ©3)
Final fused image formula:
Ifusea(x,y) = @i, - CL(x,y) + wic - Cre(x,y) + ws - S(x,y) + E(x,y) (54)

Figure 9. (a) Original image: the input image without any processing. (b) OpenCYV bilateral filter
result: the image after processing with cv2.bilateralFilter. (c) Custom bilateral filtering result: the
effect of our filter function.

Figure 10 presents the PSNR, UCIQE, and UIQM values of the images after one and
two enhancements using the fusion enhancement model. The PSNR values indicate that
both the first and second enhancements result in some improvement in image quality. The
UCIQE shows a significant enhancement after the first application, with the algorithm
performing well and achieving natural, consistent color correction. However, after the
second enhancement, issues such as oversaturation or color deviations (e.g., an overpower-
ing blue channel) may arise, leading to a decrease in overall color quality. In contrast, the
UIQM suggests that a single enhancement is better aligned with typical underwater image
enhancement requirements in terms of color quality. The second enhancement, however,
increases overall detail.

Figure 11 shows the R, G, and B mean and standard deviation of the image after one
enhancement and the image after two enhancements of the enhancement fusion algorithm.
The analysis of the mean and standard deviation reveals that the enhancement algorithm
significantly impacts the recovery of the color channels. The standard deviation of the red
channel is generally higher than that of the green and blue channels, indicating a stronger
hue variation during the enhancement process. In contrast, the standard deviation of the
green and blue channels is slightly lower, suggesting these channels exhibit less volatility,
with the enhancement algorithm having a more stable effect on them. This observation
aligns with the light absorption characteristics of water.
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Figure 10. PSNR, UCIQE, and UIQM values for the original image, the image after one enhancement,
and the image after two enhancements in complex scenarios.
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Figure 11. The mean and standard deviation of R, G, and B for the original image, the image after
one enhancement, and the image after two enhancements in complex scenarios.

Figure 12 illustrates the mean and standard deviation of the image brightness after one
and two enhancements using the enhancement fusion method. After the first enhancement,
the image brightness is moderate and uniform, with a natural contrast. Following the
second enhancement, the average brightness increases, potentially revealing more details
with greater clarity.

In summary, the underwater image enhancement method proposed in this paper
not only offers significant improvements in image quality, noise suppression, and detail
retention, but also demonstrates strong adaptability, making it effective for various under-
water environments. In shallow-water areas with strong light, the degradation is primarily
caused by bluish tones and slight blurring [86]. In such cases, the enhancement delivers su-
perior performance, with natural color correction and no noticeable distortion. In medium
and deep water, where light gradually diminishes, degradation is characterized by a low

contrast and a slight increase in noise [87]. A second enhancement offers some advantages
in terms of brightness improvement, but care should be taken to avoid over-enhancement
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in detailed areas. For deep-water environments, where light is almost nonexistent and
degradation is dominated by strong blur and noise, a second enhancement provides a
significant improvement in visibility through increased brightness. The enhancement
results are shown in Figure 13.
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Figure 12. The mean and standard deviation of the brightness for the original image, the image after
one enhancement, and the image after two enhancements in complex scenarios.
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Figure 13. Enhancement results of underwater image model under enhanced fusion model.

2.3.3. Laplace Pyramid Decomposition

By implementing the aforementioned multi-feature fusion method for image enhance-
ment, it was observed that directly applying the method can introduce negative effects,
such as artifacts [88]. To address these issues, this paper incorporates the Laplacian pyra-
mid method into the process [89,90]. This approach is built upon the Gaussian pyramid,
which progressively down samples the image, creating a multi-scale representation through
resolution reduction. The Laplacian pyramid further enhances this structure by generat-
ing layers that capture details between each scale, effectively representing information at
different frequency levels within the image.
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Similar to the input image, each weight map is processed into a multi-scale version
through Gaussian pyramid decomposition. This decomposition smooths the weight maps
and mitigates sharp transitions at the boundaries [91], effectively reducing the risk of
introducing artifacts during the fusion process. The input image and the weight map are
fused at each layer of the Laplace pyramid and Gaussian pyramid, respectively [92].

Finally, the fusion results of all layers are reconstructed by progressively combining
them from the bottom up to obtain the final enhanced image. This approach ensures
that the fused image preserves high-frequency details while maintaining a natural global
distribution of brightness and contrast [93]. Laplace decomposition is shown in Figure 14.
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Figure 14. Laplace decomposition.

In this subsection, experiments are conducted using the constructed physical model
to generate degraded images influenced by three key variables: depth, turbidity, and
background light. To simulate various environmental conditions effectively, the experiment
was designed with different experimental groups. Water depth was categorized into three
classes: the shallow-water group (depths of 2 m and 5 m), the medium-depth group (10 m
and 15 m), and the deep-water group (20 m and 25 m). Turbidity levels were set at 0, 5, 10,
15, 20, 25, 30, 40, 50, 70, and 100. Additionally, ambient light conditions were divided into
two categories: low light (50) and high light (255).

The experimental results are shown in Figure 15. Observing the hotspot map reveals
a significant decline in image sharpness as depth increases. This phenomenon can be
attributed to light attenuation, which reduces the contrast of image details. Additionally,
increased turbidity has a pronounced negative impact on sharpness, likely due to the
scattering and absorption of light by suspended particles. Within a certain range, enhancing
background light intensity improves clarity, though the effect tends to plateau over time.

The mean brightness value decreases progressively with increasing depth and tur-
bidity, indicating overall light attenuation. However, brightness improves with enhanced
ambient light. Red light diminishes rapidly with depth, while blue light, characterized
by shorter wavelengths, penetrates more effectively underwater. Green light exhibits a
pattern of attenuation between that of red and blue light. A strong negative correlation
exists between depth and clarity, highlighting depth as the primary factor influencing
clarity. Similarly, turbidity shows a strong negative correlation with brightness, reflecting
its impact on light scattering intensity. On the other hand, background light demonstrates a
strong positive correlation with brightness, suggesting that increasing background light can
effectively enhance image brightness. The experimental results are in high agreement with
the underwater optical properties, verifying the reasonableness of the degradation model.
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Figure 15. Results of the experiment.

3. Cluster Analysis
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This study adopts a bibliometric methodology to investigate the historical progression

of underwater image enhancement. Data for the analysis, including journals, research

fields, national contributions, and institutional involvements, were systematically extracted

from the Web of Science (WOS) database. Recognized as a leading citation index resource,

WOS provides access to nearly 100 years of multidisciplinary scholarly works, representing

foundational research across diverse domains. The database is distinguished by its inclusion

of high-impact journals, making it an indispensable tool for researchers seeking credible

academic references. Its prominence and reliability within the scholarly community are

further corroborated by its authoritative standing.
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The following are the key logical formulae that we used for the search: TS = (“under-
water”) and TS = (“image*” OR “picture*”) and TS = (“enhancement” OR “restoration”
OR “processing” OR “intensification”). The initial default screening searched all years on
Web of Science, and approximately 2332 pieces of the relevant literature were screened.
The earliest documentation in WOS dates back to 2002; we searched all years for articles
published in English. For the article type, we chose “Article”. In the end, we retrieved
2244 articles from Web of Science after deduplication using “CiteSpace”. After manual
screening, we selected 2057 references as a sample for the bibliometric data analysis. The
specific search process is shown in Figure 16.
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Figure 16. Schematic diagram of the search process.

The referenced papers were selected based on their relevance to underwater image
enhancement, prioritizing peer-reviewed publications that address traditional physics-
based methods and deep learning approaches. Seminal works laying the methodological
foundation (e.g., Ref. [24]) and recent studies introducing novel techniques or datasets
(e.g., Ref. [17]) were included to ensure a comprehensive and credible review. The selection
also aimed to cover diverse methodologies—such as CNNs, GANs, and Transformers—to
contextualize our comparative analysis.

3.1. Country Analysis

In the CiteSpace user interface, time slicing selects January 2002 to December 2025,
time slicing is per year, node types selects country, and selection criteria selects the g-index,
k = 25. Pruning selects Pathfinder and prunes the merged network; a picture of the finished
process is shown in Figure 17.

Figure 17 shows that as many as 74 countries and regions have published papers
related to underwater image enhancement. We can see that almost the whole world is
focusing on the field of underwater image enhancement and contributing to the marine field
as much as possible. The size of each node represents the number of posts. Among them,
China, the United States, India, and Australia are extremely prominent in contributing to
the field of underwater image enhancement.

The color of the node represents the year; the closer the color is to red, the closer
the publication time is to the present. As can be seen in Figure 17, the node for China
changes from purple to red, which means that China’s image enhancement research started
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earlier. The larger nodes in the figure are colored red, indicating that underwater image
enhancement is a focus that these countries are paying close attention to.
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Figure 17. Country cluster analysis based on CiteSpace.

China dominates the number of publications in this area, with a count of 1361, which
is almost two-thirds of the total number of publications, followed by the United States,
with a count of 162 (7.88%), India, with a count of 133 (6.47%), and Australia, with a count
of 83 (4.04%) (Table 2).

Table 2. Top 10 underwater image enhancement posts.

Rank Country Frequency Percentage Centrality
1 China 1361 66.2% 0.09
2 USA 162 7.88% 0.00
3 India 133 6.47% 0.00
4 Australia 83 4.0% 0.18
5 South Korea 61 2.97% 0.05
6 Japan 54 2.63% 0.05
7 England 50 2.43% 0.28
8 Italy 48 2.33% 0.44
9 France 47 2.28% 0.25

10 Spain 43 2.09% 0.22

We visualized the country data we had on a world map and the results obtained are
shown in Figure 18.

As shown in Figure 18, most of the regions involved in underwater image enhancement
are coastal countries, which have an inherent geographic location. The top ten countries in
terms of the number of publications are all coastal regions, which have greater technological
needs in this area than inland regions.

We have made a chord diagram of the cooperation between countries, as shown in
Figure 19.

In Figure 19 and the chord diagram, the length of the colored band represents the
number of articles issued by the country; because China issued a large number of articles,
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we have taken the logarithmic operation of the value. The relationship of the connecting
line represents the cooperation, and the depth of the connecting line represents the amount

of cooperation. In the figure, we find that the countries with a medium level of publications
are closely related to each other, for example, USA and South Korea and Turkey and Saudi
Arabia have darker-colored ties; on the contrary, China, which is the country with the
highest number of publications, has less cooperation with other countries, with lighter-
colored ties and a smaller number of ties.
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Figure 18. Distribution of countries and regions with published papers.
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Figure 19. Chord charts of cooperation relations among countries.

3.2. Institution Analysis

In this section, we present the institutional analysis. Figure 20 is the clustering image
we made using “VOSviewer”; again, the node size represents the number of postings and
the connecting line represents the partnership. From the figure, we can see that the highest
number of postings is Dalian Maritime University with 120 postings, followed closely by
Chinese Academy of Sciences with 116 articles, followed by Harbin Engineering University
with 84 articles. Table 3 shows the ranking of the top 15 institutions in terms of the number
of articles or centrality.
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Figure 20. Institutional cluster analysis based on VOSviewer.

Table 3. Ranking of institutions by number of articles.

Rank  Count Institution Year Centrality Institution Year
1 120 Dalian Maritime University 2015 0.23 Chinese Academy of Sciences 2013
2 116 Chinese Academy of Sciences 2013 0.20 Institute of Deep-Sea Science 2023

& Engineering
3 84 Harbin Engineering University 2006 0.17 University of California System 2003
4 79 Ocean University of China 2014 0.16 Henan Institute of Science 2022
& Technology
5 49 Northwestern quytechmcal 2019 0.15 Laoshan Laboratory 2020
University
6 43 Tianjin University 2016 0.15 Chonggqing Jiaotong University 2023
University of Chinese Academy of Centre National de la Recherche
7 % Sciences 2018 0.14 Scientifique (CNRS) 2007
8 35 Ninebo Universit 2021 0.14 Nanjing University of Information 2020
& y ' Science & Technology
9 32 Dalian University of Technology 2020 0.13 Shanghai Maritime University 2023
10 31 Hohai University 2014 0.12 Anhui University 2021
11 30 Shanghai University 2019 0.11 Sun Yat Sen University 2024
12 29 Beijing Institute of Technology 2014 0.11 Institute of Oceanology 2020
Henan Institute of Science T .
13 27 & Technology 2022 0.10 Tongji University 2016
Centre National de la Recherche . . . . .
14 24 Scientifique (CNRS) 2007 0.09 Harbin Engineering University 2006
15 24 Tongji University 2016 0.06 Dalian Maritime University 2015

From Table 3, we can see that among the top 15 organizations in terms of the number of
publications, Chinese research organizations occupy 14 of them, and China’s contribution
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to the number of publications in underwater image enhancement is the largest, which
is in line with our previous conclusion. On the right side of the table, the ranking of
the institutions is performed with reference to centrality, which, in “Citespace”, refers
to the Betweenness Centrality: this measures how often a node appears on the shortest
path between other nodes. Higher values indicate that the node is more likely to be a
‘bridge’ between different clusters, playing a key role in the dissemination of knowledge
or the evolution of the field. Nodes with a high centrality are likely to be the ones that
drive important documents in the field (e.g., papers proposing new theories, methods, or
techniques). The Chinese Academy of Sciences has the highest centrality value, suggesting
that it has contributed significantly to the field, followed closely by the Institute of Deep-Sea
Science & Engineering; we find that the number of publications is not directly correlated
with centrality, and that a higher number of publications does not necessarily mean that it
has contributed the most. We found that there is no direct correlation between the number
of publications and centrality. Among the top 15 institutions ranked by centrality, there are
13 Chinese institutions, which shows that Chinese authors are very popular in this field.

3.3. Keywords Analysis

Keywords encapsulate the central themes of scholarly works, and their co-occurrence
patterns serve as a methodological tool for mapping disciplinary foci. In constructing visual
knowledge networks, the frequency with which terms appear together and their centrality
metrics—indicators of conceptual influence—are pivotal analytical parameters. Temporal
evaluations of these metrics, tracking shifts in prominence and interconnectivity over time,
further refine insights into evolving research priorities. In this paragraph, we will use
“CiteSpace” and “VOSviewer” to analyze and re-search keywords in underwater image
enhancement in an attempt to find hot changes in research in the historical development of
it. Figure 21 shows the keyword clusters we generated using VOSviewer.
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Figure 21. Cluster analysis diagram of underwater image enhancement keywords.
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Figure 21 shows the map of underwater image enhancement keywords and the rela-
tionship between them; from the figure, we can see that the keyword ‘underwater image
enhancement’ has the most occurrences, with a count of 417, followed closely by ‘image
enhancement’ and “enhancement”. These three keywords belong to the same field, and if
we merge them, the count is 1036. The second ranked keyword is ‘deep learning’, with a
count of 226, followed by model, with a count of 168.

Table 4 shows the rankings of the top 15 keywords in terms of the number of occur-
rences or centrality.

Table 4. Keyword rankings based on number of count or centrality.

Rank  Count Keywords Year Centrality Keywords Year
1 1036 Underwater image enhancement 2011 0.63 Feature extraction 2006
2 226 Deep learning 2020 0.58 Shape 2006
3 168 Model 2007 0.55 Segmentation 2007
4 149 Underwater image 2013 0.52 Vision 2010
5 137 Color correction 2017 0.45 Visibility 2012
6 134 Image restoration 2006 0.39 Underwater imaging 2005
7 120 Image color analysis 2020 0.38 Underwater image enhancement 2016
8 109 Color 2017 0.34 Image restoration 2006
9 106 Visibility 2012 0.27 Color correction 2017
10 105 Image processing 2007 0.26 Navigation 2006
11 101 Restoration 2011 0.23 Model 2007
12 99 System 2008 0.23 System 2008
13 98 Water 2007 0.20 Images 2008
14 92 Underwater image restoration 2019 0.19 Image processing 2007
15 83 Feature extraction 2006 0.15 Reconstruction 2008

In the list of keywords ranked by quantity, the keywords ‘Color correction’, ‘Feature
extraction’, etc., are listed as professional terms in the field of underwater images, which
appeared earlier and belonged to the early traditional methods of enhancement. The deep
learning keyword attracts the most attention, which appears in the latest year but has a
high keyword frequency and indicates that this represents a new type of research trend.
We further narrowed down the scope by limiting the keywords to 2020 and beyond, and
the results are obtained in Table 4.

In Table 5, we find that in addition to the keywords of deep learning, attentional mecha-
nism, convolutional neural network, generative adversarial network, unsupervised learning,
and other keywords about deep learning are frequently occurring keywords; deep learning be-
comes the main force of underwater image enhancement after 2020, and the research direction
gradually changes from traditional physical methods to deep learning methods.

Figure 22, produced via CiteSpace’s keyword mutation function, illustrates a visualiza-
tion designed to examine the thematic evolution within a research domain. This analytical
tool identifies shifts in core topics and emerging trends over time by evaluating changes
in terminology across academic publications. Such evaluations enable scholars to detect
critical transitions in a field’s focus, offering predictive insights into its developmental
trajectory. By mapping temporal variations in keyword usage, this method not only high-
lights conceptual transformations but also aids in forecasting research priorities, thereby
informing strategic directions for future scholarly inquiry.

Burst detection analysis offers a powerful approach for monitoring disciplinary trends,
as it can effectively pinpoint sudden shifts in keyword activity. This method surpasses
traditional bibliometric measures, such as citation counts or publication numbers, in its
ability to capture the evolution of emerging research frontiers.

In the keyword mutation table in Figure 22, we find that the keywords algorithm,
classification, navigation, etc., have a long time span and appear early, which suggests that
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researchers focused on some traditional physical algorithms for image restoration before
2020, and these algorithms have been a research hotspot. However, the keyword unsu-
pervised learning has a high mutation intensity in recent years, and the intensity of other
directions is weakening, which indicates that underwater image enhancement is shifting
in the direction of unsupervised learning, which also confirms our previous conclusions
that the field of underwater image enhancement is moving towards the development of

the field in the deep learning direction.

Table 5. Keyword rankings based on number of count or centrality after 2020.

Rank Count Keywords Year
1 226 deep learning 2020
image color
2 120 8¢ €O 2020
analysis
3 78 network 2022
4 56 quality 2020
attention
5 53 . 2022
mechanism
convolutional
6 43 2021
neural network
7 43 underwater images 2020
8 39 task analysis 2022
generative
9 37 adversarial 2021
network
10 34 retinex 2020
underwater image
11 27 & 2024
enhancement (uie)
underwater object
12 23 T oY) 2023
detection
13 20 histogram 2022
14 19 image fusion 2023
unsupervised
15 18 per 2023
learning
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Figure 22. Top 25 keywords with the strongest citation bursts based on CiteSpace.
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4. Deep Learning Theory

In recent years, deep learning technology has brought breakthroughs in the field of
underwater image enhancement through its unique paradigm innovation. Compared with
traditional methods that rely on physical modeling, the core advantages of deep learning
are reflected in three aspects: first, based on the end-to-end learning architecture [94],
the deep network is able to automatically learn the complex mapping relationship from
degraded images to clear images, getting rid of the strong dependence on physical models
such as the Jaffe-McGlamery model, and effectively solving the problem of error accumula-
tion in traditional methods due to simplifying the optical transmission equation, which
leads to the problem of error accumulation [95]. Secondly, the multi-scale feature fusion
mechanism enables the network to simultaneously handle multimodal tasks such as color
offset correction [81,96], local contrast enhancement, and scattering noise suppression [97],
breaking through the efficiency bottleneck of the traditional method that needs to deal with
different types of degradation in tandem at different stages [98]. More importantly, the deep
neural network can accurately portray the coupling relationship between non-uniform
light distribution and spatially varying scattering effects in underwater environments
through the stacking of nonlinear activation functions [99], which is significantly better
than linear methods, such as histogram equalization, in complex scenarios, such as coral
reef-shaded areas and turbid waters with sudden changes in visibility [100]. Together, these
features drive the paradigm shift from ‘physics-driven’ to ‘data-driven” underwater visual
enhancement techniques [101], validated by benchmarks (UIEB [17], ImageNet [102]) and
perceptual metrics (SSIM [103], LPIPS [104]).

4.1. Evolution: From CNNs to Transformers

Underwater image enhancement methodologies in the deep learning era have pre-
dominantly revolved around three core architectural frameworks. CNN-based approaches
leverage hierarchical feature extraction capabilities [25], often enhanced by embedding
physical priors into network layers [105-107]. GAN-driven solutions excel in modeling
complex distribution mappings through adversarial training, particularly effective for
unpaired data scenarios [108,109]. Transformer-based models, while relatively nascent in
this domain, demonstrate superior performance in capturing long-range dependencies via
self-attention mechanisms [110,111]. In Section 5, we present a comparative analysis of
the operational characteristics of these models, highlighting their respective advantages in
dealing with chromatic aberration, scattering noise, and non-uniform illumination.

4.1.1. CNN

In recent years, the rapid development of deep learning technology has driven a
fundamental shift in underwater image enhancement from the traditional physical model-
driven to data-driven paradigm. With its powerful feature extraction capability and end-to-
end learning mechanism, convolutional neural networks (CNNs) gradually overcome the
limitations of traditional methods relying on simplifying assumptions, and become a core
tool for solving degradation problems such as color distortion, contrast degradation, and
the blurring of details in underwater images. Figure 23 illustrates the structure of the CNN.

a.  Breakthrough in end-to-end multi-task learning frameworks

The UIE-Net proposed by Wang et al. [105] pioneered the construction of an end-to-
end multi-task learning framework for the collaborative modeling of degraded features
by jointly optimizing the color correction and defogging tasks. The network employs a
pixel-shuffle strategy to enhance local feature extraction and synthesizes 200,000 training
data based on a physical imaging model. Experiments show that its PSNR in the cross-
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scene test is improved by 23.5% compared with the traditional method, which verifies the
effectiveness of multi-task learning.

b. Normalization of benchmark datasets and baseline models

To overcome the limitation of data scarcity on algorithm evaluation, Li et al. fur-
ther constructed the Underwater Image Enhancement Benchmark (UIEB) dataset, which
contains 950 real underwater images (including 890 reference-degradation data pairs).
The proposed water-net model based on this dataset adopts a progressive enhancement
architecture and achieves a PSNR of 27.8 dB on UIEB, which is a 14.2% improvement
over the earlier CNN model, through a three-stage feature fusion (degradation perception
— adaptive enhancement — global optimization). This work provides a standardized
benchmark for algorithm performance evaluation and model generalization capability [17].

c.  Multi-color spatial fusion and neural profile optimization

UIEC?-Net, proposed by Zhang et al., innovatively integrates the dual-color spaces of
RGB and HSV to break through the representation limitations of a single-color space. Its
architecture contains three core modules:

(1) RGB pixel-level module: denoising and color bias correction through residual
linkage;

(2) HSV global adjustment module: introducing a neural curve layer to dynamically
adjust brightness and saturation;

(3) Attention fusion module: weighted fusion of bispace outputs to suppress cross-
modal conflicts.

Experiments show that the method achieves 3.85 on the UCIQE metric, which is a
12.7% improvement over the single-space model, verifying the superiority of multimodal
feature fusion [106].

d. Co-optimization of lightweight design and attention mechanism

Aiming at the balance between computational efficiency and detail retention,
Zheng et al. proposed an improved CNN defogging network, the innovations of which
include depth-separable convolution, with a 58% reduction in the amount of parameters
(Equations (25)—(28)); basic attention module (BAM), focusing on key regions through
channel-space dual paths; and cross-layer connection and pooling pyramid, enhancing
multi-scale feature extraction.

The model reduces latency to 85 ms in 1080p image processing while maintaining
UIQM 4.02, providing a viable solution for real-time underwater enhancement [107].

e.  Scene a priori-driven and video enhancement extensions

The UWCNN developed by Wang et al. for the first time embeds an underwater scene
prior to the CNN training process to synthesize diverse degraded data (covering five types
of water quality conditions) through a physical model. Their lightweight network (only
2.1 M parameters) employs a codec structure that incorporates jump connections to retain
low-frequency information. Experiments show that the model achieves a PSNR of 26.5 dB
in turbid waters with NTU > 30 and can be extended to video frame-by-frame enhancement
with a stable frame rate of 25 fps [112].

186



J. Mar. Sci. Eng. 2025, 13, 899

CNN

BConvolution 3x3 > Convolution 1x1 B Dropout 0.1
WMax Pooling 2x2  —— Skip connection ® Dropout 0.2
AUp Sampling 2x2 [JBlock copied B Dropout0.3

31616

Y 64 64 64+128 64

>
1284256 128 @
[IN-N:N
[ ]
A

B
256 B 256

Y 128 128

Rl —

>

Figure 23. Fundamental principles of CNN construction.

4.1.2. GAN

Generative adversarial networks (GANs) have demonstrated significant advantages
in the field of underwater image enhancement, gradually overcoming the limitations of tra-
ditional methods relying on simplifying assumptions through the deep integration of their
adversarial learning mechanisms with physical models. GAN architectures (e.g., PUGAN,
UW-CycleGAN) are able to simultaneously model complex light absorption-scattering
effects through the dynamic game of the generator discriminator, and produce visually
realistic enhancement results, which significantly improves the physical plausibility of
color correction and the robustness of detail recovery. Figure 24 illustrates the structure of
the GAN.
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Figure 24. Fundamental principles of GAN construction.

Cong et al. proposed an underwater image enhancement method based on generative
adversarial networks (GANSs) and physical models called the physical model-guided
underwater image enhancement using GAN with dual discriminators. Underwater images
usually suffer from low contrast, color distortion, and the blurring of details due to light
absorption and scattering effects of the water medium, which increase the difficulty of
underwater enhancement tasks. To solve these problems, PUGAN combines the visual
aesthetics advantage of GANs and the scene adaptation advantage of physical models;
consequently, an architecture (TSIE-subnet) and parameter estimation subnetwork (Par-
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subnet) are proposed. Par-subnet is used to learn the parameters of the inversion of the
physical model and generate color-enhanced images as TSIE-subnet’s auxiliary information.
The Degradation Quantization (DQ) module in the TSIE-subnet is used to quantify the
scene degradation to enable the enhancement of critical regions. In addition, PUGAN is
designed with dual discriminators for style-content adversarial constraints to improve the
realism and visual aesthetics of the results [109].

Panetta et al. focused on the wide range of current target tracking methods on publicly
available benchmark datasets and pointed out that these methods mainly focus on open
space image data, while less attention has been paid to underwater visual data. The
inherent distortion problems of color loss, poor contrast, and underexposure in underwater
images due to light attenuation, refraction, and scattering in underwater environments
greatly affect the visual quality of underwater data, making existing open-space trackers
perform poorly on such data.

He presents the first comprehensive underwater target tracking benchmark dataset
(UOT100), which aims to facilitate the development of tracking algorithms suitable for
underwater environments. The dataset contains 104 underwater video sequences and over
74,000 annotated frames derived from natural and artificial underwater videos, covering a
wide range of distortion types. The article also evaluates the performance of 20 state-of-the-
art target tracking algorithms on this dataset and introduces a cascaded residual network
for underwater image enhancement modeling to improve the accuracy and success of the
tracker. The experimental results show that existing tracking algorithms have significant
shortcomings on underwater data, while the generative adversarial network (GAN)-based
augmentation model can significantly improve tracking performance [113].

Chen et al. explored the problem of low visual quality in underwater robots, an issue
that limits their widespread application. Although several algorithms have been developed,
real-time and adaptive approaches are still insufficient for practical tasks. To this end, the
authors proposed a generative adversarial network (GAN)-based restoration scheme (GAN-
RS), aiming to simultaneously preserve image content and remove underwater noise by
means of a multi-branching discriminator (including adversarial and critic branches).

The authors not only employ adversarial learning, but also introduce a novel dark-
channel a priori loss to facilitate the generator to produce more realistic visual effects. The
authors also investigated the underwater index to characterize underwater features and
designed an underwater index-based loss function to train the critical branch to suppress
underwater noise [114].

Yan et al. proposed a model-driven cyclic coherent generative adversarial network
(CycleGAN)-based model, called UW-CycleGAN, for underwater image restoration. The
model is inspired by underwater image formation models and is capable of directly es-
timating the background light, transmission map, scene depth, and attenuation coeffi-
cient. Through comprehensive experiments, the authors demonstrate that the method
outperforms other underwater image restoration methods both qualitatively and quan-
titatively, and is able to provide restored images with satisfactory color saturation and
brightness [115].

Hambarde et al. proposed an end-to-end generative adversarial network called UW-
GAN for depth estimation and image enhancement from a single underwater image.
According to the literature, the coarse-grained depth map is firstly estimated by the un-
derwater coarse-grained generative network (UWC-Net) and then the fine-grained depth
map is computed by the underwater fine-grained network (UWF-Net), which splices the
estimated coarse-grained depth map with the input image as an input. The UWEF-Net
consists of compression and excitation modules at both spatial and channel levesl for
fine-grained depth estimation. In addition, the performance of the network proposed
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in the literature is analyzed on both real-world and synthetic underwater datasets and
thoroughly evaluated on underwater images under different color dominance, contrast,
and illumination conditions [116].

4.1.3. Transformer

The Transformer architecture is becoming an important technology paradigm in the
field of underwater image enhancement due to its global modeling capability and self-
attention mechanism. Compared with traditional convolutional neural networks (CNNs),
Transformer can effectively capture the scattering effects of non-uniform illumination and
spatial variations in underwater images through long-range dependent modeling (e.g., U-
shape Transformer’s multi-scale windowed attention mechanism), which significantly
improves the enhancement effect of complex scenes (e.g., shaded coral reefs and turbid
waters). In addition, by combining physical a priori (e.g., Jaffe-McGlamery model) and
frequency-domain guided optimization, Transformer shows stronger robustness in color
correction and detail recovery. However, high computational complexity and high training
data requirements are still the main challenges. Future research can explore a lightweight
design (e.g., knowledge distillation) and multimodal fusion (e.g., sonar-optical cross-modal
alignment) to further promote the practical application of Transformer in underwater
enhancement. Figure 25 illustrates the structure of the Transformer.
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Figure 25. Fundamental principles of Transformer construction.

Gao et al. proposed a path-enhanced Transformer framework called PE-Transformer,
which aims to improve the performance of underwater object detection in complex back-
grounds. The authors designed a scheme for embedding local path detection information that
facilitates the interaction between high-level features and low-level features, thus enhancing
the semantic representation of small-scale underwater targets. Within the CSWin-Transformer
framework, rich dependencies are established between high-level and low-level features,
further enhancing the semantic representation in the encoding stage. A flexible and adaptive
point representation detection module is designed, which is capable of covering underwater
targets from any direction. Through feature selection between salient point samples and points
in classification and localization, the module achieves the optimization of feature selection
while improving the detection accuracy of underwater objects [117].

Due to the absorption and scattering of underwater impurities, existing data-driven
methods perform poorly in the absence of large-scale datasets and high-fidelity reference
images. Peng et al. constructed a large-scale underwater image dataset (LSUI), which
contains 4279 sets of real-world underwater images, each accompanied by clear reference
images, semantic segmentation maps, and media transport maps.
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On this basis, the authors introduced the Transformer model into the UIE task for the first
time and proposed a U-shaped Transformer network. The network integrates two specially
designed modules: the channel-level multi-scale feature fusion Transformer (CMSFFT) and
the spatial-level global feature modeling Transformer (SGFMT). These modules enhance the
network’s attention to heavily attenuated color channels and spatial regions.

In addition, to further enhance the contrast and saturation of the images, the authors
designed a novel loss function combining RGB, LAB, and LCH color spaces, which follows
the principles of human vision [110].

Shen et al. proposed an underwater image enhancement method based on a Dual At-
tention Transformer Block (DATB) called the UDAformer. Considering the inhomogeneity
of underwater image degradation and the loss of color channels, UDAformer combines the
Channel Self-Attention Transformer (CST) and the LCH loss function. The Self-Attention
Transformer (CSAT) and Shifted Window Pixel Self-Attention Transformer (SW-PSAT) are
also proposed in the literature; in these approaches, a new fusion method is proposed,
combining channel and pixel self-attention for the efficient encoding and decoding of
underwater image features. In addition, in order to improve computational efficiency,
the literature also proposes a shift window method for pixel self-attention. Further, the
self-attention weight matrix is computed by constructing a convolution, which enables the
UDAformer to flexibly handle input images of various resolutions and reduce network
parameters. Finally, underwater images are recovered by jump connections based on the
design of an underwater imaging model [111].

Ummar et al. pointed out that the estimation of high-quality underwater images is an
important step in the development of computer vision systems for marine environments,
a step that encompasses many computer vision and robotics applications, such as ocean
exploration, robotic manipulation, navigation, object detection, tracking, and marine life
monitoring. To this end, Ummar et al. proposed a novel end-to-end underwater window
transform generative adversarial network (UwTGAN). The algorithm consists of two main
components: a transform generator for generating recovered underwater images and a
transform discriminator for classifying the generated underwater images. Both compo-
nents are equipped with window-based self-attention blocks (WSABs), which maximize
efficiency and provide a relatively low computational cost by restricting the self-attention
computation to non-overlapping local windows. The WSAB-based transform generator
and discriminator are trained end-to-end, and the authors also formulate an efficient loss
function to ensure that the variables are tightly integrated [118].

As a matter of fact, underwater image enhancement has evolved from relying on
single-architecture deep learning models, such as CNNSs for feature extraction, GANs for
image generation, and Transformers for contextual understanding, to embracing fusion
models that synergize these approaches. By integrating multiple architectures, these hybrid
models mitigate the shortcomings of individual methods—such as CNNs’ limited global
awareness, GANs’ training challenges, and Transformers’ computational costs—thereby
achieving superior performance in enhancing underwater images.

Wang et al. proposed an underwater image enhancement method (UIE-Convformer)
based on a convolutional neural network (CNN) with a feature fusion Transformer, which
efficiently extracts the local texture features by the ConvBlock module and models the long
range dependency by combining the cross-channel self-attention mechanism of the Feaformer
module, which solves the problem of traditional CNNs concerning the difficulty in dealing
with underwater wide-range blurring and scattering due to the restricted receptive field [119].

Zheng et al. proposed a dual generative adversarial network (LFI-DGAN) based on
reversible convolutional decomposition with a full-frequency Transformer, which intro-
duces reversible neural networks into underwater image processing for the first time, and
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separates the image into low, medium, and high-frequency components by the decomposi-
tion technique without information loss, to alleviate the problem of random information
loss in the traditional mathematical transforms (such as wavelet transform). Experiments
demonstrate that the method significantly outperforms existing methods in complex un-
derwater scenarios such as UCCS, UIQS, etc., and shows strong generalization ability in
extended tasks such as de-fogging and de-raining [120].

5. Comparison of Results

In this section, we perform a comparative analysis of traditional physical models, water-
net, UWCNN, UWCycleGAN, U-shape, and so on. To further quantitatively assess the quality
of the enhanced images, we calculated the peak signal-to-noise ratio (PSNR), underwater
image quality measurement (UIQM), underwater contrast, and color enhancement quality
evaluation (UCIQE, RGB statistics, and luminance metrics). The PSNR quantifies the signal-
to-noise ratio of the image, with higher values indicating that the enhanced image has less
distortion compared to the ideal image. the UCIQE mainly evaluates the color uniformity,
contrast, and saturation of underwater images. UCIQE evaluates color uniformity, contrast,
and saturation of underwater images, while UIQM is a comprehensive underwater image
quality metric that combines contrast, hue, and sharpness.

Our experimental data come from the UIEB dataset, and in order to compare the per-
formance of each deep learning model in different underwater scenarios, we selected three
groups of experimental subjects from the dataset, namely, the rock group, the underwater
portrait group, and the marine life group. Due to some hardware constraints, the training
models we use are from pre-trained models without any processing. Since some models
are only trained on 256 x 256 resolution, we choose the reference image as a medium grey
image of the same size, and the PSNR values are for reference only.

The physical method (b) can more directly simulate the physical conditions under-
water, and in some areas, especially those with moderate water turbidity or light, clearer
images can be obtained. However, in cases of severe distortion, such as deep water with
low visibility, enhancement may be less effective. Color correction may be too simple or
impractical, as it may not capture the full effect of light in the water (Figure 26).

The UWCNN (c) aims to address underwater image degradation more effectively.
It generally improves visibility and restores more accurate colors, especially in shallow
waters. However, in highly turbid waters or very deep seabed images, it may still have
difficulty in restoring color and contrast. The color processing may be too biased towards
certain shades and appear unnatural.

Water-net (d) ranks last in terms of brightness performance but improves contrast
and reduces noise. It may work well in certain situations where contrast enhancement is
needed without overdoing it.

UWCycleGAN (e) produces a natural, visually appealing image with more balanced
colors and clearer details, and it ranks first among all methods in terms of brightness.
However, it produces subtle artifacts with some color distortion (Table 6).

The U-shape method (f) is very effective in restoring structural details and reducing
noise. This structure helps to maintain the sharpness of the image, making it an excellent
choice for fine detail. It does introduce some unnatural artefacts, such as a slight halo
effect around the edges of Picture 3 and the over-correction of colors, resulting in slightly
‘artificial” or over-sharp results.

The physical model improves visibility and reproduces details extremely well for the
first, third, and seventh images, close to the reference image (GT). However, the fourth
images show severe overexposure, the colors look unnatural, the overcorrected appearance
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distorts the appearance of the scene, and its inability to deal with complex textures and
fine details effectively produces an image that is inferior to the original image (Figure 27).

UWCNN performs mediocrely in the human group; its ability to enhance brightness
is still ranked at the bottom of the list, and UWCNN colors are prone to oversaturation or
artifacts. The enhancement of Picture 3 is poor, its luminance, UCIQE, and UIQM are far
below average, and there is almost no color representation. These problems are due to the
limited ability of the model to handle complex underwater lighting conditions (Table 7).

The water network has improved in areas such as color correction and object visibility.
The model displayed a more natural fourth image with improved color accuracy. However,
because of its average brightness performance, the model was sometimes unable to recover
finer details, resulting in slight blurring in some areas.

UWCycleGAN, the luminance performance of which is at the top of the list, has
visually enhanced images with realistic colors and details. This method performs well
in maintaining a natural underwater environment. However, the first image is a bit
overcorrected with the color of the third image, and some unnatural artifacts appear,
especially at the boundaries of the objects.

O 3) “) o © 0

®)

Figure 26. Enhanced image of the rock group. (a) Original image; (b) physical; (c) UWCNN; (d) water-
net; (e) UWCycleGAN; (f) U-shape; and (g) reference images (recognized as ground truth (GT).

Table 6. Average parameters for each type of rock group.

Method/Average PSNR UCIQE UIQM R G B Luminance
input 15.562 16.988 0.152 90.436 149.377 110.477 149.385
Physical 12.207 27.976 0.286 109.621 119.795 104.432 124.442
UWCNN 13.511 14.786 0.134 115.071 99.928 55.546 116.546
Water-net 13.183 22.094 0.205 100.624 105.537 88.949 109.989
UWCycleGAN 12.224 25.090 0.301 124.132 132.200 113.943 139.895
U-Shape 13.526 22918 0.241 110.643 115.628 105.674 121.626
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Figure 27. Enhanced image of the human group. (a) Original image; (b) physical; (c) UWCNN;
(d) water-net; (e) UWCycleGAN; (f) U-shape; and (g) GT.

Table 7. Average parameters for each type of human group.

Method/Average PSNR UCIQE UIQM R G B Luminance
input 11411 21.648 0.147 44.670 143.691 134.548 158.017
Physical 11.276 27.888 0.223 81.421 127.246 124.898 145.738
UWCNN 12.214 15.245 0.091 67.934 84.011 69.039 91.477
Water-net 12.694 22.736 0.146 68.673 103.128 104.302 115.178
UWCycleGAN 9413 30.565 0.268 72.859 145.800 161.942 182.180
U-Shape 13.598 23.827 0.189 95.807 119.455 121.908 131.719

The U-shape method performs best in improving the sharpness and contrast of the
fourth image, which looks sharper and more detailed. However, the model sometimes has
problems with tonality, resulting in unnatural gradients or overly bright areas, especially
in the background, which can distract from the scene, as in images 3 and 7, which show an
image that is too dark overall.

The physical models generally improve the visibility of fish and coral structures, with
Figure 4 showing the best color reproduction of these models. The contrast between the fish
and the background is better than in the original image. Colors are more vibrant, though
not perfect, and there is a slight improvement in the clarity of the fish scales and water in
particular (Figure 28).

However, in Figure 1, the model gives the water a yellow—green tint that looks unnat-
ural. Figure 3 shows some strange darkening in the background areas, especially around
the coral structures, giving it an unrealistic look.

The texture of the UWCNN fish scales and corals is better preserved than the solid
model, retaining detail, but the overall performance in the benthic organism group is also

193



J. Mar. Sci. Eng. 2025, 13, 899

unsatisfactory, with the worst recovery of brightness, and a color treatment that may be too

biased towards certain shades, which looks unnatural (Table 8).

(1)

) (5) (6) (7)

Figure 28. Enhanced image of the underwater portrait group. (a) Original image; (b) physical;
(c) UWCNN; (d) water-net; (e) UWCycleGAN; (f) U-shape; and (g) GT.

Table 8. Average parameters for each type of fish group.

Method/Average PSNR UCIQE UIQM R G B Luminance
input 13.468 19.123 0.152 81.898 135.992 126.946 152.768
Physical 12.517 25.389 0.224 94.670 121.617 124.365 139.514
UWCNN 12.732 12.237 0.086 82.135 78.048 65.592 94.324
Water-net 13.687 20.049 0.157 81.290 103.434 105.927 118.358
UWCycleGAN 10.593 24.277 0.279 111.597 121.791 129.019 167.182
U-Shape 14.314 19.309 0.203 103.049 120.037 118.490 133.613

The water-net method strikes a good balance between enhancing the image without
oversaturating the colors. The fish and coral colors in columns two and seven look more
natural. The coral areas and fish in images 4 and 7 look more like the ground truth, with
more natural transitions between colors. Unlike the physical model, water-net seems to
avoid the overexposure or darkening of certain areas, maintaining good overall brightness
and visibility.

However, subtle artefacts can be seen around the fish in image 4, especially at the
edges, which may be overcorrected by this method. The model sometimes struggles to
maintain the finesse of the darker parts of the image (e.g., the background) and therefore
can appear somewhat blurred.

UWCycleGAN shows significant improvement in color reproduction. Underwater
visibility is much improved in images 3 and 7, and the background is much sharper
compared to the original image. The water in the second column looks very close to the
ground truth, with a natural blue color and no visible distortion.
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Although the color balance has improved, the lighting in some areas (image 1) looks
strange. There is an unnatural halo or strong contrast that reduces realism, and the overall
photo has a strange pink color with some over-enhancement.

The U-shape method excels in just the right amount of color enhancement. Fish
and corals, especially in pictures 2 and 3, appear more vibrant and detailed. The mode
enhances contrast without creating noticeable artefacts. The fish are clearly defined, and
the background appears brighter. There is a balance between natural and enhanced light:
the lighting is more natural than other methods and helps to enhance realism. The fish in
the first column is affected by the artificial lighting effect, where the light source does not
match the distribution of natural light underwater, resulting in a slightly unrealistic feel.

6. Conclusions

Underwater image enhancement plays a pivotal role in marine resource exploration,
ecological monitoring, and infrastructure inspection. This study systematically evaluates
traditional physics-driven approaches and state-of-the-art deep learning models, revealing
their distinct strengths, limitations, and applicability across diverse underwater environ-
ments. The key findings and implications are summarized as follows:

6.1. Comparative Performance of Physical and Deep Learning Models
(a) Traditional Physical Models (e.g., simplified Jaffe-McGlamery)

Strengths: High interpretability, computational efficiency, and robustness in stable,
shallow environments (depth < 10 m, NTU < 20). For instance, wavelength compensa-
tion and multi-scale histogram equalization effectively restore color balance and contrast
(PSNR = 12.207 in rock group).

Limitations: performance degrades in complex scenarios (e.g., deep-sea or turbid
waters) due to oversimplified assumptions (e.g., uniform background light) and an inability
to model nonlinear degradation interactions (e.g., Figure 27b overexposure). Physical
methods (e.g., wavelength compensation, Laplace sharpening) have difficulty in capturing
the coupling effect between color deviation, scattered noise, and non-uniform illumination,
resulting in overexposure (Figure 27b) or artifacts (Figure 28f) in complex scenes.

The fixed B, = 0.1, B¢ = 0.05, and B}, = 0.03 used in our physical model are grounded in
clear-water scenarios but lack justification for diverse depths and illumination conditions.
This may contribute to overexposure or color distortion in complex scenes (e.g., Figure 27b).

(b) Deep Learning Models

The water-net and UWCNN models excel in adaptive enhancement through super-
vised learning (UIEB dataset), balancing noise suppression and detail preservation. How-
ever, UWCNN struggles with luminance recovery (human group: luminance = 91.477),
while water-net achieves moderate contrast improvement (UIQM = 0.205).

The UWCycleGAN and U-shape Transformer methods demonstrate superior capability
in extreme conditions. UWCycleGAN’s adversarial training produces visually natural results
(UCIQE = 30.565) but risks color oversaturation. The U-shape model, leveraging self-attention
mechanisms, achieves state-of-the-art sharpness (rock group: luminance = 121.626), yet re-
quires careful parameter tuning to avoid artifacts. Because of the hardware limitation, the
training data are selected as pre-training data, while most deep learning models (e.g., UWCy-
cleGAN, U-shape) are only trained at a 256 x 256 resolution, while real underwater devices
(e.g., AUV, ROV) may acquire higher-resolution images (e.g., 1080p). Resolution normalization
processing (e.g., downsampling) may lead to the loss of details, affecting the recovery of fine
features such as coral texture, fish scales, etc. (Figures 26-28).
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6.2. Methodological Trade-Offs

(@) Implementation Complexity

Physical models rely on explicit optical principles and minimal data, enabling real-time
deployment on low-power devices (e.g., 15-20 MB memory for histogram equalization).

Deep learning methods demand substantial computational resources: water-net and
UWCNN require mid-tier GPUs (25-30 fps), while Transformer-based models (U-shape)
necessitate >8 GB VRAM, limiting edge-device applicability.

(b) Interpretability

Physical models provide transparent enhancement steps (e.g., LAB color space analy-
sis), aligning with optical principles.

They also lack transparency due to their black-box nature. While attention maps
(e.g., U-shape’s multi-scale windows) partially reveal feature prioritization, the underly-
ing decision-making process remains opaque. Hybrid approaches, such as embedding
physical priors into network layers (e.g., UWCycleGAN'’s dark-channel loss), improve
interpretability but require extensive validation.

6.3. Practical Implications for Marine Applications

Shallow Waters: UWCycleGAN’s natural color rendering (Figure 26e) suits ecological
monitoring in aquaculture ranches.

Deep-Sea Exploration: U-shape’s detail recovery (Figure 28f) aids structural inspection
of subsea pipelines and cables.

Real-Time Systems: Lightweight CNNs (e.g., UWCNN) or physical models are
preferable for continuous monitoring on underwater drones. While lightweight CNNs
(e.g., UWCNN) and physical models are suggested as preferable for real-time monitoring
on underwater drones, these recommendations are based on their computational efficiency
in prior studies rather than direct measurements from our experiments, due to hardware
limitations. As such, claims regarding real-time applicability are derived from theoretical
analysis and the literature benchmarks.

6.4. Future Directions

Hybrid Frameworks: Integrating physical priors (e.g., transmission maps) into deep
architectures (e.g., CNN preprocessing layers) could enhance robustness in turbid waters.

Lightweight Designs: Techniques like depth-wise separable convolutions or knowl-
edge distillation (Section 4.1.1) should be prioritized to reduce latency (e.g., <50 ms for
1080p images). Although some real-time underwater image enhancement techniques are
now available in academia [121-124], the trade-off between image quality and process-
ing time remains a daunting task. Future research will focus on testing these models on
more powerful hardware (e.g., mid-tier GPUs with >8 GB VRAM) to quantify real-time
performance metrics such as FPS and latency. Collaborations with institutions possessing
advanced computational resources are also planned to validate these capabilities.

Unsupervised Learning: Expanding synthetic datasets (e.g., LSUI) and leveraging con-
trastive learning frameworks can address data scarcity while improving cross-environment
generalization.

Adaptive Enhancement: Dynamic strategy selection based on depth, turbidity, and
hardware constraints will optimize resource utilization in marine ranching.

This study underscores that no single method universally outperforms others. The
choice of enhancement technique must align with environmental conditions, task require-
ments, and hardware capabilities. Future innovations should focus on bridging the gap
between physics-driven interpretability and data-driven adaptability, fostering sustainable
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advancements in underwater vision technologies. By addressing these challenges, we
can unlock the full potential of underwater imaging for marine resource management,
ecological conservation, and global blue economy development.
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