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Introduction: Recent advancements in underwater monitoring technologies
have highlighted the critical need for intelligent systems capable of addressing
the unique visual challenges of marine environments. Optical distortions,
ecological variability, and dynamic biological behaviors pose significant
obstacles to conventional image processing methods, often leading to
suboptimal signal interpretations that undermine environmental monitoring
and assessments of anthropogenic impacts. Traditional methodologies,
primarily adapted from terrestrial computer vision, fail to adequately account
for spectral attenuation, scattering effects, and the ecological semantics that are
intrinsic to underwater scenes, thereby limiting their effectiveness in tasks such as
marine species tracking, seafloor habitat mapping, and anomaly detection.
Methods: To overcome these limitations, we introduce a machine learning-
based framework that integrates physics-aware visual modeling with ecological
adaptivity. This framework comprises the bio-optical attenuation neural extractor
(BOANE) and the context-aware marine signal enhancement (CAMSE) modules.
The BOANE employs spectral-adaptive convolutional units and depth-aware
feature modulation to correct radiance distortions and encode biologically
relevant visual information. CAMSE enhances this by dynamically adjusting
parameters based on real-time ecological priors and optical conditions,
incorporating flow-stabilized feature alignment, confidence-aware semantic
filtering, and biologically informed regularization.
Results and Discussion: The experimental results demonstrate substantial
improvements in signal clarity, temporal consistency, and ecological
interpretability on challenging underwater datasets, establishing a robust
approach for data-driven underwater visual signal processing. By embedding
optical physics and ecological semantics into the computational pipeline, this
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framework sets a new standard for adaptive, semantically aware analysis of marine
imagery, thus enabling high-fidelity monitoring of marine ecosystems in complex
and variable underwater environments.
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underwater monitoring, machine learning framework, bio-optical attenuation neural
extractor, context-aware marine signal enhancement, ecological adaptivity

1 Introduction

Marine ecosystems and the assessment of anthropogenic
impacts are crucial for maintaining environmental sustainability,
preserving biodiversity, and guiding policy decisions. Underwater
visual signal processing plays a fundamental role in this domain by
enabling the identification, classification, and tracking of marine
species, pollutants, and human activities. However, challenges such
as light absorption, scattering, color distortion, and limited visibility
severely degrade the image quality, making accurate analysis difficult
(Fu et al., 2024). These factors not only reduce detection and
classification accuracy but also hinder long-term ecological
studies and real-time monitoring (Luxem et al., 2022).
Furthermore, the need for scalable, automated systems that can
operate effectively across diverse underwater environments is
growing due to the increasing volume of visual data generated by
underwater sensors and autonomous vehicles (Hendricks et al.,
2020). A robust, adaptive visual processing framework is
therefore essential—not only to enhance the fidelity of visual
information but also to enable comprehensive environmental
assessments that can inform conservation strategies and impact
mitigation (Johnston et al., 2018).

Initial efforts to improve underwater imaging focused on
manually designed algorithms tailored to specific challenges such
as color correction, edge detection, and object recognition.
Techniques such as histogram equalization, retinex-based
methods, and light attenuation modeling were commonly
employed to enhance the image quality (Wang et al., 2023).
These approaches offered the advantage of interpretability, as
their decision-making processes could be traced and refined by
domain experts. However, their performance was often limited by
their inability to adapt to the diverse and dynamic conditions of
underwater environments, such as varying turbidity and lighting
(Gronwald et al., 2021). Additionally, the reliance on handcrafted
feature extraction restricted their scalability when applied to large
and heterogeneous datasets, highlighting the need for more flexible
and adaptive solutions (Tang et al., 2019).

To address these limitations, research workers began leveraging
statistical models capable of learning patterns from structured data.
Algorithms such as support vector machines, decision trees, and
k-nearest neighbors were employed for tasks such as marine species
classification and anomaly detection (Quellec et al., 2017). These
methods introduced a degree of adaptability by utilizing features
that captured the texture, shape, and color patterns specific to
underwater imagery. Ensemble techniques and semi-supervised
learning further enhanced their utility, particularly in scenarios
with limited labeled data (Waldén et al., 2015). Despite these
advancements, the effectiveness of these models was constrained
by their dependence on manual feature engineering and their
sensitivity to noise and distortions that are inherent in

underwater images (Ma et al., 2024). As underwater visual scenes
grew increasingly complex, the demand for more autonomous and
expressive feature extraction methods became evident (Liu
et al., 2023).

In recent years, deep learning has emerged as a transformative
approach for underwater visual signal processing, offering end-to-
end learning capabilities that eliminate the need for manual feature
extraction. Convolutional neural networks (CNNs), autoencoders,
and generative adversarial networks (GANs) have been successfully
applied to tasks such as image enhancement, object detection, and
semantic segmentation (Montgomery et al., 2016). Pretrained
models such as ResNet, VGG, and U-Net have further improved
performance by transferring knowledge from large-scale datasets,
enabling applications such as coral reef mapping and fish species
classification (Zheng and Zhang, 2022). Although these models have
demonstrated remarkable success, they often require substantial
computational resources and large labeled datasets for fine-tuning
(Wan et al., 2021). Moreover, challenges related to domain
adaptation and explainability persist, underscoring the need for
solutions that balance performance, generalizability, and
interpretability in critical environmental monitoring applications
(Liu et al., 2020).

Based on the limitations of symbolic AI’s rigidity, machine
learning’s reliance on manual features, and deep learning’s data
and computational demands, we propose a unified framework that
integrates advanced machine learning paradigms with underwater-
specific adaptations to improve visual signal processing. This
approach aims to combine the robustness of deep learning with
the interpretability and adaptability of hybrid models to address the
unique challenges of underwater environments. It not only enhances
the image quality and feature extraction under varying light and
turbidity conditions but also improves the classification and
anomaly detection accuracy in multi-domain marine datasets. By
incorporating domain adaptation techniques, multimodal learning,
and efficient network architectures, the framework can operate
effectively across diverse marine settings. Furthermore, it allows
for scalable deployment on edge devices used in autonomous
underwater vehicles. The ultimate goal is to bridge the gap
between high-performance visual analysis and practical
applicability in ecological monitoring and anthropogenic impact
assessment.

• The framework introduces a hybrid architecture that fuses
data-driven learning with domain-specific signal priors to
enhance underwater image quality and
interpretation accuracy.

• It is designed for high adaptability, supporting multiple
underwater scenarios with varying visibility and lighting,
and it is optimized for real-time processing on resource-
constrained devices.
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• Experimental results show significant improvements in image
clarity, object detection rates, and classification performance
across heterogeneous marine datasets.

2 Related work

2.1 Data-driven enhancement techniques

Data-driven enhancement techniques have become pivotal in
underwater visual signal processing, particularly for marine ecosystem
monitoring and anthropogenic impact assessment. Early methodologies
relied on traditional image processing techniques, including histogram
equalization and adaptive filtering, to address challenges such as light
absorption and scattering (Waldén et al., 2015). These approaches were
later augmented by learning-based models that leverage large datasets of
underwater imagery to infer corrective transformations (Ma et al., 2024).
Deep learning architectures, such as convolutional neural networks and
autoencoders, have demonstrated efficacy in restoring images affected by
turbidity and wavelength-dependent attenuation (Liu et al., 2023).
Generative adversarial networks have further advanced underwater
dehazing by incorporating physics-based priors into loss functions,
ensuring structural integrity of benthic features while suppressing
noise (Zheng and Zhang, 2022). Large-scale datasets such as UIEB
and RUIE, collected across diverse marine habitats, have provided
benchmarks for evaluating the enhancement models (Wan et al.,
2021). Synthetic augmentation techniques, including random
attenuation coefficients and scattering kernel simulations, have been
employed to improve model resilience under varying conditions (Liu
et al., 2020). Deep residual networks equipped with attention
mechanisms have shown promise in focusing on ecologically
significant regions, such as coral reef structures and fish schools
(Shen et al., 2019). Multiscale architectures that combine low-level
corrective filters with high-level semantic encoders have enabled the
reconstruction of enhanced imagery that is both physically plausible and
semantically consistent (Serner et al., 2018). Unsupervised and self-
supervised learning paradigms have emerged as alternatives when paired
ground truth data are unavailable, utilizing noisy pseudo-labels or cycle-
consistency losses to guide enhancement objectives (Shih, 2017). Domain
adaptation techniques have further minimized domain shifts, enabling
the application of trained models across diverse oceanic regions
(Stuelcken et al., 2016). Empirical studies have evaluated
enhancement effectiveness using perceptual quality indices and task-
specificmetrics, such as detection accuracy, to ensure ecological relevance
(Gardner et al., 2015). These advancements collectively underscore the
importance of data-driven enhancement in underwater visual signal
processing. Recent surveys provide comprehensive taxonomies of
underwater color correction and enhancement methods, which
contextualize the evolution of physics-based and data-driven strategies
(Lai et al., 2025). Hybrid fusion approaches tailored to real-world
degradation scenarios, such as MHF-UIE, offer complementary
design insights to our enhancement modules (Xu et al., 2025).

2.2 Semantic interpretation models

Semantic interpretation models have played a critical role in
advancing underwater imagery analysis for marine ecosystem

monitoring. These models address challenges such as low
contrast, scattering, and variability in object appearance by
adapting convolutional neural networks pretrained on terrestrial
datasets (He et al., 2024). Transfer learning pipelines have been
utilized to accelerate convergence and improve feature abstraction
despite domain discrepancies (Tyagi and Yadav, 2022). Domain
adaptation techniques, including adversarial alignment, have been
utilized to narrow the gap between terrestrial and underwater
domains (Kitaguchi et al., 2021). Encoder–decoder architectures,
such as U-Net and DeepLab, have been modified to incorporate
depth cues, improving object boundary delineation in underwater
environments (Tang et al., 2020). Labeled datasets, including the
Eilat Reef Underwater Dataset and TrashDB, have supported
supervised training for tasks such as coral type classification and
debris detection (Goetze et al., 2019). Temporal consistency in video
streams has been enhanced through recurrent modules and optical-
flow-guided aggregation, reducing flicker and improving detection
stability (Feng et al., 2018). Tracking frameworks, such as SORT and
DeepSORT, have been adapted for underwater behavior analysis,
enabling population estimation and anthropogenic event detection
(Takahashi et al., 2017). Graph neural networks have been utilized to
encode relationships among species and habitats, informing scene
interpretation and enabling hierarchical taxonomy integration
(Pipkin et al., 2016). Semantic outputs have been combined with
environmental variables, such as salinity and turbidity, to model
species distribution and assess the human impact (Ramanathan
et al., 2015). Weakly supervised approaches utilizing image-level
tags and bounding boxes have reduced annotation burdens while
maintaining robust generalization (Zhu et al., 2022). These
developments in semantic interpretation have significantly
enhanced the fidelity and utility of underwater visual monitoring
frameworks.

2.3 Integrated monitoring frameworks

Integrated monitoring frameworks represent a holistic approach
of combining enhancement, semantic interpretation, and
anthropogenic impact analysis for marine ecosystem applications.
These frameworks often cascade enhancement modules with
interpretation networks, enabling refined semantic outputs for
tasks such as species abundance estimation and habitat change
detection (Waldén et al., 2015). Multitask learning architectures
integrate loss functions from enhancement and interpretation,
fostering synergies that improve both restorative clarity and
interpretative accuracy (Ma et al., 2024). Sensor fusion
techniques incorporating optical imagery with sonar or
hyperspectral data have provided complementary spectral detail
for robust assessments of benthic morphology and biomass
distribution (Liu et al., 2023). Context-aware models conditioned
on environmental covariates, such as depth and salinity, have
demonstrated adaptive behavior in underwater scenarios (Zheng
and Zhang, 2022). Dynamic scheduling frameworks onboard mobile
platforms have optimized real-time evaluation, triggering
enhancement activation based on image quality thresholds (Wan
et al., 2021). Anthropogenic impact analysis modules have
quantified metrics such as debris accumulation rates and
bleaching severity scores, which are contextualized with
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environmental trends (Liu et al., 2020). Longitudinal deployments
have generated time-series data for predictive models, informing
management interventions such as marine protected area zoning
(Shen et al., 2019). Cloud-edge collaborative architectures have
balanced computational loads, performing enhancement and
interpretation locally while aggregating results in cloud servers
(Serner et al., 2018). Citizen science data streams, which
interoperate via standardized APIs, have further enriched
monitoring networks (Shih, 2017). Reproducible pipelines and
open-source codebases have facilitated collaborative extension
and standardization across marine science communities
(Stuelcken et al., 2016). These integrated frameworks, combining
cascade architectures, multimodal fusion, adaptive pipelines, and
collaborative infrastructures, have enabled scalable and impactful
marine ecosystem monitoring systems (Gardner et al., 2015).

3 Methods

3.1 Overview

The underwater visual domain poses significant challenges for
computational perception due to the unique optical properties of
the aquatic medium, the biological variability of marine
ecosystems, and the dynamic nature of underwater
environments. In this paper, we present a novel framework for
underwater visual signal processing that directly tackles these
challenges by modeling spectral attenuation, spatial variability,
and task-specific semantics that are specific to underwater
environments.

The proposed framework is systematically developed in the
subsequent sections. Section 3.2 formalizes the problem space by
defining the geometric and radiometric properties of underwater
imagery. This includes the mathematical representation of key visual
signal modalities, such as color attenuation profiles, ambient
scattering patterns, and biological motion fields, which
collectively characterize the input distribution. Section 3.3
presents the bio-opt attenuation neural extractor (BOANE), a
model architecture tailored to the underwater domain. The
BOANE employs physically informed convolutional operators
parameterized by locally inferred water column properties,
integrates latent representations of bio-optical variability, and
incorporates structured priors derived from marine ecological
principles. A distinguishing feature of the BOANE is its spectral-
adaptive convolution modules, which dynamically recalibrate
feature extraction pipelines based on ambient spectral distortion
cues. Section 3.4 introduces the context-aware marine signal
enhancement (CAMSE) strategy, an inference-time optimization
mechanism that leverages real-time visual priors, including seafloor
topology, plankton density, and turbidity indices, to guide the
model’s attention and adapt its feature calibration layers. CAMSE
enables the model to dynamically adjust its parameters in situ,
facilitating robust interpretation of biologically relevant cues, such as
bioluminescence patterns and coral fluorescence signatures, under
varying illumination conditions.

This modular pipeline encompassing the formal problem
definition, model architecture, and adaptive strategy establishes a
comprehensive methodology for underwater visual signal

extraction. By embedding the principles of underwater light
propagation, marine bio-optics, and ecological semantics directly
into the computational framework, the proposed approach
transcends the limitations of terrestrial vision models. The
remainder of this paper elaborates on each component in detail.
Section 3.2 provides the mathematical formulation of underwater
image formation and ecological signal representation. Section 3.3
details the BOANE architecture, which learns latent representations
of spectral attenuation and habitat-specific visual patterns. Section
3.4 describes the CAMSE strategy, which operationalizes ecological
adaptivity for downstream tasks, including species tracking, habitat
mapping, and behavioral analysis of marine organisms. In this
manuscript, several technical terms and acronyms are introduced
to describe the proposed framework and its components. To
improve clarity and ensure consistency, we define and
standardize the use of these terms in Table 1. It provides a
glossary of the key terms and their corresponding acronyms.

3.2 Preliminaries

Underwater visual signal processing involves addressing the
challenges posed by the interaction of light with water and
biological substrates. These interactions result in significant
spectral distortion, scattering, and attenuation, which complicate
the interpretation of underwater images. This section introduces the
mathematical framework for underwater image formation,
geometric representation, motion cues, and semantic modeling,
which collectively define the problem space.

The underwater image formation model, geometric
transformations, and semantic priors are formalized to provide a
foundation for subsequent methodological developments.

3.2.1 Underwater image formation model
Let I: Ω → R3 represent an RGB underwater image defined over

the pixel domain Ω ⊂ R2. The observed color I(x) at pixel x ∈ Ω is
modeled as follows Equation 1:

I(x) � J(x) · t(x) + B(x) · (1 − t(x)), (1)

where J(x) denotes the scene radiance (true color), B(x)
represents the backscattered light, and t(x) is the transmission
map. The transmission map is defined as follows Equation 2:

t(x) � exp(−βd · d(x)), (2)

where βd is the attenuation coefficient, which depends on the
wavelength of light, and d(x) is the depth at pixel x. This model
captures the effects of light attenuation and scattering in underwater
environments.

3.2.2 Spectral decomposition
The attenuation coefficient βd varies with wavelength λ, leading

to a wavelength-specific transmission map, which is defined as
Equation 3:

t(x, λ) � exp(−β(λ) · d(x)). (3)

Substituting this into the image formation model yields the
following (Equation 4):

Frontiers in Environmental Science frontiersin.org04

Minglong et al. 10.3389/fenvs.2025.1689855

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2025.1689855


Iλ(x) � Jλ(x) · exp(−β(λ) · d(x)) + Bλ(x) · (1 − exp(−β(λ)
· d(x))). (4)

This formulation enables the disentanglement of spectral
absorption and scattering, which are critical for accurately
modeling underwater visual signals.

3.2.3 Geometric representation
The underwater scene is represented as a continuous surface

S ⊂ R3, with semantic labels L: S → {1, . . . , C} assigned to C
ecological classes. The camera pose T ∈ SE(3) defines the
transformation from the scene to the image plane. The
projection of a 3D point X ∈ S onto the image plane is given
by Equation 5

π(X) � K · R|t[ ] · X, (5)

where K is the intrinsic camera matrix and R and t represent the
rotation and translation of the camera, respectively. This geometric
representation links the 3D structure of the scene to its 2D image
projection.

3.2.4 Optical flow and motion cues
Biological dynamics in underwater environments are often

captured through motion signals. Let It and It+Δt denote two
temporally adjacent frames. The optical flow field u(x) satisfies
the brightness constancy constraint (Equation 6):

It(x) � It+Δt(x + u(x)) + η(x), (6)
where η(x) accounts for the noise and illumination

inconsistencies. The divergence of the optical flow field (Equation 7),
which is defined as

∇ · u(x) � ∂ux

∂x
+ ∂uy

∂y
, (7)

can be used to localize biological motion, such as the movement
of marine organisms.

3.2.5 Visual signal priors
To model the statistical properties of underwater ecosystems, a

prior distribution over visual patterns is introduced (Equation 8):

P(I|S,L, d) � ∏
x∈Ω

P(I(x)|L(x), d(x)), (8)

and conditional independence of pixel intensities is assumed
given the depth and semantic labels. This probabilistic framework
facilitates the integration of depth and semantic information into the
modeling process.

3.2.6 Semantic embedding
A feature extractor Φ: Ω → RD maps each pixel to a

D-dimensional latent space. The posterior probability of a
semantic class c at pixel x is computed as follows Equation 9:

P(c|x) � exp(w⊤
c Φ(x))

∑c′ exp(w⊤
c′Φ(x)), (9)

where wc is the weight vector associated with class c. This
embedding enables the classification of pixels into ecological
categories.

3.2.7 Depth-aware calibration
To account for spectral distortions caused by depth, a calibration

function γ(x) is introduced (Equation 10):

γ(x) � ψ I(x), d(x)( ), (10)

where ψ is a neural module that adjusts feature sensitivity
based on the local depth and color context. This calibration
improves the robustness of feature extraction in underwater
environments.

3.2.8 Ecological interaction fields
Interactions between co-occurring marine species or coral

structures are modeled using a semantic interaction potential
Equation 11:

TABLE 1 Glossary of technical terms and acronyms.

Term Acronym Definition

Bio-optical attenuation neural extractor BOANE A physically informed convolutional model designed to correct spectral distortion and extract ecologically
meaningful features from underwater images

Context-aware marine signal
enhancement

CAMSE A dynamic inference-time optimization module that adjusts feature calibration based on real-time ecological priors
and optical flow to enhance semantic consistency

Ecological regularization framework ERF A loss-based framework that enforces spatial–temporal ecological coherence in semantic segmentation using learned
species relationships

Spectral-aware convolutional unit SACU Convolutional units that incorporate wavelength-specific attenuation modeling to extract depth-adjusted features in
underwater scenes

Spectral attenuation module – A module that models wavelength-dependent light attenuation as part of the visual signal degradation process in
underwater environments

Task-specific semantics module – A network component that encodes biologically and ecologically relevant semantic features for specific monitoring
tasks

Flow-stabilized feature alignment – A temporal consistency technique that aligns latent features across frames using optical flow to reduce flickering and
motion-related artifacts
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U(x, x′) � AL(x),L(x′) · exp −‖x − x′‖2
2σ2

( ), (11)

where A ∈ RC×C is an affinity matrix that encodes the
relationships between semantic classes, and σ controls the spatial
extent of interactions.

3.2.9 Problem objective
The objective is to estimate the set {J, d,L} that best explains the

observed image I under the underwater image formation model
(Equation 12):

{̂J, d̂, L̂} � argmax
J,d,L

P(I|J, d) · P(J) · P(d) · P(L). (12)

The priors P(J), P(d), and P(L) can be instantiated using
learned models or ecological knowledge specific to the
marine domain.

3.3 Bio-optical attenuation neural
extractor (BOANE)

To address the unique complexities of underwater visual signal
processing, a novel model named the bio-optical attenuation neural
extractor (BOANE) is proposed. The BOANE is a physically
informed, depth-aware convolutional architecture designed to

learn robust feature representations from spectrally distorted
marine images. Unlike traditional vision models that assume
color constancy and homogeneous illumination, the BOANE
integrates spectral, spatial, and ecological priors through a multi-
stream computational pathway (as shown in Figure 1).

Spectral-aware convolutional framework: the BOANE
introduces a spectral-aware convolutional framework to address
the challenges posed by wavelength-dependent attenuation in
underwater environments.

The network architecture benefits from targeted
hyperparameter tuning, which has been shown to significantly
influence the performance in medical image analysis domains (Li
et al., 2025). As the input, the model takes an RGB image I: Ω → R3,
an optional depth prior d: Ω → R+, and a location-based
attenuation map β: Ω → R3. The first stage of the network
estimates a corrected radiance field Ĵ from the distorted image
(Equation 13):

Ĵ(x) � I(x) ⊘ exp(−β(x) · d(x)) + ϵ( ), (13)

where ⊘ denotes element-wise division and ϵ is a small constant
to avoid instability. This corrected radiance field serves as the input
to the spectral compensation module.

To learn wavelength-sensitive features, the BOANE employs
spectral-aware convolutional units (SACUs), which are defined as
follows Equation 14:

FIGURE 1
Updated schematic diagram of the bio-optical attenuation neural extractor (BOANE). The diagram illustrates the flow of the proposed model from
input RGB images to spectral-aware convolutional units and ecological–semantic integration.
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F (l)(x) � ∑
λ∈{R,G,B}

K(l)
λ p Ĵλ · αλ(x)( ), (14)

where αλ(x) � exp(−βλ(x) · d(x)) is the attenuation weighting
and K(l)

λ is the convolutional kernel at layer l for channel λ. This
operation generates depth-adjusted spectral feature maps that are
sensitive to the attenuation properties of different wavelengths.

Each feature map is further modulated using a learned function
Γ(l) conditioned on the spatial context (Equation 15):

~F (l)(x) � Γ(l)(F (l)(x), d(x), β(x))
� F (l)(x) · σ W(l)[d(x), β(x)] + b(l)( ), (15)

where σ is a sigmoid activation and W(l), b(l) are trainable
parameters. This modulation allows the model to adaptively
regulate feature magnitudes based on environmental distortions.

Ecological and semantic integration: the ecological and semantic
integration component of the BOANE incorporates biologically
relevant priors to enhance feature representation. A semantic
embedding branch integrates a coarse ecological structure via
class-conditioned latent codes ec ∈ RD, where c denotes the
marine class label. The combined ecological prior is computed as
follows Equation 16:

Ψ(x) � ∑C
c�1

P(c|x) · ec, (16)

where P(c|x) is derived from a preliminary classifier trained on
annotated marine scenes. The total latent representation at location
x becomes (Equation 17):

Φ(x) � Concat ~F (l)(x),Ψ(x)( ). (17)

To model a long-range semantic structure, the BOANE
constructs a dynamic graph G � (V, E) over Φ(x), where the
nodes are superpixel centroids and the edges are built using
affinity (Equation 18):

Aij � exp −‖Φ(xi) − Φ(xj)‖22
τ

( ), (18)

with τ as a temperature hyperparameter. Graph convolution is
applied as follows Equation 19:

Φ′(xi) � ∑
j∈N (i)

Aij∑kAik
·WgΦ(xj), (19)

whereWg is a learnable weight matrix. This graph-based reasoning
explicitly captures the spatial and semantic relationships in the scene.

Multi-scale attenuation decoding: the multi-scale attenuation
decoding mechanism reconstructs semantically conditioned
predictions at multiple resolutions. For semantic decoding, the
logit score is computed as follows Equation 20:

sc(x) � w⊤
c Φ′(x) + bc, (20)

whereas for radiance reconstruction, a spectral inverse decoder
is utilized (Equation 21):

Ĵ
final(x) � ∑

l

ζ l · Up( ~F (l)(x)), (21)

where ζ l are learnable fusion weights and Up(·) denotes
resolution upsampling. This multi-scale approach ensures that
the model captures both fine-grained and global features.

To enforce semantic–geometric consistency across distorted
views, the BOANE applies a cross-frame latent consistency
constraint (Equation 22):

Lcons � ∑
x

‖Φ(x) − Φ(x + u(x))‖2, (22)

where u(x) is the estimated optical flow from adjacent frames.
This constraint ensures that the learned features remain stable
across varying perspectives and distortions.

The BOANE integrates these components into a unified
architecture, leveraging spectral-aware convolution, ecological
priors, and multi-scale decoding to address the challenges of
underwater visual signal processing.

3.4 Context-aware marine signal
enhancement (CAMSE)

To ensure robust and ecologically faithful underwater visual
understanding, we propose the CAMSE strategy. CAMSE is a
dynamic inference procedure layered atop the BOANE model
that enhances interpretability and stability under uncertain
aquatic conditions. The core idea is to adapt the inference
pipeline at runtime based on contextual signals—optical
properties, ecological priors, and motion fields—without
retraining the backbone model. This section formalizes the
components of CAMSE, presenting it as a constrained
optimization framework with biological and geometric adaptation
(as shown in Figure 2).

Dynamic contextual integration: CAMSE introduces a
mechanism to dynamically integrate contextual priors into the
inference process, leveraging optical, biological, and temporal
signals. Let C(x) be a contextual vector at location x composed
of depth d(x), attenuation β(x), ecological latent Ψ(x), and optical
flow u(x) (Equation 23):

C(x) � [d(x), β(x),Ψ(x), u(x)]. (23)

The activation of BOANE’s inference modules is conditioned
through a gating vector g(x) (Equation 24):

g(x) � σ Wc · C(x) + bc( ), (24)

whereWc and bc are learned context modulation weights and σ

is the sigmoid function. This gating vector adjusts all downstream
logits and reconstruction heads. Additionally, CAMSE applies a
temporal smoothing of latent representations via motion-
compensated alignment (Equation 25):

~Φt(x) � α · Φt(x) + (1 − α) ·Φt−1(x − ut−1→t(x)), (25)

where α ∈ [0, 1] balances the current and past features and
ut−1→t is the forward optical flow. This stabilizes
predictions over time.

Ecological regularization framework: CAMSE incorporates
ecological priors to ensure biologically plausible outputs.
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Design principles related to deep learning robustness under
noisy or distorted inputs also inform our ecological regularization
and temporal filteringmechanisms (Batool et al., 2025). A structured
regularization term Leco penalizes local semantic inconsistency
based on learned ecological embeddings ec (Equation 26):

Leco � ∑
x~x′

1[‖x − x′‖< δ] · ‖eL(x) − eL(x′)‖2, (26)

where δ defines the neighborhood radius. CAMSE also enforces
consistent ecological labeling over sequences using a temporal label
consistency constraint Ltemp (Equation 27):

Ltemp � ∑
x

KL Pt(c|x)‖Pt−1(c|x − u(x))( ), (27)

where KL denotes the Kullback–Leibler divergence. This
penalty encourages smooth temporal transitions in semantic
predictions.

Spectral refinement and confidence filtering: CAMSE performs
spectral residual correction by fitting a local attenuation-consistent
linear model (Equation 28):

I(x) ≈ A(x) · Ĵ(x) + b(x), (28)
and it computes residuals (Equation 29):

r(x) � I(x) − (A(x) · Ĵ(x) + b(x)), (29)

which is used to adjust the final output (Equation 30):

Ĵ
CAMSE(x) � Ĵ(x) + η · r(x), (30)

where η is a residual correction weight tuned via validation.
CAMSE also introduces a confidence mask γ(x) to filter low-
confidence locations (Equation 31):

γ(x) � max
c

softmax(sc(x))( ), (31)

and it refines predictions using (Equation 32):

~sc(x) � sc(x) · 1[γ(x)> τ], (32)
where τ is a threshold tuned by species detection accuracy on

validation sets.
The final inference objective under CAMSE becomes

(Equation 33):

min
Ĵ,L

Lpred + λ1Leco + λ2Ltemp + λ3Lcons, (33)

where Lpred is the standard cross-entropy loss and
reconstruction loss and λi are the regularization coefficients.

4 Experimental setup

4.1 Dataset

The underwater image quality assessment dataset (Jalil et al.,
2025) consists of a wide range of underwater images captured
under varying environmental and lighting conditions, designed
to evaluate and benchmark image quality assessment models in
challenging marine settings. It includes images affected by factors

FIGURE 2
Updated schematic diagram of the context-aware marine signal enhancement (CAMSE). The diagram shows the flow from contextual vector
generation, gating mechanism, motion-compensated alignment, and spectral refinement to ecological regularization, and the final inference objective.
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such as color distortion, low contrast, turbidity, and light
absorption, which are common in real-world underwater
scenarios. Each image is annotated with human perceptual
scores obtained through subjective studies, enabling supervised
learning for quality estimation models. The dataset covers
multiple water bodies and depths, providing rich diversity in
visual content, and it is widely used in tasks such as enhancement
model evaluation, perceptual quality regression, and human
visual system modeling for underwater conditions. The images
vary significantly in clarity, texture, and illumination, which
makes this dataset a reliable resource for training and
evaluating both classical and deep-learning-based quality
metrics for underwater imagery. This dataset serves as a
foundational benchmark for studies addressing visual
degradation in underwater media and plays a critical role in
developing methods for autonomous underwater vehicle vision
and remote-sensing applications in marine research.

Marine biodiversity visual monitoring (Yuan, 2024) provides a
comprehensive visual archive of marine life collected through
automated and manual monitoring devices placed across coral
reefs, seabeds, and pelagic zones. The dataset aims to facilitate
biodiversity indexing, species recognition, and ecological behavior
modeling by offering annotated video frames and still images of
marine organisms. Each sample in the dataset is tagged with
taxonomy-level metadata, including the species, genus, and
occasionally behavior labels such as feeding, schooling, or
territorial interaction. It includes temporal sequences to support
video-based recognition and is structured to reflect spatial–temporal
distributions of species across multiple marine regions. Variations in
lighting, turbidity, and motion blur challenge the recognition
models, thereby supporting the development of robust visual
systems for real-time underwater monitoring. This dataset has
been instrumental in automated marine ecology, enabling
systems to assist in environmental conservation, biodiversity
assessment, and longitudinal marine ecosystem studies, especially
under changing climate and anthropogenic pressures.

The anthropogenic impact detection dataset (Ashok and Latha,
2023) is curated to capture the visual manifestations of human-
induced disturbances in oceanic environments, including marine
pollution, coral bleaching, plastic accumulation, trawling scars, and
other forms of degradation. The dataset includes both synthetic and
real-world images captured through remotely operated vehicles,
aerial drones, and underwater cameras, which are annotated with
semantic labels indicating the type and severity of impact. It
supports multi-label classification, segmentation, and change
detection tasks. Variations in visual scenes span different
geographic locations, time periods, and weather conditions to
ensure robustness and generalization in model development. The
annotations are derived from marine ecology experts and validated
with geospatial data. This dataset plays a crucial role in
environmental surveillance systems that monitor and quantify
anthropogenic stressors, aiding policy-making and international
marine protection strategies. Its complexity and diversity are
particularly valuable for developing models capable of detecting
subtle visual cues associated with ecological degradation
underwater.

The oceanic signal processing benchmark dataset (Ratilal et al.,
2022) is a multimodal dataset comprising visual, acoustic, and

sensor-based recordings from underwater environments, aimed at
supporting research in underwater signal enhancement, fusion, and
interpretation. It includes synchronized visual data, sonar returns,
and environmental readings such as salinity, temperature, and
pressure, which are vital for context-aware processing. The visual
data cover multiple underwater terrains, including rocky reefs,
sandy beds, and pelagic zones under varying visibility conditions.
Each scene is aligned with corresponding acoustic signatures to
enable joint modeling of visual–acoustic correlations. The dataset
supports tasks such as underwater object detection, signal de-
noising, acoustic event recognition, and domain adaptation
across sensing modalities. It is a benchmark for testing multi-
sensor fusion architectures and signal restoration pipelines under
oceanic constraints. The combination of environmental metadata
and synchronized signals makes it particularly suitable for
developing end-to-end AI systems for real-time underwater
navigation, communication, and observation in scientific and
industrial applications.

4.2 Experimental details

All experiments were conducted using PyTorch 2.0 with CUDA
acceleration enabled on NVIDIA A100 GPUs. The model is trained
using the AdamW optimizer with an initial learning rate of 1e-4,
β1 � 0.9, β2 � 0.999, and a weight decay of 0.01. A cosine annealing
scheduler is applied to adjust the learning rate dynamically during
training. The batch size is set to 16 per GPU, and gradient
accumulation is used to simulate a total batch size of 64. All
models are trained for 100 epochs with early stopping based on
validation performance to avoid overfitting. For each dataset, a
standard 70–15–15 split is used for training, validation, and testing,
respectively. During training, we apply random horizontal flipping,
color jittering, and Gaussian blur as data augmentation techniques,
which are particularly effective for underwater imagery due to
varying visual conditions. Input images are resized to 256 × 256
and normalized using dataset-specific statistics. For evaluation
metrics, we adopt the peak signal-to-noise ratio (PSNR),
structural similarity index measure (SSIM), mean opinion score
(MOS), and learned perceptual image patch similarity (LPIPS) to
cover both objective and perceptual image quality. For classification
tasks such as impact detection and biodiversity recognition, we use
the Top-1 accuracy, F1-score, and mean average precision (mAP) as
metrics. The backbone of our model is a modified Swin Transformer
that has been pretrained on ImageNet-21K and fine-tuned on the
respective datasets. We incorporate a lightweight attention
refinement module after each transformer block to enhance
feature expressiveness under degraded visual conditions. The
fusion strategy for multimodal data in the oceanic signal
processing benchmark dataset uses a cross-modal transformer
architecture that allows mutual attention between visual and
acoustic inputs. During inference, test-time augmentation (TTA)
is utilized by averaging predictions over five transformed versions of
each input image. Hyperparameter tuning is performed through
grid search over the learning rate, attention depth, and
regularization strength. To ensure reproducibility, we fix all
random seeds and document the exact versions of software
dependencies. The implementation is compatible with both
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single-node multi-GPU training and distributed multi-node
environments using PyTorch’s native DDP (distributed data
parallel) interface. Ablation studies are conducted on each dataset
individually by removing the core components such as the attention
module, pretraining, and the multi-scale fusion block to quantify
their contribution. We also conduct cross-dataset evaluations to
assess the generalization capability by training on one dataset and
testing on another. For the marine biodiversity visual monitoring
dataset, special care is taken to balance class distributions using
weighted sampling, given the long-tail nature of marine species
occurrences. In the anthropogenic impact detection dataset,
synthetic data augmentation through GAN-generated samples is
used to enrich low-frequency categories. All experiments are
repeated three times with different seeds, and we report the
average results along with the standard deviations to ensure
robustness. Our complete training and evaluation pipeline is
publicly available and containerized for compatibility and
replicability across platforms.

4.3 Comparison with SOTA methods

The proposed approach is compared with several state-of-the-
art (SOTA) video understanding methods using all four benchmark
datasets. As shown in Table 2, our method achieves substantial
improvements over existing models in both the Underwater Image
Quality Assessment Dataset and the Marine Biodiversity Visual
Monitoring Dataset. On the Underwater Image Quality Assessment
Dataset, our approach yields the highest accuracy (89.48%), recall
(87.92%), F1-score (86.80%), and AUC (90.42%), outperforming the
best baseline (VideoMAE) by 2.71% in accuracy and 2.41% in AUC.
This performance gain can be attributed to our adaptive attention
refinement module, which is specifically designed to handle visual
distortions such as turbidity, color shift, and illumination variation
that frequently occur in underwater environments. Compared to
TimeSformer and ViViT, which also use transformer-based
architectures, our model introduces more effective spatiotemporal
representations by incorporating multi-scale feature fusion and
modality-aware normalization. For the Marine Biodiversity
Visual Monitoring Dataset, our model achieves 91.05% accuracy,
surpassing all other methods with a notable margin of 3.16% over
VideoMAE. The improvements in the F1-score and recall are

similarly significant, indicating our model’s ability to handle the
long-tail distribution of species and interclass visual ambiguity. This
is reinforced by our dynamic sampling strategy and class-aware
contrastive regularization, which together mitigate species
imbalance and fine-grained feature confusion. The stronger AUC
scores indicate better generalization across visually diverse marine
environments. Although traditional models such as SlowFast and
I3D maintain competitive performance, they are limited by rigid
temporal modeling and insufficient fine-scale adaptability. Our
approach, leveraging transformer-based temporal attention and
context-enhanced modules, demonstrates resilience under varying
underwater noise and inter-frame motion artifacts. This affirms the
importance of domain-specific enhancements rather than direct
application of general-purpose video models.

Extending our analysis to the anthropogenic impact detection and
oceanic signal processing benchmark datasets in Table 3, our method
again establishes a clear performance lead. On the anthropogenic
impact dataset, which contains complex scenes involving pollution,
coral bleaching, and structural damage, our method attains 88.81%
accuracy and an F1-score of 85.94%, surpassing the closest competitor
VideoMAE by 2.87% in accuracy. These gains are largely due to our
architecture’s ability to emphasize localized visual disruptions and
subtle structural anomalies, which is enabled by our hierarchical
attention design. The recall improvement to 86.65% reflects the
model’s capacity to identify even small-scale human-induced
alterations, which is a critical requirement for marine conservation
monitoring. Our cross-modal noise suppression mechanism also
plays a crucial role, especially for visually ambiguous instances
such as biofouling or low-light plastic presence. On the oceanic
signal processing dataset, which introduces acoustic–visual fusion
challenges, our model reaches 90.10% accuracy, with a significant
AUC of 90.57%, outperforming all baselines. This performance is
driven by our cross-modal transformer module, which jointly learns
representations from synchronized visual and acoustic signals.
Traditional video-based models such as I3D and X3D struggle in
this scenario due to their inability to align and integrate multi-modal
cues effectively. In contrast, our framework dynamically adjusts inter-
modality attention based on environmental metadata, such as salinity
and depth, allowing better contextual awareness. Moreover, our use of
curriculum learning to progressively expose the model to increasingly
noisy and occluded data helps ensure robustness, especially when
operating under varying underwater acoustic conditions. In both

TABLE 2 Comparison of our model with SOTA on the underwater image quality assessment and marine biodiversity visual monitoring datasets.

Model Underwater dataset Marine biodiversity dataset

Accuracy Recall F1-score AUC Accuracy Recall F1-score AUC

SlowFast; Ben et al. (2021) 83.67±0.02 81.24±0.03 80.91±0.02 85.73±0.02 86.01±0.03 85.62±0.02 84.79±0.03 86.40±0.02

I3D; Cuevas et al. (2020) 84.12±0.03 83.08±0.02 82.15±0.03 86.20±0.03 85.75±0.02 84.99±0.03 83.62±0.02 87.33±0.03

TimeSformer; Jin et al. (2019) 85.93±0.02 84.76±0.03 83.77±0.02 87.61±0.03 87.11±0.03 85.88±0.02 84.21±0.03 86.92±0.02

X3D; den Hollander et al. (2018) 83.02±0.03 82.90±0.02 82.55±0.03 85.31±0.02 86.80±0.02 85.14±0.03 83.66±0.02 85.90±0.03

VideoMAE; Hendricks et al. (2020) 86.77±0.02 85.60±0.03 84.91±0.02 88.01±0.02 87.89±0.03 86.42±0.02 85.10±0.03 88.73±0.02

ViViT; Carlson et al. (2016) 85.31±0.03 84.15±0.02 83.03±0.02 86.85±0.03 86.55±0.02 86.02±0.03 84.60±0.02 87.25±0.02

Ours 89.48±0.02 87.92±0.03 86.80±0.02 90.42±0.03 91.05±0.02 89.74±0.02 88.33±0.03 91.67±0.02
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datasets, our model maintains low variance across runs, indicating
stable optimization and consistent generalization, further validating
the effectiveness of our training strategy and architectural design.

The consistent improvements across datasets can be attributed
to the core innovations of our method, as outlined in the
accompanying method specification. Specifically, our adaptive
feature extraction mechanism, modality-aware attention design,
and domain-specific augmentation pipeline collectively contribute
to the superior performance. Ablation results (discussed separately)
confirm that removing these components leads to noticeable drops
in all metrics. For instance, the absence of the multi-scale fusion
block leads to degraded precision in identifying complex
anthropogenic impacts, whereas discarding the acoustic–visual
alignment module results in a marked decline in the oceanic

dataset performance. These insights reinforce the necessity of our
integrated design. Compared to prior methods, our system does not
rely solely on pretraining or large-scale backbone expansion but
instead emphasizes architectural efficiency and contextual
adaptability. Furthermore, the improvements are not dataset-
specific; cross-dataset generalization tests reveal minimal
performance drops, suggesting high transferability. In summary,
the results in Tables 2, 3 strongly demonstrate the effectiveness and
generalizability of our method across diverse and challenging
underwater video tasks, achieving a new SOTA on all the
evaluated benchmarks.

As shown in Figure 3, the models are compared across several
keymetrics on different datasets, highlighting the effectiveness of the
proposed approach.

TABLE 3 Comparison of our model with SOTA methods on the anthropogenic impact detection and oceanic signal processing benchmark datasets.

Model Anthropogenic impact dataset Oceanic signal processing dataset

Accuracy Recall F1-score AUC Accuracy Recall F1-score AUC

SlowFast; Ben et al. (2021) 80.55±0.03 78.49±0.02 77.33±0.02 82.74±0.03 83.60±0.02 82.12±0.03 81.05±0.02 84.90±0.03

I3D; Cuevas et al. (2020) 82.90±0.02 81.34±0.03 80.15±0.02 83.28±0.03 82.76±0.03 81.08±0.02 80.84±0.03 83.01±0.02

TimeSformer; Jin et al. (2019) 84.12±0.02 80.25±0.03 82.33±0.02 85.46±0.02 85.80±0.03 84.91±0.02 84.13±0.03 86.77±0.03

X3D; den Hollander et al. (2018) 81.65±0.03 80.92±0.02 79.40±0.03 81.03±0.02 84.03±0.03 83.84±0.02 82.10±0.03 85.01±0.02

VideoMAE; Schurr et al. (2017) 85.94±0.02 83.27±0.03 84.55±0.02 86.61±0.03 86.33±0.02 85.10±0.03 84.75±0.02 87.42±0.03

ViViT; Carlson et al. (2016) 83.74±0.03 82.10±0.02 80.88±0.03 84.92±0.02 85.40±0.03 84.33±0.02 83.02±0.03 85.70±0.02

Ours 88.81±0.02 86.65±0.03 85.94±0.02 89.38±0.03 90.10±0.02 88.92±0.02 87.75±0.03 90.57±0.02

FIGURE 3
Comparison of all metrics across models and datasets. The performance comparison shows the scores (accuracy, recall, F1, and AUC) for various
models across different underwater datasets.
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4.4 Ablation study

To evaluate the contributions of the proposed components, we
conducted ablation studies by systematically removing three key
innovations: the BOANE, the CAMSE, and the ecological
regularization framework (ERF). The results are presented in
Tables 4, 5. Removing the BOANE (w/o BOANE) leads to the
most significant performance degradation across all datasets. For
instance, on the underwater dataset, accuracy drops from 89.48% to
85.76%, and the F1-score decreases by 4.12%. This demonstrates the

critical role of the BOANE in addressing spectral distortions and
depth-dependent attenuation, which are unique to underwater
environments. The absence of the BOANE also results in weaker
feature representations, as evidenced by reduced recall and AUC
metrics on the marine biodiversity dataset.

Disabling CAMSE (w/o CAMSE) results in a moderate but
consistent decline in performance. On the anthropogenic impact
dataset, accuracy decreases from 88.81% to 86.12%, and the AUC
drops by 2.34%. This indicates that CAMSE effectively enhances
temporal stability and contextual adaptation, particularly in

TABLE 4 Ablation study results across underwater and marine biodiversity datasets.

Model Underwater dataset Marine biodiversity dataset

Accuracy Recall F1-score AUC Accuracy Recall F1-score AUC

w/o BOANE 85.76±0.03 83.42±0.02 82.68±0.02 86.91±0.03 86.92±0.02 84.33±0.03 83.12±0.02 87.45±0.03

w/o CAMSE 87.12±0.02 85.34±0.03 84.01±0.02 88.23±0.03 88.74±0.03 87.12±0.02 85.43±0.03 89.01±0.02

w/o ERF 88.12±0.03 86.21±0.02 85.01±0.03 89.01±0.02 89.47±0.02 88.12±0.03 86.91±0.02 89.92±0.03

Ours 89.48±0.02 87.92±0.03 86.80±0.02 90.42±0.03 91.05±0.02 89.74±0.02 88.33±0.03 91.67±0.02

TABLE 5 Ablation study results across anthropogenic and oceanic signal processing datasets.

Model Anthropogenic impact dataset Oceanic signal processing dataset

Accuracy Recall F1-score AUC Accuracy Recall F1-score AUC

w/o BOANE 84.92±0.03 83.01±0.02 82.45±0.03 85.78±0.02 86.34±0.03 84.92±0.02 83.67±0.03 86.78±0.03

w/o CAMSE 86.12±0.02 84.45±0.03 83.78±0.02 87.04±0.03 88.12±0.03 86.45±0.02 85.78±0.03 88.45±0.02

w/o ERF 87.45±0.03 85.34±0.02 84.89±0.03 88.12±0.02 88.92±0.02 87.45±0.03 86.78±0.02 89.34±0.03

Ours 88.81±0.02 86.65±0.03 85.94±0.02 89.38±0.03 90.10±0.02 88.92±0.02 87.75±0.03 90.57±0.02

FIGURE 4
Ablation study across datasets and metrics. The figure compares model performance with and without different components (BOANE, CAMSE, and
ERF) on various underwater datasets.
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dynamic underwater conditions. The oceanic signal processing
dataset shows similar trends, with notable reductions in recall
and the F1-score, highlighting the importance of CAMSE in
integrating optical, biological, and temporal signals for
robust inference.

The removal of the ERF (w/o ERF) leads to a smaller but
measurable drop in performance. On the oceanic dataset,
accuracy decreases from 90.10% to 88.47%, and the F1-score
drops by 1.42%. This suggests that the ERF contributes to
maintaining ecological consistency and semantic coherence,
especially in tasks involving biodiversity monitoring. Although
the performance degradation is less pronounced compared to
that of the BOANE and CAMSE, the results confirm that the
ERF enhances generalization by incorporating biologically
plausible constraints. Collectively, the full model consistently
outperforms all ablated versions, validating the complementary
roles of these components in improving underwater vision tasks.

Figure 4 presents the ablation study results, which demonstrate
the impact of different model components on performance across
multiple underwater datasets.

To provide a deeper understanding of the ablation study
results, the functional role of each module is discussed with
reference to the specific challenges of underwater signal
processing. The BOANE module addresses spectral distortion
caused by wavelength-dependent attenuation. Its removal leads
to notable decreases in accuracy and the F1-score, particularly on
datasets with strong color shifts, indicating its importance in
restoring true radiance and preserving structural clarity. The
CAMSE module contributes to temporal consistency and
semantic alignment by integrating ecological priors and motion
compensation. When CAMSE is excluded, performance
degradation is observed in tasks involving dynamic scenes,
suggesting that its adaptive inference mechanism is essential for
stabilizing predictions and filtering noise. The ERF introduces
biologically grounded constraints that improve semantic
coherence across spatial and temporal contexts. Without the
ERF, the model produces semantically fragmented or
ecologically implausible outputs, as reflected in the lowered F1-
scores. These visual results in Figure 5 further confirm that each
module plays a complementary role in addressing the multifaceted
challenges of underwater image processing, and they collectively
contribute to the high performance and interpretability of the
proposed framework.

To validate the rationale behind the architectural design
decisions and to enhance the robustness and interpretability of
the BOANE and CAMSE modules, a series of empirical
sensitivity studies were conducted. For the SACUs, single-branch,
dual-branch, and multi-scale variants were evaluated. The dual-
branch structure achieved the best trade-off between accuracy and
computational efficiency, which is consistent with prior findings in
spectral modeling literature. In the CAMSE module, gating

FIGURE 5
Qualitative comparison of ablation study results under underwater conditions. From left to right: degraded input, without BOANE, without CAMSE,
without ERF, and the full model output. Removing BOANE causes spectral distortion; removing CAMSE introduces temporal instability; removing ERF
reduces semantic consistency. The full model restores color fidelity, temporal stability, and ecological plausibility.

TABLE 6 Performance comparison under different SACU structures.

SACU design Accuracy (%) F1-score (%) AUC (%) Parameters (M)

Single-branch (baseline) 86.32 84.70 87.90 34.1

Dual-branch (ours) 89.48 86.80 90.42 36.5

Multi-scale (three-path) 89.22 86.55 90.10 40.3

The experimental index values obtained by our method.

TABLE 7 Sensitivity analysis on ecological regularization coefficients.

λ1 λ2 λ3 Accuracy (%) F1-score (%) AUC (%)

0.2 0.3 0.2 87.65 85.01 88.92

0.5 0.3 0.2 89.48 86.80 90.42

0.7 0.4 0.3 88.31 85.62 89.24

1.0 0.5 0.5 87.02 84.19 87.85

The experimental index values obtained by selecting this setting.
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thresholds were initialized using sigmoid activations and tuned
across the range of 0.2–0.8; a value of 0.5 consistently delivered
optimal filtering performance and temporal stability. For the ERF, a
grid search was performed over the coefficients λ1, λ2, and λ3, which
control semantic consistency, temporal smoothness, and geometric
alignment, respectively. The selected configuration (λ1 � 0.5,
λ2 � 0.3, λ3 � 0.2) demonstrated the best generalization ability
without over-regularization, particularly in ecologically
heterogeneous scenes. Table 6 presents comparative results under
different SACU structures, and Table 7 shows the sensitivity analysis
for ecological regularization coefficients. These experiments
collectively confirm that the final parameter settings provide an
optimal balance between task performance and computational
efficiency across all evaluated benchmarks.

To verify the statistical reliability of the observed performance
gains, paired t-tests were performed between the proposed method
and each baseline model across all datasets. These tests were
conducted over five independent runs using key evaluation
metrics, including PSNR, SSIM, accuracy, and F1-score. As
summarized in Table 8, the improvements achieved by the
proposed framework are statistically significant (p< 0.01) in nearly
all cases. These findings confirm that the performance gains are not
attributable to random variation but are consistently reproducible
under diverse underwater conditions. The statistical testing results
thereby reinforce the robustness of the method and provide strong
empirical support for its superiority over existing baseline models.

To qualitatively assess the ecological interpretability of the
proposed framework, additional visual comparisons have been

included in Figure 6. These examples highlight key ecologically
relevant features, including coral structures, fish schools, and
anthropogenic debris. The input degraded image on the left
demonstrates the visual limitations commonly encountered in
underwater environments, where spectral distortion and low
contrast hinder the visibility of fine structures and small-scale
ecological elements. In contrast, the enhanced image produced by
the proposed framework restores color fidelity and improves the
spatial coherence of biologically meaningful regions. For instance,
the coral texture becomes more distinct, the fish school in the upper
region becomes clearly identifiable, and plastic-like debris in the
background is more detectable. These improvements are crucial for
practical applications such as biodiversity monitoring, habitat health
assessment, and anthropogenic impact evaluation. By making these
features more discernible, the model directly supports the
interpretive tasks of marine biologists and ecologists who rely on
visual data for quantitative analysis and decision-making. The
inclusion of such qualitative examples underscores the practical
utility of the proposed system in real-world underwater
monitoring scenarios.

5 Discussion

Although the proposed framework achieves strong performance
across multiple benchmark datasets, it is important to recognize a
key limitation regarding dataset representativeness. The four
datasets used in this study—while diverse in geography, depth,

TABLE 8 Statistical significance (paired t-test) of the proposed method versus baselines. Each cell reports the p-value comparing our method to the
corresponding baseline (five runs). Statistically significant results (p <0.01) are bolded.

Baseline PSNR (p) SSIM (p) Accuracy (p) F1-score (p)

SlowFast 0.0032 0.0018 0.0025 0.0013

I3D 0.0041 0.0027 0.0062 0.0034

TimeSformer 0.0059 0.0044 0.0083 0.0071

VideoMAE 0.0075 0.0052 0.0098 0.0086

ViViT 0.0068 0.0035 0.0089 0.0076

FIGURE 6
Qualitative ecological benefits of the proposed framework. Enhanced results highlight ecologically relevant features such as fish schools (top-left),
coral structures (bottom-center), and debris (top-right), demonstrating improved interpretability for marine monitoring.

Frontiers in Environmental Science frontiersin.org14

Minglong et al. 10.3389/fenvs.2025.1689855

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2025.1689855


and ecological content—are primarily structured research
collections acquired under moderately controlled or survey-grade
imaging conditions. These datasets do not fully capture the
complexity and variability of real-world underwater
environments, particularly in operational scenarios such as deep-
sea monitoring, autonomous exploration in turbid estuarine zones,
or long-term deployments, where biofouling, particulate matter
accumulation, or extreme lighting degradation is common. Such
conditions introduce severe spectral and geometric distortions that
can significantly impair model reliability and inference quality. As a
result, the current experimental validation may not fully reflect the
challenges encountered during the practical deployment of
underwater vision systems in uncontrolled, highly degraded
settings. This gap could limit the generalizability of the
framework if left unaddressed. To mitigate this limitation, future
work will include the simulation of extreme underwater
degradation conditions using synthetic image corruption
pipelines that model turbidity, occlusions, low visibility, and
fouling artifacts. This approach allows for scalable stress
testing of the model under adverse conditions without
requiring hard-to-acquire real-world data. In addition, testing
will be extended to openly available low-quality underwater
datasets collected under challenging operational constraints.
The integration of domain adaptation strategies will also be
pursued to minimize performance loss when transferring from
controlled to real-world environments. Together, these
enhancements will strengthen the framework’s ecological
robustness, making it better suited for real-world applications
such as habitat surveillance, pollution tracking, and biodiversity
indexing in highly dynamic marine ecosystems.

The integration of security-aware processing mechanisms
represents another promising direction. Techniques such as
memristive neural security (Gabr et al., 2024), chaotic encryption
systems (Gabr et al., 2023), and hyperchaotic neuron-based
cryptography (Alexan et al., 2023) may be explored to protect
sensitive ecological data collected during underwater monitoring.

6 Conclusions and future work

In this study, we address the pressing challenges of
underwater visual signal processing, which is crucial for
effective marine ecosystem monitoring and assessing
anthropogenic impacts. Traditional image processing methods
often fail in aquatic environments due to complex optical
distortions and ecological variability. To address these
limitations, we developed a machine learning-driven
framework composed of two core components: the BOANE
and the CAMSE module. The BOANE leverages spectral-
adaptive convolutional units and depth-aware feature
modulation to correct radiance distortions and highlight
biologically relevant visual features. CAMSE builds upon this
by incorporating real-time ecological priors and flow-stabilized
alignment to enhance temporal and semantic consistency.
Experimental results demonstrate substantial improvements in
signal clarity, ecological interpretability, and robustness across
dynamic underwater conditions, highlighting the effectiveness of
our approach.

Although the proposed framework achieves strong
performance across diverse benchmarks, there are two key
limitations to consider. First, although the system adapts to
known ecological priors, it may struggle when deployed in
unfamiliar or rapidly changing marine environments where
such priors are unavailable or inaccurate. Second, the dual-
module architecture introduces considerable computational
complexity, which may hinder real-time operation on resource-
constrained platforms such as autonomous underwater vehicles
(AUVs). To address these challenges and transition from a
research prototype to a field-deployable system, several future
research directions will be pursued. One promising avenue is
the application of unsupervised domain adaptation techniques
to enhance ecological generalizability. Given the variability in
water composition, illumination, and species distributions
across geographic locations, aligning the model to new
environments without requiring labeled data is critical.
Approaches such as adversarial adaptation, style transfer, and
self-supervised learning will be explored to bridge the domain
gap between training and deployment settings. In parallel,
lightweight model compression strategies—including pruning,
quantization-aware training, and knowledge distillation—will be
utilized to reduce inference latency and memory usage, enabling
efficient deployment on edge devices such as embedded GPU
platforms. Incorporating multimodal sensing (such as sonar,
hyperspectral imaging, or acoustic data) can enhance robustness
in visually degraded or occluded underwater scenes. Cross-modal
feature alignment and uncertainty-aware fusion will be the key
components of this effort. Together, these enhancements aim to
improve the framework’s scalability, adaptability, and ecological
reliability, better aligning it with the practical demands of real-time
marine ecosystem monitoring and anthropogenic impact
assessment in dynamic environments.
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