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Resumo

As operações em turbinas eólicas offshore enfrentam desafios críticos na manutenção da sua es-
trutura subaquática, onde a monitorização de ânodos de sacrifício é essencial para prevenir falhas
induzidas pela corrosão. Métodos de inspeção tradicionais que utilizam mergulhadores humanos
ou veículos operados remotamente apresentam riscos de segurança significativos e custos opera-
cionais, enquanto as soluções autónomas são afetadas por severa degradação visual subaquática
devido à interação da luz com o meio e à presença de matéria orgânica.

Esta investigação aborda estas limitações através de uma arquitetura de fusão adaptativa de
características multimodais especificamente desenhada para condições subaquáticas adversas. A
metodologia proposta consiste numa pipeline de pré-processamento melhorado usando Contrast
Limited Adaptive Histogram Equalization (CLAHE) e aumento de dados para contrariar artefac-
tos visuais subaquáticos, uma nova arquitetura de modelo chamada Contextual Anode Locator
in Varying Underwater Scenarios (CALVUS), que tira partido da extração de características com
consciência de profundidade adaptando características do Transformador Visual do ML-Depth Pro
para deteção de objetos subaquáticos, e MF-CALVUS (Multimodal Fusion-CALVUS), que incor-
pora uma fusão multimodal de características baseadas em profundidade e baseadas em textura
usando um mecanismo de atenção multi-cabeça e uma soma ponderada adaptativa de ambas as
modalidades.

Validação experimental extensiva nos conjuntos de dados ANODE e NEREON demonstra
avanços significativos de desempenho em relação aos métodos de estado da arte. O CALVUS al-
cança uma melhoria de 12.6 pontos percentuais na Precisão Média (AP) em relação ao YOLO11x
e um aumento de 19.9 pontos percentuais no AP@50 (0.979) mostrando os efeitos da utilização de
características baseadas em profundidade em oposição às baseadas em textura e uma imagem de
maior resolução. Foi realizado um estudo de ablação na arquitetura do bloco de fusão multimodal
do MF-CALVUS, com o melhor modelo a apresentar um aumento de 3.3 pontos percentuais no AP
sobre o CALVUS (0.782), uma precisão de 99.89% e um recall de 99.48%, enquanto reduziu as
deteções de falsos negativos em 58.7%. A validação em ambiente real no ATLANTIS Test Center
confirmou o desempenho robusto do MF-CALVUS em diversas condições desafiadoras, incluindo
iluminação variável, neve marinha e bioincrustação intensa.
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Abstract

Offshore wind turbine operations face critical challenges in underwater structural maintenance,
where sacrificial anode monitoring is essential for preventing corrosion-induced failures. Tradi-
tional inspection methods using human divers or remotely operated vehicles present significant
safety risks and operational costs, while autonomous solutions are affected by severe underwater
visual degradation due to the light interaction with the medium and the presence of organic matter.

This research addresses these limitations through a multimodal adaptive feature fusion archi-
tecture specifically designed to address harsh subsea conditions. The proposed methodology con-
sists on an enhanced pre-processing pipeline using Contrast Limited Adaptive Histogram Equal-
ization (CLAHE) and data augmentation to counteract underwater visual artifacts, a new model ar-
chitecture named Contextual Anode Locator in Varying Underwater Scenarios (CALVUS), which
takes advantage of depth-aware feature extraction by adapting ML-Depth Pro Vision Transformer
features for underwater object detection and MF-CALVUS (Multimodal Fusion-CALVUS), in-
corporating a multimodal fusion of depth-based and texture-based features using a multi-head
attention mechanism and an adaptive weighted sum of both modalities.

Extensive experimental validation on the ANODE and NEREON datasets demonstrate signif-
icant performance advances over state-of-the-art methods. CALVUS achieves an improvement of
12.6 percentage points in Average Precision over YOLO11x and 19.9 percentage points in AP@50
(0.979) showcasing the effects of using depth-based features as opposed to texture-based and an
higher resolution input. An ablation study was done on the multimodal fusion block architecture
of MF-CALVUS, with the best model having a 3.3 percentage point increase in AP over CALVUS
(0.782), a precision of 99.89% and recall of 99.48%, while reducing false negative detections by
58.7%. Real-world validation at ATLANTIS Test Center confirmed the robust performance of
MF-CALVUS across diverse challenging conditions including varying illumination, marine snow,
and heavy biofouling.
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UN Sustainable Development Goals

The United Nations Sustainable Development Goals (SDGs) provide a global framework to achieve
a better and more sustainable future for all. It includes 17 goals to address the world’s most press-
ing challenges, including poverty, inequality, climate change, environmental degradation, peace,
and justice.

The specific Sustainable Development Goals mentioned have the following names:

SDG 7 Ensure access to affordable, reliable, sustainable and modern energy for all

SDG 9 Build resilient infrastructure, promote inclusive and sustainable industrialization and fos-
ter innovation

SDG Target Contribution Performance Indicators and
Metrics

7
7.2 The development of autonomous

monitoring systems for offshore wind
turbines improves the reliability and
scalability of renewable energy in-
frastructure, thereby supporting a
larger share of renewables in the en-
ergy mix.

Increased operational uptime of
offshore wind farms; reduction in
manual inspection needs; contri-
bution to renewable energy capac-
ity growth.

7.a This research advances clean energy
technologies by introducing robust
computer vision solutions for harsh
underwater environments, fostering
international cooperation in marine
renewable energy innovation.

Number of scientific contribu-
tions to offshore renewable tech;
adoption or testing of the de-
veloped system in real-world
projects or testbeds.

9 9.4 By enabling efficient, autonomous
maintenance of offshore wind infras-
tructure, this work supports the up-
grade of energy infrastructure us-
ing sustainable and resource-efficient
technologies.

Reduction in inspection costs; im-
proved maintenance cycles;
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Chapter 1

Introduction

1.1 Context

The global transition towards sustainable energy has led to the creation and rapid expansion of

Offshore Wind Turbines (OWTs), which have become a key factor to reduce the use of fossil

fuels and climate change. Offshore wind energy leverages the stronger and more consistent wind

patterns over the ocean, making it more efficient and reliable source of renewable energy compared

to land-based turbines [1]. Europe has been at the front seat when it comes to OWT expansion1

with the United States and China following closely as they try to meet the goals set by institutions

like the European Union2 or the United Nations3.

However, the construction of these turbines presents unique challenges, particularly regard-

ing the durability and maintenance of their underwater foundations. These components are con-

stantly exposed to harsh marine conditions, including strong currents, waves, and varying levels of

salinity, which lead to material degradation through processes such as corrosion, biofouling, and

mechanical stress. The failure of OWT foundations can result in significant economic losses and

operational downtimes, making cost-effective and reliable monitoring systems essential for sus-

taining offshore wind energy infrastructure [2]. One of the most common methods for mitigating

corrosion in the underwater foundations of offshore wind turbines is the use of sacrificial anodes

as part of a cathodic protection system. Sacrificial anodes are typically composed of materials

such as zinc, aluminum, or magnesium, which have a more negative electrochemical potential

compared to the steel foundations they protect [3]. When immersed in seawater, these anodes cor-

rode preferentially, shielding the underwater structures from corrosion. While sacrificial anodes

are an effective and widely used solution, their degradation must be monitored to ensure continued

1Wind Industry in Germany, Offshore Expansion in Europe at Record Level, 2023, ac-
cessed September 23, 2024, https://www.windindustry-in-germany.com/announcements/
offshore-expansion-in-europe-at-record-level.

2European Commission, Renewable Energy Targets, 2024, accessed September 23, 2024, https://energy.
ec.europa.eu/topics/renewable-energy/renewable-energy-directive-targets-and-rules/
renewable-energy-targets_en.

3United Nations, Affordable and Clean Energy - Goal, 2023, accessed September 24, 2024, https://www.un.
org/sustainabledevelopment/energy/.

1

https://www.windindustry-in-germany.com/announcements/offshore-expansion-in-europe-at-record-level
https://www.windindustry-in-germany.com/announcements/offshore-expansion-in-europe-at-record-level
https://energy.ec.europa.eu/topics/renewable-energy/renewable-energy-directive-targets-and-rules/renewable-energy-targets_en
https://energy.ec.europa.eu/topics/renewable-energy/renewable-energy-directive-targets-and-rules/renewable-energy-targets_en
https://energy.ec.europa.eu/topics/renewable-energy/renewable-energy-directive-targets-and-rules/renewable-energy-targets_en
https://www.un.org/sustainabledevelopment/energy/
https://www.un.org/sustainabledevelopment/energy/
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protection [4]. This involves assessing the remaining volume of the anodes and their rate of con-

sumption, which provides indirect insight into the environmental conditions and the overall health

of the OWT foundations.

The effective management of offshore wind turbines hinges on robust Operations and Main-

tenance (O&M) practices, traditional inspection methods, such as deploying human divers or

Remotely Operated Vehicles (ROVs), are increasingly inadequate due to their high costs, safety

risks, and limitations in accessing deeper and more remote installations [5]. As wind farms grow

in scale and move further offshore, these logistical challenges tend to intensify. To address these

issues, the adoption of real-time advanced monitoring technologies, such as autonomous systems,

is becoming essential [6–9]. However, despite their potential, these technologies also face sig-

nificant challenges, mainly the degradation on the quality of the images collected on underwater

due to the harsh conditions of the environment, the lack of datasets for this applications due to the

inherent difficulties of the acquisition and the difficulty of current state of the art to thrive in such

conditions [10].

The assessment of sacrificial anodes, which traditionally involves direct observation by human

divers or subsequent analysis of images captured by commercial cameras, relies on visual data

that is severely affected by the very challenges previously discussed. These factors significantly

complicate accurate and timely anode assessment, thereby underscoring the urgent need for more

robust and autonomous perception solutions.

1.2 Motivation

One of the primary challenges in developing robust underwater structure detection systems is the

critical shortage of high-quality annotated datasets. Existing underwater anode datasets are either

non-existent or characterized by poor image quality, which significantly limits the development

and validation of advanced computer vision algorithms for marine applications. The scarcity of

high-quality annotated underwater data has consequently limited the amount of dedicated research

in underwater object detection, particularly for structures such as sacrificial anodes. Existing

works in this domain typically employ off-the-shelf models, such as You Only Look Once (YOLO)

and Real Time DEtection TRansformer (RT-DETR), without substantial modifications. This often

results in suboptimal performance compared to their effectiveness in conventional environments.

A key reason for this performance discrepancy lies in the reliance of these algorithms on image

texture for feature extraction. In the context of sacrificial anodes, heavy biofouling accumula-

tion obscures the distinct texture of the anodes, making them difficult to differentiate from the

surrounding background. Furthermore, the diminished light conditions and the monochromatic

nature of acquired underwater images further hinder performance by reducing the inherent con-

trast between various objects in the medium.

To address this fundamental limitation, this work leverages a comprehensive dataset acquired

at the ATLANTIS Test Center [11] and FEUP, using state-of-the-art imaging systems such as
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MARESye [12–15] and the FIFISHv6 ROV4. However, even with advanced imaging technology,

underwater data acquisition remains inherently challenging due to environmental factors including

reduced visibility, water turbidity, and marine snow phenomena, all of which significantly degrade

image quality and compromise detection performance. These adverse conditions represent fun-

damental obstacles that must be overcome to achieve reliable automated inspection systems in

real-world marine environments.

Consequently, this dissertation aims to develop and implement a pre-processing pipeline specif-

ically designed to enhance image quality under such challenging conditions, alongside the devel-

opment of methods to foster the model’s insensitivity to these difficulties. To achieve this, this dis-

sertation proposes an approach that leverages a backbone pre-trained on depth features, diverging

from conventional texture-based feature extraction. This work introduces a multimodal framework

that integrates both texture-based and depth-based features to enhance detection accuracy. This is

achieved through a multi-scale feature fusion strategy between the two distinct backbones, thereby

developing a robust method for effectively detecting sacrificial anodes in challenging underwater

conditions.

1.3 Objectives

This thesis aims to develop a robust solution for anode detection in harsh underwater environments,

thereby enabling the transition from manual to autonomous O&M. The objectives of this work are:

• Explore the advantages of using multimodal features, namely depth and texture, to improve

the accuracy and robustness of sacrificial anode detection. Develop and evaluate fusion

methodologies, particularly those incorporating attention mechanisms, to effectively inte-

grate these distinct data streams, thereby establishing an approach for reliable sacrificial

anode detection in challenging underwater conditions.

• Validate the developed methodology through a dataset acquired at the ATLANTIS Test Cen-

ter [11] under harsh real-world conditions. This tests will assess the performance of the pro-

posed approach against current state-of-the-art to demonstrate its improved accuracy and

real-world applicability.

1.4 Contributions

This section highlights the main contributions of this dissertation for the improvement of the de-

tection of sacrificial anodes in harsh sub-sea conditions. The key contributions consist in:

• A pre-processing pipeline incorporating CLAHE [16] to enhance image quality and mitigate

underwater-specific visual artifacts, as well as different augmentation techniques to mimic

the challenges of underwater image capture.

4https://store.qysea.com/fifish-v6.html. Acessed Jun 30, 2025.

https://store.qysea.com/fifish-v6.html
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• The development of an approach which adapts a depth estimation ViT backbone [17] for

underwater object detection through strategic transfer learning and integrates an RT-DETR-

based detection head [18] optimized for the high-dimensional feature representations gen-

erated by the ViT encoder.

• The development of a multimodal adaptive fusion methodology which leverages both depth-

based and texture-based features to improve the detection of sacrificial anodes in harsh un-

derwater conditions.

From this research the following publication was accepted to be presented on the IEEE 30th

International Conference on Emerging Technologies and Factory Automation (ETFA)5:

• A. V. Costa, P. N. Leite and A. M. Pinto, "Robust Vit-enhanced Detection of Sacrificial An-

odes in Harsh Underwater Conditions", IEEE 30th International Conference on Emerging

Technologies and Factory Automation (ETFA), 2025.

1.5 Document Structure

The present document is organized into four main chapters, each focusing on different aspects of

the research and development of the learning-based adaptive feature fusion approach for sacrificial

anode detection. Chapter 2 provides a comprehensive literature review relevant to this thesis.

It starts with an overview of the challenges inherent to underwater environments, specifically

concerning anode detection. Subsequently, the chapter reviews existing perception systems and

current methodologies for 2D object detection, progressively narrowing the focus to prior work in

underwater settings. The chapter concludes with a critical review of the current state of the art,

thereby identifying the research gaps and challenges addressed by the present work.

Chapter 3 initiates by delineating the dataset characteristics and the precise problem definition

addressed by this thesis. The chapter then proceeds to detail the architectural design of both pro-

posed models, CALVUS and MF-CALVUS. Chapter 4 starts by stating the performance metrics

employed for evaluating the proposed models. The chapter then presents a comparative analysis of

CALVUS’s detection results against current state-of-the-art approaches. Furthermore, it analyzes

the performance gains achieved by the MF-CALVUS approach relative to CALVUS. Finally, the

chapter demonstrates the performance of the proposed models on unseen data acquired during the

development of this thesis. Finally, Chapter 5 synthesizes the main achievements and findings

of this work. It offers a critical discussion on the advancements made in underwater sacrifical

anode detection and their practical relevance for offshore operations, followed by a discussion on

potential future research.

5https://etfa2025.ieee-ies.org/. Acessed Jun 30, 2025.

https://etfa2025.ieee-ies.org/


Chapter 2

Literature Review

This chapter provides a comprehensive review of existing literature relevant to the detection and

localization of subsea structures using Two Dimensional (2D) data. It starts by exploring the fun-

damental challenges of underwater perception on Section 2.1, focusing on the environmental and

technological constraints that influence detection accuracy in marine environments. Then, Sec-

tion 2.2 examines the evolution of underwater perception systems, highlighting key advancements

in sensing modalities and computational techniques specifically applied to structural monitoring

and inspection tasks. The discussion covers both traditional sensor configurations and emerging

multi-modal approaches that have been developed to address the unique requirements of subsea

structure assessment.

Section 2.3 focuses on 2D detection methodologies, analyzing computer vision and machine

learning approaches for identifying, classifying, and locating subsea structures from visual and

sonar data. This section examines both classical image processing techniques and modern deep

learning methods, with particular attention to their effectiveness in handling the complexity and

environmental variability encountered in subsea structural inspection.

Finally, a critical review in Section 2.4 identifies key findings from the literature, highlighting

gaps, limitations, and opportunities for future research in 2D-based subsea structure detection

and localization. The chapter establishes a foundation for understanding current capabilities and

limitations in this field, underscoring the importance of developing more effective 2D detection

approaches for subsea structural applications.

2.1 Challenges of Underwater Perception

Underwater perception presents a range of unique difficulties that extend beyond traditional com-

puter vision challenges, primarily due to the complex physical properties of marine environments.

These challenges are particularly pronounced in subsea structure detection and localization tasks,

where environmental factors can significantly compromise data quality and system performance.

5
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As discussed and reviewed by Zhou et al. (2023) [19], the underwater domain introduces both opti-

cal and acoustic limitations that require specialized approaches for effective structural monitoring

and inspection.

The most fundamental optical challenges in underwater environments stem from light inter-

action with water and suspended particles which lead to light absorption and scattering. Light

attenuation depends on wavelength, dissolved organic compounds, water salinity, and the concen-

tration of organic matter in the water [20]. Depending on the depth of operation, the different

wavelengths are absorbed at different rates, with red light being almost completely absorbed af-

ter 5 meters of depth [21], while blue and green wavelengths penetrate deeper, with blue light

maintaining visibility up to approximately 60 meters in clear water conditions, which leads to the

blue and green hue seen on underwater images [22]. This difference in attenuation can be seen in

Figure 2.1, where a graph shows the difference in spectral radiance for the different wavelengths

at varying depths. This selective absorption also leads to the poor performance of Infrared (IR)-

based technologies as the longer wavelengths of such technologies are attenuated after just 20 cm

[23]. The natural illumination in this scenarios is also a concern since after a certain depth it be-

comes insufficient. This creates a need to use artificial light sources which if the setup is not done

correctly can lead to a non-uniform illumination, causing problems such as vignetting, contrast

and brightness inconsistencies [24].

Figure 2.1: Simulation of a light wave traveling through water at different depths. Colors drop one
by one, starting with the longest wavelengths. The absorption rate varies with water conditions,
accelerating in high-salinity or turbid waters. Both suspended particles and dissolved organic
matter further influence the absorption process. Extracted from [21].

Light scattering, caused by suspended particles in the water, known as marine snow, results in

reduced contrast and blur on the captured images. The concentration of such particles increases



2.1 Challenges of Underwater Perception 7

the water turbidity and leads to light being deviated from the imaging sensor [25]. Scattering can

be classified as forward scattering, which happens when the light that reflects on the observed

object is scattered which leads to a blurring effect, and backscattering, which is caused by the

light reflected on the suspended particles and captured by the sensor which reduces contrast and

visibility [26].

In Figure 2.2, it can be seen a visual representation of the aforementioned problems, cement-

ing the problems caused by both absorption and scattering. These challenges are caused by the

presence of marine snow which lead to the degradation of the image captured by the optical sys-

tem.

Figure 2.2: A visual representation of the two main sub-sea phenomena affecting underwater
optical systems: absorption, where the energy of light is dissipated as heat when interacting with
molecules in the medium, and scattering, where light deviates from the target scene and is scattered
onto the sensor. Extracted from [27].

Software-based mitigation strategies have emerged to diminish the effect of this sub-sea phe-

nomena. Dehazing and color correction algorithms compensate for selective light absorption by

restoring natural color balance and enhancing contrast in underwater images. These techniques

adjust blue-green dominated images to recover lost spectral information and improve the effec-

tiveness of detection algorithms originally designed for full-spectrum environments [16, 28, 29].

The presence of biofouling are also a challenge for long-term structural monitoring. Biological

growth on subsea structures can obscure original structural features and change the surface texture

that complicate the task of detection algorithms. The rate and pattern of biofouling vary signifi-

cantly with location, depth, season, and structure composition, making it difficult to develop uni-

versally applicable detection methodologies [30]. These challenges underscore the complexity of

developing reliable underwater perception systems for subsea structure detection and localization.

Effective solutions must integrate multiple sensing modalities and robust software approaches to
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overcome the inherent limitations of the underwater environment while maintaining the accuracy

and reliability required for critical infrastructure monitoring applications.

2.2 Underwater Perception Systems

Underwater perception systems have evolved to address the challenges mentioned in Section 2.1,

enabling the acquisition, processing, and interpretation of sensory data for diverse applications,

including navigation, object detection, and environmental monitoring [5, 31, 32]. These systems

integrate various sensors and algorithms to overcome the limitations of optical and acoustic data in

underwater settings. Gathering high-quality, multimodal data is crucial to improve the reliability

and precision of detection systems, as it allows for more accurate environmental analysis.

Acoustic Systems

Sound-based sensors are the most common underwater detection modality due to the superior

propagation characteristics of sound in water. Acoustic waves can propagate over considerable

distances underwater with relatively low energy loss [33].

Sound Navigation and Ranging (Sonar) based systems represent the most established acoustic

sensing technology for underwater applications. These active systems emit controlled acoustic

pulses and analyze the returned echoes to extract information about structural geometry, material

properties, and environmental conditions. The effectiveness of Sonar for structure detection stems

from its ability to operate effectively across the full range of underwater conditions encountered in

subsea environments. Single-beam Sonar systems provide the simplest acoustic sensing approach,

emitting focused acoustic pulses directly beneath the sensor platform. While suitable for basic

depth measurements and simple structural profiling, these systems offer limited spatial coverage

and are primarily used for preliminary surveys or specific point measurements on structures [34].

Their narrow beam pattern restricts their effectiveness for comprehensive structural assessment.

Side-scan Sonar systems address coverage limitations by emitting acoustic energy in a fan-shaped

pattern perpendicular to the sensor’s direction of travel. This configuration enables wide-area

mapping of structural elements and seafloor features, making it particularly effective for detecting

large subsea installations, pipeline routes, and overall structural layouts [35]. The acoustic shad-

ows created by structural elements provide valuable information about their three-dimensional

characteristics, though resolution limitations restrict detailed surface analysis.

Several recent approaches have demonstrated the effectiveness of side-scan Sonar for structure

detection. Hou et al. (2022) [35] developed a system capable of identifying underwater structures

and detecting certain types of structural defects, while Yu et al. (2021) [36] implemented neural

network approaches to extract precise localization information from Sonar data. The work by

Hou et al. shows decent values of apparent damage detection with an average Intersection over

Union (IoU) of 0.63 but only focuses on big structures such as bridges where defects have areas

between 0.1 and 1 m. Yu et al. achieves Mean Average Precision (mAP) of 85.6% using a Side-

scan Sonar for the detection of shipwrecks but again is only applied to high volume objects. Both
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studies achieved decent results for large-scale targets such as bridge substructures and shipwrecks,

though their resolution capabilities are insufficient for the object detection required for this work.

Multibeam Sonar systems provide the highest resolution acoustic sensing capability by simulta-

neously emitting multiple precisely controlled acoustic beams across a wide angular range. This

approach generates high-resolution three-dimensional bathymetry data that can reveal detailed

structural geometry and surface characteristics. The work by Galceran et al. (2012) [37] demon-

strated multibeam Sonar detection of man-made objects in underwater environments, achieving

localization accuracy within several meters. While this precision is adequate for general struc-

tural surveys, it remains insufficient for detailed inspection tasks requiring millimetric accuracy

for object detection or precise damage assessment.

The Sonar-based systems have very high efficiency and achieve good results for high dimen-

sion objects such as bridges and shipwrecks. However these systems lack the necessary resolution

for detection tasks for O&M tasks explored by this work where the objects have small dimensions

and there is a need for millimetric precision. Most of the current systems based on Sonar can only

perform at near metric resolution which rends them useless for underwater inspection of objects

such as anodes which only measure a few centimeters.

Imaging Systems

Imaging sensors offer complementary capabilities to acoustic systems, providing high-resolution

surface detail and color information essential for detailed structural inspection and precise fea-

ture detection [33]. For 2D detection applications, optical systems can achieve spatial resolutions

significantly higher than acoustic methods, enabling detection of small-scale structural features,

surface defects, and biological fouling patterns. However, their effectiveness is significantly con-

strained by the optical challenges discussed in Section 2.1, particularly in the turbid conditions

commonly encountered around subsea infrastructures.

Optical systems can be classified into three different categories: active, passive, or hybrid, de-

pending on their method of data acquisition [38]. Active imaging systems emit their own signals

into the environment and rely on the reflection or return of these signals to gather data about the

underwater surroundings. These systems are particularly effective in environments where natural

light is insufficient or where high-resolution data is required for tasks such as object detection

and underwater mapping. Common examples of active systems include laser-based imaging sys-

tems. In contrast, passive imaging systems do not emit any signals, instead, they detect naturally

occurring environmental signals. These systems rely on available light, or other ambient data to

interpret the underwater environment. Passive systems are ideal for applications where minimal

disturbance is necessary. Examples of passive systems include optical imaging that captures nat-

ural light or bioluminescence. Hybrid systems combine the benefits of both active and passive

imaging techniques, leveraging the strengths of each to improve the overall perception and ro-

bustness. By integrating both signal emission and detection of ambient data, hybrid systems can

provide more comprehensive and reliable information about underwater environments. These sys-

tems are particularly useful for complex underwater tasks, such as navigation in deep or turbid
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waters, where a combination of active and passive data is required to create accurate models and

perform effective detection and monitoring.

Traditional single-camera optical systems, which are passive systems, capture 2D images of

structural surfaces, providing detailed visual information about surface conditions, marine growth

patterns, corrosion, and damage. These systems are fundamental for subsea structure inspection

as they can reveal surface-level defects and biological fouling that may not be detectable through

acoustic methods. For 2D detection applications, underwater cameras must be specifically de-

signed to address the unique challenges of marine environments. Specialized housings need to

be designed to protect electronic components from pressure and corrosion, while domes for the

camera lenses must be designed to minimize distortion and maintain image quality [13]. Artificial

illumination systems are typically required to provide consistent lighting conditions for reliable

2D detection algorithms, as natural light availability decreases rapidly with depth and is often

insufficient for detailed structural inspection [24].

However, underwater optical systems face several significant limitations for 2D detection ap-

plications, as mentioned in Section 2.1. Stereo vision systems, another type of passive imaging,

represent an advanced optical configuration that can enhance underwater structure detection ca-

pabilities while maintaining focus on high-quality 2D image acquisition. These systems utilize

two cameras positioned at a fixed distance apart, mimicking human binocular vision to capture

synchronized image pairs from slightly different perspectives. Each camera independently cap-

tures detailed 2D images of structural surfaces, which can be processed using traditional computer

vision techniques for surface defect identification, texture analysis, and feature extraction. The

primary advantage of stereo systems for 2D detection applications lies in their ability to provide

enhanced spatial context and improved detection reliability through dual-image analysis. By com-

paring corresponding features between left and right camera images, stereo systems can validate

detection results and reduce false positives that commonly occur with single-camera systems in

challenging underwater conditions. This cross-validation capability is particularly valuable when

image quality is compromised by scattering, illumination variations, or biological fouling.

The work by Oleari et al. (2015) [39] presents an underwater stereo vision systems with a focus

on tackling issues like calibration, lens distortion, and hardware optimization, showcasing their

utility in generating accurate Three Dimensional (3D) reconstructions for underwater robotics.

This approach offers the advantages of showcasing a stereo setup specifically designed for un-

derwater conditions, along with an evaluation of its power consumption and calibration process.

However, the system has notable disadvantages, as it lacks measures to address the challenging

visual conditions of the subsea environment. It does not incorporate light sources to mitigate the

low-light conditions at depth, nor does it include complementary sensors to augment the infor-

mation provided by the stereo system. Additionally, all tests are conducted in clear water, which

does not accurately represent the challenging conditions encountered in real-world underwater

scenarios.

Another system used for imaging is the projection of light patterns into the environment. This

active imaging method uses cameras to capture this projections and retrieves 3D information by
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segmenting and analyzing the deformation of such projections. This approaches are able to achieve

high accuracy information however, as mentioned in Section 2.1, they are quickly attenuated due

to light absorption. An approach by Massot-Campos and Oliver-Codina (2014) [40], uses a two

laser configuration to do underwater inspection tasks. This work resulted in measurements with

errors of approximately 0.04m. Another approach by Ou et al. (2023) [41], used a rotating laser

scanner to develop a system capable of achieving 1.025mm accuracy in clear water, with the

error increasing to 3mm in turbid environments. Although this active systems approaches provide

millimeter-level precision, this accuracy is only attainable at extremely close range due to the

attenuation of the lasers. Furthermore, their operational scope is limited to the small region of the

captured image illuminated by the projected lasers.

The limitations inherent to individual sensing modalities have driven the development of hy-

brid systems that integrate complementary technologies to improve overall underwater perception

capabilities for 2D detection applications. These systems leverage the strengths of active and pas-

sive techniques while compensating for their individual weaknesses, providing more robust and

reliable data for subsea structure detection and localization. By combining this imaging techniques

within unified platforms, hybrid systems can maintain consistent detection performance across the

challenging range of environmental conditions encountered in subsea operations. The integration

of different sensors to achieve this hybrid systems require data fusion algorithms that can align

and correlate information from distinct sources operating at different spatial and temporal scales.

Temporal synchronization ensures that data from different sensors corresponds to the same envi-

ronmental conditions, while spatial registration aligns data from sensors with different viewing

geometries and coordinate systems. These fusion processes are essential for creating consistent

and reliable 2D detection results from multi-modal sensing platforms.

An advancement in hybrid underwater perception systems is the MARESye, developed by

Pinto and Matos (2020) [12] with a later improvement made by Leite et al. (2024) [14]. This

system represents an integration of multiple sensing modalities specifically designed for underwa-

ter structural inspection and monitoring applications. As illustrated in Figure 2.3, the MARESye

system combines stereo vision cameras, Light Stripe Range (LSR), and synchronized illumina-

tion systems within a unified platform optimized for harsh subsea conditions. A key feature of

the MARESye system is its incorporation of range-gated imaging, a technique designed to over-

come the challenges posed by the scattering and absorption effects of the underwater environ-

ment. Range-gated imaging operates by synchronizing the illumination source with the camera’s

sensor to capture light returning only from specific distances. By controlling the time window

during which the sensor is active, the system selectively captures reflected light from the targeted

structures while filtering out backscatter from particles and turbidity in the water. This approach

improves the clarity and contrast of the captured images, allowing for improved perception and

identification of submerged objects even in conditions where there is a lot of suspended particles.

The integration of range-gated imaging ensures that the system maintains reliable performance

across a wide range of underwater scenarios, providing a crucial advantage in sub-sea exploration

and monitoring applications.
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Figure 2.3: The MARESye hybrid imaging sensor. The system employs a pair of high resolution
cameras for stereo vision, two laser beam projectors that allow for active imaging techniques, and
multiple light source projectors. A triggering system synchronizes data acquisition via hardware,
while an internal processing unit enables edge computing. Extracted from [13].

The subsequent work by Leite and Pinto (2024) [13] improved this approach by implementing

data fusion algorithms to merge the precise but sparse depth information from the LSRs and the

dense but not as precise information from the stereo system. The depth information captured

by the LSR has absolute errors as low as 0.5mm where as the stereo system achieves absolute

errors of around 10cm. By fusing both modalities, this work is capable of improving the average

absolute error of the dense point cloud captured by the stereo system by up to 52.5%. A different

approach by Leite and Pinto (2025) [15], which combined the use of texture-based features with

the magnitude of pixel displacement through a pyramidal approach. This approach was able to

achieve improvements of 58.7% of metric error against UW_Depth [42] on the FLSea-Stereo

dataset [43].

By using the range-gated technique to capture information, this system produces clearer,

higher-contrast 2D images that enable more reliable feature extraction and detection algorithms.

This enhanced image quality is crucial for computer vision applications that depend on sharp

edges and consistent illumination for effective structure detection and classification in challenging

underwater environments.

2.3 2D Object Detection methodologies

Underwater object detection plays a crucial role in various marine applications, from environmen-

tal monitoring to infrastructure inspection. The rapid advancements in Deep Learning (DL) have

profoundly propelled 2D object detection methods forward. Modern approaches take advantage

of Neural Network (NN) architectures to automatically learn and identify complex patterns and

features within underwater images, leading to significant improvements in detection accuracy and

robustness. Due to the inherent challenges in underwater data acquisition, 2D detection in subsea

environments is still an area with scarce dedicated research. Therefore, this section will first ex-

amine generic architectures and their applications in other contexts, followed by a discussion of

existing works within the underwater domain.
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2.3.1 CNN-based Architectures

The application of Convolutional Neural Networks (CNNs) to 2D optical images enhanced object

detection capabilities by learning to identify patterns and features directly from the data. CNNs

represent a major advancement in feature extraction and classification [44]. Unlike conventional

image processing approaches, which rely on manually crafted features based on statistical regular-

ities or prior knowledge, CNNs learn hierarchical features through an end-to-end training process.

The structure of a typical CNN architecture can be visualized in Figure 2.4. The process begins

with an input image, where a kernel extracts local features through convolution operations. These

features are then passed through multiple layers of convolution operations progressively reducing

the spatial dimensions while aggregating robust features. This ability to automatically learn rich,

discriminative features has made CNNs the backbone of numerous object detection models.

Figure 2.4: A typical CNN structure. The process begins with an input image, where a kernel
extracts local features. These features are passed through multiple layers of convolution operations
with ReLU activation and pooling, generating feature maps. Extracted from Medium1.

Following the foundational understanding of CNNs as robust feature extractors, they were in-

tegrated into comprehensive frameworks for 2D object detection. These CNN-based architectures

represent the backbone of many modern detection systems, leveraging the hierarchical feature

learning capabilities of CNNs to localize and classify objects within an image. Broadly, these

methods can be categorized into two main paradigms: multi-stage detectors that first propose re-

gions of interest and then classify them, and single-stage detectors that predict object locations

and classes simultaneously. This subsection will detail prominent examples from both categories,

including the influential Region-based Convolutional Neural Network (R-CNN) family [45–47]

and the highly efficient YOLO series [48, 49].

Region-based CNNs

The R-CNN models revolutionized 2D object detection by integrating deep learning with region

proposals, offering significant improvements over traditional methods. These models build on the

1https://shorturl.at/YT9h8. Accessed November 11, 2024

https://shorturl.at/YT9h8
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foundation of CNNs but introduce more sophisticated mechanisms to improve detection accuracy

and efficiency.

The first model to use this approach was R-CNN which combine dCNNs with selective search

techniques for object detection. Introduced by Girshick et al. (2014) [45], R-CNN works by first

generating a set of potential object proposals from the input image using selective search. These

proposals are then passed through a CNN for feature extraction, and the resulting features are clas-

sified using a Support Vector Machine (SVM). Finally, a bounding box regression model refines

the object locations. Despite its innovative approach, R-CNN suffers from high computational

costs, primarily due to the need to run a CNN for each region proposal, which limits its scalability

for real-time applications. This structure can be visualized in Figure 2.5.

Figure 2.5: Illustration of the R-CNN pipeline. The process begins with the input image (1),
from which approximately 2,000 region proposals are extracted using selective search (2). Each
proposed region is warped to a fixed size and passed through a convolutional neural network
(CNN) to compute features (3). These features are then classified into object categories (such as
structures like anodes and mooring lines) or background using a classifier, such as a support vector
machine (4). Extracted from [45].

Faster R-CNN, introduced by Ren et al. (2015) [47] as an improvement on Fast R-CNN pro-

posed by Girshick (2015) [46], addresses the inefficiencies of R-CNN by replacing the selective

search procedure with a Region Proposal Network (RPN). The RPN is a fully convolutional net-

work that generates region proposals directly from the image, enabling the entire pipeline to be

trained end-to-end. This eliminates the need for separate region proposal methods and signifi-

cantly improves both speed and accuracy. The RPN shares convolutional features with the object

detection network, which reduces computational redundancy. Faster R-CNN has set new stan-

dards in terms of detection speed and accuracy, making it a popular choice for many real-time

object detection applications.

Presented as an extension of Faster R-CNN, Mask R-CNN proposed by He et al. (2018) [50],

further advances the state of the art by introducing the capability for instance segmentation. While

Faster R-CNN is designed to detect objects and classify them, Mask R-CNN extends this by adding

a branch to the network that generates pixel-wise masks for each detected object. This allows

Mask R-CNN to not only classify objects but also delineate their exact boundaries, providing a

detailed understanding of the object’s shape. Mask R-CNN leverages the same architecture as
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Faster R-CNN, but adds a parallel branch for predicting binary masks at each Region of Interest

(RoI), improving its versatility for tasks requiring more fine-grained object localization.

All three models, R-CNN, Faster R-CNN, and Mask R-CNN, have contributed to significant

advancements in the field of object detection. While R-CNN laid the groundwork by combining

CNNs with region proposals, Faster R-CNN introduced a more efficient end-to-end framework

with RPNs, and Mask R-CNN expanded the model’s capabilities to include segmentation, pro-

viding a deeper understanding of the objects in an image. Despite the significant strides made by

two-stage detectors such as the R-CNN family, their inherent multi-step process often posed chal-

lenges for real-time applications. This led to the development of single-stage detectors, which aim

to predict bounding boxes and class probabilities in a single forward pass, drastically increasing

inference speed.

Single Stage Detectors

You Only Look Once (YOLO) is a state-of-the-art object detection model introduced by Redmon

et al. (2016) [48]. Unlike traditional methods like R-CNN, which generate region proposals first

and then classify them, YOLO treats object detection as a single regression problem. This means

that the entire image is passed through the network at once, and it simultaneously predicts both

the class labels and bounding box coordinates for all objects in the image in a single pass. This

approach results in much faster detection speeds, making YOLO particularly well-suited for real-

time applications. YOLO divides the input image into a grid and assigns each grid cell the task of

predicting bounding boxes and class probabilities for objects whose center falls within that grid

cell. Each bounding box is described by its center coordinates, width, height, and a confidence

score, which indicates the likelihood of the box containing an object. The network uses convolu-

tional layers to extract features and generate these predictions. Unlike methods like R-CNN, which

require multiple stages and separate computations, YOLO performs detection in a single, unified

framework, significantly reducing computation time and complexity. This unified approach also

helps YOLO make fewer mistakes when it comes to background noise compared to R-CNN-based

methods. Since YOLO processes the entire image at once, rather than focusing only on RoI, it can

leverage the full context of the image. This enables the model to make more accurate judgments

about whether a detected object is indeed part of the scene or simply background noise, enhancing

its robustness against false positives.

Since its introduction, YOLO has gone through multiple iterations, each improving on the

original design to increase both speed and accuracy. The latest version, YOLOv11 2, introduces

several advancements that make it even more powerful and efficient for real-time object detection.

Developed by Ultralytics, YOLOv11 builds on the architecture of previous YOLO versions but in-

corporates state-of-the-art techniques such as enhanced backbone networks and improved training

strategies to boost detection performance across a variety of object sizes and types. Additionally,

2https://docs.ultralytics.com/models/yolo11. Acessed December 15, 2024.

https://docs.ultralytics.com/models/yolo11
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YOLOv11 provides better adaptability to diverse environments and more accurate handling of

complex scenes, solidifying its position as a leading model for high-speed object detection.

2.3.2 Transformer and Attention-Driven Detection Architectures

The transformer architecture has fundamentally revolutionized deep learning, extending its influ-

ence from natural language processing to computer vision. This paradigm shift, centered around

powerful attention mechanisms, has enabled the development of a new generation of object detec-

tion models capable of capturing global dependencies and contextual information more effectively

than traditional convolutional approaches. This subsection will first introduce the core principles

of Attention Mechanisms and Transformer fundamentals, then explore prominent object detection

architectures built upon this framework, including real-time optimized detectors like RT-DETR

and those leveraging Vision Transformer (ViT) backbones.

Attention Mechanisms and Transformer Fundamentals

The Transformer architecture, initially introduced by Vaswani et al. (2017) [51], fundamentally

relies on the concept of attention mechanisms. Unlike CNNs that process local neighborhoods,

attention allows a model to weigh the importance of different parts of the input data when pro-

cessing a particular element, enabling it to focus dynamically on relevant features across arbitrary

distances in the input sequence. This innovative paradigm was subsequently adapted for visual

data with the introduction of ViTs by Dosovitskiy et al. (2020) [52], pioneering the application of

these mechanisms to images by treating them as sequences of patches.

The most critical component is self-attention, which allows a model to relate different posi-

tions of a single sequence to compute a representation of the same sequence. For visual data,

this means each "patch" or pixel can attend to every other patch/pixel in the image, capturing

comprehensive global context. This mechanism can be visualized in Figure 2.6. Multi-Head At-

tention (MHA) further enhances this by performing multiple attention calculations in parallel.

Each head learns different aspects of relationships, and their outputs are then concatenated and

linearly transformed, allowing the model to jointly attend to information from different represen-

tation subspaces at different positions. This parallel processing of attention provides a richer and

more robust understanding of the input, as depicted in Figure 2.6. Transformers then combine

these attention layers with feed-forward networks, forming powerful blocks that can be stacked to

build deep architectures capable of complex visual reasoning.

Real-Time Detection Transformer

Building upon the robust foundation of Transformer architectures and attention mechanisms, the

Real Time DEtection TRansformer (RT-DETR) proposed by Zhao et al. (2024) [18], represents a

recent advancement in 2D object detection, leveraging the power of transformer-based architec-

tures for high-speed and high-accuracy detection. Introduced to address the limitations of tradi-

tional CNN-based detectors in complex or cluttered scenes, RT-DETR combines the strengths of
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Figure 2.6: Self-Attention and Multi-Head Attention Mechanisms. (left) Self-Attention. (right)
Multi-Head Attention consists of several attention layers running in parallel. Extracted from [51].

transformers with an architecture optimized for real-time applications, making it competitive with

established methods such as YOLO and Faster R-CNN.

In RT-DETR, object detection is achieved through an end-to-end framework that combines

both feature extraction and object proposal generation in a single, integrated process. This is

achieved by leveraging the transformer’s ability to attend to key areas of the image directly, with-

out needing a region proposal stage like those found in R-CNN architectures. The attention mech-

anism allows RT-DETR to dynamically focus on relevant areas of the image, improving detection

accuracy while maintaining real-time processing speeds. The model’s architecture is optimized for

computational speed, enabling it to achieve real-time performance on standard hardware. This ef-

ficiency, combined with its high detection accuracy, makes RT-DETR well-suited for applications

that require rapid processing.

This method demonstrates the potential of transformer-based models in object detection, of-

fering an alternative to CNN-based architectures for scenarios where both speed and accuracy are

crucial. Its unique approach to leveraging global context through self-attention not only improves

object recognition but also addresses some limitations of prior CNN-based methods, particularly

in complex scenes with overlapping or occluded objects.

Vision Transformer-Based Detectors

Further leveraging the transformer paradigm, ViTs offer a distinct approach to feature extraction

in computer vision by processing images as sequences of patches. ViTs enable models to capture

long-range dependencies and potentially learn very fine-grained visual details across the entire

image, a capability crucial for tasks requiring comprehensive scene understanding. The ability of

ViTs to capture these subtle visual features could be particularly beneficial for identifying early
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indicators of anode degradation, for example, where minor textural or structural changes might be

critical. However, a known challenge with ViTs is their computational intensity, often demanding

substantial processing resources, which could be a limiting factor in real-time underwater applica-

tions.

As demonstrated by Li et al. (2022) [53], the use of pre-trained ViT models effectively mit-

igates computational demands and enhances performance. Following this, several approaches

have leveraged pre-trained ViT backbones to reduce training time and enhance generalization.

An example of this approach is Apple’s ML-Depth Pro [17], which, while primarily designed

for monocular depth estimation, showcases the power of ViT-based architectures. Its architecture

employs pre-trained ViT encoders applied to patches extracted at multiple scales, aiming to learn

scale-invariant representations by sharing the weights of the patch encoder across these scales [17].

The success of such transfer learning strategies in achieving complex visual understanding tasks

like depth estimation highlights the significant potential of adapting pre-trained ViT features for

other challenging domains, including the complexities of underwater vision and object detection.

2.3.3 Underwater Object Detection

The application of 2D object detection techniques to underwater environments represents a spe-

cialized and challenging domain that requires adaptation of the architectures described in the pre-

vious subsections to address the unique visual characteristics of marine environments. While the

fundamental detection frameworks remain applicable, the harsh conditions of underwater imaging

require approaches and considerations that differ significantly from terrestrial applications.

The existing literature on underwater object detection reveals a significant focus on marine

life identification and monitoring, with limited attention to subsea structural applications. This

research emphasis reflects the historical priorities of marine research and ecological monitoring,

but highlights a notable gap in addressing the detection requirements for underwater infrastructure

and industrial applications [32].

Zhao et al. (2022) [54] proposed an enhanced YOLOv4 architecture incorporating an FPN-

Attention module specifically designed for underwater object detection. This approach addresses

the challenging visual characteristics of underwater vision through enhanced attention mecha-

nisms that can better focus on relevant features despite the typical blue-green color cast and re-

duced contrast of underwater images. The Feature Pyramid Network (FPN) component enables

the model to effectively handle objects at multiple scales, which is particularly important in un-

derwater environments where distance estimation can be challenging due to optical distortions.

This work focused on detecting marine life such as fish, crabs and starfish obtaining an overall

mAP of 87.88%. Building on similar transformer-based attention concepts discussed in the pre-

vious subsection, Liu et al. (2023) [55] integrated Transformer self-attention mechanisms into the

YOLOv5 encoder architecture to detect holothurian, sea urchins, scallop, and starfish, obtaining

and mAP@50 of 83.1% and an mAP averaged across different IoU thresholds ranging from 0.5

to 0.95 at intervals of 0.05 of 45.6%. This work demonstrates the potential for advanced attention

mechanisms to improve detection performance in underwater conditions by enabling the model
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to focus on relevant image regions while suppressing noise and distortions typical of underwater

vision. The integration of transformer attention with CNN-based detection frameworks represents

a promising direction for handling the complex visual patterns present in underwater scenes.

The YOLO-Fish approach developed by Muksit et al. (2022) [56] specifically focused on

improving small object detection capabilities, addressing a critical challenge in underwater envi-

ronments where objects may appear small due to distance or water clarity limitations. This work

also merged two underwater datasets for marine life detection focused on fish detection, DeepFish

[57] and OzFish [58]. The emphasis on small object detection is particularly relevant for underwa-

ter applications, where limited visibility often requires detection of objects at close range or under

challenging optical conditions. This approach achieved 70.34% AP@50 on the OzFish dataset,

96.15% on the DeepFish dataset and 76.56% on the merged dataset which use iamges from both.

More recent developments have continued to advance marine life detection capabilities. Chen

and Er (2024) [59] introduced a dynamic feature fusion framework integrated with YOLO-based

architectures, designed to adaptively combine features from different network layers to improve

detection accuracy in the variable conditions typical of underwater environments. The dynamic

nature of this approach allows the model to adjust its feature utilization based on image qual-

ity and conditions, potentially improving robustness across different underwater scenarios. This

work was tested on the same dataset as Liu et al. (2023) [55] and obtained an mAP@50 of 86.7%

and an map@50-95 of 68.6% which shows an improvement of 3.6% of mAP@50 and 23.0% of

mAP@50-95 compared to the work of Liu et al. (2023) [55]. Similarly, Zhou et al. (2024) [60]

modified the YOLOv8 backbone architecture specifically for enhanced feature extraction in un-

derwater conditions. This work represents the adaptation of the latest YOLO developments to

underwater applications, which was trained and tested on the same dataset as [55, 59] obtaining

a mAP@50 of 84.0% and an mAP@50-95 of 49.0%, effectively improving on the work by Liu

et al. (2023) [55], though it does not achieve the performance of Chen and Er (2024) [59].

The application of 2D detection techniques to underwater structural elements represents a

significantly underexplored area of research, with very limited work addressing the specific chal-

lenges of detecting and localizing subsea infrastructure components. This research gap is partic-

ularly notable given the critical importance of structural monitoring for offshore energy installa-

tions, underwater pipelines, and other marine infrastructure.

An exception to this trend is the recent work by Fahy et al. (2024) [61], which investigated the

automated detection of sacrificial anodes on offshore wind turbines using commercially available

YOLOv8 models. This study represents one of the few attempts to apply modern 2D detection

techniques specifically to subsea structural components, addressing a practical application rele-

vant to offshore wind farm maintenance and inspection operations. The approach demonstrated

by Fahy et al. provides valuable insights into the potential for automated structural component de-

tection in real-world offshore environments. The study employed YOLOv8, leveraging the single-

stage detection capabilities discussed earlier to achieve real-time detection performance suitable

for ROV-based inspection operations, and obtained 86% of precision, 88% of recall and 87% of

F1-score for the offshore tests and 65% of precision, 21% of recall and 24% of F1-score for the
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tank tests. The choice of YOLOv8 reflects the practical requirements of underwater inspection

applications, where computational efficiency and real-time performance are critical constraints.

However, the work also reveals several limitations that highlight the challenges inherent in un-

derwater structural detection applications. The datasets employed in the study exhibit constraints

in both size and diversity, with offshore data collected from only two turbine installations. This

limited sampling may restrict the model’s generalization capabilities to anodes located in different

environmental contexts, potentially characterized by variations in biofouling patterns, illumination

conditions, water clarity, or structural configurations that were not represented in the training data.

Furthermore, the validation methodology employed tank-based experiments using 3D-printed

anode replicas that exhibit notable visual differences compared to real-world installations. The

simplified appearance and surface characteristics of printed replicas may not adequately represent

the complex visual features of actual anodes, which typically exhibit corrosion patterns, marine

growth, and surface degradation that significantly affect their visual appearance in operational

environments. Real-world anodes often display varying degrees of corrosion, irregular surface

textures, and biofouling that create significantly different visual signatures compared to clean,

geometric replicas used in controlled testing environments.

These limitations in dataset representativeness emphasize the challenges of developing ro-

bust and generalizable detection methodologies for underwater structural applications. The trans-

fer from controlled laboratory conditions to operational marine environments presents substantial

challenges that have not been adequately addressed in existing literature.

2.4 Critical Review

This literature review reveals significant challenges and research gaps in the application of 2D

object detection techniques to subsea structural monitoring. The underwater environment presents

unique constraints that fundamentally limit the effectiveness of both sensing systems and detection

algorithms developed for terrestrial applications.

The analysis of underwater perception challenges demonstrates that optical systems, while

capable of high-resolution surface detail detection, are severely constrained by light attenuation,

scattering, and dynamic environmental conditions. Acoustic systems provide reliable long-range

detection capabilities but lack the spatial resolution required for detailed structural assessment.

These limitations demand hybrid approaches that combine complementary sensing modalities, as

demonstrated by systems like MARESye, which integrate stereo vision, and laser scanning to

overcome individual sensor limitations and improve 2D image quality in challenging conditions.

The review of detection architectures reveals that while both CNN-based and Transformer-

based approaches have achieved remarkable success in terrestrial applications, their adaptation to

underwater environments remains limited. The CNN architectures, particularly the YOLO fam-

ily, offer computational efficiency suitable for real-time applications, while Transformer-based

approaches provide superior global context understanding through attention mechanisms. How-

ever, most underwater applications of these architectures have focused exclusively on marine life
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detection, with limited exploration of their effectiveness for structural applications. The most sig-

nificant finding is the substantial research gap in underwater structural detection applications. The

few existing structural detection studies reveal critical limitations including restricted dataset di-

versity, limited environmental representation, and inadequate validation methodologies that fail to

capture the complexity of real-world operational conditions.

These findings highlight the need for research that specifically addresses subsea structural de-

tection through the development of robust 2D detection methodologies that can operate effectively

in the challenging conditions of marine environments. Furthermore, the advancement of this field

crucially depends on the development of specialized datasets that adequately represent the diver-

sity of subsea structural conditions, including varying biofouling patterns, corrosion states, and

environmental contexts. The combination of advanced sensing technologies with specialized de-

tection algorithms optimized for structural rather than biological targets, alongside comprehensive

datasets, represents a critical research direction for enabling reliable automated inspection of off-

shore infrastructure.



Chapter 3

Adaptive Feature Fusion for Robust
Underwater Anode Detection

3.1 Introduction

This thesis presents Contextual Anode Locator in Varying Underwater Scenarios (CALVUS), a

robust deep learning architecture specifically designed to address the unique challenges of under-

water structural detection. The core hypothesis underlying CALVUS is that depth-aware feature

representations, originally learned for monocular depth estimation tasks, contain rich spatial and

contextual information that can be effectively transferred to enhance object detection performance

in challenging underwater environments. By leveraging the pre-trained ViT backbone from ML-

Depth Pro [17], CALVUS exploits the inherent capability of depth-aware networks to capture fine-

grained spatial relationships and subtle visual distinctions crucial for accurate anode identification

in complex subsea conditions. Subsequently, an extension to this architecture is introduced, lever-

aging multimodal feature fusion between the depth-aware and a texture-based backbone. This

yields a more robust method for sacrificial anode detection in challenging underwater environ-

ments.

This chapter is structured as follows: Section 3.2 presents the experimental setup and problem

definition, including the comprehensive dataset used for model training and evaluation, as well

as the mathematical formulation of the underwater anode detection task. Section 3.3 details the

CALVUS architecture, encompassing the pre-processing pipeline, depth-aware feature extraction

backbone and detection head design. Section 3.4 presents MF-CALVUS, detailing the methods

used to fuse the features from the depth-aware backbone and the texture-based backbone. Finally,

Section 3.5 details the training methodology used.

22
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3.2 Experimental Setup and Problem Definition

3.2.1 Dataset Creation

The development and evaluation of CALVUS relied on a comprehensive real-world dataset specif-

ically designed for underwater anode detection tasks. This dataset1 was acquired at the indoor

pool of FEUP and at ATLANTIS Test Centre in Viana do Castelo, Portugal, providing diverse

perspectives and operational scenarios representative of real-world inspection conditions. The

dataset consists of images captured using MARESye [12], a hybrid underwater imaging platform

specifically designed for robust data acquisition in challenging subsea environments. Addition-

ally, images were acquired using the FIFISH V6 underwater vehicle. To enhance dataset diversity

and ensure comprehensive coverage of potential deployment scenarios, background images were

sourced from the NEREON dataset [10], an underwater imaging dataset captured in similar condi-

tions, that provides additional contextual information and environmental variability characteristic

of marine environments.

The final dataset consists of 27,146 high-resolution underwater images, carefully partitioned

to ensure robust model training and unbiased evaluation. The dataset composition includes 6,990

background images sourced from the NEREON dataset, which contain no anode annotations and

serve to provide environmental diversity and reduce false positive predictions. The remaining

20,156 images contain anode structures, with each image featuring exactly one anode detection to

maintain annotation consistency and training stability.

The dataset distribution has the following composition:

• Training set: 19,189 images (70% of total dataset)

• Validation set: 3,978 images (15% of total dataset)

• Test set: 3,979 images (15% of total dataset)

The images include a wide range of underwater conditions representative of real-world off-

shore wind turbine inspection scenarios, which can be seen in Figure 3.1. These conditions include

varying degrees of turbidity, different illumination levels, presence of marine snow and suspended

particles, and various stages of biofouling on anode surfaces, providing a comprehensive repre-

sentation of the structural variations encountered during operational inspections.

3.2.2 Problem Definition

The primary objective of this work is to develop a deep learning model capable of accurately locat-

ing and classifying sacrificial anodes within given input images. As detailed in Section 3.2.1, the

dataset used in this work comprises only one class, making this a single-class detection problem.

The task is formally defined as taking an input image I ∈RH×W×3, where H denotes the height,

W the width, and 3 represents the Red Green Blue (RGB) color channels, the model is required

1https://rdm.inesctec.pt/fa_IR/dataset/nis-2024-005. Acessed June 15, 2025.

https://rdm.inesctec.pt/fa_IR/dataset/nis-2024-005
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(a) (b) (c)

(d) (e) (f)

Figure 3.1: Samples from the ANODE and NEREON datasets. Figures (a) and (b) are from the
ANODE dataset and were captured in Viana do Castelo with a FifishV6 ROV. Figures (c) and (d)
are also from the ANODE dataset and were collected by the MARESye system in Viana do Castelo
and FEUP, respectively. Figures (e) and (f) are from the NEREON dataset and were collected by
the MARESye system.

to predict a set of bounding boxes B = {b1,b2, . . . ,bn} and corresponding class probabilities C =

{c1,c2, . . . ,cm}.

Each predicted bounding box bi is represented by a array (xi,yi,wi,hi), where (xi,yi) denote the

coordinates of the bounding box center, and wi and hi represent its width and height, respectively.

The classification output ci ∈ [0,1] for each bounding box bi denotes the model’s confidence that

the detected object belongs to the sole target class, which is an anode.

The problem can be formally stated as:

Given I ∈ RH×W×3, predict (B,C) where:

B = {bi}n
i=1, with bi = (xi,yi,wi,hi),

C = {ci}m
i=1, where ci is the confidence for the classes, anode or background,

ci ∈ [0,1],∀i and ∑
i

ci = 1.

where n is the number of detected objects, (xi,yi) are the center coordinates of the i-th bounding

box, (wi,hi) are its width and height, and ci is the confidence score for the i-th detected object

belonging to the anode class.
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3.3 CALVUS Architecture Design

This section presents the detailed architecture of CALVUS for robust underwater anode detection.

CALVUS represents a new approach to underwater object detection to achieve robust anode de-

tection in challenging subsea environments. The system architecture is built upon the hypothesis

that features learned for depth estimation tasks contain rich spatial and contextual information

that can be effectively transferred to enhance object detection performance in underwater scenar-

ios. The overall CALVUS architecture follows a multi-stage processing pipeline, as illustrated in

Figure 3.2. The system receives an input image resizing it to 1536× 1536 pixels and processing

it through three distinct stages: pre-processing and image enhancement, followed by multi-scale

feature extraction using a depth-aware ViT backbone, and finally feature processing and object

detection via an RT-DETR-based head.

Figure 3.2: CALVUS architecture overview. The diagram illustrates the main components: im-
age pre-processing (green), the ML-Depth-based backbone (blue), and the RT-DETR-based head
(orange). Arrows’ colors denote information flow from different image resolutions: red for
1536×1536, yellow for 768×768, and orange for 384×384.

The main innovations of CALVUS lies in its pre-processing pipeline and the adaptation of the

ML-Depth Pro patch encoder, originally designed for monocular depth estimation, as the primary

feature extraction backbone for underwater object detection. This approach exploits the inherent

capability of depth-aware networks to capture fine-grained spatial relationships. The pre-trained

ViT backbone processes input images through a multi-scale approach, extracting patches at three

different resolutions to capture both local details and global context necessary for robust anode

detection.

The extracted multi-scale features are subsequently processed by a modified RT-DETR de-

tection head, specifically adapted to handle the high-dimensional feature representations (1024

dimensions) generated by the ViT encoder, in contrast to the standard 256-dimensional features

typically used in the RT-DETR architecture. This integration enables the system to leverage the

rich contextual information encoded by the depth-aware backbone while maintaining the efficiency

and accuracy of transformer-based object detection.
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The following subsections provide a comprehensive description of each architectural com-

ponent, including the detailed analysis of the pre-processing pipeline, the depth-aware feature

extraction backbone, the detection head architecture, and the training methodology employed.

3.3.1 Pre-processing Pipeline

The pre-processing pipeline in CALVUS is specifically designed to enhance image quality and

mitigate the visual challenges commonly encountered in underwater imaging environments that

where explored in Section 2.1. This stage is crucial for improving the subsequent feature extraction

capabilities and overall detection performance of the system.

Contrast Limited Adaptive Histogram Equalization (CLAHE)

To address the color distortion and uneven illumination characteristic of subsea environments,

CALVUS incorporates a CLAHE algorithm [16] as the primary image enhancement technique.

CLAHE operates by dividing the input image into small rectangular tiles and applying histogram

equalization to each tile independently. The algorithm then uses bilinear interpolation to combine

the results and eliminate artificially induced boundaries between tiles.

(a) Image without CLAHE. (b) Image with CLAHE.

Figure 3.3: Comparison of images before and after CLAHE.

As shown in Figure 3.3, the adaptive nature of CLAHE makes it particularly well-suited for

underwater imaging conditions, as it enhances local contrast while preventing over-amplification

of noise in uniform regions. This pre-processing step effectively reveals finer details in the un-

derwater images, corrects for uneven illumination patterns, and mitigates color distortion effects,

thereby providing the feature extraction network with higher quality input data. The integration of

CLAHE results in significantly improved image clarity with reduced noise, leading to enhanced

overall system performance.
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Data Augmentation Strategies

To enhance the model’s robustness against the diverse challenges posed by harsh underwater con-

ditions, CALVUS employs a set of data augmentation techniques during training. These augmen-

tations are specifically designed to simulate the various environmental factors that affect underwa-

ter image quality:

• Motion Blur: Simulates the image blurring effects resulting from camera movement or vi-

bration during image capture on moving underwater platforms, such as ROVs or Autonomous

Underwater Vehicles (AUVs) operating in dynamic marine environments.

• Salt and Pepper Noise: Introduces random noise to replicate the visual effects of marine

snow and suspended particles commonly present in seawater, which can significantly impact

image clarity and visibility.

• RGB Channel Shift: Modifies the green and blue color channels to emulate the char-

acteristic color shift and attenuation observed in deeper marine environments, where red

wavelengths are absorbed faster by the medium.

• Illumination Variation: Applies controlled modifications to image brightness and contrast

to simulate the varying illumination conditions encountered at different depths, ranging from

well-lit shallow waters to dimly lit deep-sea environments.

• Geometric Transformations: Includes horizontal and vertical flips, as well as random

rotations, to improve the model’s invariance to different viewing angles and orientations

commonly encountered during underwater inspections.

Figure 3.4 demonstrates the visual impact of each augmentation technique applied to a rep-

resentative underwater anode image, clearly showing how each transformation addresses specific

underwater imaging challenges. These augmentation techniques collectively ensure that the model

develops robustness to the wide range of visual variations and challenges inherent in real-world

underwater operational scenarios, ultimately contributing to improved detection reliability and

accuracy in deployment conditions.

Multi-Scale Image Resizing

The final step of the pre-processing pipeline involves resizing the enhanced input image to three

different scales: 1536×1536, 768×768 and 384×384 pixels. This multi-scale approach enables

the feature extraction backbone to capture both fine-grained local details and broader contextual

information at different spatial resolutions. The three scaled images, with CLAHE enhancement

and augmentation techniques applied, are then fed into the ML-Depth Pro backbone for feature

extraction, where they will be processed through the patch-based encoder to generate multi-scale

feature representations.
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(a) Original (b) Motion Blur (c) Salt & Pepper

(d) RGB Shift (e) Illumination

Figure 3.4: Representation of the augmentation techniques. Original image and augmented ver-
sions demonstrating the techniques used to simulate the harsh and challenging conditions encoun-
tered in sub-sea environments.

3.3.2 Depth-Aware Feature Extraction Backbone

The core innovation of CALVUS lies in its adoption of a depth-aware ViT backbone, specifically

leveraging the patch encoder architecture from the ML-Depth Pro network [17]. The ML-Depth

Pro patch encoder employs a multi-scale processing approach that operates on image patches ex-

tracted at different spatial resolutions. As illustrated in Figure 3.2, the three preprocessed input

(1536×1536, 768×768 and 384×384 pixels) are the inputs of the ML-Depth Backbone. The ViT-

based backbone used in the patch encoder architecture operates on 384×384 pixel patches. For the

two larger scaled images (1536×1536 and 768×768), the input is divided into overlapping patches

of 384×384 pixels. This results in multiple patches from the larger images, while the 384×384

image is processed as a single patch. All extracted patches are then concatenated and fed into the

shared patch encoder, which processes each patch through the same ViT architecture. The encoder

applies the standard Vision Transformer processing pipeline: patches are flattened into sequences,

combined with positional embeddings, and processed through multiple transformer layers with

self-attention mechanisms. This shared weight approach across multiple scales enables the net-

work to learn scale-invariant representations while capturing both local details and global context.

Following the patch encoder processing, the output features are systematically reorganized back

into three distinct feature maps corresponding to the original input scales:

• High-resolution features: 96×96×1024 (derived from 1536×1536 input)

• Medium-resolution features: 48×48×1024 (derived from 768×768 input)

• Low-resolution features: 24×24×1024 (derived from 384×384 input)
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This multi-scale feature representation provides the subsequent detection head with rich hier-

archical information, enabling the detection of anodes at various scales while maintaining sensitiv-

ity to both coarse structural patterns and fine-grained surface details critical for underwater anode

identification. The high-dimensional nature of the extracted features (1024 dimensions compared

to the typical 256 dimensions in RT-DETR and YOLO) provides richer representational capac-

ity, enabling the capture of subtle visual distinctions that are crucial for robust underwater object

detection in challenging environmental conditions.

3.3.3 Detection Head Architecture

The detection head of CALVUS is based on the RT-DETR architecture [18], specifically adapted to

process the high-dimensional feature representations generated by the depth-aware ViT backbone,

meaning the three layers that originally received the features from the RT-DETR decoder are

now going to receive the new feature maps provided by this backbone. In order to do so, those

layers where changed to have 1024 input channels opposed to the initial 256 that were used by

RT-DETR. Additional changes were made to the RT-DETR network to work for a single-class

problem opposed to the standard 80 classes used and trained on the COCO dataset [62].

3.4 MF-CALVUS Architecture Design

Building upon the foundation established by CALVUS, this section introduces Multimodal Fusion

- Contextual Anode Locator in Varying Underwater Scenarios (MF-CALVUS), an enhanced ar-

chitecture that incorporates dual backbone processing and a multimodal feature fusion approach

to merge the information from the depth-based features and the texture-based features. While

CALVUS demonstrated the effectiveness of depth-aware feature extraction through the ML-Depth

Pro backbone, MF-CALVUS extends this approach by integrating both the depth-aware ViT back-

bone and the texture-based conventional RT-DETR backbone, combining the strengths of both

modalities through a multi-head attention-based fusion block.

The overall system architecture of MF-CALVUS, illustrated in Figure 3.5, demonstrates the

integration of dual backbone processing with the multimodal fusion block. MF-CALVUS main-

tains the multi-scale processing approach, handling input images at three different resolutions

(1536×1536, 768×768, and 384×384 pixels) and incorporating the same pre-processing pipeline

with CLAHE enhancement and comprehensive data augmentation strategies. The RT-DETR de-

tection head architecture remains consistent with the original implementation, but now processes

the enhanced features generated by the fusion block rather than features from a single backbone.

MF-CALVUS uses this dual-backbone architecture to process input images through two par-

allel feature extraction pathways. The first pathway maintains the depth-aware processing capa-

bilities of the original CALVUS system, using the frozen ML-Depth Pro patch encoder to generate

rich spatial representations with fine-grained contextual understanding. The second pathway op-

erates on the 768×768 resized image and introduces the RT-DETR backbone, which provides
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Figure 3.5: MF-CALVUS architecture overview. The diagram illustrates the main components:
image pre-processing (green), the ML-Depth-based backbone (blue), RT-DETR backbone (pur-
ple), Fusion Block (yellow) and the RT-DETR-based head (orange). Arrows’ colors denote in-
formation flow from different image resolutions: red for 1536×1536, yellow, dark blue and dark
green for 768×768, and orange for 384×384.

conventional object detection features optimized for general detection tasks. This parallel pro-

cessing approach allows the system to leverage both the depth-aware representations crucial for

underwater spatial understanding and the robust general-purpose features that have proven effec-

tive in diverse detection scenarios.

The key improvement in MF-CALVUS is the introduction of a multi-head attention-based

multimodal feature fusion block that combines the multi-scale representations from both back-

bones. This multimodal fusion mechanism employs a transformer-style multi-head attention ar-

chitecture to merge the 1024-dimensional features from the ML-Depth Pro encoder with the 256-

dimensional features from the RT-DETR backbone. Specifically, the fusion only occurs between

the two smaller feature maps of both backbones, in order to still take advantage of the feature map

derived from the bigger size image (1536×1536) of the ML-Depth backbone that is capable of the

finer details of the image. This multimodal approach creates an unified feature representation that

captures both spatial cues and general object detection patterns through learned attention weights

that dynamically emphasize the most relevant features for different detection scenarios.
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Feature Fusion Block

The fusion of the depth features from the ML-Depth backbone and the texture features from RT-

DETR backbone are made by the fusion block in Figure 3.6. Let Fdepth ∈ RH×W×D and Ftexture ∈
RH×W×D represent the feature maps from the ML-Depth and RT-DETR backbones, respectively.

This block consists initially of a Multi-Head Attention [51] which processes the features

through parallel attention heads, each learning different aspects of the cross-modal relationships

between the depth-aware and conventional detection features. Each attention head applies normal-

ization layers to the input feature map of the ML-Depth backbone, corresponding to the query (Q),

and to the input feature map of the RT-DETR backbone, corresponding to the key (K) and value

(V), in order to stabilize the attention computation:

Q = LayerNorm(Fdepth); (3.1)

K = LayerNorm(Ftexture); (3.2)

V = LayerNorm(Ftexture). (3.3)

The attention mechanism computes scaled dot-product attention between the query and key

features, and later between this output and the value features, producing attention weights that

determine the relevance of RT-DETR features for each spatial location in the ML-Depth feature

map. Following the multi-head attention computation, the outputs from all attention heads are

concatenated to form a comprehensive feature representation that captures both modalities. This

entire multi-head attention operation is denoted as MHA(Q, K, V). This concatenated output is

then added to the original ML-Depth feature map through a residual connection, preserving the

original depth-aware information while incorporating the complementary detection features from

the RT-DETR backbone:

Fresidual = Fdepth +MHA(Q,K,V ). (3.4)

The fused features undergo a reshaping operation to ensure proper spatial dimensions for sub-

sequent processing, denoted as Freshaped . The final stage of the fusion block employs a weighted

sum mechanism that adaptively combines the reshaped multi-head attention output with the inter-

polated features. This weighted combination is computed through a learnable weighting scheme

(feature interpolation) that adaptively balances the contributions from the attention-processed fea-

tures and the interpolated features based on their relevance for the specific detection task in order

to create the best balance between the depth and texture information:

Fout put = α ·Fdepth +(1−α) ·Freshaped . (3.5)
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where α ∈ [0,1] is a learnable parameter that adaptively balances the contributions from the

multimodal fused features and the depth features.

Figure 3.6: Fusion block architecture. The input feature maps from ML-Depth (depth features)
and RT-DETR (texture features) undergo a normalization layer to create query (Q), key (K), and
value (V) inputs for the Multi-Head Attention mechanism. The MHA processes cross-modal re-
lationships between depth and texture modalities, producing enhanced features that are combined
with the original depth features through a residual connection. The resulting fused features are
reshaped to maintain proper spatial dimensions and then fed into a Feature Interpolation block
alongside the original depth features, where a learnable weighted sum adaptively balances the
contributions from both feature representations to produce the final output.

3.5 Training Methodology

The training strategy employed for both CALVUS and MF-CALVUS architectures follows a se-

lective transfer learning approach designed to preserve the valuable depth-aware representations

while enabling task-specific adaptation for underwater anode detection. To maximize the uti-

lization of depth-aware features learned during the ML-Depth Pro pre-training phase, a selective

freezing strategy was implemented across both architectures. The ML-Depth backbone parameters

were frozen throughout the entire training process, ensuring the preservation of the rich spatial un-

derstanding capabilities crucial for underwater scene comprehension. The selective training con-

figuration differs between the two proposed architectures based on their respective complexity. For

CALVUS, only the RT-DETR detection head parameters were updated during training, focusing

the learning process on adapting the pre-trained detection capabilities to the specific characteris-

tics of underwater anode identification. In contrast, MF-CALVUS required training of both the

RT-DETR detection head and the added feature fusion block, enabling the system to learn how
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to combine depth-aware and conventional detection features while maintaining the frozen state of

the feature extraction backbone.

Both architectures employ a initialization strategy that uses the pre-trained weights from their

respective source models. The ML-Depth Pro backbone is initialized with weights from the origi-

nal depth estimation model [17]. Simultaneously, the RT-DETR detection head is initialized with

weights from the original RT-DETR model trained on general object detection tasks, retaining

valuable detection-specific knowledge that facilitates faster convergence and improved initial per-

formance. This initialization approach provides several advantages such as reducing the training

time required for convergence by starting from well-optimized parameter configurations and en-

suring that both components begin training with relevant domain knowledge.

The training process uses the official RT-DETR loss function (RTDETRLoss) [18], which in-

corporates classification loss, bounding box regression with Generalized Intersection over Union

(GIoU), and a denoising component specifically designed to enhance robustness to noisy inputs.

This loss formulation is particularly suited for underwater applications where environmental ar-

tifacts such as marine snow and motion blur frequently contaminate the input images. This loss

function can be characterized by the following equations:

LRT-DETR = Lstandard +Ldenoising; (3.6)

Lstandard = λclsLcls +λbboxLbbox +λgiouLgiou; (3.7)

Ldenoising = λdn_clsLdn_cls +λdn_bboxLdn_bbox +λdn_giouLdn_giou. (3.8)

The standard detection loss Lstandard consists of three components that collectively optimize

object detection performance. The classification loss Lcls employs focal loss to address class im-

balance between foreground and background regions, which is particularly beneficial in underwa-

ter scenarios where anodes often represent a small fraction of the total image area. The bounding

box regression loss Lbbox uses L1 loss to ensure precise localization of detected objects, specially

in underwater conditions, while the GIoU loss Lgiou provides scale-invariant optimization that

handles objects of varying sizes effectively. The denoising component Ldenoising represents a key

innovation in RT-DETR that significantly accelerates training convergence and improves robust-

ness. During training, this component introduces controlled noise to ground truth bounding boxes

and labels, creating additional denoising queries that the model must learn to refine back to their

original clean state. This mechanism forces the network to develop robust feature representations

that can handle noisy inputs, making it particularly effective for underwater environments where

image quality is frequently compromised by turbidity, light variations, and marine snow. The de-

noising loss mirrors the structure of the standard loss with identical components (Ldn_cls, Ldn_bbox,

Ldn_giou) but operates on the noisy query predictions.
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λcls = λdn_cls = 1, λbbox = λdn_bbox = 5 and λgiou = λdn_giou = 2. (3.9)

The loss weighting coefficients are set to emphasize localization accuracy over classification

confidence, with bounding box regression receiving the highest weight (λbbox = 5) followed by

GIoU loss (λgiou = 2) and classification loss (λcls = 1).

The training methodology used the following configuration settings detailed in Table 3.1.

Table 3.1: Training Parameters and Configuration.

Optimizer AdamW
Learning Rate Scheduler ReduceLROnPlateau
Batch Size 6
Epochs 50
Hardware NVIDIA RTX 2080 SUPER 8GB VRAM

The AdamW optimizer was selected due to its established state-of-the-art performance in de-

tection tasks and its common pairing with RT-DETR [63]. The ReduceLROnPlateau scheduler

enables adaptive learning rate adjustment, automatically reducing the learning rate when valida-

tion loss plateaus, thereby facilitating fine-tuned convergence without manual intervention. The

batch size of 6 samples was determined by the available GPU memory constraints, represent-

ing the maximum feasible batch size for the RT-DETR model on the RTX 2080 SUPER’s 8GB

VRAM while maintaining training stability. Although larger batch sizes could potentially improve

training dynamics, this configuration ensures efficient memory utilization without compromising

model performance. A maximum of 50 epochs was established to provide sufficient training iter-

ations while incorporating early stopping mechanisms based on validation loss monitoring. This

approach prevents overfitting and reduces computational overhead by terminating training when

no further improvement is observed.

The training and validation loss for the CALVUS model are depicted in Figure 3.7. The ob-

served discrepancy between these loss values stems from the RTDETRLoss function’s mechanism.

The denoising term, presented in Equation 3.8, is applied exclusively to the training loss. Analy-

sis of both losses reveals that the validation loss begins to plateau around epoch 24, whereas the

training loss plateaus closer to epoch 30. However, due to the applied early stopping criterion,

training concluded after 10 epochs. This approach prevents the model from overfitting by saving

the model from the epoch that yielded the best validation loss.

Figure 3.8 presents the training and validation loss progression for MF-CALVUS. Consistent

with the observations for CALVUS, the disparity between the training and validation losses is

attributed to the RTDETRLoss function’s design. Analysis of these curves indicates that both

validation and training loss for MF-CALVUS begin to stabilize around epoch 28. Consequently,

training was concluded after 38 epochs due to the implemented early stopping criterion.
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Figure 3.7: CALVUS training loss and validation loss progression.

Figure 3.8: MF-CALVUS training loss and validation loss progression.



Chapter 4

Experimental Results

In this chapter, the results obtained by evaluating the proposed architectures will be presented and

discussed. Firstly, the performance metrics employed for object detection tasks will be described

to establish the evaluation framework used throughout this analysis. Subsequently, a comprehen-

sive comparison between CALVUS and state-of-the-art object detection approaches, specifically

RT-DETR and YOLO, will be conducted to assess the relative performance of the proposed method

against established baselines. Following this comparative analysis, the performance differences

between the standard CALVUS architecture and its enhanced variant, MF-CALVUS, will be ex-

amined to demonstrate the improvements of the proposed multimodal fusion approach. Finally, a

real world validation is conducted to test both approaches and validate their robustness.

4.1 Performance Metrics for Detection Task

To quantitatively assess the performance of the CALVUS model in detecting of sacrificial anodes,

a standard set of object detection evaluation metrics were employed. These metrics provide a

comprehensive understanding of the model’s accuracy in both localization and classification.

• IoU@50 (Average Intersection over Union for detections with at least IoU of 0.5): This

metric represents the average Intersection over Union (IoU) calculated only for detected

bounding boxes that achieve an IoU of at least 0.5 with their corresponding ground truth

boxes. IoU indicates the overlap of the predicted bounding box to the ground truth box.

IoU@50 provides a direct measure of the average spatial overlap accuracy for confidently

detected objects. A higher IoU@50 indicates better bounding box prediction quality.

IoU =
Area of Overlap
Area of Union

(4.1)

• Average Precision (AP): This is the primary metric for evaluating object detection models.

It represents the average of the Precision-Recall curve calculated across multiple IoU thresh-

olds. In this study, AP will be averaged across IoU thresholds ranging from 0.50 to 0.95,

with a step size of 0.05. A higher AP indicates a more accurate and robust model, capable

36
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of both precise localization and correct classification across varying degrees of overlap with

ground truth.

AP =
∫ 1

0
P(R)dR, (4.2)

where P(R) represents precision as a function of recall.

• AP@50 (Average Precision at IoU threshold of 0.50): This metric specifically measures

the Average Precision when the IoU between a predicted bounding box and a ground truth

bounding box must be at least 0.50 to be considered a true positive. It is a common metric

to evaluate overall detection performance, particularly for general object recognition tasks

where a reasonable overlap is sufficient.

• AP@75 (Average Precision at IoU threshold of 0.75): This metric evaluates the Average

Precision with a stricter IoU threshold of 0.75. It is particularly important for applications

requiring high localization accuracy, as it penalizes detections that are not tightly aligned

with the ground truth. Achieving a high AP@75 signifies the model’s ability to precisely

delineate the boundaries of the target structures.

In addition to these metrics, confusion matrices were used to provide classification insights

into the model’s detection capabilities. The confusion matrix is a table that presents the relation-

ship between predicted and actual classifications, serving as the foundation for calculating various

performance measures. For the binary detection task of identifying sacrificial anodes, the confu-

sion matrix organizes detection outcomes into four fundamental categories, as illustrated in Table

4.1.

Table 4.1: Confusion matrix for a binary classification task.

Predicted

Positive Negative

Actual
Positive True Positive (TP) False Negative (FN)

Negative False Positive (FP) True Negative (TN)

The confusion matrix elements are defined based on detection outcomes at a specified IoU

threshold of 0.5. A True Positive (TP) occurs when the predicted bounding box achieves an IoU

≥ 0.5 with a ground truth bounding box of the same class, indicating successful detection and

localization. A False Positive (FP) represents detections that either have insufficient spatial overlap

with ground truth objects or correspond to incorrect classifications. False Negatives (FN) occur

when ground truth objects are not detected by the model, representing missed detections. True

Negatives (TN) correspond to background regions correctly identified as not containing objects of

interest, though this metric receives less emphasis in detection evaluation due to the predominance

of background regions in typical images.
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From these confusion matrix elements, several key performance metrics can be calculated to

provide comprehensive evaluation of the detection system. The accuracy of the model, calculated

according to Equation 4.3, represents the percentage of correctly classified instances.

Accuracy =
T P+T N

T P+FP+T N +FN
. (4.3)

Precision, defined in Equation 4.4, measures the proportion of detections that were actually

correct, indicating the model’s ability to avoid false alarms.

Precision =
T P

T P+FP
. (4.4)

Recall, shown in Equation 4.5, quantifies the fraction of actual objects that were successfully

detected, representing the model’s effectiveness in identifying positive instances.

Recall =
T P

T P+FN
. (4.5)

The F1-score, presented in Equation 4.6, provides a harmonic mean of precision and recall,

offering a balanced measure that accounts for both detection accuracy and completeness.

F1-Score =
2×T P

2×T P+FP+FN
. (4.6)

These confusion matrix-derived metrics complement the Average Precision-based evaluation

by providing interpretable measures of the model’s detection performance, enabling a comprehen-

sive assessment of the model’s effectiveness in detecting sacrificial anodes under varying under-

water conditions.

4.2 Comparing Uni-modality CALVUS with the State of the art

A comparison between CALVUS and other state-of-the-art object detection approaches is con-

ducted. Specifically, the proposed architecture is evaluated against RT-DETR and YOLO, more

specifically RT-DETR-L, YOLO11x and YOLO12x. To ensure a fair and meaningful comparison,

all models were trained under identical conditions using the same transfer learning strategy, where

the backbone remains frozen while the head retrains for the task of detecting anodes, CLAHE

pre-processing, and evaluation protocols.

The quantitative results presented in Table 4.2 demonstrate the superior performance of the

proposed CALVUS model across all evaluated metrics compared to RT-DETR-L and the YOLO

architectures tested. When applied to the anode detection task, the RT-DETR-L backbone ex-

hibits limited capability in effectively capturing relevant features, resulting in comparatively poor

performance with an AP of only 0.345 and an AP@50 of 0.435. Among the YOLO variants,

YOLO11x achieves the best performance with an AP of 0.624 and an AP@50 of 0.780, while

YOLO12x shows slightly degraded performance with an AP of 0.573 and an AP@50 of 0.711. De-

spite the competitive performance of YOLO11x, it still under performs compared to the proposed
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Table 4.2: Performance results of the proposed CALVUS model compared to baseline object
detection architectures (YOLO and RT-DETR-L) on the real-world dataset.

Model Image Size IoU@50 AP AP@50 AP@75

YOLO11x 640 0.886 0.624 0.780 0.697

YOLO12x 640 0.891 0.573 0.711 0.640

RT-DETR-L 640 0.887 0.345 0.435 0.398

CALVUS 1536 0.893 0.750 0.979 0.883

model. CALVUS achieves remarkable performance with an AP of 0.750 and an exceptionally high

AP@50 of 0.979, representing substantial improvements of 20.2% and 25.5% respectively over the

best-performing baseline (YOLO11x). Additionally, CALVUS demonstrates superior precision at

higher IoU thresholds, achieving an AP@75 of 0.883 compared to YOLO11x’s 0.697. Looking at

the IoU@50, all the models exhibit good results with CALVUS having the highest value at 0.893

beating YOLO11x by 0.7%, YOLO12x by 0.2% and RT-DETR-L by 0.6%. CALVUS operates

at an input resolution of 1536×1536, notably higher than the 640×640 used by baseline models.

Attempts to train these YOLO and RT-DETR baselines at the elevated 1536×1536 resolution did

not result in convergence, suggesting CALVUS’s enhanced detection capabilities are partly due to

its effective utilization of higher-resolution inputs. These results strongly validate our hypothesis

that CALVUS exhibits superior feature extraction capabilities for anode detection compared to

current state-of-the-art object detection architectures.

Figure 4.1 presents a comprehensive comparative analysis of detection outputs from CALVUS,

YOLO11x, and YOLO12x across four representative instances, each illustrating distinct challeng-

ing conditions encountered in underwater environments. Instance 1 demonstrates the superior

robustness of CALVUS and YOLO11x compared to YOLO12x in avoiding false positives. While

CALVUS and YOLO11x correctly identify that no anode is present in the underwater structure,

YOLO12x incorrectly detects a non-existent anode, resulting in a false positive detection. Instance

2 showcases the models’ comparative performance under marine snow conditions, a prevalent

challenge in underwater object detection.CALVUS maintains its detection accuracy with a single

correct bounding box, whereas YOLO11x fails to produce any detections. Although YOLO12x

correctly identifies an anode in the image, its bounding box precision is significantly inferior to that

achieved by CALVUS, demonstrating reduced localization accuracy under challenging visibility

conditions.

Instance 3 and 4 provide particularly compelling evidence for the effectiveness of depth-aware

feature extraction. In these scenarios, extensive biofouling creates uniform texture patterns across

the image, presenting a significant challenge for traditional RGB-based detection approaches. In

Instance 3, YOLO12x produces multiple detections due to the visual similarity created by bio-

fouling, while YOLO11x fails to generate any detections. Instance 4 exhibits a similar pattern

of inconsistent performance, with YOLO11x producing multiple anode detections and YOLO12x

failing to detect any objects. Both YOLO variants demonstrate susceptibility to the challenging
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visual conditions created by biofouling, resulting in either over-detection or complete detection

failure. In contrast, CALVUS leverages its depth-informed feature extraction capabilities to ef-

fectively distinguish between background elements and actual anodes in both instances. This

depth-aware approach enables CALVUS to maintain consistent detection accuracy despite the

uniform texture patterns created by biofouling, resulting in correct single-object detection in both

challenging scenarios.

Figure 4.1: Comparison of CALVUS, YOLO11x and YOLO12x detections in varying scenarios.

The confusion matrices presented in Figure 4.2 provide quantitative validation of these qual-

itative observations, comparing the performance of YOLO11x, YOLO12x, and CALVUS. These

matrices offer detailed insights into detection accuracy through the distribution of True Positives,

False Negatives, and False Positives. From these confusion matrices, key performance metrics

including accuracy, precision, recall, and F1-score were calculated, as presented in Table 4.3.

The quantitative analysis reveals substantial performance differences between the evaluated

models. CALVUS demonstrates exceptional performance across all metrics, achieving near-
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(a) CALVUS (b) YOLO11x (c) YOLO12x

Figure 4.2: Confusion matrices highlighting classification results on the test dataset for YOLO11x,
YOLO12x and CALVUS.

perfect scores with an accuracy of 0.988, precision of 0.998, recall of 0.987, and F1-score of 0.992.

These results represent significant improvements over the baseline models, with CALVUS outper-

forming YOLO11x by 16.6 percentage points in accuracy and 21.1 percentage points in recall

while maintaining similar precision performance. Notably, all three models exhibit high precision

values, indicating their ability to successfully avoid the detection of false positives. However, the

models differ significantly in their recall capabilities. YOLO12x demonstrates the poorest overall

performance with an accuracy of only 0.764 and recall of 0.714, suggesting that while it correctly

identifies the anode class (as seen in its high precision), it misses a notable portion of them, which

was in evidence on Instance 2 of Figure 4.1. YOLO11x shows improved performance with an

accuracy of 0.822 and recall of 0.786, caused by the reduced number of false negatives compared

to YOLO12x, yet still falling considerably short of CALVUS’s performance. The superior perfor-

mance of CALVUS, particularly evident in its F1-score of 0.992, demonstrates its effectiveness in

achieving both high recall and precision simultaneously. This combination is crucial for practical

underwater inspection applications, where minimizing false alarms while ensuring comprehensive

detection coverage is essential for operational efficiency and reliability.

Table 4.3: Performance results extracted from the confusion matrices.

Model Accuracy Precision Recall F1-Score

YOLO11x 0.822 0.987 0.786 0.875

YOLO12x 0.764 0.987 0.714 0.829

CALVUS 0.988 0.998 0.987 0.992

4.3 Multimodal Adaptive Fusion for anode detection

This section presents a comprehensive evaluation of the MF-CALVUS architecture, beginning

with an ablation study to optimize the fusion block design, followed by a detailed performance

comparison against the CALVUS model.
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4.3.1 Ablation Study of the Multimodal Adaptive Fusion

To determine the most effective fusion block design for the MF-CALVUS architecture, an abla-

tion study was performed comparing four different configurations. The complete fusion block

architecture integrates multi-head attention mechanisms with feature processing components, as

illustrated in Figure 4.3. The highlighted components show the key elements evaluated in the abla-

tion study: the Feed-Forward Network (FFN) module and the Features Weighted Sum mechanism.

These approaches, along with their combination and a baseline configuration, where the fusion is

only done by the MHA, were systematically evaluated, with results presented in Table 4.4.

Figure 4.3: MF-CALVUS fusion block architecture with highlighted components evaluated in the
ablation study. The Feed-Forward Network (green) and Features Weighted Sum (blue) modules
represent the key fusion strategies tested.

The results depicted in Table 4.4 demonstrate significant performance improvements achieved

by the MF-CALVUS architecture over the CALVUS model. The baseline MF-CALVUS con-

figuration already shows substantial gains, with AP increasing from 0.750 to 0.7740 (+3.2 per-

centage points) and AP@75 improving from 0.883 to 0.9106 (+3.1 percentage points), indicating

that the feature fusion of the dual backbone architecture yields better results. Among the fusion

block variants, the Weighted Sum configuration achieves the best overall performance, deliver-

ing the highest scores in three out of four metrics: AP (0.7824), AP@75 (0.9136), and IoU@50

(0.9027). This represents a further improvement of 1.1 percentage points in AP and 0.3 percentage

points in AP@75 compared to the baseline configuration. The use of the Weighted Sum approach

demonstrates consistent improvements across all evaluation metrics, suggesting robust perfor-

mance enhancement rather than optimization for specific detection scenarios. The Weighted Sum

+ FFN combination exhibits interesting trade-off characteristics, achieving the highest AP@50
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score (0.9889) but showing decreased performance in AP@75 (0.9004) compared to the baseline

configuration. This suggests that while the combined approach excels at detecting objects with

lower IoU thresholds, it may struggle with more precise localization requirements. The FFN-only

configuration shows minimal improvement over the baseline implementation, with only a marginal

0.5 percentage point gain in AP, while actually decreasing performance in AP@75 and IoU@50

metrics. These findings indicate that the weighted fusion mechanism is the primary driver of per-

formance gains in the MF-CALVUS architecture. The superior performance of the standalone

Weighted Sum configuration suggests that feature interpolation and adaptive weighting provide

more effective multi-scale feature integration than feed-forward processing alone, making it the

optimal choice for the final MF-CALVUS implementation.

Table 4.4: Ablation study results of MF-CALVUS fusion block configurations.

Model IoU@50 AP AP@50 AP@75

CALVUS 0.8932 0.7494 0.9786 0.8826

MF-CALVUS (Baseline) 0.9009 0.7740 0.9791 0.9106

MF-CALVUS (FFN) 0.8990 0.7780 0.9791 0.9075

MF-CALVUS (Weighted Sum + FFN) 0.8995 0.7750 0.9889 0.9004

MF-CALVUS (Weighted Sum) 0.9027 0.7824 0.9885 0.9136

4.3.2 Comparison with CALVUS

To quantitatively assess the architectural improvements in MF-CALVUS, confusion matrices are

presented in Figure 4.4. These matrices allow for a direct comparison between the CALVUS

model and its enhanced, fusion-based version, with corresponding metrics found in Table 4.5.

(a) CALVUS (b) MF-CALVUS

Figure 4.4: Confusion matrices highlighting classification results on the test dataset for CALVUS
and MF-CALVUS.
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Table 4.5: Performance results extracted from the confusion matrices comparing both CALVUS
variations.

Model Accuracy Precision Recall F1-Score

CALVUS 0.9881 0.9978 0.9874 0.9925

MF-CALVUS 0.9949 0.9989 0.9948 0.9968

The quantitative analysis reveals meaningful performance improvements achieved through the

enhanced fusion mechanisms applied. MF-CALVUS demonstrates superior performance across

all evaluation metrics, achieving near perfect scores with an accuracy of 0.9949, precision of

0.9989, recall of 0.9948, and F1-score of 0.9968. These results represent consistent improvements

over the already strong CALVUS model, with MF-CALVUS outperforming CALVUS by 0.68 per-

centage points in accuracy and 0.74 percentage points in recall while maintaining enhanced pre-

cision performance. The most significant improvement is observed in recall performance, where

MF-CALVUS achieves 0.9948 compared to CALVUS’s 0.9874. This enhancement translates to

a substantial reduction in false negative detections, with MF-CALVUS missing only 19 actual

anodes compared to 46 missed by the baseline model. This improvement demonstrates the ef-

fectiveness of the weighted fusion mechanism in capturing subtle features that distinguish actual

underwater structures from complex marine environments. Both models exhibit exceptionally

high precision values, with MF-CALVUS achieving 0.9989 compared to CALVUS’s 0.9978. This

minimal difference reflects both architectures’ robust capability to avoid false positive predictions,

with MF-CALVUS generating only 4 false positives compared to 8 from the baseline model. The

enhanced precision indicates that the fusion-based feature integration does not compromise the

model’s ability to distinguish actual targets from background elements. The superior performance

of MF-CALVUS in its F1-score of 0.9968, demonstrates the effectiveness of the weighted fusion

approach in achieving optimal balance between precision and recall. This improvement is crucial

for practical underwater inspection applications, where both comprehensive detection coverage

and minimal false alarms are essential for operational reliability and cost-effectiveness. The en-

hanced fusion mechanism successfully leverages multi-scale feature information to achieve more

robust detection performance in challenging underwater environments.

To further examine the specific instances where MF-CALVUS’s feature fusion approach yielded

improvements over CALVUS, Figure 4.5 illustrates a few representative cases. As depicted in

Figure 4.5, CALVUS exhibits increased difficulty in detecting anodes within certain scenarios, a

challenge not observed with MF-CALVUS. Instance 1 presents a situation where the majority of

the anode is occluded, yet its texture remains clearly differentiable from the background. The sig-

nificant occlusion of the anode hinders the depth backbone’s ability to accurately detect it, leading

to a False Negative for CALVUS. In contrast, MF-CALVUS successfully leverages the anode’s

textural information to enhance feature extraction and correctly identify the anode. Instance 2 fur-

ther exemplifies the benefits derived from incorporating an additional texture-based backbone. In

this particular instance, the anode is captured at a challenging angle, presenting a complex scenario
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for depth-based feature extraction. As the anode is positioned substantially non-perpendicular to

the image plane, its projected depth variations become less distinct. This ambiguous depth infor-

mation leads to a missed detection by CALVUS. However, through the fusion of features from

both the texture and depth backbones, MF-CALVUS effectively avoids this issue and correctly

identifies the anode. In Instance 3, the considerable distance to the anode combined with the low

illumination of the scene results in minimal discernible variations between the anode and its back-

ground. The only differentiating information available is the whitish tone of the anode’s texture

in areas not obscured by biofouling. This subtle textural cue is successfully used and detected

exclusively by MF-CALVUS.

Figure 4.5: Comparison of CALVUS and MF-CALVUS detections in varying scenarios.

The comprehensive evaluation presented in this subsection provides compelling evidence for

the effectiveness of the enhanced fusion mechanisms implemented in MF-CALVUS. The quanti-

tative analysis demonstrates consistent and meaningful improvements across all performance met-

rics, with MF-CALVUS achieving near-perfect detection accuracy (99.49%) while significantly

reducing false negative detections by 58.7% compared to the baseline CALVUS model. This sub-

stantial reduction in missed detections, from 46 to 19 anodes, shows a major improvement for

practical underwater inspection applications. The fusion-based architecture demonstrates superior
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robustness to common challenges in underwater environments, including partial occlusion, non-

optimal viewing angles, and poor illumination conditions. In each challenging scenario examined,

MF-CALVUS successfully leveraged complementary information from both depth and texture

modalities to maintain accurate detection capabilities, while the single-backbone CALVUS ap-

proach failed to adapt to these adverse conditions.

The multi-modal fusion approach addresses fundamental limitations of single-modality de-

tection systems in underwater environments. By combining depth-aware spatial information with

texture-based discriminative features, MF-CALVUS achieves the robustness necessary for reliable

deployment in real-world marine inspection scenarios.

4.3.3 Real World Validation

As a final validation step for the MF-CALVUS approach in detecting sacrificial anodes under

harsh subsea conditions, real-world testing was conducted. This involved deploying the FIFISHv6

ROV at the ATLANTIS Test Center in Viana do Castelo to acquire new anode images, which was

entirely unseen during model training. Additionally, data was collected of some anodes present

in the original training dataset, specifically chosen due to their significantly increased biofouling

accumulation resulting from an approximate two-year gap between the initial dataset acquisition

and this new data collection. The testing setup, with DURIUS, a moored floating structure from

which the anode images were acquired, visible in the background, is depicted in Figure 4.6. Rep-

resentative examples of the images acquired during this operation are presented in Figure 4.7. It

is notable that images captured in the morning exhibited significantly lower light levels due to

cloudy weather, whereas those taken in the afternoon, under clearer conditions, demonstrated the

opposite effect with increased illumination.

To validate the proposed approach, both CALVUS and MF-CALVUS were tested on the newly

collected data, with relevant results presented in Figure 4.8. This new set of test images revealed

that MF-CALVUS exhibits greater consistency and robustness than CALVUS, particularly in sce-

narios affected by additional challenges such as marine snow. For example, Instances 1 and 2 in

Figure 4.8 were captured during the same acquisition period; however, Instance 1 displays a more

pronounced presence of marine snow and a general blurring effect compared to Instance 2. In this

specific case, MF-CALVUS successfully detects the anode in both situations, whereas CALVUS

struggles with the increased visual clutter in Instance 1, consequently failing to detect the anode.

Similarly, in Instance 3, the proximity to the surface introduces image degradation caused by sun-

light. This effect blurs the edges of the anode’s upper portion, consequently leading to a missed

detection by CALVUS, whereas MF-CALVUS successfully detects the anode. Instance 4 serves

as a compelling illustration of areas for future model improvement. Given that the training dataset

primarily comprised anodes in frontal orientations, both CALVUS variations exhibit difficulty in

detecting anodes presented at unconventional angles. Furthermore, the anodes in Instance 4 dis-

play an extreme degree of biofouling, rendering them nearly imperceptible even to the human eye.

This real-world evaluation confirms MF-CALVUS as a robust approach for practical deployment,
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Figure 4.6: Overview of the real-world validation setup. The FIFISHv6 ROV is depicted (left)
maneuvering towards the DURIUS floating structure for anode image acquisition. Complementing
this, the top-right portion presents the ROV and its remote controller setup, while one of the frames
captured is shown in the bottom-right portion.

(a) (b) (c)

(d) (e) (f)

Figure 4.7: Sample images from real-world validation, illustrating varying illumination conditions.
Figures (a)-(c) were captured under cloudy weather conditions, resulting in notably darker images,
while Figures (d)-(f) were taken under clear conditions, exhibiting some light rays.

showing the advantages of using a multimodal approach opposed to the unimodal CALVUS, while

also highlighting specific areas for future performance optimization.
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Figure 4.8: Comparison of CALVUS and MF-CALVUS on the new acquired data.



Chapter 5

Conclusion

The offshore wind energy sector has emerged as a critical component of the global transition to-

ward sustainable energy systems. However, the operational success and economic viability of

these installations depend on effective operations and maintenance (O&M) practices, particularly

for underwater structural components that face constant exposure to harsh marine environments.

Current O&M practices rely heavily on manual operations requiring human divers or Remotely

Operated Vehicles (ROVs), operations that pose significant safety risks to personnel and incur

substantial operational costs, creating an urgent need for autonomous monitoring solutions that

can reduce human risk exposure while maintaining inspection reliability. In the context of OWTs,

the maintenance of underwater foundations is vital for structural integrity and operational safety.

The monitoring of sacrificial anodes, which provide essential corrosion protection for underwa-

ter structures, represents a critical aspect of this maintenance regime. However, the development

of autonomous solutions for anode detection and assessment is severely hindered by the inherent

challenges of underwater environments, where data degradation significantly compromises the ef-

fectiveness of conventional computer vision approaches. Additionally, the scarcity of high-quality

annotated datasets, resulting from the difficulties associated with underwater data acquisition, fur-

ther impedes research progress in this domain.

This work addressed this challenges by firstly developing a pre-processing pipeline to mit-

igate visual degradation in underwater environments. The implementation of Contrast Limited

Adaptive Histogram Equalization (CLAHE) effectively addressed color distortion and uneven il-

lumination, while data augmentation strategies simulating motion blur, marine snow, color shifts,

and illumination variations enhanced model robustness across diverse underwater conditions en-

countered in real-world deployments. The development of Contextual Anode Locator in Varying

Underwater Scenarios (CALVUS), explored the application of depth-aware feature extraction to

underwater structural detection. CALVUS leverages the pre-trained Vision Transformer back-

bone from ML-Depth Pro, exploiting depth-aware networks’ capability to capture fine-grained

spatial relationships crucial for underwater anode identification. Through multi-scale processing

and integration with a modified RT-DETR detection head, CALVUS feature extraction outper-

forms state-of-the-art architectures, achieving an Average Precision of 0.750 compared to 0.624
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for YOLO11x (12.6% improvement) and an exceptional AP@50 of 0.979 (19.9% improvement

over the best baseline).

The primary contribution of this work was Multimodal Fusion - Contextual Anode Loca-

tor in Varying Underwater Scenarios (MF-CALVUS), incorporating dual backbone processing

with multimodal feature fusion. This architecture combines depth-based spatial information with

conventional texture-based features through a multi-head attention-based fusion block, operating

through parallel pathways that merge complementary data streams. MF-CALVUS achieved sub-

stantial improvements over CALVUS with an AP of 0.782 (3.3% increase), exceptional precision

(99.89%) and recall (99.48%), while reducing false negative detections by 58.7% from 46 to 19

missed anodes, a critical improvement for preventing undetected structural degradation that could

lead to catastrophic failures. The comprehensive experimental evaluation conducted throughout

this research provides compelling evidence for the effectiveness of the proposed approaches. The

systematic comparison against established baselines, including YOLO11x, YOLO12x, and RT-

DETR-L, demonstrates the superior performance of both CALVUS variants across diverse under-

water conditions. The confusion matrix analysis reveals that MF-CALVUS achieves near-perfect

detection accuracy (99.49%) while maintaining great precision, minimizing false alarm rates cru-

cial for operational deployment. The real-world validation conducted at the ATLANTIS Test

Center using entirely unseen data further confirms the robustness and practical applicability of

the proposed methods. The testing revealed that MF-CALVUS exhibits greater consistency and

reliability than single-modality approaches, particularly in challenging scenarios involving marine

snow, varying illumination conditions, and heavy biofouling.

This dissertation addresses a critical gap in underwater structural monitoring, providing a prac-

tical solution that can significantly enhance the safety, efficiency, and economic viability of off-

shore wind O&M. This work establishes depth-aware feature extraction as a viable and superior

approach for underwater object detection, opening new research directions in underwater object

detection. The successful use of multimodal features for detection tasks shows their potential in

challenging environments where conventional approaches fail.

The transition from manual to autonomous underwater inspection represents a paradigm shift

that reduces human exposure to hazardous marine environments while providing more consistent,

reliable, and cost-effective monitoring capabilities. This research contributes to that transition by

providing validated, deployable solutions that address real-world operational challenges in off-

shore wind maintenance, ultimately supporting the continued growth and success of renewable

energy infrastructure.

5.1 Future Work

While the proposed approaches demonstrate significant performance improvements, several limi-

tations provide opportunities for future research. The current models show reduced performance

when detecting anodes at unconventional viewing angles, reflecting the predominance of frontal

orientations in the training dataset. Future work should focus on expanding dataset diversity to
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include more varied viewing perspectives and structural configurations to improve the model’s

robustness across different inspection scenarios.

The extension of these approaches to other underwater structural components represents a

significant opportunity for broader impact. Adapting the depth-aware feature extraction and mul-

timodal fusion techniques to detect other critical underwater structures such as mooring lines and

anchors would substantially expand the practical utility of autonomous inspection systems. This

expansion would require the development of additional annotated datasets which combined all this

types of structures.

The integration of these detection capabilities with robotic manipulation systems could enable

fully autonomous inspection and maintenance operations. Future work could explore the com-

bination of the proposed detection algorithms with underwater robotics platforms equipped with

manipulation capabilities, potentially enabling autonomous cleaning of anodes, replacement of

degraded components, or real-time structural health assessment. This integration would represent

a complete autonomous maintenance solution for offshore wind installations. Furthermore, the de-

velopment of predictive maintenance capabilities based on the detected structural conditions could

provide significant value for offshore operators. By combining the detection results with temporal

analysis and degradation analysis, future systems could predict maintenance needs and optimize

inspection schedules, leading to more efficient and cost-effective O&M strategies.
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