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Abstract

Offshore wind energy has emerged as a leading renewable technology due to higher capacity fac-
tors and larger turbine sizes compared to onshore installations, requiring effective maintenance
procedures to operate in harsh maritime environments. This leads to cyclical inspection needs that
assess structural integrity and detect potential defects in submerged components. While robotic
solutions offer safer alternatives to manual operations that expose divers and support personnel
to significant risks, the perceptual capabilities integrated in these systems provide degraded uni-
modality representations, limited by data acquisition range and occlusions. Current underwater
imaging sensors lack mitigation strategies to reduce the impact of light absorption, scattering,
and suspended particles. These not only reduce visibility, limit contrast, and introduce haze, but
also critically hinder the acquisition of high-fidelity tri-dimensional information crucial for au-
tonomous structural assessment.

This research focuses on advancing underwater imaging solutions tailored for eye-in-hand
perception. The MARESye hybrid imaging sensor is developed to meet close-range inspection
requirements, gathering high-fidelity information through both passive stereo imaging and active
laser triangulation. A data-driven range-gated acquisition scheme mitigates the impact of sub-sea
phenomena, while information fusion principles are introduced to leverage the complementary
strengths of each imaging modality. This approach enables the integration of textured data, tri-
dimensional point clouds, and motion perception principles into unified representations of the
underwater scene.

MARESye demonstrates its effectiveness through embedded processing and millimeter-precise
measurements within its optimal operating range, maintaining reliable performance at the AT-
LANTIS Coastal Testbed despite challenges including biofouling, varying light conditions, and
heavy marine snow. Vision-based tri-dimensional information gathered underwater exhibits dis-
tinct error profiles and data characteristics: passive stereo provides dense and textured information
but its metric performance degrades with distance, while active laser triangulation estimates a
sparse set of precise measurements with limited spatial coverage. Novel fusion methodologies are
introduced to exploit these complementary characteristics, representing the first approaches to in-
tegrate heterogeneous 3D data from underwater imaging techniques. The Joint Masked Regression
(JMR) algorithm propagates laser-based measurements through regression curves across homoge-
neous regions, while the undeRwater HEterogenous 3d information fusion Architecture (RHEA)
jointly extracts features from coupled point cloud inputs through a synthetic-to-real training ap-
proach. Both methodologies achieve significant improvements in controlled trials, with accuracy
gains of 34.9% and 52.5% over baseline stereo reconstructions, maintaining performance in harsh
near-real conditions at the ATLANTIS Test Center. Stereo-based depth estimation remains fun-
damentally constrained by feature matching ambiguities and continuous accuracy degradation.
This research addresses these limitations through multimodal data fusion principles, introducing
fusiNg tExture with apparent motion information for underwater Scene recOnstruction (NESO)
architecture to obtain dense textured representations through the fusion of image data with appar-
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ent motion perception principles. The network leverages an attention-based pyramidal design that
preserves high-level features by reintroducing them throughout multiple decoding stages. Valida-
tion with sacrificial anode inspections demonstrates absolute errors down to 0.0016 m, although
predictions require refinement outside the training metric range. Integration with sparse laser data
addresses this limitation, achieving metric improvements up to 0.1124 m while preserving relative
depth relationships.

The developments introduced along this research enhance autonomous inspection capabilities
in harsh sub-sea environments. MARESye proves suitable for eye-in-hand inspections, enabling
millimeter-precise structural assessments through on-site information fusion at the edge. This im-
proved tri-dimensional scene understanding advances the state-of-the-art in autonomous offshore
inspection operations, contributing to safer and more efficient infrastructure maintenance.



Resumo

A energia edlica em alto mar tem-se destacado como uma tecnologia renovavel cada vez mais
relevante devido a fatores de capacidade superiores e turbinas de maior dimensdo comparativa-
mente as instalagdes em terra, exigindo procedimentos de manutengdo eficazes em ambientes
maritimos adversos. Isto resulta na necessidade de inspecdes ciclicas para avaliar a integridade
estrutural e detetar possiveis defeitos em componentes submersos. Embora as solu¢des robdticas
oferecam alternativas mais seguras as opera¢des manuais que expdem mergulhadores e pessoal de
apoio a riscos significativos, as capacidades percetivas integradas nestes sistemas proporcionam
representacdes uni-modais degradadas, limitadas pelo alcance de aquisicdo de dados e oclusdes.
Atualmente, os sensores de imagem para ambientes submersos carecem de estratégias de miti-
gacdo para reduzir o impacto da absor¢@o de luz, dispersdo e particulas em suspensdo. Estes ndo
s6 reduzem a visibilidade, limitam o contraste e introduzem neblina, como também dificultam
criticamente a aquisicdo de informacdo tri-dimensional de alta fidelidade, crucial para a avalia¢do
estrutural auténoma.

Este doutoramento centra-se no desenvolvimento de solu¢des de imagem subaquética adap-
tadas para perce¢do eye-in-hand. O sensor de imagem hibrido MARESye € desenvolvido para sat-
isfazer requisitos de inspecdo de proximidade, recolhendo informag¢do com precisdo milimétrica
de alta fidelidade através de imagem stereo passiva e triangulacdo laser ativa. Um sistema de
aquisicdo range-gated orientado aos dados obtidos, mitiga o impacto de fenémenos submarinos,
enquanto principios de fusdo de informacdo sdo introduzidos para aproveitar as caracteristicas
complementares de cada modalidade. Esta abordagem permite a integracdo de dados textura-
dos, nuvens de pontos tri-dimensionais e principios de perce¢do de movimento em representagoes
unificadas do cendrio submarino.

O sensor MARESye demonstra a sua eficdcia através de processamento embebido e medicdes
milimétricas dentro do seu alcance operacional 6timo, mantendo um desempenho fidvel no Centro
de Testes ATLANTIS apesar de desafios como agregacdo de organismos, variacdes de iluminacdo
e particulas em suspensdo. A informacdo tri-dimensional baseada em visdo recolhida em ambi-
ente submarino exibe perfis de erro e caracteristicas de dados distintos: stereo fornece informagao
densa e texturada mas o seu desempenho métrico degrada-se com a distincia, enquanto a triangu-
lagdo laser ativa estima um conjunto esparso de medi¢des precisas com cobertura espacial limi-
tada. S@o introduzidas metodologias de fusdo inovadoras para explorar estas caracteristicas com-
plementares, representando as primeiras abordagens a integra¢do de dados 3D heterogéneos de
técnicas de imagem subaquatica. O algoritmo Joint Masked Regression (JMR) propaga medi¢des
baseadas em laser através de curvas de regressao em regides homogéneas, enquanto a undeRwater
HEterogenous 3d information fusion Architecture (RHEA) extrai conjuntamente caracteristicas
de nuvens de pontos acopladas através de uma abordagem de treino synthetic-to-real. Ambas as
metodologias alcancam melhorias significativas em ensaios controlados, com ganhos de precisio
de 34,9% e 52,5% sobre reconstrucdes stereo tomadas como base de comparacio, mantendo o
desempenho em condi¢des proximas do real no Centro de Testes ATLANTIS. A estimacdo de
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profundidade baseada em stereo permanece fundamentalmente limitada por ambiguidades na cor-
respondéncia de caracteristicas e degradacdo continua de precisdo. Esta tese aborda estas limi-
tacdes através de principios de fusdo multimodal, introduzindo a arquitetura fusiNg tExture with
apparent motion information for underwater Scene recOnstruction (NESO) para obter represen-
tacdes densas e texturadas através da fusdo de dados de imagem com principios de percecdo de
movimento aparente. A rede utiliza um design piramidal baseado em atenc¢do que preserva carac-
teristicas de alto nivel ao reintroduzi-las ao longo de multiplos passos de upsampling. A validacdo
com inspegdes de anodos sacrificiais demonstra erros absolutos até 0,0016 m, embora as previsdes
requeiram refinamento fora do intervalo métrico de treino. A integracdo com dados laser esparsos
aborda esta limitacdo, alcancando melhorias métricas até 0,1124 m enquanto preserva relacdes de
profundidade relativa.

Os desenvolvimentos introduzidos ao longo deste doutoramento melhoram as capacidades de
inspecdo auténoma em ambientes submarinos adversos. O sensor MARESye prova-se adequado
para inspec¢des eye-in-hand, permitindo avalia¢des estruturais milimétricas através de fusdo de
informacao no local. Esta compreensao tri-dimensional melhorada avanga o estado da arte em op-
eracoes de inspe¢do em alto mar auténomas, contribuindo para uma manuteng¢ao de infraestruturas
mais segura e eficiente.
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Chapter 1

Introduction

The depletion of fossil fuels, coupled with increasing public environmental awareness and the
pressing need to address climate change, has fostered a rapid transition towards green energy
sources. The Intergovernmental Panel on Climate Change (IPCC) has established a critical limit
of 1.5 °C for global temperature rise [1]. Meeting this target is only possible if renewable sources
supply 75-85% of global electricity production [2]. Wind energy has emerged as a leading re-
newable option due to its technological maturity and cost-effectiveness [3]. The sector reached
a global wind power capacity of 1 TW in 2023; however, current installation rates of 117 GW
annually must accelerate to 320 GW by 2030 to meet global climate targets!.

Offshore wind energy benefits from higher and more consistent wind speeds at sea, resulting in
expected capacity factors of 50%, compared to 30-45% for onshore installations [4]. Furthermore,
current offshore technology enables turbines that generate up to 15 MW of power, representing
an increase of over 70% compared to typical land-based units [5]. The global offshore market
has experienced notable growth, with installed capacity surpassing 64 GW in 2023, and future
projections indicate an addition of 138 GW worldwide between 2024 and 2028 - a compound
annual growth rate of 28%!'. This trend, driven by technological advancements and pioneering
research projects like ATLANTIS [6] and EU-SCORES?, is expected to accelerate, with total
global capacity projected to reach 370 GW by 2030 and 630 GW by 2050°. While the technology
maturity of bottom-fixed shallow water offshore platforms is superior to that of floating deep
sea platforms, the latter offers compelling advantages including enhanced wind resources, site
location flexibility, reduced transmission and distribution losses, and minimal visual and noise
impact [7, 8]. Although floating offshore wind farms face higher deployment and operation costs

[9], their viability is demonstrated by successful projects such as WindFloat Atlantic*, which has

1Global Wind Energy Council, 2024. Global Wind Report 2024. URL: https://gwec.net/wp-content/u
ploads/2024/04/GWR-2024_digital-version_final-1.pdf. Accessed in November 2024.

2EU-SCORES. URL: https://euscores.eu/. Accessed in December 2024.

3C. Emanuel, 2023. Offshore wind industry faces challenges and opportunities as global growth continues. URL:
https://www.4coffshore.com/news/offshore-wind-industry-faceschallenges-and-oppertu
nities—as—global-growth-continues-nid28083.html. Accessed in November 2024.

4Windplus. World’s first semi-submersible floating offshore wind farm. URL: https://www.windfloat-atl
antic.com/. Accessed in November 2024.


https://gwec.net/wp-content/uploads/2024/04/GWR-2024_digital-version_final-1.pdf
https://gwec.net/wp-content/uploads/2024/04/GWR-2024_digital-version_final-1.pdf
https://euscores.eu/
https://www.4coffshore.com/news/offshore-wind-industry-faceschallenges-and-oppertunities-as-global-growth-continues-nid28083.html
https://www.4coffshore.com/news/offshore-wind-industry-faceschallenges-and-oppertunities-as-global-growth-continues-nid28083.html
https://www.windfloat-atlantic.com/
https://www.windfloat-atlantic.com/
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been operating at 25 MW capacity since April 2020 off the Portuguese coast.

These infrastructures require regular inspection and maintenance to ensure sustained power
production and maximize operational lifespan. The harsh offshore environment subjects wind
turbines to continuous strain and fatigue [10]. Environmental factors such as wind, rain, and ice
accumulation contribute to the need of cyclical inspections of critical components, both above wa-
ter (eg. blades, towers, transition pieces) and below the surface (eg. catenary and mooring lines,
cathodic protection systems, scour protection layers) [11, 12]. Operation and Maintenance (O&M)
for offshore wind farms costs 4-5 times more than onshore installations, accounting for 23% of
total life-cycle costs [7]. The offshore wind O&M market is projected to experience substantial
growth, with a 16% annual increase reaching 10 billion euros by 2029°. This market expansion
is expected to drive innovation and efficiency improvements, potentially reducing the Levelized
Cost Of Energy (LCOE) by over 10% by 2025 and one-third by 2035 ©. Current O&M method-
ologies rely heavily on manual operations, requiring divers, large vessels, support personnel, and
specialized equipment. Despite strict Health Safety and Environmental (HSE) regulations, human
operators conducting these inspection activities remain exposed to significant risks [13]. Weather
limitations, including maximum wave heights of 1.5 m and wind speeds of 10ms™!, restrict the
yearly operational window to less than 40% [14]. Major operational costs arise from the daily use
of Crew Transfer Vessels (CTVs), personnel expenses and revenue losses due to turbine downtime
during inspection procedures [15]. The integration of autonomous solutions into O&M operations
can yield cost savings exceeding 20% of total wind farm investment [16]. These systems signif-
icantly enhance safety by eliminating human exposure to hazardous operations, particularly for
underwater inspections where divers traditionally perform visual and non-destructive testing. Au-
tonomous platforms provide systematic, repeatable inspection patterns and high-resolution data
that enable detailed structural assessment, overcoming reliability issues and human errors inher-
ent to diver-based operations [17]. Their ability to function in harsh conditions while providing
real-time data expands the O&M operation window, allowing proactive maintenance strategies for
early defect and fault detection [18]. This shift towards autonomous inspection ultimately leads
to a more cost-effective O&M strategy, reducing wind energy production downtimes and conse-

quently decreasing the overall LCOE.
The adoption of Autonomous Underwater Vehicles (AUVs) and Remotely Operated Vehicles

(ROVs) for sub-sea inspection and intervention tasks has grown significantly, fostered by large
scale research initiatives (eg. ATLANTIS [6], ORCA HUB [19]). These robotic platforms can
be equipped with state-of-the-art sensors to retrieve real-time Two-Dimensional (2D) and Tri-
Dimensional (3D) information for visual and volumetric assessments, while specialized tools and

crawlers enable effective light intervention operations [20]. ROVs are the primary solution for

SWood Mackenzie, 2021. Global offshore wind O&M market to grow 16% annually to US$12 billion by 2029.
URL: https://www.woodmac.com/press—releases/global-offshore-wind-om-market-to—-gro
w—16-annually-to-us$12-billion-by-2029/. Accessed in November 2024.

A. Vasdev, Energy Economics, BloombergNEF, 2023. 2H 2023 LCOE Update: An Uneven Recovery. URL:
https://about.bnef.com/blog/2h-2023-1coe-update-an-uneven-recovery/. Accessed in
November 2024.


https://www.woodmac.com/press-releases/global-offshore-wind-om-market-to-grow-16-annually-to-us$12-billion-by-2029/
https://www.woodmac.com/press-releases/global-offshore-wind-om-market-to-grow-16-annually-to-us$12-billion-by-2029/
https://about.bnef.com/blog/2h-2023-lcoe-update-an-uneven-recovery/
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deep-sea search and rescue missions’, while also enabling survey operations, pipeline inspections,
and marine growth removal [21, 22]. However, the attached tether significantly constrains vehicle
maneuverability and operational range. ROV operations incur substantial costs, requiring support
vessels, dedicated operators, and crew members for deployment and tether management [23]. In
contrast, AUVs are designed for autonomous operation, with demonstrated capabilities in broad
area surveys and acoustic inspections of submerged structures [24, 25]. Despite their advantages,
AUV technology lacks the maturity required for intricate offshore tasks such as close-range in-
spections, biofouling removal, and intervention procedures [23]. Nevertheless, successful trials in
controlled environments give insight into the technology’s future potential [26]. As these platforms
incorporate advanced Artificial Intelligence (AI)-driven perception and decision-making capabili-
ties, autonomous vessels will significantly impact the O&M market, eliminating human operator

dependencies and consequent fatigue-induced performance degradation.

1.1 Motivation

The most significant limitation of underwater vehicles remains their inability to obtain a com-
prehensive tri-dimensional perception of the surrounding environment [27]. Remote sensing de-
vices commonly employed in underwater ventures retrieve either low-resolution acoustic data or
degraded visual information, severely impacting critical operations including close-range naviga-
tion, visual fault detection, millimeter-precise volumetric assessments, and reliable robotic inter-
ventions [28]. Sonar technology, despite its robustness to water conditions and long-range ca-
pabilities, faces fundamental limitations for inspection tasks: high minimum operation distances,
poor performance with complex geometries, and susceptibility to multipath reflections [27]. These
limitations are further compounded by spatial resolution degradation with distance due to beam
divergence [29]. Optical sensors offer an alternative approach, providing dense, high-resolution
data with color and texture information crucial for detailed structural assessment [30]. How-
ever, sub-sea phenomena severely impact the acquisition of high-fidelity visual information. Light
absorption underwater limits the effective visibility range, inducing the need for external illu-
mination sources that often lead to inconsistent scene exposure. Moreover, suspended particles
increase water turbidity and cause light scattering, where photons are reflected back to the imag-
ing sensor, resulting in degraded images with reduced contrast, blur, and color distortion [31].
Addressing underwater phenomena and its effects on data degradation is a pressing matter for en-
abling widespread deployment of autonomous solutions in the O&M market. Visual inspections
in underwater scenarios typically rely on off-the-shelf imaging technology integrated as payload
within underwater vehicles. The dependence on a single source of information, coupled with the
lack of mitigation strategies, makes these conventional sensors particularly vulnerable to sub-sea

phenomena [30].

7Pelagic Research Services, 2024. URL: https://www.youtube.com/watch?v=NhLcnKktu9k. Accessed
in November 2024.
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Intervention missions can be conducted by sub-sea vessels equipped with robotic manipu-
lators. However, successful deployment of these robot-manipulator systems currently requires
human supervision, extensive area surveys, and a priori knowledge to identify target objects [32].
Traditional setups employ complex algorithms to handle occlusions caused by the robotic arm
itself, as operations rely on vessel-mounted imaging sensors [33]. Eye-in-hand configurations
address these limitations by integrating sensing capabilities directly on the robotic manipulators.
This approach enables dynamic viewpoint adjustment without compromising vessel safety, while
maintaining fixed relative distances to target surfaces. The resulting close-range perspective al-
lows for high-fidelity information retrieval from otherwise inaccessible viewpoints, enabling pre-
cise structural assessment [34]. The enhanced volumetric information is crucial for informed
decision-making during intervention operations, which currently lack the millimeter-precise tri-
dimensional data necessary for accurate target pose estimation and grasp planning [35]. Despite
their potential to significantly enhance the perceptual capabilities of autonomous O&M robots,
current eye-in-hand imaging configurations are largely limited to monocular visual feedback or

basic structured light reconstructions [36, 37].

The research presented in this doctoral thesis aims to improve the tri-dimensional scene un-
derstanding of submerged O&M vehicles by developing underwater imaging principles that en-
able the capture of high Signal-to-Noise Ratio (SNR) information from sub-sea environments.
By diverging from traditional approaches, this work addresses the challenges posed by marine
snow to gather high-fidelity multimodal data, including textured images, multiple sources of tri-
dimensional data, and the magnitude of apparent pixel motion. The improved perceptual capa-
bilities enable operations currently limited by insufficient situational awareness, particularly the
inspection of submerged critical structures requiring millimeter-precise volumetric assessment.
The development of a self-reliant underwater imaging sensor, capable of internal data process-
ing, significantly reduces inspection times by providing real-time structural assessment feedback.
Furthermore, a compact and versatile design enables new eye-in-hand configurations that leverage
the robotic arm’s degrees of freedom to gather valuable information from multiple perspectives,

enhancing the reliability of autonomous interventions in complex underwater environments.

Information gathered underwater provides data with complementary characteristics that can
be fused into a comprehensive tri-dimensional representation of the submerged scenario. Image
data captures crucial texture-based features and spatial scene relationships, though it alone can-
not provide absolute depth measurements. Tri-dimensional point clouds capture depth informa-
tion through different approaches: passive stereo imaging generates dense, textured reconstruc-
tions offering broad scene coverage but with accuracy degrading beyond calibration range due
to its limited resolution; while active laser-based triangulation estimate a sparse set of millimeter-
accurate measurements that provide valuable volumetric information with limited spatial coverage
[38]. Additionally, motion-based depth estimation leverages apparent pixel displacements to infer
pixel-to-pixel relative depth relationships, however these cannot be directly translated to metric
measurements. Fusing information from multiple modalities enables more complete and robust

perception of the environment by combining individual strengths while compensating for specific
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limitations [39]. However, integrating heterogeneous data streams presents fundamental chal-
lenges: different sampling rates and spatial resolutions for each modality; measurements exhibit
distinct error distributions and uncertainty profiles; and data formats vary in density, precision,
and coverage patterns. Moreover, successful fusion requires precise temporal synchronization be-
tween data streams and accurate spatial alignment of their coordinate frames. This integration can
be achieved through conventional probabilistic models, vision-based approaches, or deep learning
architectures that automatically extract features from multimodal data [40]. The research docu-
mented in this thesis addresses the fusion of distinct data modalities to obtain a unified, dense,
and precise tri-dimensional representation of the submerged scene. Novel information fusion al-
gorithms are introduced to combine heterogeneous 3D data streams, mitigating the inherent limi-
tations of single-modality depth estimation by propagating the accuracy of sparse structured light
measurements throughout dense stereo-based reconstructions. Furthermore, this work develops
multimodal fusion principles that combine high-fidelity textured, tri-dimensional, and apparent
pixel displacement information in a multi-stage approach, leveraging motion perception to achieve

dense and accurate depth estimation.

The integration of fusion algorithms within an edge-oriented underwater imaging sensor en-
ables real-time processing of multimodal data, providing dense and accurate tri-dimensional rep-
resentations. When coupled with eye-in-hand configurations, as illustrated in figure 1.1, this ap-
proach enables millimeter-precise inspection from multiple viewpoints, crucial for autonomous
manipulation tasks. These enhanced perceptual capabilities have the potential to significantly
reduce operational costs and increase the reliability of offshore O&M procedures through more

efficient and automated inspection routines.

Robotic Arm + Imaging Sensor

g
Eye-in-Hand Configuration

5 %

Figure 1.1: Information fusion in underwater imaging enables enhanced perception capabilities.
When integrated with eye-in-hand configurations, this approach facilitates autonomous inspection
tasks crucial for offshore O&M procedures.
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1.2 Objectives

This research work aims to extend the perception capabilities of underwater vehicles through en-
hanced tri-dimensional scene understanding. The proposed approach develops an imaging sensor
capable of retrieving high SNR data from both passive and active techniques (hybrid imaging),
employing information fusion principles to combine diverse sensing modalities to obtain an im-
proved tri-dimensional representation of the observed scenario. The objectives of this thesis are as

follows:

* Objl. Explore the advantages of fusing multimodal data streams obtained through data-
driven hybrid imaging principles. Each modality contributes distinct information: image
data encodes contextual cues and spatial relationships; tri-dimensional data ranges from
high density textured point clouds to narrow sets of non-textured points with highly precise
depth measurements; and motion analysis yields pixel-to-pixel relative depth cues. Vision
and learning-based fusion approaches can integrate both modality-specific and shared fea-
tures to leverage these complementary characteristics, creating unified representations that
combine density and millimeter-precision for an enhanced volumetric inspection of sub-

merged structures.

* Obj2. Design a hybrid underwater imaging sensor capable of retrieving high-fidelity mul-
timodal information in harsh sub-sea environments by employing mitigation strategies that
reduce data degradation caused by sub-sea phenomena (e.g. light absorption, scattering,
turbidity). The sensor should maintain flexibility for different deployment configurations
including vessel-mounted and eye-in-hand setups; while incorporating edge processing ca-

pabilities for real-time operation.

* Obj3. Validate the developed underwater imaging sensor and fusion methodologies through
extensive experimentation in harsh near-real conditions at the ATLANTIS Coastal Testbed
[41]. These trials will quantitatively and qualitatively assess the system’s ability to maintain
millimeter-precise measurements while enhancing point cloud density, evaluate its robust-
ness to sub-sea challenges, and demonstrate its applicability for real offshore inspection

tasks.

Therefore, this work introduces an underwater imaging solution that addresses critical prob-
lems that limit the widespread use of autonomous vehicles in the inspection and intervention O&M
market. Providing enhanced tri-dimensional situational awareness to underwater vessels empow-
ers safer and more reliable maintenance operations, reduces the need for on-site human interven-

tion, and contributes to lowering operational costs in offshore infrastructure maintenance.

1.3 Document Structure

This document is organized as follows:
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* Chapter 2 reviews the state-of-the-art in underwater scene understanding, starting with fun-
damental challenges of light-water interactions. The analysis covers various sensing ap-
proaches including photogrammetry, structured light principles, and learning-based solu-
tions. Data fusion methodologies for combining heterogeneous tri-dimensional data and
multimodal information are explored, along with specialized eye-in-hand configurations for
close-range inspection. The chapter concludes with a critical discussion that identifies cur-

rent limitations and research opportunities in the field.

* Chapter 3 details the development and validation of the MARESye hybrid imaging sen-
sor. The chapter presents both optical and mechanical design considerations, incorporating
strategies to mitigate sub-sea phenomena while enabling high-resolution data acquisition
through complementary passive and active imaging techniques. A thorough experimental
validation is conducted, first in controlled environments to characterize the sensor’s opera-
tional range and accuracy, then in real harsh conditions through integration with a commer-
cial ROV at the ATLANTIS test site. The chapter demonstrates the sensor’s effectiveness in

reconstructing sacrificial anode structures despite challenging conditions.

» Chapter 4 presents novel methodologies for fusing heterogeneous tri-dimensional infor-
mation for underwater structural inspection. Two distinct approaches are introduced: a
regression-based algorithm that propagates sparse, accurate measurements to enhance dense
point clouds, and a learning-based solution trained through a synthetic-to-real scheme that
allows for direct underwater application. Both methods are extensively validated through
simulated scenarios, controlled underwater trials, and real-world deployment, demonstrat-

ing their effectiveness in improving point cloud accuracy while maintaining density.

* Chapter 5 introduces a novel approach to underwater scene understanding through multi-
modal fusion. The chapter introduces a learning-based architecture that combines textured
images with apparent motion components to generate dense point clouds, which are further
refined using precise sparse depth measurements. Comprehensive validation includes per-
formance comparisons with state-of-the-art methods, generalization studies, and extensive
testing from controlled environments to challenging real-world trials. The results demon-
strate the system’s enhanced perceptual capabilities for underwater inspection tasks through

effective fusion of complementary data modalities.

» Chapter 6 synthesizes the major contributions and findings of this thesis, critically analyzing
the novel aspects in underwater perception and their impact on offshore inspection capabil-
ities. The chapter concludes by providing comprehensive guidelines for future research

directions.
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1.4 Contributions

This section outlines the key contributions and impact of this research work in advancing underwa-
ter perception capabilities. The sections below encompass the significant technical achievements,

publications, and collaborative developments that have emerged from this thesis.

1.4.1 Achievements
The most relevant achievements of this thesis are:

1. Heterogeneous tri-dimensional fusion techniques that combine textured dense 3D informa-
tion with a very accurate sparse set of laser-based points into a single representation. A
first methodology expands the laser information towards neighboring homogeneous regions
through a regression curve that characterizes displacements between both point clouds. The
second principle employs a deep learning-based approach to fuse both point clouds through
an early fusion encoder-decoder architecture that conjointly learns features from a coupled
representation of both inputs. Extensive validation with real data demonstrates an average
absolute error of 0.0133 m and 0.0097 m, corresponding to a 34.9% and 52.5% improve-

ment, respectively, over the input measurements.

2. An encoder-decoder architecture that leverages multi-stage pyramidal attention-based skip
connections to fuse image data with the apparent movement of pixels to estimate a dense 3D
representation of the submerged scenario. The network bypasses the need for parametriza-
tion by learning directly from the coupled input data. Introducing apparent motion compo-
nents into the model’s optimization process incites an easier transition to new environments:
the proposed architecture outperforms monocular-based depth estimation methods, estimat-

ing point clouds with relative errors down to 4.57%.

3. A synthetic-to-real supervised training procedure. The heterogeneous tri-dimensional data
retrieved by MARESye is faithfully emulated in simulation. This allows for vast quantities
of synthetic training data; bypassing the lack of available 3D underwater datasets in the

scientific community, and the consequent need for transfer learning techniques.

4. A new design of the MARESye sensor capable of significantly enhancing the remote sens-
ing capabilities of AUVs and ROVs by employing a data-driven formulation that mitigates
photogrammetric sub-sea hindrances. The high-fidelity tri-dimensional information cap-
tured through the internal processing of both active and passive imaging techniques, makes
the MARESye sensor suitable for the underwater reconstruction and volumetric assessment

of critical structural elements in offshore platforms.

5. A comprehensive understanding of the accuracy in the tri-dimensional information obtained
from the MARESye sensor. Consecutive experiments conducted in a controlled underwa-
ter setting allow for a thorough analysis of the fidelity of 3D measurements and their sus-

ceptibility to factors such as distance from the sensor, camera parameterization, and error
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characteristics inherent to each technique. The gained insights reveal that the [0.5, 0.6] m
distance spectrum is the optimal operational range for the sensor, wherein both passive and

active techniques consistently achieve millimetric accuracy.

6. Extensive qualitative and quantitative trials employ the MARESye sensor to reconstruct and
assess the state of sacrificial anode structures. In controlled environments characterized by
low turbidity and the absence of external hindrances, MARESye estimates a reconstruction
of the target element with absolute errors down to 0.0008 m; a 1.10% error relative to the
ground truth reading. The optical prowess and robust design (depth-rated for 200 m) of the
MARESye sensor are further validated in a real underwater application where it enhances
the remote sensing capabilities of a commercial ROV. The embedded processing of the
high SNR information, captured in these harsh environments, facilitates on-site assessments
of the structure in terms of anode wear, possible structural damages and the presence of

biofouling.

1.4.2 Publications

Main publications that result from this research:

* [38] P. N. Leite and A. M. Pinto, "Fusing heterogeneous tri-dimensional information for
reconstructing submerged structures in harsh sub-sea environments", Information Fusion,
103:102126, 2024. doi:10.1016/].inffus.2023.102126.

* [31]P. N. Leite, P. N. Pereira, J. M. M. Dionisio, and A. M. Pinto, “Hybrid underwater imag-
ing for the tri-dimensional inspection of critical structural elements in offshore platforms,”
Ocean Engineering, 314:119658, 2024. doi.org/10.1016/j.oceaneng.2024.119658.

e [42] P. N. Leite and A. M. Pinto, "Exploiting motion perception in depth estimation through
a lightweight convolutional neural network", IEEE Access, 9:76056—76068, 2021.
doi:10.1109/ACCESS.2021.3082697.

* [43] P.N. Leite, R. J. Silva, D. F. Campos, and A. M. Pinto, "Dense disparity maps from rgb
and sparse depth information using deep regression models", in Aurélio Campilho, Fakhri
Karray, and Zhou Wang (eds), Image Analysis and Recognition, pages 379-392, Cham,
2020. Springer International Publishing. doi:10.1007/978-3-030-50347-5_33.

Supplementary publications that stem from this work:

e [44]J. M. M. Dionisio, P. N. A. A. S. Pereira, P. N. Leite, F. S. Neves, J. M. R. S. Tavares, and
A. M. Pinto, “Nereon - an underwater dataset for monocular depth estimation,” in OCEANS
2023 - Limerick, 2023, pp. 1-7. doi:10.1109/OCEANSLimerick52467.2023.10244675.

e [45] J. Mina, P. N. Leite, J. Carvalho, L. Pinho, E. P. Gongalves, and A. M. Pinto, "En-
hancing Underwater Inspection Capabilities: A Learning-Based Approach for Automated
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Pipeline Visibility Assessment", in: L. Marques, C. Santos, J. L. Lima, D. Tardioli, M. Ferre
(eds), Robot 2023: Sixth Iberian Robotics Conference. ROBOT 2023. Lecture Notes in
Networks and Systems, vol 978. Springer, Cham. doi.org/10.1007/978-3-031-59167-9_14

* [46] J. Carvalho, P. N. Leite, J. Mina, L. Pinho, E. P. Gongalves, and A. M. Pinto, "Arti-
ficial Intelligence for Automated Marine Growth Segmentation"”, in: L. Marques, C. San-
tos, J. L. Lima, D. Tardioli, M. Ferre (eds), Robot 2023: Sixth Iberian Robotics Confer-
ence. ROBOT 2023. Lecture Notes in Networks and Systems, vol 978. Springer, Cham.
doi.org/10.1007/978-3-031-59167-9_13

Master’s theses developed from this research:

* M. N. Rosendo, "Enhancing the Tri-Dimensional Awareness of an Autonomous Surface
Vehicle through Machine Learning Algorithms", M.Sc. dissertation, Faculty of Engineering
of the University of Porto, FEUP, 2022. hdl.handle.net/10216/140752.

* J. P. S. Esteves, "Tri-dimensional Reconstruction of Submerged Objects through an Active
Eye-in-Hand Perception System", M.Sc. dissertation, Faculty of Engineering of the Univer-
sity of Porto, FEUP, 2022. hdl.handle.net/10216/144571.

* D. J. M. Silva, "Underwater Imaging and 3D Sensor Fusion", M.Sc. dissertation, Faculty of
Engineering of the University of Porto, FEUP, 2024. hdl.handle.net/10216/160509.



Chapter 2

Literature Review

One of the major constraints of underwater perception is the lack of sensors capable of providing
high-quality 3D information [47]. The acquisition of this information is hindered by numerous
factors, e.g. the range and resolution of the sensor, poor illumination conditions or lack of texture
within the scenario [43]. These issues become even more accentuated within sub-sea environ-
ments, as these aggravate data degradation. Section 2.2 discusses how the interactions of light
underwater affect the quality of the information gathered by imaging sensors. A myriad of solu-
tions have been explored to equip underwater vehicles with tri-dimensional perception capabilities.
Section 2.3 explores various perception systems and imaging techniques, as well as methodologies
for combining information from these complementary sources. Eye-in-hand configurations, where
sensors are directly coupled to robotic manipulators, enable dynamic and detailed close-range per-
ception of the scene. Section 2.3.3 reviews the literature on these specialized configurations and
their applications in underwater environments. Finally, a critical analysis is presented in section
2.4, summarizing key insights and identifying limitations and research gaps in the current state of
the art.

2.1 Introduction

Autonomous underwater vehicles and ROVs are currently unable to function fully autonomously
in close-range navigation, fault inspection, target detection and intervention tasks; due to being
limited when it comes to having a complete tri-dimensional perception of their surrounding space
[38]. While surface and aerial state-of-the-art technologies make use of multimodal perception
systems to navigate in cluttered scenarios [48], land aerial vehicles [49, 50], and inspect critical
structures [51]; underwater vessels commonly resort to acoustic or vision uni-modality perception
systems.

Sonar-based technology has been used in maritime applications for tasks such as bathymetry,
navigation and obstacle avoidance [52, 53, 54]. Information is retrieved by emitting a pulse of
sound and listening to its reflections. As sound propagates faster in water, the ability to take

long range measurements is one of the main advantages of sonars. Acoustic-based data has also

11
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been employed to obtain submerged tri-dimensional reconstructions. The work of T. Guerneve et
al. (2018) [55] employs wide-aperture imaging sonars for underwater object reconstruction, us-
ing both a spatially varying blind deconvolution method and a nonlinear space carving approach.
Field tests on a polygonal target reveal median errors of 0.112 m and 0.089 m, respectively. P. V.
Teixeira et al. (2019) [56] propose a unified framework that simultaneously estimates multibeam
sonar poses, measurements and model parameters for reconstructing underwater scenes. Both the
sonar segmentation and point cloud reconstruction problems as formulated as factor graphs, and
solved concurrently alongside a Simultaneous Localization and Mapping (SLAM) problem. Re-
constructions estimated from real data show a mean spatial uncertainty of 0.059 m. A multi-view
scanning method that leverages the tri-dimensional information retrieved from a Forward Scan
Sonar (FSS) to choose the next scan path is proposed B. Kim ef al. (2020) [57]. The Iterative
Closest Point (ICP) algorithm is used for the quantitative analysis of field experiments conducted
in a coastal area, revealing Root Mean Squared Errors (RMSE) as low as 0.046 m. The research
introduced by M. Qadri et al. (2023) [58] represents data gathered from an imaging sonar as neural
implicit functions. A differential volumetric renderer is then employed to derive sonar measure-
ments. Experimental reconstructions from water tank trials show that a 28° sonar aperture can
achieve RMSE as low as 0.072 m. Y. Feng et al. (2024) [59] present a differentiable space carving
method that leverages occupancy probability grids and multi-resolution hash encoding to render
echo probabilities instead of intensities. Experiments in a water tank display accurate measur-
ing of spatial dimensions, but poor overall shape of the reconstructed object. The work of W.
Xu et al. (2024) [60] details an inverse sensor model for forward-looking sonars that generates
occupancy-elevation grid maps by extracting probability and elevation information from the cap-
tured image. Simulation results show height reconstruction errors ranging from 0.035 to 0.094 m.
Close-range fine reconstructions with sonar information prove difficult due to overlapping echoes,
lack of millimeter-precise accuracy and, the need for swiping motions to increase spatial cover-
age [27]. Additionally, the reliance on continuous movement can introduce further reconstruction

errors, particularly due to navigation drifts [55].

Imaging sensors are versatile and capable of gathering rich visual-based information. These
commonly resort to off-the-shelf stereoscopic systems in watertight enclosures, or single high res-
olution cameras coupled with laser or pattern projectors [61, 47, 62]. The reliance on a single
source of information makes these sensors vulnerable to sub-sea phenomena [30]. Light absorp-
tion, scattering and the presence of suspended particles lead to extensive data degradation that
difficults the process of acquiring accurate and high resolution information. The implications of
this noisy information reflect themselves directly on the autonomous capabilities of AUVs, since
these become restricted of knowledge about their surroundings, limiting their maneuverability
and operation [63]. Research to mitigate these photogrammetric limitations typically resorts to
post-processing image enhancements or range-gated systems that filter some scattering compo-
nents during image formation [64]. The distinct data modalities (eg. texture-based, motion-based,
tri-dimensional) retrieved from optical sensors can be complementary. Nevertheless, gathered

measurements are susceptible to uncertainty, whether from noise introduced by the environment
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or the sensor itself. Fusing information from distinct sources is a multidisciplinary solution to
overcome the inherent weaknesses of each sensor/technique [39]. A single representation of the
scenario that maintains the advantages of each modality can further reduce the impacts of sub-sea
phenomena [38].

Perception systems are often integrated as payloads on mobile vessels for underwater interven-
tions. In controlled environments, these optical setups have facilitated successful operations, such
as valve turning [65], cable plugging and unplugging [66], and black-box recovery [67]. However,
the majority of these works rely on human inputs, long surveys of the area and a priori knowledge
to identify and retrieve the target objects. Complex algorithms are often employed to manage oc-
clusions caused by the robotic arm, as poor visual feedback can significantly hinder intervention
missions [68]. In eye-in-hand configurations, the perception system is mounted directly onto the
robotic manipulator. While research is limited in applying this approach to underwater scenarios,
it typically involves a single source of imaging data [37]. The additional degrees of freedom pro-
vided by the manipulator can be leveraged to inspect and monitor submerged structures closely.
This enables the retrieval of information from hard-to-reach angles without the need to endanger

the vessel by bringing it into close proximity with the target.

2.2 The Challenges of Underwater Perception

2.2.1 Sub-Sea Physical Phenomena

Vision-based perception systems face additional challenges when deployed in underwater envi-
ronments. The propagation of light underwater is primarily influenced by two key physical phe-
nomena: absorption and scattering. As a result, submerged optical sensors become limited not
only in range but also in their ability to capture consistent and reliable data.

The absorption of light underwater can be defined as the loss of power through heat as the
wave travels in the medium. Light attenuation is influenced by the medium’s refractive index!, the
wavelength of the light, water salinity, and the concentration of dissolved particles [69]. Figure
2.1 presents the spectral radiance of light for multiple depth ratings, demonstrating that different
wavelengths are absorbed at varying rates [70]. Longer wavelength colors, e.g. red, are mostly ab-
sorbed at 3 to 5 m depth. Contrarily, short wavelength colors are attenuated slower, leading to the
typical blue color shift in underwater images. Additionally, this phenomenon significantly limits
the effectiveness of Infrared (IR)-based technologies, such as time-of-flight sensors and structured
IR light projectors (e.g., Light Detection and Ranging (LiDAR) or KinectV2), as IR wavelengths
are highly attenuated within just 20 cm [71]. Natural illumination becomes insufficient beyond a
certain depth. The use of artificial lighting is required for optical systems to operate in these con-
ditions. Faulty choice of light sources and poor setup in relation to the optical system can lead to
non-uniform illumination of the scene, causing vignetting, contrast and brightness inconsistencies

[72]. Post-processing techniques have been explored in the literature for artificial light correction

IRatio between the speed of light in the vacuum and the speed of light in the medium.
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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 [81].

[73, 74]. In turn, color correction of underwater images can be achieved through model-based
approaches [75, 76], bilateral filters or adaptive histogram-based linear transformations [77, 78],
and learning-based architectures [79, 80].

The existence of suspended particles in water, known as marine snow, severely degrades the
visibility of submerged optical sensors. The aggregation of organic material and debris not only in-
creases water turbidity but also causes light to deviate from its straight-line path, resulting in scat-
tering [82]. This phenomena can be decomposed into two distinct components: forward scattering,
where light reflected by the object is scattered into the optical system, causing image blurring; and
backscattering, where light is reflected by suspended particles and reaches the camera, reducing
contrast and limiting visibility [83]. Figure 2.2 shows an image affected by scattering phenomena,
captured using an off-the-shelf imaging sensor during harsh environmental trials. Further analysis
can be conducted if the Lambert-Beer empirical law is applied. Considering an isotropic and ho-
mogeneous medium, the total irradiance E at position r can be described as a function of both the

absorption and scattering components of the physical medium, and given by equation 2.1 [83]:

E(r)=E(0)e *Te P, 2.1)

where E(0) represents the initial irradiance value, and o and 8 correspond to the absorption
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Figure 2.2: The impact of backscattering during image acquisition, as captured by an off-the-shelf
imaging sensor.

and scattering coefficients, respectively. The scattering coefficient can be further defined as the
sum of all scattering events. The probability function B(8) expresses the likelihood of light being

deviated by a certain angle 6. Finally, the coefficient B can be written as:

B—2n /0 " B(6)sin(0)d6. 2.2)

According to the Jaffe-McGlamery image formation model [84, 85], in underwater scenarios,

the total light received by an optical system (E7) can be expressed through equation 2.3:

Er=E;+E, +Ef, (2.3)

where Ej; is the direct component that represents the light reflected by the target scene; and Ej,
and E represent the backwards and forwards scattering components. The scattering phenomena
can be mitigated directly during the image formation process through range-gated imaging tech-
niques [86, 87, 88]. This concept consists in adjusting the camera’s shutter period so that the sensor
only receives light reflected from the scene, and not the scattered photons, increasing robustness
to both the E}, and Ey components [82]. While longer exposure times allow for larger depth ranges
to be acquired, these will also increase the susceptibility to the effects of backscattering. The
captured underwater images can be post-processed for increased fidelity through filtering and con-
trast equalization methods [89], dark channel priors [90, 91], model-based restoration algorithms
[69, 92], and learning-based solutions [93, 94].

Visual context for the discussion on sub-sea physical phenomena is provided in figure 2.3.
Absorption and scattering present significant obstacles to underwater perception systems. These
challenges are heightened by the presence of suspended particles, which hinder the acquisition of

high-quality data and drastically limit the effective operation range.
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Figure 2.3: 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.

2.2.2 Calibration of Underwater Optical Systems

The successive refraction of light through water, glass, and air introduces optical distortions that
must be addressed to ensure accurate measurements [95]. The mechanical housing that protects
and waterproofs the imaging sensor significantly affects the quality of captured underwater im-
ages, as the geometry of the viewport and its alignment with the sensor impact how light behaves
when passing through these layers [96]. Figure 2.4 demonstrates the refraction effects induced by
both flat and hemispherical dome ports.

The refraction of light at flat interfaces causes rays reflected from single object to appear as
though captured from multiple viewpoints - refer to figure 2.4a. These apparent viewpoints stem
from the lack of collinearity between the target point in the scene, the center of projection of
the optical system and the image plane point [97]. Flat viewports have reduced Field-Of-View
(FOV) and the induced radial distortion increases with respect to the distance from the center of
projection [98]. Additionally, optical systems in this configuration that assume a single viewpoint
model, estimate measurements with significant inaccuracies [97]. Hemispherical interfaces ef-
fectively reduce light refraction effects [96], as illustrated in figure 2.4b. By aligning the optical
system’s center of projection with that of the dome interface, light rays that pass through the center
of projection are orthogonal to both the inner and outer surfaces of the dome, minimizing distor-
tions [99]. These interfaces are generally preferred for underwater optical systems, as a careful
alignment enables the use of state-of-the-art camera calibration techniques. Nevertheless, even
if the optical system is pre-calibrated on air, it should be fine-tuned for underwater scenarios, as
variations in water temperature, pressure, and salinity can directly affect calibration parameters
[100].
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Figure 2.4: The refraction of light caused by the interactions between two mediums, for distinct
viewport geometries. Extracted from [96].

Most conventional calibration methods rely on the pinhole camera model for underwater sys-
tems due to its straightforward mathematical structure and ease of implementation. However,
this model does not consider the multilayer refraction of light, which can introduce substantial
uncertainties in 3D measurements unless distortion models are incorporated [101]. The adaptive
pinhole model addresses this limitation by accounting for light interactions across multiple media.
For a camera setup with its optical axis approximately perpendicular to the interface (whether pla-
nar or hemispherical), refraction effects can be effectively compensated by adjusting focal length
and distortion parameters [102, 103]. Adaptive calibration techniques often involve using patterns
submerged at various distances and angles, though this approach limits of the measurements out-
side the calibration range [104]. Recent adaptive approaches use learning-based methods to adjust
distortion parameters; these methods, however, still lack the precision required for highly accurate

underwater reconstructions [105, 106].

Radial distortion correction methods assume that primary refraction effects are radially sym-
metric around the principal point, for optical setups where the camera’s axis is approximately
perpendicular to the housing interface [107]. Nonlinear lens distortions cause radial displacement
of image points: barrel distortion curves straight lines outward from the center, while pincush-
ion distortion curves lines inward. This radial displacement can be modeled using polynomial

functions to mathematically represent and correct these distortions [108]:

rd:ru-(1+k1rﬁ+k2r3+k3r2+...), 2.4)

where r, is the distorted radius, defined as the distance from the image center to a point in the
distorted image; r,, is the undistorted (ideal) radius, defined as the distance from the image center to
a point in the undistorted image; and ky, k>, k3 are distortion coefficients obtained through camera
calibration. The radial component of the calibration parameters can be adjusted to compensate
for this refraction effect [109, 110]. For measurements outside the calibration range, the pinhole

camera model becomes inappropriate [111]. Additionally, the maximum reconstruction errors
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tend to appear at the periphery of radially corrected images [97].

Ray tracing geometric correction methods simulate the precise path of light rays to understand
their interactions with various surfaces and materials, enhancing the accuracy of correcting lens
distortions [112, 113]. A. Agrawal et al. (2012) [114] demonstrate that the geometry of light rays
in flat refraction systems aligns with an axial camera model, where the optical axis is perpendic-
ular to the housing interface, resulting in symmetric light reflections. Similarly, X. Chen and Y.
Yang (2014) [115] extended this geometric refractive calibration method to stereo configurations
by estimating the interface thickness directly from stereo pixel correspondences. For dome inter-
faces, M. She et al. (2022) [116] show that refractions also align with the axial model, as light
intersects the hemispherical dome at two poles, leading to barrel or pincushion refraction effects.
A non-iterative calibration procedure is introduced to compute the center of refraction without
prior knowledge of the media’s properties. Other geometric approaches leverage wavelength dis-
persion, exploiting how different wavelengths of light project onto distinct image points due to
varying refractive indices [117], or estimate the pose of the transparent interface to obtain initial
values for camera intrinsic parameters, which are later refined using a quaternion-based approach
[118]. Alternatively, M. Roznere ef al. (2024) [119] propose an N-Sphere camera model where
points from the image plane are mapped onto an N-dimensional sphere, efficiently handling the
distortions typical of wide FOV and fisheye lenses. The model treats each medium transition as
additional spheres in the optical path, introducing parameters to handle camera offsets within the

dome while maintaining computational efficiency.

2.3 Underwater Tri-dimensional Scene Understanding

2.3.1 Reconstruction Techniques and Imaging Sensors

A myriad of solutions have been explored to provide autonomous underwater systems 3D informa-
tion about their surroundings. Vision-based sensors can retrieve dense and textured information in
close proximity. Imaging techniques can be arranged into passive or active approaches, providing
data with different characteristics [120]. Learning-based solutions extract features directly from
data to obtain robust depth estimation models [121]. Domain-specific adaptations can mitigate the

limited amount of available information.

Passive Imaging

Passive underwater imaging makes use of natural or artificial light sources to capture tri-
dimensional information from the scene. Photogrammetry-based techniques estimate pixel-to-
pixel displacements (disparity) between images taken from distinct viewpoints. By knowing the
fixed relative positioning and orientation of the cameras, it is possible to triangulate 3D points, as
depth is inversely proportional to the disparity. The 3D scene representations obtained from these
methods offer high spatial resolution and dense coverage in well-textured areas, with color infor-

mation mapped to each point. However, water turbidity and suspended particles introduce noise
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Figure 2.5: The cylinder-shaped AQUASENSOR houses an off-the-shelf stereo camera used by
divers for reconstructing and mapping corals and shipwrecks. Extracted from [125].

and false pixel correspondences, leading to spurious points. Additionally, regions with uniform

texture often yield unreliable reconstructions due to ambiguity in correspondence matching [122].

The Invariant 3D Reconstruction by Instrumented Stereovision (IRIS) is an adjustable, stereo-
based system introduced by A. G. Allais et al. (2005) [123]. Designed for deep-sea applications,
each camera is depth-rated for 6000 m, with one camera mounted on a pan-tilt mechanism that
allows for adjustable angles and distances between the cameras. IRIS was integrated as payload
on the Victor6000 ROV to conduct 3D reconstructions and texture mapping in underwater en-
vironments [124]. The AQUASENSOR uses a Bumblebee? stereo camera housed in a robust,
cylinder-shaped enclosure rated for depths up to 30 m [125] - refer to figure 2.5a. Developed by
A. Hogue et al. (2007) [125], this sensor combines stereo vision with Inertial Measurement Unit
(IMU) data to estimate 3D scene representations at 2-4 Hz. AQUASENSOR has been handheld by
drivers in both shipwreck and coral reef reconstruction missions (figure 2.5b). P. Carrasco et al.
(2015) [126] also use an off-the-shelf Bumblebee stereo camera mounted on the SPARUS II AUV,
with the optical axis positioned perpendicular to the ground. Simulation results show that the pro-
posed Stereo Graph-SLAM algorithm significantly improves the vehicle’s localization, reducing
the mean trajectory error by up to 80%. The work of K. Williams et al. (2014) [127] focus on the
study of biological activity through a simple off-the-shelf stereo camera pair encapsulated with
a hemispherical interface, capable of reaching 500 m depths. The TrigCam system illuminates
scenes with far-red light and captures high-resolution images when fauna enter the camera’s field
of view, allowing for non-intrusive observation of marine life. A modular stereo setup comprised
of two Allied Vision Technologies (AVT) G125C3 cameras is introduced by F. Oleari ef al. (2015)
[128] to aid in underwater grasping and manipulation tasks. The system provides high-resolution
disparity maps (1292x964) at a rate of 12.5 Hz.

Zhttps://www.flir.com/support/products/bumblebee2-firewire
3https://www. 1 stvision.com/cameras/models/Allied- Vision/Mako%20G-125B/C
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Figure 2.6: The Fugu-f optical system is designed to be a flexible sensor capable of retrieving
high-resolution tri-dimensional information. It has been equipped as payload in vehicles such as
the Girona500 - figure b); and Nessie VI - figure ¢). Extracted from [61].

The research of F. Bonin-Font et al. (2015) [61] presents the Fugu-f modular imaging sen-
sor, developed to enhance the intervention capabilities of underwater mobile robots. The system
includes two Bumblebee stereo cameras housed in flat-ported enclosures, with power and pro-
cessing units in a separate cylindrical module. Fugu-f has demonstrated versatility in tasks such
as mosaicking and object detection, achieving a maximum depth resolution of 0.0107 m at 1 m
distance. Figure 2.6 shows the sensor integrated as payload in various underwater vehicles. M.
Johnson-Roberson et al. (2017) [129] introduce the Diver-Rig, a stereo setup that pairs auto-
exposed 1360x1024 AVT Prosilica Red, Green, Blue (RGB) and grayscale images at a rate of
2 Hz. The system is designed for shallow water mapping, ensuring a spatial resolution 1 mm/pixel.
The methodology developed by G. Huo et al. (2018) [130] employs stereo matching principles
in restored underwater images. An absolute error of 0.0085 m is obtained for the calibration dis-
tance of 1 m; as this distance increases, the mean relative error reaches 5.26% (0.11 m). A stereo
vision-based ROV docking approach is developed by M. Myint et al. (2018) [131]. Controlled
environment experiments validate this approach, as the low resolution camera pair (640 x 480)
guides the vehicle towards a known 3D marker with less than 5 mm pose error. The PelagiCam
module, introduced by E. V. Sheehan er al. (2020) [132], is designed to monitor marine fauna
with minimal disruption. Each module consists of three GoPro HD Hero2 cameras positioned
120° apart to capture a full 360-degree view of the surrounding environment. This imaging setup
has proven effective for detecting and recording marine fauna in a non-destructive, non-intrusive
manner. Y. Ma et al. (2023) [133] employ photogrammetry principles for detecting cracks and
measuring widths in underwater structures. This setup incorporates a pair of commercial cameras
(1200x960 resolution) housed in a flat-ported cylindrical enclosure. In controlled testing, this sys-
tem achieved a mean relative assessment error of 7.8%. A two-stage stereo depth map estimation
approach is presented by W. Wang et al. (2023) [134]. The proposed pipeline closely matches the
state-of-the-art COLMAP [135], achieving accuracy and completeness within 0.05 m. S. Tani et
al. (2023) [136] employ a stereoscopic system for AUV navigation, using downward-facing, high-
resolution cameras (1920x1440) triggered at 2 Hz to support a visual odometry algorithm. Under
optimal visibility conditions, validation tests reveal trajectory errors of 7% and 13% across sepa-
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Figure 2.7: A low-cost stereo vision system developed from off-the-shelf technology for fish
length measurement. The optical configuration ensures a 10 cm baseline and 60° FOV. Extracted
from [141].

rate survey missions. The spatial dimensions of abalone shells are measured using the binocular
system proposed by C. Yuehang er al. (2024) [137]. Using a Pyramid Stereo Matching Network
(PSMNet) [138] to obtain disparity values, the system achieves an average measurement error
of 2.02% for length and 2.54% for width. The Lanty stereo vision system was designed by E.
Alfaro-Dufour et al. (2024) [139] for fish monitoring. It features two 2048x1536 resolution Flir
Chameleon* cameras housed in an acetal copolymer and stainless steel structure rated to 500 m
depth. The system uses the state-of-the-art Semi-Global Block Matching (SGBM) [140] for dis-
parity estimation, while a You-Only-Look-Once (YOLO) v8 algorithm is used for detection and
classification. Real-world field tests were successfully conducted along the coasts of Mallorca.
C. Silva et al. (2024) [141] also target the aquaculture sector, developing a stereo system for fish
length measurement. This imaging sensor, illustrated in figure 2.7, uses an optical configuration
with 10 cm baseline and 60° FOV, integrated within a watertight flat ported acrylic chamber. Both
simulations and real-world tests validate this setup, demonstrating its capability to measure fish
lengths with less than 1% error.

Image sequences captured from monocular optical setups can be used to infer 3D representa-
tions of a scene. Photogrammetry principles can be applied if the relative camera motion between
consecutive frames is known [142]. Structure-from-Motion (SfM) algorithms provide a dense,
textured point cloud; however, SfM cannot determine the absolute scale of the reconstructed scene
without accurate navigation data to track the camera’s position and orientation. Additionally, it
may struggle with non-textured surfaces or dynamic scenes [143, 144]. The work of A. Sedlazeck

et al. (2009) [145] adapts SfM techniques for underwater environments by filtering out back-

“https://www.teledynevisionsolutions.com/products/chameleon3-usb3/
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ground noise and floating particles. Color correction methods are employed to improve robustness
in camera pose estimation and enable accurate reconstruction from a sparse set of points. C. Beall
etal. (2010) [146] expand this concept to a 1920 x 1080 resolution stereo rig with 60 cm baseline.
An initial camera pose is obtained from feature detection and matching, which is later refined by
a smoothing-based SLAM algorithm. An SfM reconstruction of coral reefs is discussed in the
research of D. Mckinnon ef al. (2011) [147], using high-resolution images (2272x1704) to gen-
erate a detailed 3D representation. The reconstruction achieves errors of less than 1 mm for 90%
of the coral surface, validated against a laser scan ground truth. A. Jordt-Sedlazeck and R. Koch
(2013) [148] present an SfM method that accounts for light refraction at flat port interfaces during
camera pose estimation. Compared to traditional SfM, this approach reduces re-projection errors
in both synthetic and real underwater reconstructions, resulting in improved accuracy. Ray tracing
of light refracted from flat planes is explored in the research of A. Shibata ef al. (2016) [149]
to address the scale ambiguity in SfM without requiring additional navigation data. Simulation
experiments reveal that light rays can be accurately traced to adjust the scale of the resulting 3D
representation, if the thickness of the plate and its distance from the camera are known a priori.
X. Xu et al. (2016) [150] estimate tri-dimensional SfM representations using low-resolution cam-
eras. Images captured in challenging underwater conditions with ambient lighting of 0.28 Ix are
processed to filter noise. Features are then extracted using the Scale Invariant Feature Transform
(SIFT) algorithm, tracked, and combined through SfM and patch-based multi-view stereo tech-
niques. A new Refractive Structure-from-Motion (RSfM) pipeline is introduced by F. Chadebecq
et al. (2017) [151], which enhances initial camera pose estimation through a refractive funda-
mental matrix derived from epipolar constraints. In underwater tests using an off-the-shelf GoPro
camera, the RSfM algorithm achieves reconstruction accuracy with a root mean squared error of
4.6 mm and a standard deviation of 3.2mm. This research is further extended into a two-view
SfM algorithm [152], introducing a novel formulation that incorporates an rF constraint, enabling

robust quasi-dense reconstruction in underwater environments.

K. Istenic et al. (2020) [153] tackle the scale ambiguity problem in SfM by inferring scale
from a configuration of laser beams projected onto the environment (see figure 2.8a). The au-
thors propose an unconstrained for arbitrary laser setups and a partially constrained method that
assumes parallel lasers at a fixed camera distance. The latter method shows an overall lower perfor-
mance (2.9% for the worst case scenario) due to the approximated laser direction. Real scenario
experiments employ the fully unconstrained method to estimate that each unit of the 3D model
corresponds to 0.237 m - refer to figure 2.8b. An efficient global SfM method is developed by Y.
Chen et al. (2022) [154], where the relative camera pose estimation step is refined using the Least
Trimmed Square Rotation Averaging (LTS-RA) approach. Experiments in controlled scenarios
show that this method achieves approximately 70% lower transmission costs without any loss in
metric performance. M. She et al. (2024) [155] improve upon the state-of-the-art COLMAP al-
gorithm to support generalized refractive camera setups, accommodating both flat and dome-port
housings. Additionally, a robust relative pose estimation approach ensures reliable SfM initializa-

tion. Evaluations in real-world scenarios demonstrate the effectiveness of this approach, with the
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Figure 2.8: Laser beam projections on the scene with known patterns that allow for the scale of
the SfM reconstruction to be estimated - figure a). Final tri-dimensional reconstruction is depicted
in figure b). Extracted from [153].

RSfM pipeline achieving reconstruction errors as low as 2.103 mm.

Active Imaging

Underwater active imaging employs the projection of laser stripes, dots, or structured light
patterns onto underwater scenes. Tri-dimensional information is derived by segmenting and ana-
lyzing the deformation of these patterns as captured by a camera. This structured light approach is
capable of producing high-resolution, accurate 3D representations, which are particularly valuable
for close-range applications. However, underwater light scattering and absorption can cause rapid
degradation in pattern quality over distance, limiting effective range. Moreover, these systems
demand precise calibration to account for optical distortions and typically require higher power,
presenting challenges for long-duration operations [101].

Single-laser structured light configurations rely on the precise positioning between the laser
source and the camera, using triangulation to retrieve spatial information. H. Kondo et al. (2004)
[156] proposed a system that uses this approach to navigate vehicles by tracking artificial under-
water structures, achieving millimeter-level accuracy within a 2m. Similarly, A. Yamashita et
al. (2004) [157] refined this approach by integrating a light refraction model, which improved
close-range accuracy to within 1 mm. The study presented by G. Inglis er al. (2012) [158] ap-
plies this principle to obtain a high-resolution bathymetry. The information extracted from the
laser stripe is stitched together using a SLAM algorithm, resulting in a grid map with accuracy
up to a centimeter. A. Bodenmann et al. (2013) [159] integrate a single-laser imaging system
on the Hyper-Dolphin ROV to a seafloor reconstruction with average pixel resolution of 6.4 mm.
M. Massot-Campos and G. Oliver-Codina (2014) [160] explore the use of diffractive elements
to expand the range of information gathered by the single laser-camera setup - refer to figure
2.9. This strategy allows for a more complete 3D reconstruction but its effectiveness quickly de-

creases for higher water turbidity levels, as the diffracted light is attenuated faster. N. Hansen et
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Figure 2.9: A single laser beam is diffracted into multiple lines, with lower-powered diffracted
lines attenuating first as turbidity levels rise. Extracted from [160].

al. (2015) [161] integrate a two-laser configuration within an OpenROV vehicle to perform under-
water inspection tasks. The system was tested both in simulation and experimentally, achieving
measurements with an approximate error of 0.04 m. An array of three line-lasers coupled with
a camera is used by C. Constantinou ef al. (2016) [162] to evaluate the relative positioning be-
tween an ROV and aquaculture fish-net targets. Testing in controlled laboratory environments
demonstrate measurement errors within 2.5%. A fixed camera and a hand-held cross-line laser
projector configuration is used by M. Bleier and A. Niichter (2017) [163], leveraging co-planarity
geometric constraints to reconstruct depth information. G. Matos et al. (2020) [164] improve laser
calibration accuracy by accounting for camera distortion and light refraction. Simplistic underwa-
ter measurements reveal a pixel resolution of 0.01 mm. S. Li er al. (2023) [165] divert from the
classic laser line threshold segmentation process by employing a state-of-the-art semantic segmen-
tation Pyramid Scene Parsing Network (PSPNet) [166]. A normalized grayscale gravity method is
then used to accurately pinpoint the stripe’s centerline. Tests in a water tank demonstrate that this
approach is both robust to noise and generalizes effectively. A novel underwater pipeline tracking
method is proposed by J. Fan ef al. (2024) [167] using a dual-line laser active imaging setup. The
laser stripe-based 3D reconstructions are combined with Doppler Velocity Log (DVL) data to pre-
cisely calculate relative positioning to stationary pipelines. The optical setup is integrated in the
BlueROV vehicle and controlled underwater experiments show pipeline diameter measurement
errors down to 0.0045 m. A multicolored light array is used by S. Li et al. (2024) [168] to obtain a
broader one-shot perception of the environment. Laser segmentation is conducted through a HSV

double-threshold. Experimental trials show a close-range tri-dimensional accuracy of 0.63 mm.

Structured light perception systems can also make use of pattern projectors to obtain dense

point clouds through triangulation, or to creating artificial texture that benefits block matching
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Figure 2.10: Gray-coded pattern projector improves the matching of a stereo composition. As
turbidity levels increase, the quality of the estimated reconstructions quickly degrades. Extracted
from [170].

methods. A variety of patterns have been used in the literature, e.g. gray-code bands, sinusoidal
fringes or grids [169]. These provide broader spatial coverage of the environment at the expense
of increased power consumption. Harsh underwater environments can also vastly degrade the per-
formance of pattern projectors as these are quickly absorbed in turbid waters [170, 171]. A stereo
optical setup combined with a gray-coded pattern projector is used by F. Bruno et al. (2011) [170]
to improve the quality of the estimated disparity map. Figure 2.10 illustrates the 3D point clouds
obtained in underwater scenarios with varying turbidity levels. Compared to the baseline mea-
surements taken in air, underwater reconstruction quality degrades as turbidity increases, with the
number of points per 100 pixels reducing from 13.42 to 1.38. Additionally, a long acquisition time
renders the system unusable for real-time applications. Q. Zhang et al. (2011) [172] introduce
a method for estimating the 3D shape of submerged objects using phase tracking and ray tracing
algorithms. A digital projector illuminates the object with sinusoidal fringes, and the interactions
with the object’s surface are modulated. Homologous points in the fringes are identified through
phase tracking, and each corresponding ray is then traced to determine the 3D coordinates of
these points. This method is reportedly faster than a conventional stereo-based approach, at the
cost of lower accuracy in object reconstruction. A customized grid-based pattern laser is used in
combination with a camera in the work of H. Morinaga et al. (2015) [173]. The projected grid
pattern aids a polynomial approximation method for estimating the system’s distortion model. To
enhance accuracy, the initial 3D reconstructions are refined using a bundle adjustment algorithm,

which optimizes the reconstruction by reducing projection errors. A. Sarafraz and B. Haus (2016)
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[62] employ an underwater camera setup with an external pattern projected from above the water
surface. The reconstruction approach accounts for the distortions introduced by both the object’s
surface and the water interface. While this method achieves precise reconstructions, it relies heav-
ily on water clarity, limiting its applicability for real world scenarios. Y. Nishida et al. (2021)
[174] project a De Bruijn-coded laser pattern [175], using six colors spaced 60° apart on the Hue
scale. The decoding process relies on a predefined table, achieving relative measurement errors of
less than 1.4%. Speckle patterns are studied in the research of S. Zhuang et al. (2023) [176] to
improve the accuracy of stereo-based techniques. A new row entropy parameter is introduced to
evaluate the influence of the added texture on the tri-dimensional representations. Real underwater

experiments show that a small row entropy coefficient leads to more accurate reconstructions.

Active imaging trends towards rotating laser-line scanners, which allow a single beam config-
uration to obtain a dense 3D representation at the expense of a more complex to assemble module.
F. Lopes et al. (2015) [177] introduce a system composed by a digital camera and a rotating laser
projector, capable of reconstructing an object with a global error of 2% of its size. The work of
S. Chi et al. (2016) [178] uses a galvanometer to adjust the direction of a laser stripe, enabling
automatic scanning for 3D reconstructions of underwater scenes. Experimental results under ideal
underwater conditions reveal a maximum distance error of 1.87 mm. A 3D laser scanner that also
makes use of a galvanometer to adjust the angle of a mirror is proposed by A. Palomer et al. (2018)
[47, 179] (see figure 2.11). The system operates at up to 6 Hz with a maximum angular resolu-
tion of 0.008° between projected lines. Under optimal lighting (e.g., a dark environment for clear
line segmentation and triangulation), it achieves an average error of 0.53 mm with a corresponding
standard deviation of 0.27 mm. This active imaging system was later integrated into the Girona500
AUYV to support grasping and manipulation tasks. A modular single camera-laser configuration is
presented by Q. Xue et al. (2021) [180]. The system is mounted on a turntable that defines the
operating angle. Simple trials reveal a reconstruction error of 0.6 mm within the working range
of 0.14 to 2.5m. C. Gu et al. (2021) [181] introduce a unified laser-based 3D scanner calibration
method that operates across different media without recalibration. Additionally, an underwater 3D
scanner prototype is developed, demonstrating sub-millimeter precision reconstructions of vari-

ous objects in multi-medium scenarios. A structured light 3D reconstruction system based on a
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Figure 2.11: A galvanometer iteratively redirects the projected laser beam allowing for increased
spatial coverage of the scenario. Extracted from [47].
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rotating laser scanner is developed by Y. Ou et al. (2023) [182] that employs a binocular polar
curve constraint model to ensure accurate line matching. This solution achieves a resolution of
1.025 mm in clear water at a distance of 0.5 m. Experiments in turbid waters show metric errors
smaller than 3mm. S. Li er al. (2023) [183] combine line structured light with an optical os-
cillator to assemble a monocular self-scanning measurement system. The rapid reflection of the
laser beam allows for a complete sweep of the target, while a refraction compensation method
enhances the final point cloud. In controlled trials, the system achieves 0.398 mm accuracy, re-
constructing submerged objects with relative errors below 2%. A cost-efficient structured light
system based on a sliding scanner is introduced by H. Lin ef al. (2024) [184], using ray tracing
to establish a refraction-based imaging model. Separate calibrations in air and underwater refine
the FOV transformation, correcting 2D image distortion and restoring accurate 3D point depth.
An enhanced laser stripe extraction algorithm improves pixel accuracy, enabling reliable 3D re-
constructions. Water tank tests reveal an error rate of approximately 2.89% when reconstructing

standard concrete objects underwater.

Hybrid Imaging

Hybrid underwater imaging systems combine both active and passive techniques, integrating
the benefits of each method to capture complementary information that enhances 3D reconstruc-
tion accuracy and scene understanding. However, hybrid systems are complex to design and as-
semble, requiring precise calibration and synchronized control units to manage both the timing and
alignment of active and passive components. The intricate coordination and setup required make
hybrid systems more suitable for specialized applications where high-resolution depth data is es-
sential. The MARESye hybrid imaging sensor is first introduced by A. Pinto and A. Matos (2020)
[87]. Information is retrieved from the scene via both photogrammetric stereo techniques and laser
line triangulation, capturing dense texture-based and sparse accurate point clouds. A range-gated
acquisition scheme guides the imaging formation of both 1280x960 AVT MAKO 125C cameras,

Figure 2.12: Concept design of the MARESye hybrid imaging sensor: this system integrates
both passive and active imaging techniques for underwater applications. The passive stereo setup
includes two AVT MAKO 125C cameras paired with LED lights, while active imaging uses two
laser beams in combination with the cameras. Extracted from [87].
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Figure 2.13: Hybrid imaging system composed of a stereo camera pair and a laser diode mounted
on a sliding platform. Extracted from [185].

mitigating the impact of sub-sea phenomena to gather high fidelity data. In controlled experiments
simulating different levels of water turbidity, the stereo-based method achieved an average error of
0.025 m, while the laser-based method demonstrated superior accuracy with an average absolute
error of 0.010 m. H. Lin ez al. (2024) [185] also propose a hybrid imaging system that includes a
pair of 1440x1080 HIKROBOT? cameras, a laser beam emitter, and a sliding platform to enhance
spatial coverage. Figure 2.13 illustrates this setup. The system leverages mathematical models
for underwater laser triangulation and enhanced stereo pixel matching. Water tank experiments
demonstrate 3D reconstruction accuracy with relative errors under 5%. Although this system em-
ploys hybrid imaging, it does not fully take advantage of the principle, as the cameras are used

primarily for calibration and point cloud texturing rather than as an additional source of 3D data.

Learning-based Solutions

Depth estimation from a single image is an ill-posed mathematical problem, as the same 2D
projection can correspond to multiple 3D scene configurations. Recent advances in deep learn-
ing have produced powerful architectures capable of estimating dense point clouds with state-
of-the-art precision, particularly in aerial applications [186, 187]. Underwater monocular depth
estimation research stems from image enhancement tasks, which aim to improve visual clarity
in underwater images [90, 188, 189]. On the other hand, learning-based models require exten-
sive training data and often struggle to generalize across different underwater environments. The
scarcity of publicly available datasets for underwater depth estimation further limits the devel-
opment of Al networks for this domain [44]. H. Gupta and K. Mitra (2019) [190] propose an
unsupervised network for depth estimation by adapting aerial hazy images to underwater con-
texts. This style-transfer model of learning employs two circularly connected dense-block auto-
encoders, optimized trough similarity and gradient sparsity losses. Experiments with the small
Stereo Quantitative Underwater Image Dataset (SQUID) RGB dataset introduced by D. Berman
et al. [191] demonstrate a 40.7% improvement in scale-invariant mean squared error over prior
state-of-the-art models. A similar strategy is adopted by X. Ye ef al. (2020) [192] where a Style
Adaptation Network (SAN) is used to adapt in-air images to the underwater domain, enabling

joint learning for depth estimation and color correction by focusing on domain-invariant features.

Shttps://www.hikrobotics.com/en/machinevision/productdetail?id=4994
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Figure 2.14: The UW-GAN is composed of two sub networks: UWC-Net estimates a coarse depth
map; and UWF-Net refines this representation by combining it with the initial RGB input image.
Extracted from [194].

However, discordant colors with the underwater tone can negatively impact the accuracy of the
generated 3D representations. The work of J. Pérez et al. (2020) [193] estimates a coarse depth
map with a neural network, refining it via a guided filter. This refined depth map is then used to

de-haze sub-sea images through an inverse underwater image formation model.

The Underwater Generative Adversarial Network (UW-GAN) introduced by P. Hambarde et
al. (2021) [194] is illustrated in Figure 2.14. In the first stage, the UWC-Net estimates a coarse
depth map, which is then refined by UWF-Net, a fine-level network utilizing spatial and channel-
wise squeeze-and-excitation blocks to combine the initial depth map with the input image. Eval-
uation on synthetic data achieves an RMSE of 0.144 m and a depth accuracy (9;) of 87.3%. Ad-
ditionally, the network demonstrates robust depth estimation in real underwater conditions, pro-
cessing 256x256 images at 20 Hz. X. Yang ef al. (2022) [195] propose a self-supervised depth
estimation neural network designed to tackle underwater challenges. By incorporating image en-
hancement constraints, the network leverages distance variations in attenuated images, while a
parallel optical flow network addresses issues of uneven lighting, noise, and moving objects. Im-
age gradient constraints further refine texture details in the depth map, enhancing accuracy. Tests
on real underwater data from the SQUID dataset demonstrate robust performance, with an average
RMSE of 0.262 m, showing resilience even in blurry underwater conditions. A self-supervised
architecture is also developed by J. Wang et al. (2023) [189] to improve depth estimation by
synthesizing viewpoints through an iterative network that ensures precise relative pose estimation.
This approach is further enhanced by an adaptive cost volume module, which assesses geomet-
ric compatibility across multiple generated viewpoints, allowing the network to effectively map
pixel values to depth information. Evaluated on the Sea-thru monocular image dataset [196],
the network achieves an RMSE of 0.415m, a 70% improvement over the closest state-of-the-art
model on this dataset. B. Yu et al. (2023) [197] present the UDepth network, which integrates a
MobilenetV2 backbone [198], a transformer-based global attention module, and a convolutional
regressor, optimized through a domain projection loss. UDepth’s tri-dimensional representations
are evaluated on the USOD10K dataset [199] where it reports RMSE errors as low as 0.143 m.
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Additionally, UDepth provides coarse depth predictions at an edge-processing rate of 51.5 Hz.
A physical-guided transformer that leverages domain-specific underwater knowledge is designed
by C. Wang et al. (2024) [200]. The UPGformer takes the non-uniform degradation of sub-sea
images into account during the encoding stage, while inverted transmission maps are embedded

along the upsampling process.

The UMono network presented by J. Wang et al. (2024) [201] leverages a hybrid Convo-
lutional Neural Network (CNN)-transformer encoder-decoder architecture. Its encoder extracts
both local and global features, later integrating them with a transmission map via a cross-attention
mechanism. This aggregated feature map guides the decoder, enabling detailed scene understand-
ing and precise depth estimation through progressive upsampling. Experiments on the USOD10K
dataset show an average RMSE of 0.1182 m and a §; accuracy of 52.37%, improvements of 10.9%
and 12.3%, respectively, over the state-of-the-art. UMono also achieves top performance on the
photorealistic stable diffusion generated Atlantis dataset [202], with an RMSE of 0.1422m. A.
Saleh et al. (2024) [203] propose PoseidonNet, a hybrid model that jointly learns monocular
depth and surface normals estimation. Trained on pseudo-labeled real data, PoseidonNet surpasses
UMono with an average RMSE of 0.0952 m and a §; accuracy of 75.46%. Real-time inference
is achieved at 63 Hz on an NVIDIA GeForce RTX 4090 Graphics Processing Unit (GPU). Wa-
terMono is a self-supervised framework introduced by Y. Ding et al. (2024) [204] for monocular
depth estimation that leverages knowledge distillation along with image enhancement. Figure
2.15 illustrates this approach where a smaller and simpler "student" model is trained to learn from
a larger, complex "teacher" model, enabling depth estimation for resource-constrained applica-
tions. Key features of the network include teacher-guided anomaly masks to identify dynamic

regions, the integration of depth information with an underwater image formation model, and a
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Figure 2.15: The WaterMono training pipeline involves two stages: first, self-supervised training
for teacher networks to generate pseudo depth labels, followed by training of student networks
using a mix of self-supervised and supervised methods with photogrammetric loss, dynamic region
filtering, and rotation transformations for enhanced depth prediction. Extracted from [204].
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rotated distillation strategy that improves rotational robustness. WaterMono achieves state-of-the-
art performance in the FLSea-VI dataset [205] with an RMSE of 0.945 m and 6; depth accuracy of
89.2%. The architecture’s generalization capabilities are explored with the FLSea-Stereo dataset
where the performance of the model decreases to 1.616 m RMSE and 66.7% 0.

Research considering deep learning for underwater scenarios has also been expanded to stereo
techniques. K. Ichimaru ef al. (2018) [206] mitigate the effects of the underwater floating par-
ticles through a CNN architecture that estimates depth from a stereo pair of images, while seg-
menting the disturbances caused by underwater phenomena to recover the original texture of the
environment. The UWStereoNet introduced by K. Skinner et al. (2019) [207] is an unsuper-
vised deep neural network that processes raw underwater stereo images to produce dense depth
maps and color-corrected outputs. By incorporating an underwater image formation model, image
processing techniques, and stereo vision’s geometric constraints, the modular network achieves
improved performance over a classic SGBM algorithm. X. Ye et al. (2023) [208] develop a novel
underwater depth estimation model that adapts progressively to underwater conditions, leverag-
ing synthetic underwater-style images from terrestrial datasets, and self-ensembling for semantic
adaptation. Additionally, a disparity-range adaptation strategy addresses disparity mismatches,
enhancing depth accuracy for close objects with large disparity variations. Q. Lv et al. (2024)
[209] introduce UW Stereo, a comprehensive synthetic underwater dataset containing image pairs
with dense disparity annotations. The authors also incorporate masked image learning princi-
ples to develop a novel cross-view enhancement module. This module reconstructs cross-domain
masks prior to stereo matching, improving the model’s robustness and adaptability to various un-
derwater scenes. The work of Q. Li et al. (2024) [210] proposes an unsupervised stereo matching
approach that incorporates semantic information and attention mechanisms to guide the process.
This method improves accuracy and overall performance, particularly in non-textured regions,
demonstrating its effectiveness in challenging underwater environments where traditional stereo

matching often struggles.

2.3.2 Perception-based Information Fusion

Measurements from sensors are inherently subject to various sources of uncertainty such as ran-
dom errors or systematic biases that affect measurement accuracy in dynamic environments. Sen-
sor fusion techniques help address these limitations by combining complementary data from mul-
tiple sources and/or modalities, creating single and more robust tri-dimensional representation of

the scenario [39].

Heterogeneous Tri-dimensional Information Fusion

In aerial contexts, a large portion of the research concerning heterogeneous tri-dimensional
data fusion focuses on combining stereo vision with LiDAR data since the information gathered
from each of the sensors can be complementary. The first is textured and dense; while the second
is very accurate and can be sparse or dense, depending on the resolution. W. Maddern and P.

Newman (2016) [211] propose a real-time probabilistic approach capable of fusing depth maps
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obtained via these sensors by propagating uncertainty estimates through a disparity prior and re-
finement stage. Tested on the KITTI dataset [212], this approach demonstrates high accuracy
when data from both sensors is available, though performance noticeably declines when LiDAR
data is missing. M. Ali et al. (2019) [213] propose a computationally efficient algorithm us-
ing multi-stage interpolation to densify non-uniform LiDAR samples, which are then dynamically
fused with stereo-based information by assigning adaptive weights. This method achieves a 4.94%
disparity error on the KITTI dataset, outperforming the classic SGBM algorithm, which shows a
13.56% error. A probabilistic framework that uses an Expectation-Maximization (EM)-based map
matching methodology to fuse LiDAR information with Kinect 3D data is developed by Y. Yue et
al. (2020) [214]. This approach has been tested in multiple real environments, demonstrating its

versatility and accuracy in tri-dimensional mapping tasks.

Conventional and probabilistic methods often serve as a first processing step to learning-based
algorithms, as these automatically extract features (both modality-wise and shared) directly from
data [215]. A supervised learning approach to fuse this heterogeneous data is discussed by K. Park
et al. (2018) [216]. The depth information of each sensor is processed separately at first, being
fused at a later stage. This combined representation is then refined with features captured from a
single RGB image. The authors report accurate results across multiple datasets, proving the gener-
alization capabilities of the proposed network. Similarly, X. Cheng et al. (2019) [217] present an
unsupervised LiDAR-stereo fusion network that addresses noisy data and sensor misalignments
through a feedback loop mechanism. This approach further enhances learning by incorporating
a piecewise planar model, allowing the network to more effectively represent the structured el-
ements of the scene. When tested on the KITTI dataset, this model significantly improves the
density of reconstructed 3D data, increasing LiDAR’s original 7% coverage to a full 100% while
also halving the error rate. The work of D. Martins ef al. (2018) [218] employs a self-supervised
learning strategy to fuse a stereo input point cloud with a dense depth prediction obtained through
a CNN. The merging operation is a weighted interpolation of both depth values, enforcing preser-
vation of high confidence stereo estimates while leveraging the monocular depth prediction in
occluded regions. The resulting point cloud proves more accurate in experiments conducted with
the KITTI dataset, as well as drone footage. Z. Bauer et al. (2019) [219] follows a similar princi-
ple, combining 3D camera depth readings with a deep learning-based monocular depth estimation.
Point clouds are aligned, and a planarity measure is estimated for every point in the CNN-based
prediction. The fusion operation occurs by comparing this measure to a given threshold: a higher
ratio leads to maintaining the estimated point; otherwise the depth camera value is kept. This ap-
proach proves capable of outputting an improved point cloud for a set of very simplistic scenarios.
The volumetric propagation network introduced by J. Choe et al. (2021) [220] leverages sparse
LiDAR-derived geometric features to guide stereo matching correspondences within a unified 3D
space. By embedding both stereo and LiDAR information into the same volumetric space, the
network can propagate semantic and geometric information more effectively, leading to a reduc-
tion in depth estimation uncertainty. When compared to an early fusion method, the proposed

intermediate fusion process shows improved metric results with over 2% gains in terms of RMSE.
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H. Meng et al. (2023) [221] present FastFusion, a three-stage architecture designed to enhance
3D perception by efficiently integrating stereo and LiDAR data. In the initial feature extraction
stage, a binary neural network captures high-level features from stereo images and the LiDAR
map, using weighted distance metrics to improve stereo-matching reliability. The second stage
implements an innovative cross-based LiDAR trust aggregation, which further boosts depth accu-
racy by combining LiDAR and image information during cost aggregation. Finally, a lightweight
disparity refinement network takes the coarse disparity, reference image, and LiDAR data to de-
liver a refined and consistent output. Tested on several challenging datasets, FastFusion achieves a
three-pixel stereo error of 2.81% with inference times averaging 16.8 ms. A holistic stereo-LiDAR
fusion network that considers both intra- and inter-modality uncertainties to estimate an accurate
depth map is introduced by J. Fan et al. (2024) [222]. This network is structured as a dual-branch
architecture, where each branch processes stereo and LiDAR inputs separately with dedicated un-
certainty modules to capture the unique uncertainty characteristics of each modality. A feature
aggregation module then leverages these evidential uncertainties to fuse the outputs. Evaluation of
the KITTI dataset shows a 6.52% RMSE improvement over the closest state-of-the-art network.

Combining heterogeneous information obtained from distinct imaging techniques is a rather
unexplored area of the state-of-the-art. J. Shi ef al. (2024) [223] propose a weighted fusion of
stereo-based techniques with single laser line active imaging. The sparse point cloud estimated
from laser triangulation is combined with the surface normals derived from the dense stereo data.
This fusion minimizes an error function that optimizes the surface, incorporating both depth error
and surface normal vector error. The fusion weights are adaptively calculated based on the angles
between adjacent normal vectors, ensuring an optimized and detailed 3D surface reconstruction.
Experimental results illustrated in figure 2.16 demonstrate the precision of the laser-based mea-
surements, achieving an absolute error of 0.0349 mm. In contrast, the photogrammetric stereo data
shows significantly higher absolute error at 0.9620 mm. Fusion results (depicted in figure 2.16¢
achieve enhanced accuracy with an absolute error of 0.0293 mm, representing a 16% improvement
over the laser-based technique and a 97% improvement compared to the passive stereo imaging
method.

Literature regarding the fusion of heterogeneous tri-dimensional data in sub-sea environments
is very scarce and generally guided towards sonar operations. J. Kim et al. (2019) [224] present a

fusion technique that combines visual SLAM-derived maps with a sonar-based volumetric space-
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Figure 2.16: Sparse laser triangulation data is combined with surface normals from stereo meth-
ods, minimizing depth and normal vector errors with adaptively calculated weights. Extracted
from [223].
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carving model. The method integrates the elevation data from the optical model with depth mea-
surements from sonar by examining boundary points and calculating their distances to a defined
set of reference points. This approach improves the accuracy of 3D volumetric mapping by 50%,
reducing mapping errors compared to traditional space carving alone. However, it requires sig-
nificantly more computational power. A method for integrating 3D information from two sonars
with orthogonal uncertainty axes is proposed by J. McConnell ef al. (2020) [225], using a feature
association technique. Features from each sonar output are clustered based on attributes such as
range, intensity, and mean intensity kernel. To match features within each cluster, the method
applies either a brute-force approach or a fast-convergence approach using random sampling to
find the minimum-loss. In controlled water tank experiments, this system successfully inspects a
blowout preventer structure, achieving a 3D reconstruction with an absolute error of 0.057 m. S.
Negahdaripour (2020) [226] explores a stereo sonar configuration that utilizes epipolar geometry
to reduce correspondence complexity. This process is refined through gradient descent optimiza-
tion and validated in controlled scenarios, achieving errors between 0.02 and 0.10 m. H. Joe et al.
(2021) [228] present a line-feature-based approach for enhancing 3D sonar maps by combining
forward-looking sonar data with vertical scanning data from a profiling sonar. The two individual
sonar submaps are matched with basis on critical points and corrected using the compensating in-
formation from each of the sensors. In pool trials, this method reduces slope and volumetric errors
by 45.3% and 13.2%, respectively. Field tests at sea further validate the approach, showing that
it reconstructs an aluminum cylinder with height and width errors of 12% and 5%. The features
from overlapping areas between orthogonal sonars are also fused in the research of N. Sadjoli et
al. (2023) [227] - see figure 2.17. To improve accuracy, the Smallest Of Cell-Averaging Constant
False Alarm Rate (SOCA-CFAR) algorithm [229] is first applied to reduce acoustic noise in ex-
tracted features. The features are then matched across both sonar views by minimizing the loss
between vectorized feature pairs. Finally, fused range, bearing, and depth data from each pair gen-

erate a uniform 3D representation. Controlled experimental results show that this approach yields
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Figure 2.17: A configuration of two orthogonal multibeam sonars provide horizontal and vertical
perspectives. Features from the overlapping regions can be matched to obtain an improved 3D
representation of the target object. Extracted from [227].
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higher mapping accuracy on solid surfaces, with slightly reduced precision for hollow objects.

A camera-sonar setup for underwater mapping and depth ratio estimation is proposed by A.
Cardaillac and M. Ludvigsen (2023) [230]. Tri-dimensional acoustic data is matched to the clos-
est image-based feature extracted from a SLAM algorithm [231]. The methodology was tested
in two distinct pool environments, demonstrating distance and angle errors as low as 0.02 m and
0.15°, respectively. J. Zhang et al. (2024) [232] fuse sonar data with stereo vision by incorporat-
ing a sonar-based cost term directly into the SGBM algorithm. This integration refines the cost
aggregation process during disparity estimation, leading to improved accuracy. Pool experiments

demonstrate measurement errors down to 1.7%.

Multimodal Information Fusion

Sub-sea environments present significant challenges to acquiring high-fidelity 3D data. Fus-
ing multimodal data such as textured 2D images, sparse depth and pixel motion cues; can mitigate
these issues, enhancing the accuracy and overall perception of the underwater scene. The use
of multimodal deep learning has been widely explored in aerial applications to estimate dense
depth maps. An auto-encoder approach is proposed by C. Cadena et al. (2016) [233] to integrate
RGB images, sparse depth cues, and semantic labels into a unified dense 3D representation. Each
data modality undergoes an initial auto-encoding step for denoising, enabling the extraction of ro-
bust shared features. Depth estimation is subsequently performed from this shared feature space,
leveraging the complementary information of all modalities. Validated on the KITTI dataset,
this approach achieves real-time performance with inference times below 40 ms. M. Mancini et
al. (2016) [234] leverage an encoder-decoder architecture for dense depth estimation using RGB
images and optical flow information as inputs. The fusion of these modalities significantly im-
proves performance, achieving over 9% gain on the KITTI dataset compared to a monocular depth
estimation network. A residual network is introduced by Y. Liao et al. (2017) [235] fusing tri-
dimensional information from a 2D laser with textured data. Sparse depth data is augmented by
interpolating missing values along the gravity direction before being combined with RGB inputs
at an early network stage. The final depth inference is refined by performing a pixel-wise sum
with the augmented laser-based data, enhancing accuracy and producing a dense depth map. B.
Ummenhofer et al. (2017) [236] shape the learning task to mimic a typical structure-from-motion
problem. The DeMoN network is composed of two consecutive encoder-decoder architectures.
Optical flow maps are first estimated and then fused with an RGB image pair to infer dense depth
maps and surface normals. The Sparse-to-Dense network, proposed by F. Ma and S. Keraman
(2018) [237], integrates RGB images with low-resolution depth data or sparse cues derived from
SLAM. Experimental results on indoor datasets demonstrate that augmenting the input with 100
randomly sampled depth points increases the network’s metric accuracy by over 50%. Dense depth
predictions are achieved in the work of A. Hirata et al. (2019) [238] by interpolating missing val-
ues on LiDAR information. A propagation scheme that combines features from RGB images,
semantic label and stereo-based to estimate depth in regions with missing data. The final output

is further refined using a global optimization step. K. Wang and S. Shen (2020) [239] propose
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a network that jointly estimates optical flow and camera motion from image pairs. A novel tri-
angulation layer leverages this output, encoding motion information from multiple observations
to achieve robust and accurate depth estimation. The research presented by P. N. Leite et al.
(2020) [43] explores the effects of fusing RGB images with sparse depth cues from LiDAR, stereo
matching, and active laser-based triangulation. Experimental results highlight the advantages of
combining multimodal information over monocular depth estimation models. The study also re-
veals that models trained with sparse laser data exhibit limited spatial coverage, constraining their
overall accuracy. D. Gehrig ef al. (2021) [240] present a Recurrent Asynchronous Multimodal
Network designed to integrate asynchronous, irregular event camera data with RGB images. Ex-
periments on synthetic datasets demonstrate a mean absolute depth accuracy improvement of up

to 30% compared to state-of-the-art networks.

A late-fusion approach is proposed by M. Khan et al. (2022) [241], employing a transformer
network. Texture-based tokens are initially extracted from the input RGB image and subsequently
fused with sparse LiDAR data, as well as the original RGB image, using a multimodal fusion
block. Ablation studies reveal that this fusion methodology outperforms early fusion of RGB and
sparse depth cues by approximately 19%. T. Shimada et al. (2023) [242] propose an early-fusion
approach that combines an RGB image with optical flow information through an attention-based
CNN. Additionally, a perceptual discriminator is employed to enhance the network’s accuracy
without increasing inference times. Experiments on the KITTI dataset demonstrate the metric
benefits of incorporating motion-based data into the depth estimation task. The OccFusion net-
work, proposed by J. Zhang et al. (2024) [243], introduces a multimodal framework combining
LiDAR and multi-view image data. A 3D encoder processes LiDAR data to extract voxelized
features, which are fused with point coordinates and image features from a 2D encoder. These
modalities are integrated through a point-to-point fusion mechanism to generate enhanced voxel
features. An active decoder further refines predictions in challenging regions, improving accu-
racy and robustness. B. Xiao et al. (2024) [244] develop an encoder-decoder network to fuse 2D
RGB images with event camera data. The dual-branch multimodal encoder leverages self-attention
mechanisms to correlate temporal and spatial information from texture patches and events. A joint
decoder aggregates these feature maps using triple-scale feature fusion modules, enabling detailed
and accurate depth estimation. A multi-stage framework is proposed by H. Li et al. (2024) [245]
to fuse noisy Radio Detection And Ranging (RADAR) point clouds with RGB data. A first step
generates an initial dense prediction from a monocular depth estimation task, followed by global-
scale alignment using sparse RADAR points for refinement. A parallel branch learns associations
between RADAR points and image patches to perform quasi-dense scale estimation. Finally, a
scale map learner integrates the output of each branch for local scale refinement. Evaluation on
the nuScenes dataset [246] demonstrates a 25.6% improvement in mean absolute error compared

to the closest state-of-the-art network.

Multimodal information fusion in underwater environments typically focuses on integrating
complementary visual and sonar data to enhance perception and mapping capabilities. N. Hurtds

et al. (2010) [247] demonstrate a method that combines visual and sonar data by re-projecting
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image textures onto tri-dimensional bathymetry models derived from multibeam sonar, merging
camera-based visual detail with sonar range measurements. However, the operating range of the
system remains restricted by the visibility limitations of the camera. C. Kunz and H. Singh (2013)
[248] apply a similar approach by using image-based features to provide texture for multibeam
sonar reconstructions. A pose graph is optimized to find the vessel’s trajectory, camera pose, and
resulting bathymetry map. Visual features are treated as landmarks, while partial sonar recon-
structions are used for relative pose constraining. A large-scale mapping operation conducted by
E. Iscar and M. Johnson-Roberson (2016) [249] fuses color-corrected visual data with multibeam
sonar depth measurements to produce a textured, georeferenced bathymetry map with 15 cm res-
olution. A multi-layer architecture is proposed by D. Rao et al. (2016) [250] to correlate features
from RGB images and a priori collected bathymetry data. This framework is further extended
with gated multimodal learning techniques, enabling unsupervised clustering of input data and
explicit learning of inter-modality features. M. Roznere and A. Li (2020) [251] fuse single-beam
echosounder sonar data with SLAM-based monocular depth estimation. Measurements inside the
sonar’s detection cone are matched to visual features and integrated into the tracking phase of the
SLAM algorithm to improve map initialization. This multimodal data fusion approach improves

depth map accuracy and provides more reliable scale estimation.

An extension of this work is presented by H. Liu et al. (2023) [252], introducing a novel
self-supervised network that combines RGB images with a masked representation of a single cone
measurement from the same echosounder sonar (refer to figure 2.18). The acoustic range data
is projected onto the image plane and intersected with foreground objects segmented from the
textured data. Each input modality is processed independently and fused through a late-fusion

depth decoder. The learning task is guided using real sonar measurements. Evaluation on a syn-
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Figure 2.18: Self-supervised network that combines RGB images with masked echosounder cone
measurements. Acoustic range data is projected onto the image plane and fused with texture-based
features through a late-fusion depth decoder guided by real sonar measurements. Extracted from
[252].



38 Literature Review

thetic dataset generated in a Unity® simulation environment shows an average RMSE of 2.356 m
and a &; pixel accuracy of 58.2%, outperforming other self-supervised methods. J. Zhang et
al. (2024) [253] introduce a sonar-visual-inertial SLAM framework based on factor graphs. A
dual-subsystem design ensures stable operation during visual failures, while joint feature-depth
estimation from visual and sonar data enhances SLAM initialization and positioning accuracy.
Additionally, a novel method for estimating sonar image elevation angles improves the stability
and precision of the sonar-inertial subsystem. The UW_Depth network, proposed by L. Ebner
et al. (2024) [254], addresses depth estimation and scale ambiguity by combining monocular
RGB data with sparse depth triangulated from visual features. These sparse measurements are
derived from ground truth values where valid pixel correspondences exist. The network architec-
ture incorporates a lightweight backbone to process the coupled RGB-sparse prior input, a vision
transformer for fusing output feature maps with original depth cues to capture global context,
and a regression module that refines the depth map using a binning procedure. Evaluation on
the FLSea-VI underwater dataset shows an RMSE improvement of 0.0083 m compared to using
sparse measurements alone. Furthermore, the UW_Depth network achieves real-time performance

on an embedded system, operating at 24 Hz.

2.3.3 Eye-in-Hand Perception

Advances in underwater intervention missions have enabled ROVs equipped with robotic manip-
ulators to perform simplistic operations [255]. These systems typically rely on perception sensors
mounted on the vessel, which can lead to occlusions caused by the robotic arm and increase risk to
the vessel as it must approach the structure for detailed observations. Eye-in-hand configurations,
where perception systems are coupled directly to the robotic arm, enhance situational awareness
by taking advantage of the extra degrees-of-freedom. This setup enables data collection from pre-
viously inaccessible areas, minimizes occlusions, and provides close-range point-of-view infor-
mation without compromising the vessel’s safety. This configuration has been explored for fixed-
based robotic manipulators in aerial applications, using monocular cameras [256], stereo vision
systems [257], Red, Green, Blue, Depth (RGB-D) sensors [258], and structured light [259, 260].
Manipulation from floating platforms guided by an eye-in-hand perspective is a relatively un-
explored topic in underwater perception literature. One of the first underwater intervention oper-
ations is presented in the research of G. Marani et al. (2009) [36], where the SAUVIM AUV is
equipped with a 7 Degrees-Of-Freedom (DOF) electromechanical MARIS 7080 robotic manipu-
lator, capable of sub-millimeter end-effector positioning precision (see figure 2.19). The system
combines RGB images and ultrasound tracker feedback for target localization during a search and
recovery mission. Within the manipulator’s workspace, an eye-in-hand monocular camera detects
and tracks the object during the hooking operation. Experimental trials require human intervention
only to initiate target recognition, achieving translational detection accuracy within a centimeter

and slightly higher errors in distance estimation to the target. A hybrid configuration is used by

Shttps://unity.com/products/unity-engine
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Figure 2.19: The SAUVIM AUV equipped with a 7-DOF MARIS 7080 manipulator uses an eye-
in-hand monocular camera for object detection and tracking during a search and recovery mission.
Extracted from [36].

V=
Camera Q?%)\/}{QLaser emitter

Object ——

~— Arm

(@ (b)

Figure 2.20: A hybrid eye-in-hand configuration. The laser diode is attached to the manipulator,
while a monocular camera gathers image data from the AUV’s perspective. Extracted from [261].

M. Prats et al. (2012) [261] for grasping operations. A laser emitter is mounted on a 4-DOF
Light-weight ARM 5E manipulator, while a downward-facing camera is integrated into the AUV
(figure 2.20a). The scene is reconstructed by moving the manipulator’s elbow joint at a constant
speed, generating sparse point clouds through triangulation of multiple laser stripe scans (figure
2.20b). These point clouds are stitched together using the motion of the floating platform. A
human operator determines the optimal grasping position (figure 2.20c), after which the grasping
plan is executed autonomously. M. Carreras et al. (2015) [65] present a custom end-effector
with an embedded camera and force-torque sensors for underwater valve-turning interventions.
The AUV uses a Bumblebee 2 stereo system to detect and position itself near the target. The
grasping operation is guided by an eye-in-hand vision system, which measures orientation errors
between the valve and the end-effector. The system achieves an 87.5% success rate, with failures
attributed to manipulator calibration errors or inaccurate valve pose estimation. A single-stripe
structured light vision system is attached to a manipulator in the work of A. Penalver et al. (2015)
[37]. Tri-dimensional reconstructions of the scenario are obtained as the perception system moves

along with the robotic arm. Experiments in the UWSim [262] simulator demonstrate that the eye-
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in-hand configuration provides more complete and accurate reconstructions compared to a camera
mounted as part of the AUV payload. R. Conti ef al. (2017) [263] simulate a 7-DOF robotic arm
equipped with a three-fingered gripper and an eye-in-hand camera mounted on the end-effector.
The AUV aligns with the target object, and the grasping plan is guided by the estimated center of
mass and orientation of the target object relative to the manipulator, as determined by the visual

camera.

Eye-in-hand vision-based control strategies are employed by S. Sivéev et al. (2018) [264] to
guide intervention missions with the work-class Holland I ROV. A Point Grey Blackfly’ camera
is integrated with the Schilling Titan 2 subsea manipulator, achieving positioning errors as low as
15cm. Controlled experiments and real-world trials validate this approach across various tasks,
including precise arm control near a fiducial marker and grabbing and rotating a T-bar target han-
dle. J. Li et al. (2019) [265] also propose a control system that uses a monocular camera mounted
on the manipulator wrist. The algorithm, validated through numerical simulations, addresses un-
certainties in camera parameters, vehicle kinematics, and feature position information to enhance
control accuracy and reliability. A hybrid approach for underwater inspection is introduced by M.
Santos et al. (2021) [266], combining complementary visual data from an ROV-mounted camera
and an eye-in-hand camera. A switching mechanism adjusts viewpoints during operation, activat-
ing the ROV camera for broader scene awareness when the target leaves the eye-in-hand camera’s
field of view. Real-world tests demonstrate the effectiveness of this system, with the eye-in-hand
configuration enhancing close-range inspections by reducing positioning errors, while the ROV
camera provides valuable contextual information. J. Gao et al. (2021) [267] use a monocular
camera to extract texture-based features, which are input into a model predictive visual servoing

system. This approach enables a decoupled control of the ROV-manipulator system.

A cooperative intervention mission is discussed in the research of R. Pi et al. (2021) [268],
using two Girona500 vessels equipped with 4 DOF ECA 5E manipulators. The shared transporta-
tion of a target pipe is achieved through the use of custom cameras embedded in each of the end-
effectors (see figure 2.21). These cameras provide visual feedback for detecting and segmenting
a target pipe, with grasping points estimated from the eye-in-hand perspective. G. Billings et al.
(2022) [269] present a hybrid SLAM approach that combines a stereo camera mounted on an ROV
with an eye-in-hand monocular fisheye camera. The dynamic positioning of the wrist-mounted
camera is leveraged to extend the initially constrained map, improving spatial coverage. Under-
water experiments highlight the advantages of integrating multiple camera viewpoints. However,
the algorithm does not account for the robotic manipulator’s current state, which limits the ro-
bustness of the resulting 3D representation. A hybrid configuration for visual servoing control in
underwater vehicle-manipulator systems is presented by J. Li ef al. (2024) [270] (refer to figure
2.22). This approach employs position-based visual servoing using a stereo camera mounted on
the ROV, providing 3D information and a broad FOV. Additionally, an uncalibrated visual servo-

ing method uses visual feedback from an eye-in-hand camera to guide manipulator control during

https://www.teledynevisionsolutions.com/products/blackfly-s-usb3/
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Figure 2.21: Custom end-effector gripper and camera to enable visual pipe detection, segmenta-
tion, and grasping point estimation from an eye-in-hand perspective. Extracted from [268].
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Figure 2.22: Hybrid visual servoing configuration for underwater vehicle-manipulator systems,
combining an ROV-mounted stereo camera and an eye-in-hand camera. Extracted from [270].

close-proximity operations. Validation through simulations and field trials demonstrates the sys-

tem’s effectiveness in moving toward a static target in simplistic scenarios.

2.4 Critical Analysis

Underwater perception systems face significant challenges from sub-sea phenomena that lead to
severe data degradation. Mitigation strategies include post-processing techniques that reduce haze,
blurriness, and color distortion; significantly improving feature-matching algorithms by sharpen-
ing textured details in captured images. Additionally, the impact of floating particles can be re-

duced during image formation by gating the acquisition process to avoid a portion of the backscat-
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tered photons. This method requires precise synchronization between the camera shutter and the
projection of artificial lights onto the scenario. Compared to traditional approaches that rely on
constant illumination — resulting in degraded image quality due to persistent backscattering, over-
exposure, and vignetting effects; range-gated imaging significantly enhances the perceptual capa-
bilities of underwater vision systems. The design of waterproof housings for underwater imaging
systems significantly affects the quality of the retrieved visual information. Flat port surfaces have
limited FOV, with radial distortions increasing proportionally to the distance from the camera’s
center of projection. In contrast, hemispherical dome ports effectively minimize light refraction
when the optical axis is aligned with the dome’s center. The calibration of underwater optical sys-
tems remains an open-research problem with literature advancing towards complex mathematical
ray tracing models powered by learning-based models. In comparison, radial distortion correction
methods account for the combined effects of lens distortion and refraction at the housing interface,
eliminating the need for explicit modeling of complex optical paths through multiple media. Ad-
hoc underwater calibrations further enhance accuracy by capturing the actual refractive conditions

that account for variations in water properties.

The state-of-the-art in underwater perception is extensive; however, the information obtained
by these solutions often lacks the accuracy required to perform thorough tasks that require mil-
limetric precision. Table 2.1 provides an overview of the most relevant imaging techniques and
sensors. Sonar systems excel in long-range mapping due to the low attenuation of sound un-
derwater. Despite this advantage, sonar technology is constrained by its limited resolution and
struggles with fine, close-range details due to overlapping echoes and navigation drifts. Optical
systems are versatile and capable of capturing data with distinct characteristics. Passive stereo
imaging methods generate dense and textured representations but are highly susceptible to degra-
dation due to light scattering and low-texture regions. Alternatively, 3D information can be derived
from a single moving camera using photogrammetry principles. While SfM methods are effective
for reconstructing 3D scenes, these rely on precise camera tracking, perform poorly in dynamic
environments, and lack the ability to recover the absolute scale of the scene without external in-
formation. Active imaging techniques offer high accuracy in describing volumetric dimensions,
but provide sparse information that is insufficient for a complete perception of the scene without
sweeping motions. These systems are highly sensitive to lighting variations, which can disrupt seg-
mentation and triangulation processes. Recent advancements incorporate sequentially adjustable
mirrors to improve spatial coverage, at the expense of larger housings and lower acquisition ratios.
Pattern projectors enhance scene texture, however, their high power consumption restricts deploy-
ment in real-time or energy-constrained missions. Turbid conditions degrade the effectiveness
of these techniques due to absorption. Learning-based solutions demonstrate potential for highly
accurate and dense reconstructions, as generative models start to be employed in underwater en-
vironments for style adaptation. The widespread adoption of these approaches is constrained by
the availability of large-scale datasets, the absence of a standardized platform for fair performance
evaluations, inaccuracies in ground-truth distance annotations, and a lack of diversity in scenarios.

Hybrid imaging systems acquire both dense, textured 3D information from passive methods, and
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Table 2.1: Advantages and disadvantages of distinct sensors and techniques used for underwater
tri-dimensional perception.

Technique/Sensor Strengths Weaknesses Data Characteristics
High minimum operation distance. Low resolution
Long-range measurements. . . . L
Sonars : o . . Sensible to media density variations. Non-textured
Resistant to water turbidity and light conditions. . R
Multipath propagation echoes. Sparse
Close-range measurements. Depends on accurate feature matching. Textured
Photogrammetric Stereo Color mapping for each point. Sensible to sub-sea phenomena. Blocky
High spatial coverage and resolution. Depth precision decays with acquisition distance. Dense
. Depends on accurate feature matching.
Cost-effective. P . . € .
Requires accurate camera motion tracking. Textured
. Close-range measurements. . . .
Structure-from-Motion . . Susceptible to dynamic environments. Blocky
Color mapping for each point. .
. X . Sensible to sub-sea phenomena. Dense
High spatial coverage and resolution. Lo
Scale ambiguity.
High potential for accurate measurements. Computationally demanding. Textured
Learning-based Learns directly from raw data. Requires large amounts of training data.
Very Dense

Able to estimate depth from a single image.

Generalization difficulties.

Structured Light

(Laser Stripe Triangulation)

Close/Medium-range measurements.
Easily extended to multiple laser configurations.

Depends on accurate laser segmentation.
Absorbed quickly in turbid environments.

High resolution
Non-textured

Millimeter-precise depth information. Limited spatial coverage. Sparse
. Creates artificial texture. . .
Structured Light High power consumption.
Improves stereo correspondences. Dense

(Pattern Projectors) Absorbed quickly in turbid environments.

Variety of available patterns.

millimeter-precise depth measurements from laser triangulation. These are complex to assemble

and require precise calibration and synchronization between imaging modes.

The inherent error characteristics of individual techniques or sensors can be mitigated by fus-
ing multiple data sources. In aerial robotics applications, tri-dimensional data fusion typically
involves one-to-one mapping of dense point clouds, using probabilistic methods or deep learning
architectures. However, the lack of dense and precise 3D data makes these methodologies un-
feasible in sub-sea environments. Furthermore, strategies designed to handle missing data often
rely on refinement stages heavily dependent on RGB-based features, limiting their applicability
underwater. Existing literature on fusing tri-dimensional data from distinct underwater imaging
techniques is limited, often resorting to simplistic weighted averaging of point clouds, which fails
to fully exploit the complementary strengths of each input. State-of-the-art research heightens the
advantages of combining multimodal data. Texture-based features from RGB images are often
combined with sparse depth data from LiDAR or RADAR sensors for depth completion. Addi-
tionally, incorporating pixel motion information into learning architectures demonstrates improved
depth map accuracy, as motion cues encode valuable depth-related features. Heterogeneous 3D
information fusion for underwater environments focuses on combining overlapping acoustic data
from orthogonal sonar configurations. On the other hand, multimodal fusion algorithms in sub-
sea contexts commonly integrate texture data with sonar measurements for bathymetry effects.
Tri-dimensional reconstructions from RGB and sparse depth priors are also discussed in the lit-
erature, leading to improved results when compared to underwater monocular depth estimation
approaches. Nevertheless, these sparse depth priors are often randomly sampled from available
ground truth data, introducing bias into the learning process and limiting the generalization capa-

bilities of the models.

Autonomous underwater interventions typically rely on vessel-mounted perception systems,
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which are prone to occlusions and lead to manipulation accuracy. Eye-in-hand configurations
address these limitations by coupling the perception system directly to the manipulator. This ap-
proach leverages the arm’s additional DOF to access previously unreachable areas, minimize oc-
clusions, and enable close-range inspections. State-of-the-art eye-in-hand applications are limited
to monocular cameras for optical feedback and vision-based control. Structured light imaging, in
contrast, often employs a hybrid configuration where a laser projector is mounted on the robotic
arm while a vessel-mounted camera captures the images. This setup improves spatial coverage by
using the arm’s movement for sweeping motions, eliminating the need for complex galvanometer-
based systems. Nevertheless, the images captured from above still face occlusions from the arm
itself. Recent advancements in eye-in-hand technology focus on hybrid configurations with dual
perception systems. A vessel-mounted sensor provides a broader field of view for navigation and
coarse reconstructions, while the eye-in-hand system focuses on close-range inspections, offering
complementary perspectives for enhanced situational awareness.

The research presented in this doctoral thesis builds upon the state-of-the-art by exploring
hybrid imaging techniques. The MARESye sensor is designed to minimize distortions through
hemispherical dome ports and thorough underwater calibration. Additionally, the effects of float-
ing particles are reduced through a data-driven range-gated imaging scheme. Novel information
fusion algorithms are introduced to tackle the fusion of heterogeneous 3D point clouds from each
imaging technique, diverting from state-of-the-art approaches by propagating the sparse 3D infor-
mation towards the stereo-based representation. Furthermore, a multi-stage approach draws from
learning-based multimodal fusion principles to combine textured data, the apparent magnitude of
pixel motion, and sparse depth measurements into a single dense representation of the submerged
scene. In essence, MARESye is a self-reliant imaging sensor capable of gathering high-fidelity
information by resorting to mitigation strategies and information fusion techniques that integrate
complementary data. Eye-in-hand configurations using hybrid imaging can fill the research gap
when it comes to gathering millimeter-precise tri-dimensional information for the means of thor-

ough O&M inspections.



Chapter 3

MARESye: Hybrid Imaging for
Tri-dimensional Underwater Scene

Understanding

3.1 Introduction

The submerged portion of O&M structures pose a distinct set of challenges, as the elevated level
of salinity in seawater aggravates the intensity of corrosion. Cathodic protection systems such as
sacrificial anodes are usually employed to degrade in place of the steel structure. As a result, regu-
lar inspection operations are needed to assess the anode regarding its state of corrosion. Inspection
procedures aim to detect defects (e.g. cracks, buckling, corrosion), assess the thickness reduction

of the anode and the condition of its coating, and finally, detect structural deformations [12].

Assessment of these structures can be conducted through direct contact with the anode, us-
ing direct current densities and half-cell or open-circuit potential measurements [271, 272, 273].
These tests require the detachment of the anode from the main structure, leading to extended down-
times [274]. Magnetic Particle Inspection (MPI) can detect small cracks underwater but require
divers due to automation challenges and the need to remove protective coatings [12]. Non-invasive
approaches such as Alternating Current Field Measurements (ACFM) use probe-induced electric
currents to measure electromagnetic field disturbances near the surface, detecting anode defects
[275]. Similarly, Eddy Current (EC) inspection provides surface crack detection and measure-
ment [276]. Visual inspections range from quick overviews of large-scale defects and assembly
verification to thorough examinations of cracks, corrosion, and biofouling. These vision-based
assessments are cost-effective in comparison to traditional methods [12], but currently rely on
divers with handheld cameras — a dangerous and unreliable process. While ROVs and AUVs
offer safer alternatives, these lack the situational awareness for close-proximity operations [255].
This limitation primarily stems from inadequate tri-dimensional perception of the surrounding en-

vironment. Traditional solutions using off-the-shelf vision systems in watertight enclosures [128]

45
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Figure 3.1: The MARESye hybrid imaging sensor. a) The system employs a pair of high resolu-
tion 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 hard-
ware, while an internal processing unit enables edge computing. b) Isometric perspective of the
simulated render of the sensor. ¢) Isometric perspective of the final prototype of the sensor.

suffer severe data degradation from underwater phenomena like light absorption, scattering, and
suspended particles [44].

The research presented in this chapter details the MARESye imaging sensor, designed to re-
trieve high-fidelity information from close-range underwater environments. MARESye can be
used as ROV payload to remotely guide a visual inspection operation by providing millimeter-
precise reconstructions. This allows for a metric assessment of the sacrificial anode’s wear, as
well as the size of potential cracks and other defects. The MARESye device is based on a patented
hybrid imaging concept! that enables multimodal information (textured images, tri-dimensional
information, motion-based data) to be retrieved from harsh sub-sea environments [87, 38]. Fig-
ure 3.1 illustrates both its simulated rendering and the finished prototype. The remainder of this
chapter is organized as follows: section 3.2 presents MARESye’s hybrid imaging principles and
data-driven formulation, while sections 3.3 and 3.4 introduce the optical and mechanical design

considerations that enable high-quality underwater imaging. Section 3.5 provides a comprehensive

IThis technology is patented under:  US11503269B2 (granted); PCT/IB2019/052926, EP3775996,
AU2019251438A1 (pending).
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performance analysis through experiments in both controlled environments and real inspection op-
erations at the ATLANTIS Coastal Test Center. Finally, section 3.6 summarizes the key findings

and implications of this chapter.

3.2 Hybrid Imaging and Data-driven Formulation

A hybrid imaging sensor leverages both passive and active techniques. Each methodology is
triggered separately and sequentially using a data-driven formulation. MARESye employs Pho-
togrammetric Stereo (PS) principles to retrieve dense and textured 3D information. Additionally,
laser beams are projected onto the scenario enabling precise triangulation of sparse information
through Light Stripe Ranging (LSR). The stereo-based algorithm derives a tri-dimensional under-
standing of the environment from multiple camera viewpoints. Photogrammetry-based principles
are used to calculate pixel-to-pixel displacements between the left and right images - disparity
estimation. These pixel correspondences are estimated using the SGBM algorithm [140]. The es-
tablished optical baseline enables the triangulation of depth information as the inverse of disparity.

The tri-dimensional information obtained through this method is dense and textured, however, it

Photogrammetric Stereo
Point Cloud

Light Stripe Ranging
Point Cloud

Figure 3.2: The photogrammetric stereo stage is depicted in figure a) - light projectors are turned
on to illuminate the scene, while laser diodes are off. Figure b) portrays the light stripe ranging
acquisition - laser diodes are projected onto the scene, while the high intensity LEDs are turned off
to facilitate the segmentation procedure. The heterogeneous tri-dimensional information gathered
by the MARESye sensor is illustrated in figure c).
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heavily relies on environmental features and consistent illumination conditions. The use of ex-
ternal Light-Emitting Diode (LED) sources facilitates the operation of the PS module regardless
of the ambient light conditions - refer to figure 3.2a. On the other hand, the LSR technique re-
sorts to projecting high intensity laser beams that actively modify the observed scenario - figure
3.2b. Segmentation of each beam is conducted to enable the individual processing of each laser.
The remaining pixels are triangulated into tri-dimensional information through a previously esti-
mated camera-laser calibration plane. Each beam is correlated into 3D information relative to its
respective camera. The information derived from LSR is highly accurate in depicting the spatial
and volumetric dimensions of objects in the scene. However, it consists of a sparse set of points
that strongly depend on the quality of the segmentation process. The point clouds resulting from

MARESye’s PS and LSR imaging techniques are illustrated in figure 3.2c.

The aggregation of organic material and debris in the water deeply influences its turbidity
and, consequently, the distance that light can propagate through. In addition to this fact, floating
particles are also the cause for light to be deviated from its path. The portion of light that gets re-
flected back to the imaging sensor - backscattering - vastly hinders visibility and induces contrast
limitations [83]. MARESye addresses this issue through a range-gated system that controls the
image formation process [87]. The start of the image acquisition process (Zopen_shurer) 18 delayed
by a defined 74,4y relative to the activation of the external lights or lasers. The camera shutter is
precisely timed to avoid capturing the backscattered light from the nearby marine snow. It remains
open for a fixed exposure time (Zexposure) t0 accumulate light reflections containing relevant scene
information. Figure 3.3 illustrates this time-gated image formation process. This system serves

as a high-level control unit, sequentially gating each module individually to ensure that each im-
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Figure 3.3: A range-gated synchronizer is employed by MARESye to mitigate the impact of the
floating particles. This strategy allows for the imaging sensor to receive and accumulate light
reflections from the scenario, while avoiding backscattered photons reflected from debris that sit
close to the observer.
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age remains unaffected by concurrent modes. The capturing rate of the sensor is driven by this
hardware triggering mechanic, guaranteeing synced 2D imaging at 30 Hz (15 Hz for each mode).
MARESye then processes the captured raw image data internally resorting to its embedded pro-
cessing unit, estimating tri-dimensional information at 10 Hz and 5 Hz for the LSR and PS modes,
respectively. In essence, this system allows MARESye to function in harsh underwater environ-
ments (high levels of sediments in the water, no ambient light, etc); to reduce power consumption
and improve the accuracy of the synchronization process; and to mitigate the impact of motion

blur introduced when the sensor in integrated within underwater vehicles [87].

3.3 Optical Design for High-quality Underwater Imaging

The MARESye sensor is tailored for the inspection and maintenance of submerged critical struc-
tural elements in offshore platforms. This application requires very thorough and precise measure-
ments. MARESye is designed to gather millimeter-accurate tri-dimensional information in close
proximity of the target surface, with an optimal workspace around the 0.6 m distance. Processing
the gathered information on the edge using MARESye’s internal processing unit can provide the
real-time volumetric feedback that is crucial for guiding the inspection procedure, allowing for a
continuous assessment of the submerged structure. The core of the optical system relies on two
high-resolution 1440 x 1080 px cameras that allow for highly flexible parameterization. The Sony
CMOS Pregius IMX273 image sensor features a pixel size of (Hpixersize X Vpixelsize = 3.5 X 3.5 um)
and a dynamic range of 10 bits. Its fast response to external triggering (down to 1 ps) and the use
of a global shutter mechanism enable the range-gated system, ensuring the capture of high-fidelity
information directly during the image formation process. Each camera is equipped with a 6 mm
focal length lens, focused to provide a depth of field that ensures objects within MARESye’s de-
sired operational range of approximately 0.6 m remain in focus. The FOV for camera-lens optical

configuration can be estimated through equations 3.1 and 3.2:

Hpixelsize : NPixelswidth

2-f

F OVhorizontal =2 arctan(

) = 44.99°, 3.1)

Vpixelsize - NPixels height
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where Hpjeisize and Viersize correspond to the sensor’s pixel size; the width and height of the

FOV,erticar = 2 - arctan(

) = 34.53°, (3.2)

captured image are represented as NPixels,q, and NPixelspeign, respectively; and f represents

the focal length of the optical lens.

A comprehensive understanding of the spatial resolution of MARESye’s PS point clouds can
be obtained from equations 3.3 and 3.4 [277]:

) ) B 2 . Z . tan( FOVh(érizumal )
SpatialResolutiony = - , 3.3)
NPixels,iqn
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Table 3.1: Evolution of MARESye’s PS point cloud spatial resolution in function of Z.

7 (m) Point Cloud X and Y 7 (m) Point Cloud X and Y
Spatial Resolution (m/pixel) Spatial Resolution (m/pixel)
0.376 0.00022 0.726 0.00042
0.426 0.00025 0.776 0.00045
0.476 0.00027 0.826 0.00048
0.526 0.00030 0.876 0.00050
0.576 0.00033 0.926 0.00053
0.626 0.00036 0.976 0.00056
0.676 0.00039 1.026 0.00059

] ) 2 . Z . tan( FOVLS'rrizral )
SpatialResolutiony = - ) (3.4)
NPixelspeign

where Z translates the metric depth of the scene.

The spatial resolution of the 3D point cloud depends on the distance from which the infor-
mation is retrieved. Table 3.1 shows this resolution across a metric range of [0.376, 1.026] m,
demonstrating that MARESye provides sub-millimeter point cloud spatial resolution throughout
the complete operational range, with precision as high as 0.00022 m.

The internal design of the sensor is optimized to achieve the best performance in close-range
operations while keeping the housing as compact as possible. A baseline of 0.084 m between
cameras is enforced for the stereo configuration. Additionally, external 1700 1m light sources,
crucial for this methodology, are attached externally to the housing, deviating 10° from the camera
plane. This arrangement ensures consistent illumination across MARESye’s field of view, with
the maximum light incidence estimated for the 0.65 m distance — see figure 3.4a. MARESye’s
active technique makes use of two laser diodes: a 200 mW, 650 nm (red) wavelength beam; and
a 300 mW, 405 nm (blue-violet) wavelength. A compromise between maximum power and rising
time is achieved to create a synergy that allows for the image formation to capture the brightness
peak of the laser beam, while actively responding to the triggering signals. The resolution of the
LSR technique relies on the interception between the laser beam projection and image planes. The
optical setup is thought out to meticulously align each laser diode with the opposite camera at a
specific operational distance. As depicted in figure 3.4b, a 5° deviation achieves plane alignment
at the 0.60 m distance. This internal disposition serves as an effective compromise between optical
performance and housing design considerations: a compact design that enables the optical prowess

of the sensor.

The fidelity of the retrieved information can also be affected by deviations induced while light
traverses media with different optical densities [278]. The optical housing infrastructure has di-
rect impact in mitigating these refractions. A flat housing port causes light rays to intersect in
distinct points, leading to multiple apparent viewpoints [97]. The hindrances caused by refraction
can be severely reduced if a hemispherical interface is employed. Aligning the center of the opti-

cal system’s projection with that of the interface ensures that the refracted light converges at the
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Figure 3.4: Internal design implications on the optical setup of the MARESye sensor. Figure
a) depicts the stereo-based configuration with a camera baseline of 0.084 m. The external lights
ensure constant illumination of the imaging workspace with maximum incidence at the 0.65 m
distance. Figure b) shows that a 5° LSR plane deviation creates a perfect camera-laser alignment
in the 0.60 m distance range.

same viewpoint [99]. Moreover, dome-shaped structures offer greater stability and can withstand
high depth-rated pressure environments. Nevertheless, a flawless assembly is mechanically diffi-
cult to achieve due to small alignment deviations or even existent non-uniformities in the glass.
MARESye makes use of hemispherical housing ports to accommodate the optical system, phys-
ically reducing light refractions. The calibration of optical systems in underwater environments
remains an open research problem, with state-of-the-art approaches ranging from geometric mod-
eling to the implicit absorption of underwater optical effects using the pinhole camera model -

refer to section 2.2.2.

MARESye’s calibration process employs a radial distortion correction approach to effectively
model lens and dome distortions, along with minimal mechanical-induced deviations [99]. The
sensor’s lens are specifically focused for the designed operating range and fixed within a clear
water tank, while a 9 x 12 chessboard with 0.015 m sized squares is used for both intrinsic and
extrinsic camera calibrations. The global Levenberg-Marquardt optimization algorithm minimizes
the re-projection error of the chessboard points [279]. The camera-laser planes for LSR triangula-
tion are calibrated in the same controlled environment, following the methodology of A. Pinto and
A. Matos (2020) [87]. The calibration setup employs a chessboard with an elevated side-piece,
where laser beams are projected across both surfaces. The spatial arrangement between each laser
and camera frame is determined by estimating the plane that best fits the segmented laser projec-
tion points. A stereo re-projection error of 0.186 px after calibration further supports the choice

of the pinhole camera model for mapping tangential and radial distortions induced by both the
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underwater environment and the camera-lens-dome optical setup. Following this camera model,

the depth of the scene Z can be obtained from equation 3.5:
_I'B
=

where f and B correspond to the focal length and stereo baseline, respectively; d translates the

Z 3.5

estimated disparity value.
The re-projection error in stereo vision manifests as an error in the disparity Ad, which leads to
uncertainty in the estimated depth AZ. An approximation of this error can be quantified by taking

the derivative of the depth equation with respect to disparity - equation 3.6:

2z f-B
— =t 3.6
od~ & G0
The AZ uncertainty can thus be approximated through equation 3.7:
2z f-B
A~ |—|-Ad=—--Ad. 3.7
' 9d P G

Substituting in the disparity d from equation 3.5, the uncertainty introduced by the re-projection

error in the depth estimation of the PS point cloud can be quantified using equation 3.8 [108]:
AZ = Z—z -Ad. (3.8)

f-B

This uncertainty increases quadratically with distance from the sensor. Table 3.2 shows the
evolution of AZ for the studied range. For the designed operating range of 0.6 m, MARESye’s
stereo-based depth estimation has an associated uncertainty of 0.00033 m. Sub-millimeter AZ
values can be expected for the [0.376, 0.826] m spectrum. For larger distances, the depth uncer-

tainty increases to the millimeter order of magnitude.

Table 3.2: Evolution of the uncertainty in MARESye’s PS depth estimation in function of Z.

Z (m) Uncertainty (m) | Z (m) Uncertainty (m)
0.376 0.00019 0.726 0.00070
0.426 0.00024 0.776 0.00080
0.476 0.00030 0.826 0.00091
0.526 0.00037 0.876 0.00102
0.576 0.00044 0.926 0.00114
0.626 0.00052 0.976 0.00127
0.676 0.00061 1.026 0.00140

3.4 Mechanical Design and Validation

The mechanical design of underwater components must account for various factors dictated by the

sub-sea environment. The corrosion of metallic components is an important concern due to the
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structural degradation caused by the salinity of seawater. Ensuring a waterproof housing is essen-
tial to prevent water from damaging the electronic components. Therefore, it is crucial to properly
seal all interfaces between components. The MARESye sensor is designed to handle these con-
cerns, accommodate the optical requirements, and withstand 200 m depth ratings. The pressure at
a given depth is directly proportional to the seawater density (py, = 1025kgm~3), the accelera-
tion of gravity, and the height of the water column. Thus, for 200 m depth, the housing must be
able to withstand a 2 MPa hydrostatic pressure. To enable the integration of the sensor into any
robotic platform, it is essential to minimize the weight and volume of the enclosure. A rectangular
space-efficient design enables the optical configuration, and accommodates the internal process-
ing within the same structure. However, the design’s inherently flat surfaces make it more prone
to pressure-induced buckling. To counteract this issue, the housing features rounded edges and a
reinforcement structure, ensuring a highly durable enclosure. The use of AW6061 — T'6 aluminum
alloy is common for maritime applications [280] due to its favorable mechanical properties such as
275 MPa yield strength, low density of 2700 kgm ™3, and high corrosion resistance. Additionally,
MARESye’s housing is anodized for further protection against corrosion. The compact internal
space along with the heavy load in the cameras and processing unit leads to a fast rise in the global
temperature of the system. This is countered by maximizing heat dissipation through direct con-
tact of the cameras/processing unit with the aluminum housing, which itself dissipates the heat to
the water.

The validation of this design is first conducted in simulation to study the stress and strain
across the entire housing. A conservative linear static analysis is executed by applying a uniform
pressure of 3 MPa to all surfaces in contact with water, ensuring an over-design of the sensor as a
safety margin. Boundary conditions are set assuming that the housing is fixed by two of its back
threaded holes, and its mesh is refined in the areas where the stress gradient is more accentuated.
The results of the Finite Element Analysis (FEA) are depicted by figures 3.5 and 3.6, in terms of

stress and displacements, respectively. The critical stress point of 227 MPa occurs in MARESye’s

Stress
von Mises

(N/mm? (MPa))
275,000

._ 247,500

. 220,016

Stress
von Mises

(N/mm? (MPa))
275,000

. 247,500

220,016
102,523 192,523
165,031 _ 165,031
137,539 . 137,539
110,047 110,047

82554
55,062
I 27,570
0,0780

Figure 3.5: FEA stress results obtained from applying a uniform pressure of 3 MPa to the
MARESye housing structure. Figure a) depicts the maximum stress regions induced to the main
housing body due to the contact with the lid’s flange. Figure b) illustrates the maximum stress of
218 MPa endured by the housing lid’s laser port edges.
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Figure 3.6: FEA displacement results obtained from applying a uniform pressure of 3 MPa to the
MARESye housing structure. Figure a) depicts the maximum displacement of 1.9 x 10~*m at the
top and bottom walls of the main body housing due to its inherent large surface area. Figure b)
illustrates the maximum displacement of 1.7 x 10~* m near the center of the housing lid.
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Figure 3.7: Response of the MARESye housing over time during the hyperbaric chamber experi-
ment.

main housing body due to the pressure induced from the contact between the top and bottom
walls with the lid’s flange - figure 3.5a. A maximum displacement of 1.9 x 10~*m deforms the
center region of both top and bottom walls, as these are the largest surface areas - figure 3.6a.
As for the lid, the critical stress point of 218 MPa can be found along the laser pocket edge,
likely due to the abrupt geometric change and being the closest to the center - figure 3.5b. The
peak displacement of 1.7 x 10~*m is also registered near the center of the lid - figure 3.6b. The
maximum stress experienced by both housing components remains well below the yield strength
of the used aluminum alloy (275 MPa), thus the housing maintains its structural integrity when
subjected to the 3 MPa hydrostatic pressures. A practical validation of MARESye’s housing is
later conducted in a hyperbaric chamber to simulate a pressure rating of 200 m. The experiment
comprises three stages: a one-hour constant pressure increase until reaching 2 MPa; followed by
a one-hour stage of stable 2 MPa pressure; and finally, a steady decrease over the course of the
final hour. The response of the system is depicted in figure 3.7. The absence of abrupt pressure

disruptions indicates a thorough sealing of the housing. Further assessment is conducted after
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the chamber test to corroborate the water-tightness of the housing, as well as the lack of plastic
deformations or fractures.

The mechanical design of the MARESye sensor accomplishes a compact design (Height x
Width x Depth) = (0.111x0.283x0.165) m that accommodates both the optical configuration
and internal processing. Furthermore, the sensor is easy to integrate due to its low payload with
underwater apparent weight of 0.210kg, and total weight of 2.684 kg; while being capable of
withstanding the hydrostatic pressures experienced at 200 m depth.

3.5 Results and Discussion

The content of this section intends to thoroughly analyze the performance of the introduced
MARESye hybrid imaging system. A comprehensive set of underwater experiments allow for
a clear understanding of how the accuracy of the tri-dimensional measurements estimated by
MARESye varies according to the distance from the sensor. From an application perspective,
MARESye is employed to inspect and reconstruct sacrificial anode structures. Initially, experi-
ments are conducted in a controlled underwater environment where measurements are collected
from a fixed position. The sensor is later integrated within a commercial ROV and validated in
real underwater environments at the ATLANTIS Test Center [6] where data collection is hindered
by harsh conditions: heavy marine snow, constant lighting variations, and wave-induced motion
blur.

3.5.1 Accuracy of the 3D Measurements

The distance at which the target is observed has direct impact on the quality of the retrieved tri-
dimensional reconstruction. A myriad of factors contribute to this behavior, from the optical setup
(stereo configuration baseline, camera parameterization, focal distance, image resolution) to envi-
ronment inherent phenomena such as turbidity, light absorption and backscattering. This section
aims to characterize the metric error in MARESye’s tri-dimensional readings, define a preferen-
tial operating range and validate its applicability for thorough inspection tasks where millimeter-
accurate reconstructions are necessary. For this purpose, 3D measurements are collected from
PS and LSR techniques while the MARESye sensor is fixed relative to a 9 x 12 chessboard with
0.03 m sized squares. The aluminum target, with dimensions (Height x Width x Depth) = (0.4
x 0.3 x 0.06) m - refer to figure 3.8a - guarantees a flat surface plane from which consistent
distance readings can be obtained from. The distance between MARESye and the target is thor-
oughly measured using Leica DISTO X3? IR-based measuring device with reading resolution of
+- 0.5mm. A set of 20 readings were collected for each experiment to account for uncertainties
of the IR sensor. This device employs a time-of-flight methodology to estimate depth relative to
its closest straight-line reflection. As the target chessboard is mounted vertically, parallel to both

MARESye and the IR device, the distance obtained from the time-of-flight sensor is representative

Zhttps://shop.leica-geosystems.com/global/measurement-tools/disto/leica-disto-x3
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Table 3.3: SGBM parameters used to estimate the PS point clouds for every experiment.

SGBM Parameter Value ‘ SGBM Parameter Value

minDisparity 0 P2 10000
numDisparities 120 disp12MaxDiff 5
blockSize 7 speckleWindowSize 150
P1 2300 speckleRange 10

of the whole flat target plane. For consistency, the camera parameters (brightness, gain, exposure,
whitebalance) are fixed for every acquisition. Table 3.3 shows the SGBM parameters used during
PS estimation throughout every experiment.

The subsequent metric analysis is conducted with basis on point cloud information gathered
at 10 Hz over a span of 5, accounting to 50 samples per set. The following quantitative metrics

are used along the remainder of the section to evaluate the estimated 3D readings:

e MAE - Mean Absolute Error:

MAE = M (3.9)
ng
¢ STDyf - Standard Deviation of the MAE.
¢ MRE - Mean Relative Error:
n, MAE,.
MRE == _* 100, (3.10)
ng

where 7 pe represents the average depth estimation for point cloud pc; i is the average depth

ground truth measurement; 7, corresponds to the number of point cloud samples.

Global Depth Characterization

The goal of the initial experimental setup is to describe the global accuracy of MARESye’s
tri-dimensional measurements, i.e. how precise the sensor is in measuring distances in relation to
itself. A set of stationary samples (PS and LSR readings, illustrated in figure 3.8b) is gathered at
increasingly longer distances. Ground truth values are obtained by taking the distance from the
face of the sensor to the chessboard for each set of measurements. The IR measuring device is fixed
on top of the MARESye sensor so that the variable distance - d,, - is thoroughly adjusted in 0.05 m
increments, as depicted in figure 3.8c. The alignment between MARESye and the IR sensor is
ensured through a Computer Numerical Control (CNC) manufactured structural piece (tolerance
of +- 0.1 mm) that serves as mount coupling the two sensors via the threaded holes in the imaging
sensor’s main housing. As a result, the transformation matrix between the two reference systems
is known and remains consistent throughout every data acquisition step. This assembly is repeated
for each experiment, as ground truth measurements are collected outside of water. As the ad-hoc
underwater calibration procedure accurately maps the distortions caused by both the environment
and the optical setup, the image formation plane is assumed to be approximately located at the

camera sensor. The uncertainty introduced by this assumption is shown in table 3.2, and will
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Figure 3.8: First experimental setup: assess the overall accuracy of MARESye’s 3D measurements
by collecting PS and LSR point clouds at increasingly larger distances from a known target surface.

be further discussed in this section. An offset value, d,rfser, is added as compensation to ensure
a correct extrinsic calibration between the IR device and MARESye. This offset coefficient is
measured directly from MARESye’s Computer-Aided Design (CAD) model, which accurately
reflects the real housing (CNC manufactured with +- 0.1 mm tolerance). The metric distance
relative to MARESye is estimated from each point cloud by averaging the depth values of all
points belonging to the target surface plane.

The evolution of the mean absolute error and corresponding standard deviation is depicted in
figure 3.9 for both PS and LSR tri-dimensional measurements. An exponential growth can be
observed in the absolute error in the PS readings, as the distance from the sensor increases. The
small baseline of the stereo configuration is adequate for close-range inspections - this is supported
by the very precise depth estimations obtained along the [0.3, 0.5] m distance range, achieving
0.0033 m of MAE and 0.87% MRE at most - table 3.4. For longer distances stereo-based systems
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016 MARESye global depth characterization - Evolution of the MAE according to the Distance from the Sensor
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Figure 3.9: Evolution of the mean absolute error in the PS and LSR global depth estimations
according to the distance from the MARESye sensor.

commonly lose resolution as the pixel matching algorithm progressively struggles to compute
disparity values, hence the gradual increase in the MAE of the PS estimation, as well as its point
cloud variability in terms of ST Dy4g. MARESye employs two distinct laser projections for the
LSR imaging methodology - red and blue beams. For this experimental setup both individual LSR
estimations are aggregated and studied as a single one. The LSR depth estimation proves capable
of maintaining a millimetric accuracy for most of the [0.3, 0.6] m close-range spectrum, achieving
at most 0.0051 m MAE and 0.89% MRE - refer to table 3.4. Even though the LSR estimations
excel for measurements in close proximity, the worst case scenario sees LSR introduce a 0.0219 m
MAE, corresponding to a 2.36% error relative to a 0.926 m ground truth reading. As the distance
from the target increases, light absorption becomes noticeable in each of the laser projections. As
consequence, segments of the beam become completely absent or faint of color, depending on how
reflective the surface is. This can lead to a decrease in the number of triangulated points; on the
other hand, these points become less variable since the more uniform color eases the segmentation

process.

Table 3.4: MARESye global depth characterization - PS and LSR measurements.

Photogrammetric Stereo Light Stripe Ranging
True Dist. Mean Esti d  Esti d Dist. Esti d Dist.  Esti d Dist. Mean Nr Mean Estimated Estimated Dist. Estimated Dist. Estimated Dist. Mean Nr
Py Dist. MAE STDyar MRE Points Dist. MAE STDyar MRE Points
(m) (m) (m) (%) (m) (m) (m) (%)

0.376 0.3728 0.0033 0.0028 0.87% 62979 0.3685 0.0075 0.0066 2.01% 1000
0.426 0.4186 0.0075 0.0030 1.76% 62802 0.4170 0.0090 0.0076 2.11% 856
0.476 0.4645 0.0115 0.0043 2.42% 63597 0.4569 0.0191 0.0052 4.02% 1033
0.526 0.5203 0.0058 0.0041 1.10% 63873 0.5208 0.0052 0.0030 0.99% 753
0.576 0.5497 0.0263 0.0057 4.57% 63819 0.5709 0.0051 0.0047 0.89% 772
0.626 0.5828 0.0433 0.0074 6.91% 64125 0.6209 0.0051 0.0050 0.81% 754
0.676 0.6461 0.0300 0.0096 4.43% 63527 0.6594 0.0166 0.0083 2.46% 807
0.726 0.6705 0.0555 0.0112 7.64% 63865 0.7150 0.0110 0.0048 1.52% 932
0.776 0.7028 0.0732 0.0109 9.43% 63790 0.7572 0.0189 0.0068 2.43% 903
0.826 0.7509 0.0752 0.0132 9.10% 62624 0.8132 0.0129 0.0073 1.56% 1052
0.876 0.7850 0.0911 0.0151 10.39% 59775 0.8565 0.0196 0.0100 2.24% 976
0.926 0.8567 0.0694 0.0166 7.49% 62935 0.9042 0.0219 0.0083 2.36% 871
0.976 0.8550 0.1210 0.0194 12.40% 61514 0.9680 0.0080 0.0041 0.82% 928
1.026 0.8678 0.1582 0.0239 15.42% 61585 1.0150 0.0111 0.0049 1.08% 920
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Figure 3.10: A study on the flatness of MARESye’s PS point clouds was conducted for three
distinct metric ranges. The RANSAC algorithm was used to approximate the 3D chessboard
representations with a plane. The resulting heatmap of the distances from each point to this plane
shows an arbitrary spatial distribution. This further validates the underwater calibration process,
as the measurements do not indicate systematic errors from faulty distortion mapping.

The uncertainty induced by the stereo calibration error, presented in table 3.2, is sub-millimeter
for the [0.3,0.876] m range. When AZ reaches a millimeter, for distances over 0.876 m, the esti-
mated MAE for MARESye’s PS point clouds is circa 0.090 m. In essence, the AZ uncertainty is
always an order of magnitude bellow the estimated MAE error, thus being negligible for the con-
clusions presented along this characterization study. Since the 3D error characterization presented
along this work relies on the mean value of the Z coordinate for each point cloud, any distortions
not properly corrected by calibration could introduce systematic errors into the measurements. To
study this behavior, the flatness of the tri-dimensional PS representation of the target chessboard
is approximated by a plane using the RANdom SAmple Consensus (RANSAC) algorithm [281].

The distances from each point to the estimated flat plane are calculated using equation 3.11:

‘aplanePX + bplcmePY - PZ + Cplane|
\/az +b%,  +1

plane plane

dRraNsAC = (3.1D

where (Py, Py, Pz) represents a point in the point cloud; and Aplane>bpiane, € piane are the plane
coefficients. Figure 3.10 presents the distance heatmap for three case studies representing close,
medium, and long-range experiments. This visual representation indicates that the error is spatially
distributed in each of the point clouds, regardless of the distance to the observer, and not contained
in the periphery of the image as it is common for optical systems affected by pincushion and
barrel distortion effects, or optical misalignments induced by the dome [278]. MARESye’s 3D
estimations do not exhibit bias or uncertainty resulting from the underwater sensor calibration, as
the applied procedure effectively mitigates both tangential and radial distortions.

The MARESye system achieves the best performance within the [0.3, 0.55] m range of opera-
tion, with both the PS and LSR methodologies capable of computing point cloud with millimetric
accuracy. As the distance from the target increases, the error in the PS point cloud rises exponen-
tially due to the short baseline length. The LSR estimations maintain an average MRE of 1.81%
over the whole range spectrum. The slight increase in error, noticeable for higher distances, can
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Figure 3.11: Second experimental setup: analyze MARESye’s PS and LSR relative depth estima-
tion accuracy for increasingly larger distances from the sensor.

be justified by the segmentation difficulties introduced by the underwater absorption phenomenon
that sees the beam projections get progressively more faint and difficult to segment. This analy-
sis supports the benefit of fusing both imaging techniques to improve the overall performance of
the MARESye sensor, maintaining a dense and textured point cloud and increasing its range of

operation [38].

Relative Depth Characterization

The second set of experiments aims to examine how the accuracy of relative depth measure-
ments estimated by the MARESye system evolves with respect to the distance from the target.
Figure 3.11 illustrates the setup for this study. A 0.0902 m thick block is placed in front of the
chessboard, and a set of stationary samples from both imaging techniques is acquired (figure

3.11b). The thickness of the block is estimated from each point cloud by measuring the global
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depth difference between both surface planes - refer to equation 3.12. The mean standard devia-
tion of this measurement (ST DymAE, . 4.,) 1S 1ven by equation 3.13. Camera parameterization is

maintained in between experiments.

MAEpjock_deprn = MAEy

chess

— MAE,,,,, (3.12)

STDMAEb/ock,deprh = \/STDIZWAEd + STDIZWA

chess Edbl ock

(3.13)

In contrast to the global depth characterization experiments, the PS proves to be the more stable
method when estimating relative depth. Figure 3.12 depicts the head-to-head comparison for the
evolution of the MAEpock_geprn in the estimation of both the PS and LSR algorithms. The stereo-
based methodology maintains the same behavior of increasingly higher STDyag, . yo,,- On the
other hand, the MAEj;ock_depri 18 contained within a millimeter for the [0.5, 0.6] m operation range.
For distances farther away from the sensor, the mean absolute error slightly increases and stabilizes
around the 0.01 m mark - refer to table 3.5 - corresponding to a MRE of 12.8% for the studied
distance spectrum. As the distance from the sensor increases, the PS imaging technique struggles
to compute pixel correspondences leading to the previously demonstrated exponential curve in the
PS global depth estimation (figure 3.9). This behavior directly impacts the relative depth readings,
since the algorithm progressively calculates similar disparity values regardless of the distance to
the sensor, inducing a saturation in the MAEock_depih-

The relative measurements estimated through the LSR technique achieve at most 0.004 m of
MAEpock_dgeprn Tor close-range readings, maintaining this millimetric accuracy in the [0.5, 0.6]
m spectrum - table 3.6. Outside of this range, the mean absolute error progressively increases
with distance, reaching saturation for distances above 0.9 m. The reason for this drastic decay in

performance over distance is the extrinsic laser-camera configuration. The small angle deviation
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Figure 3.12: Evolution of the mean absolute error in the PS and LSR relative depth estimations
according to the distance from the MARESye sensor.
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Figure 3.13: Impact of the distance from the MARESye sensor in the LSR relative depth estima-
tion. Close-range inspections create noticeable discontinuities that are leveraged to calculate an
accurate block depth. In addition to suffering from laser beam absorption, LSR long-range recon-
structions struggle progressively due to lack of resolution in the laser-camera setup. This leads to
increasingly smaller discontinuities, and consequently less accurate relative depth estimations.

between both projection planes - a compromise enforced to secure the synergy between optical
setup and internal housing dimensions - constrains the resolution of the LSR method. A clear
example of this behavior is illustrated in figure 3.13. For close-range inspections such as figure
3.13a, there is a noticeable discontinuity in the laser projections that clearly separate the beam
segments that are projected onto the block from the ones reflected back from the chessboard,
leading to a straightforward point cloud triangulation - refer to figure 3.13c. The same cannot be
said for longer range reconstructions. Apart from the aforementioned light absorption hindrances,
the discontinuities in the beam projections become smaller and smaller, making it very hard for
the LSR algorithm to estimate different depth values for each of the beam projection planes, as

seen in figure 3.13d.

In essence, the MARESye sensor performs best within the [0.5, 0.6] m range, with both the PS
and LSR imaging techniques achieving millimetric accuracy for the relative depth estimation task.

The LSR methodology retrieves extremely accurate point clouds in this close-range spectrum,
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Table 3.5: MARESye relative depth and spatial dimensions characterization - photogrammetric
stereo measurements.

Relative Depth Estimation Analysis Spatial Di ions Estimation Analysis
True Dist. Mean Esti Esti Block  Estil Block Esti Block | Mean Esti Esti Block  Estil Block  Estil Block Mean Nr Mean Nr
Block Depth Depth MAE Depth STDyar Depth MRE Block Height Height MAE Height ST Dyar Height MRE . .
(m) Chess Points  Block Points
(m) (m) (m) (%) (m) (m) (m) (%)
0.526 0.0985 0.0083 0.0076 9.25% 0.0497 0.0052 0.0005 11.60% 53713 6218
0.576 0.0981 0.0079 0.0090 8.74% 0.0461 0.0016 0.0006 3.49% 52639 6913
0.626 0.1023 0.0121 0.0095 13.42% 0.0443 0.0002 0.0000 0.39% 55254 5405
0.676 0.1043 0.0141 0.0106 15.65% 0.0457 0.0012 0.0007 2.79% 50444 4907
0.726 0.1043 0.0141 0.0133 15.67% 0.0471 0.0026 0.0010 5.75% 52710 4710
0.776 0.1080 0.0178 0.0136 19.78% 0.0439 0.0006 0.0013 1.44% 50854 4205
0.826 0.1013 0.0111 0.0166 12.26% 0.0472 0.0027 0.0011 6.01% 48358 4065
0.876 0.1031 0.0129 0.0182 14.33% 0.0543 0.0098 0.0007 22.12% 47499 3657
0.926 0.0993 0.0091 0.0173 10.10% 0.0530 0.0085 0.0011 19.21% 44133 3068
0.976 0.1005 0.0103 0.0201 11.46% 0.0555 0.0110 0.0014 24.66% 39864 2966
1.026 0.1000 0.0098 0.0268 10.85% 0.0554 0.0109 0.0020 24.43% 47861 2596
True Block Depth - 0.0902 m True Block Height - 0.0445 (m)

Table 3.6: MARESye relative depth and spatial dimensions characterization - light stripe ranging
3D measurements.

Relative Depth Estimation Analysis Spatial Di ions Estimation Analysis
True Dist. Mean Estil d Esti d Block  Esti d Block  Esti: d Block | Mean Esti d Esti d Block  Estit d Block  Esti d Block Mean Nr Mean Nr
Block Depth Depth MAE Depth STDyap Depth MRE Block Height Height MAE Height STDyjar Height MRE . .
(m) Chess Points  Block Points
(m) (m) (m) (%) (m) (m) (m) (%)
0.526 0.0942 0.0040 0.0043 4.43% 0.0517 0.0072 0.0001 16.24% 392 280
0.576 0.0972 0.0070 0.0046 7.77% 0.0464 0.0030 0.0012 6.68% 354 238
0.626 0.0840 0.0062 0.0029 6.87% 0.0471 0.0026 0.0013 5.77% 341 185
0.676 0.0717 0.0185 0.0030 20.49% 0.0434 0.0022 0.0003 4.87% 326 190
0.726 0.0610 0.0292 0.0028 32.41% 0.0452 0.0009 0.0003 1.93% 287 192
0.776 0.0517 0.0385 0.0031 42.72% 0.0415 0.0041 0.0006 9.28% 444 166
0.826 0.0484 0.0418 0.0027 46.34% 0.0391 0.0054 0.0004 12.20% 421 192
0.876 0.0430 0.0472 0.0033 52.29% 0.0385 0.0060 0.0093 13.52% 518 177
0.926 0.0248 0.0654 0.0015 72.53% 0.0377 0.0068 0.0001 15.31% 241 85
0.976 0.0260 0.0642 0.0023 71.15% 0.0328 0.0117 0.0001 26.32% 249 77
1.026 0.0260 0.0642 0.0011 71.18% 0.0312 0.0133 0.0002 29.97% 158 61
True Block Depth - 0.0902 m True Block Height - 0.0445 (m)

which can once more be leveraged to guide the dense and textured PS estimation. As the distance
from the sensor increases, the MARESye system should progressively attribute more confidence

to the PS readings as these maintain performance for long-range estimations.

Spatial Dimensions Characterization

From the second set of experiments presented above, the MARESye sensor’s performance can
also be evaluated when estimating spatial dimensions. The height of the block assembled in the
setup presented in figure 3.11 is now the target study. For each set of PS and LSR point clouds, a
bounding box is estimated from the points that belong to the block surface. The estimated height
of this bounding box is then compared to the measured 0.0445 m ground truth value. The obtained
results are presented in table 3.5 and 3.6 for the PS and LSR imaging techniques, respectively.
Moreover, figure 3.14 depicts the height MAE evolution according to the distance from MARESye,
for each methodology. The two algorithms maintain millimetric accuracy for most of the studied
spectrum. The long distance performance decay is seen once again with both PS and LSR tending
to MAE around the 0.01 m in height. Nevertheless, this occurs due to distinct circumstances: the
stereo-based point clouds estimate progressively higher height readings since the poor visibility
induces pixel matching errors in the chessboard/block transitional region; on the other hand, the
triangulated LSR points tend to shrink the calculated height due to the absorption of portions of
the beam segment as well as the continuous decrease in the laser projection discontinuities that

induce faulty estimations.
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Figure 3.14: Evolution of the mean absolute error in the PS and LSR spatial dimension estimation
according to the distance from the MARESye sensor.

3.5.2 Inspecting Submerged Sacrificial Anodes

The maritime environments that offshore platforms are exposed to are extremely harsh. Sacrificial
anodes are used to prevent the rapid degradation of these structures. The goal is to extend the
platform’s lifespan and guarantee its structural integrity by having a sacrificial layer corrode in
place of the steel structure. As a result, periodic maintenance and replacement are necessary to
ensure continued protection against corrosion. These operations are extremely complicated due
to the environmental conditions, and commonly resort to divers with handheld devices where the
information is later processed. The use of underwater imaging systems capable of acquiring high-
fidelity 2D and 3D information can lead to the automation of these O&M tasks, while guaranteeing
a reliable and repeatable analysis of the anode condition. This section employs the MARESye
sensor to reconstruct real sacrificial anodes, while scrutinizing its performance: first within a
controlled underwater environment, and later by integrating the sensor in a commercial ROV that
is deployed in a real underwater application at the ATLANTIS Test site.

Controlled Underwater Experiments

In the initial application experiment, MARESye is employed to reconstruct a real decommis-
sioned sacrificial anode within an indoor pool - refer to figure 3.15. This anode was cut off from
the DURIUS floating structure [41] after a long time-span of operation, leading to an extremely
irregular surface. Due to the absence of ground truth data or information regarding the original di-
mensions of the anode, relative measurements were collected to serve as baseline for comparison
against the 3D readings collected from the sensor. The upper and lower portions of the structure
are analyzed independently. Measurements corresponding to the peaks (most salient regions of the

surface), and valleys (innermost eroded regions) were thoroughly noted; the distance to the metal
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Figure 3.15: Decommissioned sacrificial anode cut off from the DURIUS floating structure [41]
used during the controlled underwater experiments. Relative depth measurements are thoroughly
collected from its irregular surface and used as ground truth values to evaluate MARESye’s per-
formance within real applications.

core of the anode is measured from each peak to the corresponding extremity; and finally the width
of the anode is studied along its different sections - figure 3.15. The relative depth characteristics
are obtained by using the Leica DISTO X3 IR sensor to measure the distance between each control
feature and the background wall. Spatial-based dimensions are measured with a digital caliper®
with reading accuracy of up to +- 0.02mm. These ground truth measurements are repeated 20
times for both spatial and relative characteristics to minimize uncertainty and ensure consistent,
reliable metric readings. The experimental setup secures the anode in a fixed position against the
wall of the pool, with MARESye located approximately 0.55 m away, facing the structure. Rela-
tive measurements using the stereo-based methodology are derived from the depth values between
the anode surface and the background pool wall. The LSR acquisitions guarantee that one laser re-
flects off the anode structure, while the other is projected onto the wall, facilitating measurements
between both triangulated point clouds to represent relative depth. The spatial analysis of each
point cloud section is performed by selecting the two outermost leveled points on either side of
the anode’s surface and calculating the metric distance between them. This picking methodology
is enabled by the sub-millimeter spatial resolution of the PS point cloud (see table 3.1): within the
data collection range, MARESye estimates point clouds with a spatial resolution of 0.00033 m.
Measurements are repeated for each sample, collected at 10 Hz over a 5 s interval.

The analysis of relative depth from 3D data obtained through both PS and LSR imaging tech-
niques is detailed in table 3.7, while figure 3.16 visually presents the captured reference frames

3https://docs.rs-online.com/2437/A700000009024162.pdf



66 MARESye: Hybrid Imaging for Tri-dimensional Underwater Scene Understanding

Table 3.7: Analysis of MARESye’s relative depth measurements in the 3D reconstruction of a
sacrificial anode within a controlled underwater environment. Measurements are estimated by
averaging the readings from each point cloud sample.

Characteristics | Ground Truth Photogrammetric Stereo Light Stripe Ranging
Measured Estimated  Absolute Relative | Estimated Absolute Relative
(m) (m) Error (m) Error (%) (m) Error (m) Error (%)
Peak Depth 0.07930 0.08101 0.00171 2.16% 0.07311 0.00619 7.81%
Top Valley Depth 0.07230 0.07447 0.00217 3.00% 0.06537 0.00693 9.59%
Distance to Core 0.03500 0.03897 0.00397 11.34% 0.04275 0.00775 22.14%
Anode Wear 0.00700 0.00654 0.00046 6.57% 0.00774 0.00074 10.57%
Peak Depth 0.07680 0.07771 0.00091 1.18% 0.07200 0.00480 6.25%
Bottom Valley Depth 0.07290 0.07370 0.00080 1.10% 0.06527 0.00763 10.47%
Distance to Core 0.03500 0.04170 0.00670 19.14% 0.04624 0.01124 32.11%
Anode Wear 0.00390 0.00401 0.00011 2.82% 0.00673 0.00283 72.56%
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Figure 3.16: MARESye 3D reconstructions within a controlled indoor pool scenario: photogram-
metric stereo (a, c¢) and light stripe ranging (b, d) point clouds and corresponding reference frames
for the top and bottom sections of the sacrificial anode.

and their corresponding tri-dimensional reconstructions. The photogrammetric stereo algorithm
excels in scenarios characterized by low turbidity and abundant texture. The estimated PS 3D
reconstructions, illustrated in figure 3.16a and 3.16c¢, intricately capture the details of the eroded
anode, providing millimetric precision for its peaks and valleys. For the top section of the structure,
the depth values for peaks and valleys are estimated at 0.08101 m and 0.07447 m, respectively.
This corresponds to absolute errors of 0.00171 m and 0.00217 m. Anode wear, defined as the
depth difference between peaks and valleys, is calculated by the stereo-based method with an ab-
solute error of 0.00046 m. Enhanced performance is observed in the experiments pertaining to the

bottom part of the anode, where the algorithm estimates wear at 0.004 01 m with an absolute error



3.5 Results and Discussion 67

Table 3.8: Analysis of MARESye’s photogrammetric stereo spatial dimensions measurements in
the 3D reconstruction of a sacrificial anode within a controlled underwater environment. Measure-
ments are estimated by averaging the readings from each point cloud sample.

Characteristics | Ground Truth Photogrammetric Stereo
Measured Estimated Absolute Relative
(m) (m) Error (m) Error (%)
Top Width 0.0890 0.0907 0.0017 1.96%
Center Width 0.1090 0.1087 0.0003 0.31%
Bottom Width 0.0790 0.0778 0.0012 1.54%

of 0.00011 m. These measurements are derived from very precise peak and valley readings that
translate 1.18% and 1.10% relative error in the measurements, respectively. The light stripe rang-
ing technique also achieves millimetric accuracy in its measurements, although its performance is
somewhat inferior when compared to the previously mentioned stereo-based reconstructions. In
figures 3.16b and 3.16d, a slight overexposure is noticeable in both laser line projections. This
overexposure can introduce enough variability in the triangulated point clouds to influence the
readings, as LSR measurements have a limited number of points representing peaks and valleys
compared to the photogrammetric stereo point cloud. Nevertheless, LSR accurately measures the
depth of the anode’s top peak and valley with absolute errors of 0.006 19 m and 0.006 93 m, respec-
tively. The calculated anode wear is 0.007 74 m, resulting in a 10.57% error relative to the ground
truth reading of 0.007 m. Each section of the anode is linked to an extremity serving as a mounting
support for the structure. As these surfaces are directly connected to the metal core of the anode,
the distance from peak to extremity surface is defined as the distance to the core. The predom-
inantly dark and uniform texture of this region hinders the PS pixel correspondence operation,
resulting in an absolute error 0.00397 m for the top section and 0.00670 m for the lower portion.
The higher deviation in the measurement for the bottom half of the anode can be attributed to the
darker illumination conditions, given its placement further down from the water surface. The LSR
method overshoots both measurements, primarily due to the aforementioned issues of variability.
These issues are aggravated in this estimation, as the beam segments projected onto the anode
and extremities display considerable variations in pixel intensity. Shifting the focus to a spatial
dimensions analysis, the photogrammetric stereo algorithm demonstrates reliability by accurately
estimating the anode’s width across its entire surface. The metric results, as presented in table
3.8, align with the findings illustrated in figure 3.14, where millimetric accuracy is achieved for
close-range measurements. In the worst-case scenario, the calculated width for the upper half of
the structure exhibits an absolute error of 0.0017 m. For the center and bottom sections, the stereo-
based approach estimates a width of 0.1087 m and 0.0778 m, resulting in relative errors of 0.31%
and 1.54%, respectively. In summary, the MARESye sensor is capable of achieving the milli-
metric precision essential during inspection operations. Both imaging techniques prove reliable
in a controlled environment with clear visibility and no external hindrances such as the constant
lighting changes, heavy marine snow and motion blur encountered during real operations. The fol-

lowing section sees MARESye integrated in a commercial ROV, and deployed in a real maritime
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Figure 3.17: Set of underwater experiments conducted at the ATLANTIS Coastal Test Center.
Figure a) illustrates DURIUS, the floating platform that allows for near-real test conditions. Figure
b), ¢) and d) show the MARESye sensor integrated in Exail’s ROVINGBAT ROV, used during the
inspection operation.

environment where the impact of these real-world conditions can be studied.

Real Underwater Application - ATLANTIS Coastal Testbed

The final series of experiments takes place at the ATLANTIS Coastal Test Center in Viana do
Castelo, Portugal. This testbed provides access to DURIUS, a repurposed floating buoy originally
used in the Oil & Gas industry. DURIUS serves as an ideal platform for testing and validat-
ing maritime technologies in a near-real environment [41]. Figure 3.17a illustrates the DURIUS
structure, which is the focal point of inspection in this section. For the inspection operation at
the ATLANTIS Coastal Test Center, the MARESye sensor is integrated into Exail’s ROVINGBAT
ROV* — refer to figure 3.17b. The ROVINGBAT vessel is capable of landing and securing itself
on DURIUS through the use of four vertical thrusters. Additionally, it can navigate along the
structure by employing two crawlers, ensuring stability for precise measurements during opera-
tions. To inspect and reconstruct the sacrificial nodes utilized to safeguard the DURIUS platform
against corrosion, the ROVINGBAT, integrated with the MARESye sensor, first navigates in close

“https://www.ecagroup.com/en/solutions/rovingbat-hybrid-rov
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Figure 3.18: Sacrificial anode from the DURIUS structure used as the reconstruction target. Fig-
ures a) and b) illustrate the 3D model segmented from the dry dock reconstruction of the DURIUS
platform and the respective characteristics used for analysis. Figure c) displays the state of the
anode, covered in biofouling, at the time of inspection.

proximity of the buoy. The ROV then holds a stable position facing the target anode at approx-
imately 0.60 m. MARESye then estimates tri-dimensional measurements from both the PS and
LSR techniques. These measurements are transmitted with negligible delay via a fiber optic tether
that connects the ROV to shore, being subsequently used by the operator for a detailed inspection
procedure.

Before being anchored at Viana do Castelo’s Port, the DURIUS structure underwent rigorous
maintenance and cleaning after a long time-span of offshore deployment. During this downtime,
a thorough 3D reconstruction was conducted on land, resorting to a Leica BLK360° laser scan
system with accuracy of up to 4 mm. The complete reconstruction of the DURIUS buoy is obtained
by stitching together each point cloud through a Multi-scale Point-to-point ICP algorithm [282].
For the scope of this discussion, one of the inspected sacrificial anodes is segmented from the
generated 3D model - figure 3.18a. The highly eroded sacrificial anode leaves the core almost
exposed on its top section. On the other hand, the bottom part shows a more irregular pattern with
peaks and valleys that represent different levels of corrosion. Relative measurements, describing
the depth readings between the highly irregular surface of the anode and the main body of the
DURIUS platform are collected directly from the reconstructed mesh - figure 3.18b. These are

Shttps://shop.leica-geosystems.com/leica-blk/blk360/technology
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Table 3.9: Analysis of MARESye’s relative depth measurements in the 3D reconstruction of
DURIUS’ sacrificial anode within a real underwater environment at the ATLANTIS Test Cen-
ter.

Characteristics Ground Truth | Photogrammetric Stereo | Light Stripe Ranging
Measured Estimated Absolute Estimated Absolute
(m) (m) Error (m) (m) Error (m)
Top Distance to Surface 0.120 0.1443 0.0243 0.1245 0.0045
Distance to Core 0.115 0.1377 0.0227 0.1189 0.0039
Distance to Peak A 0.125 0.1503 0.0253 0.1568 0.0318
Bottom Distance to Valley 0.122 0.1463 0.0243 0.1319 0.0099
Distance to Peak B 0.131 0.1606 0.0296 0.1682 0.0372

subsequently used to analyze the performance of the MARESye sensor in this environment.

As expected, gathering tri-dimensional data in real environments opens up additional chal-
lenges when compared to the inspection conducted at the indoor pool: the ROVINGBATs thrusters
stir up a lot of the dust and particles, vastly increasing the backscattering phenomena; strong waves
that are capable of swaying the ROV’s hovering difficult the image acquisition process; constant
shifts in light conditions lead to uneven lighting of the scene, and the absorption of projected
laser beams hampers the triangulation process. MARESye’s range of operation is also limited by
the vehicle’s maximum depth rating of 100 m, and the length of the fiber optics umbilical cable
(170 m). Additionally, the underwater inspection operation was conducted several weeks after the
cleaning procedure. This results in a thick layer of biofouling (moss, mussels, etc) that completely
covers the anode structure - refer to figure 3.18c.

The photogrammetric stereo algorithm provides a dense and detailed 3D estimation of the sce-
nario, enabling the assessment of the anode’s characteristics, as illustrated in figure 3.19a. As per
the data presented in table 3.9, a systematic average absolute error of 0.0251 m is observed across
all the analyzed characteristics. Despite introducing a rich and textured environment that favors
stereo-matching computation, the aggregation of materials is responsible for a large percentage of
the skew in these measurements. Leveraging the findings in table 3.5, an MAE of 0.0121 m can be
expected in the relative measurements estimated through the PS methodology, for the 0.60 m dis-
tance range where the tri-dimensional data is collected. Moreover, the table indicates a consistent
overshooting tendency in the estimated relative depth by the stereo-based algorithm. This obser-
vation supports the conclusion that a portion of the absolute error in the anode’s reconstruction
corresponds to this overshoot. The average biofouling thickness can thus be roughly calculated
as approximately 0.0130 m, by taking the difference between the systematic 0.0251 m error and
the expected MAE for the acquisition distance. The interpretation of the measurements estimated
by the light stripe ranging method is not as straightforward. The evaluation of said readings is
conducted in table 3.9. The presented relative measurements are collected by taking the difference
in depth estimation from each of the beams: the blue laser reflects back from the anode; while the
red beam is projected onto the DURIUS structure - refer to figure 3.19b. As per the experiments
presented in figure 3.9, the global depth estimation error in the LSR point cloud is mostly constant

across the range spectrum where data was acquired, therefore any error does not affect the relative
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Figure 3.19: MARESye 3D reconstructions within a real scenario at the ATLANTIS Test Center:
photogrammetric stereo (a) and light stripe ranging (b) point clouds and corresponding reference
frames.

measurements. The LSR reconstruction error is thus mostly guided by the laser line projected
onto the anode’s surface. A noticeable discrepancy can be seen in the measurements presented in
table 3.9, with the peak characteristics seemingly having much higher absolute errors while the
more eroded portions of the anode show millimetric accuracy. These results are however mislead-

ing, due to the prior knowledge that the presence of biofouling is not considered in the ground
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truth data. This leads to the conclusion that the error inherent to the LSR measurements is being
masked out by this extra layer of debris. Referring once more to the experiments presented in
table 3.6, a rapid increase in the relative depth measurements’ MAE can be seen as the sensor gets
progressively more distant from the target. Since the tri-dimensional data was collected at circa
0.60 m from the closest anode point (Peak B), these characteristics are estimated with millimetric
accuracy and thus most of the absolute error can be considered in fact the thickness of the bio-
fouling in said peaks. As the highly eroded sections of the anode are inherently farther away from
the sensor, and the LSR algorithm estimates progressively reduced relative depth measurements
due to struggling with smaller laser line discontinuities, both top characteristics along with the an-
ode’s bottom valley measurements (table 3.9) have an expected MAE of 0.0185 m which is being
masked by the aggregation of materials. A rough estimation of this layer of biofouling can thus be
estimated by taking the difference between the expected MAE and the estimated absolute error for
each characteristic. The top section of the anode sees an average debris layer of 0.0143 m, while

the amount of biofouling aggregated to the bottom anode valley is assessed to be 0.0086 m thick.

The ATLANTIS Coastal Testbed experiments provide an environment where the sensor re-
ceives natural light, as the inspection of the DURIUS structure is conducted near the water sur-
face. However, continuous changes in light conditions result in uneven illumination of the scene,
causing contrast limitations, lens flares, and bright spots that hinder the pixel matching process
during the PS estimation. The accumulation of biofouling and sediments on the sacrificial anode’s
surface difficult the analysis of the degradation level of the cathodic protection system, induc-
ing the need for ROVs equipped with cleaning tools (e.g., brushes, water jets) [255]. From an
imaging perspective, the textured surface benefits the PS estimation but limits the effectiveness of
active techniques, as the laser beams can be easily absorbed. Additionally, moving objects in the
scene can cause occlusions that obstruct the acquisition of high-fidelity 3D information. Previous
experience allows for a sense of how the performance of the sensor is affected in the low water
transparency situations found near the seabed area, where the presence of organic particles, sand
and larger living organisms have a large impact in quality of the acquired data. The MARESye
concept has been tested in a controlled scenario to assess its response to photogrammetric phe-
nomena induced by these scenarios [87]. A 90.9 mgL~! concentration of gray mortar dissolved in
water emulates high turbidity conditions. MARESye shows a maximum performance decay of 13
dB in terms of Peak Signal-to-Noise Ratio (PSNR) and 0.28 Structural Similarity Index Measure
(SSIM). The hybrid sensor maintains a SSIM index above 0.655, while a conventional imaging
system captures degraded data with 0.328 SSIM [87]. In essence, despite being exposed to harsh
sub-sea conditions, the hybrid imaging scheme employed by the MARESye sensor is still capa-
ble of capturing reliable information. MARESye employs a data-driven range-gated system to
mitigate the limitations presented by real scenarios, proving its applicability for sacrificial anode

inspection procedures where millimetric sub-sea reconstructions are key.
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3.6 Final Considerations

The research introduced along this chapter details the design of a hybrid underwater imaging sen-
sor. MARESye is meticulously thought out to excel in close-range inspection and reconstruction
applications. The optical prowess of the system is enabled by mitigation strategies that reduce the
impact of sub-sea phenomena. High-fidelity data can thus be gathered from the scenario, avoiding
the severe data degradation experienced by off-the-shelf vision-based sensors. MARESye fur-
ther contrasts from existing state-of-the-art solutions by retrieving heterogeneous tri-dimensional
information through both passive and active imaging techniques. Numerous experiments con-
ducted in a controlled underwater environment validate the initial premise that MARESye can be
employed to capture tri-dimensional information with millimetric accuracy in close proximity to
structures of interest - the [0.5, 0.6] m distance spectrum provides the optimal workspace range.
The MARESye sensor is later used in real inspection operations to assess the degradation level of
sacrificial anodes. These operations are crucial to protect and extend the lifespan of offshore plat-
forms. In a first stage, with low turbidity and controlled hindrances, the volumetric estimations of
a decommissioned target anode are accurate down to an absolute error of 0.0008 m. The final set
of experiments are conducted at the ATLANTIS Coastal Test Center, a near-real environment with
access to a repurposed floating buoy. MARESye is integrated into the ROVINGBAT commercial
ROV, and guides the inspection mission by providing live visual and metric feedback to the oper-
ator. A biofouling covered anode is thoroughly reconstructed and its assessment reveals a layer of
approximately 0.0130 m thickness, with peaks and valleys accounting to 0.0143 m and 0.0086 m,
respectively. In essence, the MARESye hybrid imaging system proves capable of enhancing the
remote sensing capabilities of AUVs and ROVs by providing textured and precise tri-dimensional
information in harsh sub-sea environments, crucial for reliable, repeatable, and dependable O&M

procedures.
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Chapter 4

Tri-dimensional Information Fusion for
Inspecting Submerged Critical
Structures

4.1 Introduction

The MARESye hybrid imaging sensor enables high SNR information to be gathered from the sub-
merged scenario. Both passive photogrammetric stereo and active light stripe ranging techniques
are exploited through a range-gated, data-driven strategy to obtain heterogeneous tri-dimensional
data streams. Despite mitigating sub-sea degradation effects, the resulting tri-dimensional infor-
mation can be imperfect and inconsistent since each imaging technique captures data with distinct
error profiles, uncertainties and data characteristics. While passive methods retrieve dense and
textured information that provide a broad coverage of the scenario, these are often blocky, deeply
affected by the lack of features, and its resolution degrades with the distance from the sensor.
In turn, LSR beam projections achieve millimeter-precise volumetric measurements through tri-
angulation; however, the sparse nature of this information is insufficient to portray a complete
perception of the environment.

This chapter introduces two novel algorithms for fusing heterogeneous 3D data into a unified
representation that preserves the advantages of each methodology. The Joint Masked Regression
(JMR) approach propagates precise LSR measurements across homogeneous regions surrounding
each laser beam projection, using regression curves to refine the stereo-based depth estimates.
The learning-based undeRwater HEterogenous tri-dimensional information fusion Architecture
(RHEA) employs early fusion to jointly learn features from coupled 3D inputs, using a synthetic-
to-real training scheme that enables direct underwater deployment without domain adaptation.
To the best of the author’s knowledge, this research presents the first approach to fusing dense,
texture-based 3D information with precise but sparse laser-triangulated measurements for under-
water structural inspection applications. This chapter is organized as follows: section 4.2 intro-

duces the JMR algorithm, while section 4.3 details the RHEA architecture and its synthetic-to-real
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training methodology. An extensive analysis of the performance of both methods is discussed in
section 4.4, detailing experiments in simulation, controlled underwater environments and within
a real application. Finally, section 4.5 clarifies the most important conclusions of this research,

providing a critical view of the obtained results.

4.2 Joint Masked Regression Algorithm

The JMR methodology explores the fundamental principle that homogeneous regions around each
segment of the laser projections generally translate the same depth. The very accurate sparse LSR
data is used to estimate multiple regression curves that map depth displacements and correlate
overlapping information from the PS input to each LSR beam segment. By exploiting the homo-
geneous regions surrounding each beam, the estimated regression models can be used to correct
overlapping pixels and to generalize this information towards neighboring depth values. In sum-
mary, the JMR maintains the density of the PS information, while using the triangulated laser data
to correct it.

A step-by-step illustration is depicted in figure 4.1, describing each key stage of the JMR
algorithm:

1. Find homogeneous regions within the PS 2D projection;
2. Calculate seeds that represent each LSR beam segment projection;

3. Correlate each seed to a homogeneous region within the PS 2D projection through a region

growing procedure;

4. Fit a regression curve that maps PS - LSR depth displacements within the homogeneous

region surrounding each unique laser beam segment;

5. Correct the PS point cloud by regressing the pixels within each homogeneous mask accord-

ing to the corresponding polynomial curve.

Initially, both input point clouds must be projected into a two-dimensional image plane. The
2D projection of a tri-dimensional point P = (Px,Py,Pz)” can be obtained following the pinhole
camera model. Pixel p = (x,y)” is given by equations 4.1, 4.2 and 4.3 [108]:

P

= foZX + e, 4.1)
P

y= f>PZ L tey, 4.2)

I(x,y) = Py, (4.3)

where f, and f, are the focal length values; ¢, and c, translate the camera’s principal point;

and / is the intensity at pixel p = (x,y)”, which represents depth in meters. Valid depth readings
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Figure 4.1: Visual representation of the joint masked regression algorithm: sparse laser-based
information is expanded towards the homogeneous regions in the PS projection through a region
growing procedure; a regression curve is estimated from the overlapping information within each
mask and used to correct the stereo-based data.

are considered within the [ 1e7>,2.0] m range. Pixels with values outside this range or with no
information are assigned intensity 0.

With both point clouds projected into a 2D plane, the homogeneous regions are estimated in
the PS projection through a Sobel operator. This 2D kernel operation computes a gradient value
for each PS projected pixel. Gradients close to edge and boundary regions are larger than those
in homogeneous areas [283]. A pixel value superior to a certain threshold is assigned intensity
255 and considered to belong to a high gradient neighborhood; while the contrary reveals a pixel
within a homogeneous region that is represented by intensity 0. This results in a binary gradient
mask that delimits homogeneous regions.

Simultaneously, a seed representative of the projection for each beam segment is calculated
through a connected components methodology. A binary mask! containing the valid readings from
the projected LSR input is assigned labels for each set of connected pixels - corresponding to each
laser beam segment. The centroid of each individual component is taken as the reference seed for
each beam. Each distinct seed is used as starting point for a region growing algorithm that uses the
aforementioned binary gradient mask as baseline and expands towards its homogeneous regions.
A new mask is generated for each beam segment, translating the areas towards where the LSR
information can be expanded - refer to figure 4.1. The high gradient pixels act as a boundary to
stop the growing procedure and are not included as part of the generated homogeneous masks.

Each mask M can be represented as a set of m number of pixels p:

M ={po,...,Pm},pi # Vi, j € [0,m] Ni# j. (4.4)

The collection of # number of generated masks (H) is given by equation 4.5. Overlapping

masks are discarded, assuring that no points are corrected multiple times.

H={Mo,..., My}, My ¢ MNk,l €[0,h] Nk#1. 4.5)

I A pixel with valid depth reading is assigned an intensity of 255, while a padding pixel is kept with 0 intensity.



78 Tri-dimensional Information Fusion for Inspecting Submerged Critical Structures

The valid depth readings for a single mask M can be formulated for the photogrammetric
stereo projection - PS, and light stripe ranging projection - LSR through equations 4.6 and 4.7,

respectively.

Zps =PSNM = {ZPSO,...,ZpSm},ZPSI eRfvre [O,m] , (4.6)

Zisg = LSRNM = {ZLSRoa . 7ZLSRm}aZLSRw € 9{+VW € [ O,m] . (4.7)

For the set of homogeneous regions H, the corresponding metric information can then be

expressed as:

PSimr = {Zpsy;---+2Zps, }, 4.3)

LSRJMR = {ZLSR07 s 7ZLSR/1}' (49)

Finally, a polynomial regression curve - f; - is fit to the overlapping depth readings from
each of the input point clouds, capturing the depth displacements between the heterogeneous data

within each of the masks. Equation 4.10 translates this formulation:

e=p

fo =Y. CePSiyp,:m €[0,h], (4.10)
e=0

where C, represents the polynomial coefficients and p is the degree of the curve. This imple-
mentation estimates a regression curve with p = 2.

The JMR algorithm then uses each curve to correct the PS tri-dimensional points that belong
to the corresponding mask, obtaining a single dense and accurate representation of the scenario -
refer to equation 4.11. Any points outside the 4 homogeneous regions are not regressed, remaining
intact within the final JMR output - PS,.

JMREysion = {PSa; fo(PSimry),- - -, fn(PSimr,) }- 4.11)

4.3 Underwater Heterogeneous 3D Information Fusion Architecture

Learning-based methodologies can also be employed in combining heterogeneous tri-dimensional
information. The RHEA network makes use of convolutional layers that are responsible for ex-
tracting high-level characteristics from the input. The successive use of these layers further com-
presses these features into a set of low-resolution feature maps. This information is then merged
and upsampled until a full-scale resolution depth map is obtained, fusing both the textured stereo-
based information with the very accurate triangulated set of points from LSR. In essence, RHEA

follows the encoder-decoder architecture pattern represented in figure 4.2.
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Tri-dimensional Inputs ~_ Output
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Figure 4.2: Visual representation of the RHEA network: an encoder-decoder architecture that

combines both 3D inputs through an early-fusion approach. Feature maps are presented as Chan-
nels x Height x Width.

1056 x 1440

As a CNN-based network, RHEA implicitly requires both tri-dimensional inputs to be pro-
jected into a 2D plane - refer to equations 4.1, 4.2 and 4.3. After the projection, pixels with valid
depth information are asserted into the [ 1e~>,2.0] m range. Pixels outside this interval are initial-
ized with value O m. Furthermore, the images resulting from the projection are asserted to a size
that can be handled by the network (divisible by 16) - 1056 x 1440; the LSR input information
is expanded through a slight variation of JMR algorithm where regressed points are added to the
LSR point cloud, instead of replacing the corresponding points in the PS input. Equation 4.11
is replaced by equation 4.12, reflecting this variation. The original points within the LSR point
cloud are not altered - LSR, - while the regressed information replaces the previously missing

depth readings in the LSR projection.

LSRstended = {LSRa, fo(PSimRy ) - -» Jn(PSimr,) }- 4.12)

The fusion procedure is conducted as an early-fusion process, i.e. both inputs are combined
a priori and features are conjointly learned as the coupled input reaches the encoder - ResNet18
[284]. Its residual connections mitigate the vanishing gradients problematic while allowing for
an easier optimization due to the improved flow of gradients. Additionally, the small complexity
of the network allows inference to be conducted directly within the MARESye sensor, enabling
edge computing. The first convolutional layer of the ResNet18 is altered to support a 2-channel
input containing a coupled representation of the 2D projections of both tri-dimensional input data
obtained through the PS and LSR modules. The softmax layers related to the original classification
task are removed. A final convolutional layer is introduced to assert the number of channels
of the resulting feature map, while maintaining spatial dimensions, so that it can be processed
by the decoder - refer to figure 4.2. At this stage, the extracted features are compressed and
encoded into low-resolution embeddings. The upsampling operation is conducted through the
BLConv5 decoder [42]. Five sequential blocks composed of depthwise convolutions and bilinear
interpolations expand the spatial dimensions of the feature map by a factor of 2, while compressing
it channelwise. The use of depthwise convolutions contributes towards a lightweight model as

these factorize the standard layer into two distinct operations: a first convolution applies the kernel
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filter that spatially merges the feature maps; while a second pointwise convolution combines the
outputs, resulting in a lower complexity operation [285]. Additive skip-connections are employed
between both ends of the architecture to allow high-level features from the encoder to be merged
with low-level ones during the upsampling process. This strategy leads to more detailed depth
maps, however, it can also convey unwanted information such as error patterns contained in the

input data. To avoid this, skip-connections are not implemented in the first convolutional layers.

The lack of disseminated underwater datasets, in particular containing 3D information, presents
one of the biggest challenges when it comes to deploying learning-based methods in real sub-sea
scenarios [44]. To bypass the need for transfer learning or similar domain-adaptation techniques,
this chapter exploits a synthetic-to-real supervised training procedure. The heterogeneous tri-
dimensional information gathered by the MARESye sensor is thoroughly simulated in Gazebo?.
Training RHEA with data that not only resembles real underwater 3D information, but also ac-
counts for the harsh environmental conditions that degrade the quality of the obtained data, al-
lows it to be directly employed within underwater contexts without the need for re-training.
MARESye’s simulated sensor placement and relative orientations follow the original external cal-
ibrations. The LSR information is simulated via a 2D laser that mimics the sparse narrow line of
3D points, while its FOV is adjusted to match the practical spatial coverage. Gaussian noise with
millimeter levels of uncertainty further approximates the simulated data to the real tri-dimensional
information obtained from the active technique. On the other hand, the dense point cloud is cap-
tured by a 128-beam LiDAR. The lack of texture in comparison to the real stereo-based informa-
tion is not relevant for the training procedure since RHEA is directly trained with non-textured 2D
projections that solely represent the depth readings from the gathered tri-dimensional information.
The PS image texture is only used to colorize the final output prediction within real underwater
applications. Originally, the 3D LiDAR point cloud is vastly more accurate and provides more
resolution than the real PS stereo obtained in underwater environments. Therefore, the data col-
lected in simulation is tuned to resemble the noise characteristics and depth resolution of the PS
point cloud. Furthermore, since the PS module employs an SGBM algorithm [140] to find pixel
correspondences, the synthesized stereo-based point cloud aims to mimic some of the common
challenges faced by these methodologies: block heavy appearance, sensible to parameter tuning
and calibration accuracy, directly affected by dynamic environments that introduce large amounts
of floating particles and illumination changes. The synthesized stereo input is thus modeled em-
pirically from characteristics acquired from practical experimentation in diverse scenarios ranging

from controlled to very harsh underwater environments:

* The 2D projection of the point cloud is digitized into 20 bins with 0.05 m resolution. The
need to compress and resize images to reduce latency in pixel correspondence leads to lower
resolution point clouds as well as the blocky appearance common from algorithms employed

in stereo-based calculation;

Zhttps://gazebosim.org/home
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* A random offset within the [—0.05,0.05] m range is added to the depth readings of the point
cloud; Poor parameter tuning for the SGBM algorithm, inaccurate stereo calibrations or
even small mechanical vibrations during operation can lead to systematic deviations within
the PS point cloud;

* Gaussian noise is introduced to each 3D point. Combinations with mean p € {—0.25,0,0.25}
m and standard deviation o € {0,0.015,0.03} generate multiple noise masks for each point
cloud, augmenting the amount of distinct instances. Floating particles, bubbles and sudden
illumination changes typical of underwater scenarios induce constant discrepancies into the
pixel matching operation. This results in erroneous information being introduced into the

PS point cloud;

* Periphery pixel areas are commonly more affected by radial distortions introduced by the
camera lens [286]. This leads to pixel correspondences being more prone to errors when
further away from the sensor’s center of projection. To mimic this distortion, noise values
are scaled through an inverse distance transform that derives a pixel’s distance to the center
of the image. Each pixel is assigned a value in the [0, 1] range according to its distance to
the center of projection. The further away from the center, the higher the assigned value.
Noise masks are then multiplied by these distance values to ensure a higher concentration

of inaccurate pixels within the periphery of the point cloud.

Some relevant objects from the ModelNet40 dataset [287] are used as targets from which the
simulated version of MARESye captures 3D information, amounting to 32000 and 8000 instances
for training and testing, respectively. Optimization of the network is carried out through a custom
12-based function that can be divided into three components. The global loss function is aggregated

through equation 4.13.

12_composed = 0.75(12_valid) + 0.05(12_invalid) + 0.20(12_nbsmoothness). (4.13)

Each loss term is expressed in equations 4.14, 4.15 and 4.16:

12_valid = (i—1)*, Vi€ [le™,2.0]m, (4.14)

12_invalid = (i—1)%, Vi€ {0}m, (4.15)

12_nbsmoothness = (AvgPoolyp (i) — AvgPoolyp(i))?, Vi € {0} U[ 1e7>,2.0] m, (4.16)
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AvgPoolyp(i(Batch,Channels, Height, Width)) =

| k=lk=l 4.17)
—— Y Y i(Batch,Channels, stride[0] x Height + g,stride[1] x Width+r),
g=0r=0

where i and i are the ground truth and estimated prediction, respectively. The AvgPoolyp
function follows equation 4.17 with K=(3,3), Stride=(1,1) and Pad=0.

Pixels that represent valid depth information are heavily penalized through term [2_valid,
constituting 75% of the loss function. These pixels correspond to tri-dimensional points that are
already contained within the input information, having a direct correspondence to the faithful
ground truth data. As the network mainly focuses in fusing this heterogeneous 3D information
to effectively output a more precise point cloud, this term mostly drives the optimization process.
The [2_nbsmoothness term is introduced to promote neighborhood consistency, accounting for
20% of the loss function. The goal is to guide the network to not focus solely on pixel-to-pixel
base regression, but also to take into account the surrounding neighborhood. This enforces con-
sistency within the prediction since each pixel is being penalized not only with basis on how well
it translates depth, but also how well inserted it is within its corresponding neighborhood of pix-
els. Finally, the [2_invalid term penalizes the network for introducing erroneous information into
areas of the 2D plane that only serve as padding to the point cloud projection. A small weight of
5% proves enough to guide the network to learn which areas are purely padding - this is further
enforced by the [2_nbsmoothness term. Additionally, the low emphasis on this term allows the
network flexibility to add new information within regions contained in the neighborhood of pixels
with valid depth readings. By having limited impact in the loss function, pixels previously con-
sidered invalid can now translate faithful information without the network driving them back to
intensity 0. This allows for the densification of the output prediction, possibly filling in previously

occluded zones by utilizing context and neighboring information.

4.4 Results and Discussion

The content of this section aims to thoroughly discuss and analyze the performance of the proposed
fusion methodologies introduced along this chapter. First, experiments conducted with synthetic
data (section 4.4.1) demonstrate that both the joint masked regression algorithm and the RHEA
learning-based approaches are capable of handling noisy input data, outputting a vastly improved
point cloud both metrically and qualitatively when compared to a given baseline. Nevertheless,
underwater data poses extended challenges that are difficult to simulate such as the impact of
floating particles, lighting conditions etc. Therefore, section 4.4.2 explores the effectiveness of the
proposed synthetic-to-real training method by evaluating the precision of the fused tri-dimensional

output within a controlled environment - a clean water tank. Additionally, extensive trials are also
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conducted at the ATLANTIS Coastal Test Center [6] to assess both fusion procedures within a real
underwater environments - section 4.4.3.
Overall, the quantitative discussions are guided by the following metrics, used to evaluate the

output predictions:

¢ MAE - Mean Absolute Error.

* RMSE - Root Mean Squared Error:

1 & R
RMSE = [ =Y (ix —ix). (4.18)
=1

* §, - Percentage of predicted pixels whose relative error is within a threshold - refer to equa-
tion (4.19) [121]:

_ card({i: max{%, %} < 1.25"})
" card({i}) ’

(4.19)

where i and 7 are the ground truth and prediction, respectively; card represents the cardinality
of a set.

The models generated by training the RHEA learning-based approach are obtained by using
the following hardware: NVIDIA GeForce RTX 2080 SUPER with 8GB of VRAM, Intel i5-
8600K CPU @ 3.60GHz with 6 cores. Implementation of the network is conducted in Pytorch.
Optimization is carried out through the Stochastic Gradient Descent (SGD) algorithm, with a
learning rate of 0.1, decreased by a ratio of 1/10 every 3 epochs. Each training procedure is
conducted with batch size 6, during 30 epochs. A weight-decay of le~ is applied to ensure

regularization.

4.4.1 Synthetic Data Experiments

The lack of available underwater datasets composed by heterogeneous tri-dimensional information
difficults the use of supervised learning strategies within this context. Synthetic data can be used
instead to mitigate this challenge. To train models that are viable and applicable in later stages of
testing (i.e. real underwater conditions) the emulated inputs should be as close to the real data as
possible, hence the synthetic-to-real approach discussed in section 4.3.

To assess the performance of the proposed methodologies, a baseline d) is established by com-
paring the synthetic stereo input directly with the ground truth. Table 4.1 presents the metric
comparison between distinct fusion methodologies and this baseline. The joint masked regression
algorithm - approach a) - provides the smallest improvement, marginally increasing the d; per-
centage. Metrically, however, the RMSE improves by 15.7%. As a regression-based algorithm,
the output point cloud remains unchanged where no LSR information is provided - refer to Pre-

diction a) in figure 4.3. Consequently, the majority of the error is concentrated within the regions
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Table 4.1: Performance of the proposed fusion methodologies with synthetic data, compared to
the estimated baseline.

Approach RMSE (m) MAE (m) 0, (%)
a) Joint masked regression 0.0428 0.0338 44.5
b) RHEA network w/ no preprocessing 0.0294 0.0227 96.7
¢) RHEA network w/ LSR extended through JMR 0.0172 0.0119 99.0
d) Baseline 0.0508 0.0476 43.5

Lower is better: RMSE, MAE
Higher is better: 9,

Stereo Input | LSR Input Prediction Ground Truth

Extended w/ JMR No Preprocessing

Figure 4.3: Visual comparison between the proposed fusion methodologies using synthetic infor-
mation. Prediction a) is obtained through the JMR algorithm, using extended LSR information.
Prediction b) is inferred by the RHEA network using sparse LSR information with no preprocess-
ing as an input. Prediction c) is estimated by RHEA when using extended LSR information as an
input. The stereo input and ground truth are common to every approach.

that lack regression as corroborated by the RMSE map presented in figure 4.4a. The laser stripe
positioning is a key factor in the performance of the JMR algorithm, since the output point cloud
is directly influenced by how much information can be conveyed by the LSR input.
Learning-based methodologies prove to be more flexible in this aspect, being able to improve
the input point cloud even with limited information. Such is the case of approach b) - figure 4.3.
The network is capable of translating the features captured from the sparse input to the surrounding
neighborhood pixels, achieving a considerable improvement in terms of RMSE - 0.0294 m, and
MAE - 0.0227 m; while reaching a 6; of 96.7%. On the downside, the neighborhood consistency
degrades, leading to artifacts in the prediction and rougher gradient patches. Additionally, the
edge regions accumulate the highest amount of error as seen in figure 4.4b. Conclusions drawn
from these experiments, align with P. N. Leite er al. (2020) [43] in the sense that sparse laser

information is only capable of guiding the network to a certain extent, as the stereo input data
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Figure 4.4: RMSE maps obtained by comparing the respective Predictions a), b) and c) - refer to
the first row of figure 4.3 - to the ground truth. The baseline error map d) is calculated by taking
the difference between the stereo input and the ground truth.

still has major influence in the output resulting in the discussed drawbacks. Aiming to foster point
cloud improvement but also preserve its cohesion, approach c¢) combines the previous two by using
the same network architecture as b), however trained with the extended LSR input data obtained
through the JMR algorithm. The resulting model vastly improves the stereo input point cloud,
surpassing both approach a) and b). The RMSE decreases to 0.0172 m accounting for a metrical
improvement of over 66%, while maintaining a very high 8, percentage. Prediction c) of figure
4.3 shows much smoother gradient transitions, as well a more consistent pixel neighborhood when
compared to Prediction b). Moreover, figure 4.4c reveals an improvement in the pixel predictions
near the edges of the point cloud. Expanding the LSR input has a rather positive effect on the
network, since it has more faithful information to draw features from; allowing the network to

focus on regressing areas that solely rely on stereo input.
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Overall every approach is successful, on average, at producing a more precise and faithful out-
put point cloud. The positioning of the laser beams whilst projected on the scene directly impacts
the joint masked regression task, since it fundamentally depends on the quality and resolution of
the LSR input. On the other hand, deep learning approaches are more flexible and capable of
handling sparse inputs, showing vast improvements when the JMR algorithm is used as a prepro-

cessing tool.

4.4.2 Controlled Underwater Experiments

The experiments conducted with synthetic data serve as a great first trial for the proposed fusion
algorithms. How well the obtained knowledge translates to sub-sea environments depends on how
faithful data representation was during the training phases of the network. This section explores
the performance of both the joint masked regression algorithm and the RHEA network (using
JMR as preprocessing for the LSR input); also validating the designed synthetic-to-real training
methodology through a set of experiments conducted on a controlled environment.

A set of objects is defined and used during trials. The lack of ground-truth data underwater is
bypassed by using relative measurements of said objects as the target for a metric analysis - refer
to figure 4.5. The first experiment sets the MARESye system and the object in fixed positions
relative to each other within a water tank. For each object of the set, point clouds are gathered
through photogrammetric stereo and light stripe ranging. These are analyzed to obtain both spatial
and volumetric dimensions, as well as the distance to the camera. This point cloud information is
then fused together using both algorithms. Output predictions are studied for the aforementioned
characteristics and the results are expressed in table 4.2.

The JMR algorithm is consistently capable of fusing both input point clouds to obtain a more
faithful representation of each object. Aligned with conclusions drawn from synthetic data, the
correct positioning of the laser beams is a key aspect for the performance of this method; and

while the LSR input conveys rich information about the volumetric component of each object, the
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Figure 4.5: Set of objects used during controlled underwater experiments. Characteristics used for
analysis are depicted for each object, along with the pair of images gathered during photogram-
metric stereo mode (enhanced for visualization) and the corresponding reference image obtained
during the light stripe ranging stage.
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Table 4.2: Performance comparison between the proposed fusion methodologies using the un-
derwater set of objects depicted in figure 4.5. Instances highlighted in bold represent the highest
metric improvement of the input point cloud.

Object Characteristics Ground Truth ~ Photogrammetric Stereo Light Stripe Ranging Joint Masked Regression RHEA Network
’ o Measured Estimated  Absolute Error ~ Estimated ~ Absolute Error  Estimated ~ Absolute Error  Estimated ~ Absolute Error
(m) (m) (m) (m) (m) (m) (m) (m) (m)
Spatial Dimensions Back Diameter 0.0900 0.1030 0.0130 ) 0.1030 0.0130 0.0995 0.0095
A Volumetric Dimensions ~ Height 0.1250 0.0370 0.0880 0.1205 0.0005 0.0370 0.0880 0.1284 0.0034
Distance to Camera 0.4900 0.4968 0.0068 0.4873 0.0027 0.4932 0.0032 0.4980 0.0080
Spatial Dimensions Inner Diameter 0.0100 0.0876 0.0124 (*) 0.0876 0.0124 0.0924 0.0076
B Volumetric Dimensions  Depth 0.1200 0.1442 0.0242 0.1232 0.0032 0.1270 0.0070 0.1317 0.0117
Distance to Camera 0.5000 0.5049 0.0049 0.5039 0.0039 0.5016 0.0016 0.5044 0.0044
Spatial Dimensions Back Diameter 0.1350 0.1376 0.0026 *) 0.1376 0.0026 0.1328 0.0022
C Volumetric Dimensions ~ Height 0.1650 (%) 0.1703 0.0053 (%) 0.1820 0.0170
Distance to Camera 0.4500 0.4649 0.0149 0.4469 0.0031 0.4419 0.0081 0.4422 0.0078
Spatial Dimensions Inner Diameter 0.2000 0.2109 0.0109 *) 0.2084 0.0084 0.2174 0.0174
Outer Diameter 0.1800 0.1863 0.0063 0.1836 0.0036 0.1897 0.0097
D Volumetric Dimensions Depth 0.1550 0.1929 0.0379 0.1663 0.0113 0.1734 0.0184 0.1748 0.0198
Ellipse Carving 0.0090 0.1228 0.0328 0.0923 0.0023 0.0867 0.0033 )
Distance to Camera 0.4900 0.5070 0.0170 0.4845 0.0030 0.4930 0.0030 0.4980 0.0080

(*) Laser beam positioning makes it unfeasible to calculate the spatial dimension.
(%) Not enough information on the point cloud to calculate the volumetric dimension.
(1) RHEA network introduced new points in the point cloud that completely filled the ellipse carving.

JMR can only make use of this information to correct information that is already contained on the
stereo input point cloud, being unable to introduce new points. Such is clear during trials with
object A and C, where the laser triangulation estimates the height of the object to be 0.1205 m and
0.1703 m, respectively - table 4.2 - however, the point cloud estimated via photogrammetric stereo
is incapable of estimating the full height of the object A (depicted in figure 4.6a), or any point in
the area for object C; therefore, the JMR algorithm is unable to use this information - figure 4.6b.
When it comes to spatial dimensions, the JMR will consistently mimic the information present
on the stereo input, with exception for when the input point cloud lacks consistency around the
edge regions. This leads to pixels that should belong to the same surface being included as part of
different masks, generated from distinct beam components, and regressed accordingly; resulting

in slight deviations to the spatial dimensions - e.g. object D, table 4.2.

The ability to add new information to the input point cloud can be seen as a strong suit of
the learning-based approach. Predictions inferred by the RHEA network also represent a metric
improvement when compared to the photogrammetric stereo estimation. Being able to use of all
the information conveyed by the LSR input, the model is capable of completing portions of the
stereo input accordingly. Studying once more the trials with object A, the output prediction fills
the missing information allowing a measurement of 0.1284 m for the height of the object, which
was previously represented as 0.0370 m in the original point cloud - figure 4.6c. This flexibility
of the convolutional neural network, however, can also be detrimental in some cases as it can
introduce some unreliable information. Object D - table 4.2 - can be referred to as an example
of this downside: the ellipse carving measured as 0.1228 m in the stereo input, is now completely
filled in as the network interprets the carving as lack of information, and not as a feature of object
D. Moreover, and despite the training procedure enforcing neighborhood consistency, artifacts can
still be seen in the predictions, mostly around high gradient regions such as the edges of the point

cloud, reflecting the same drawbacks seen in the synthetic data.

These experiments prove the effectiveness of both fusion methodologies in underwater envi-

ronments. The joint masked regression algorithm is very dependent on stereo input, not only when
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Figure 4.6: Comparison between the distinct point cloud predictions obtained during trials with
object A. Figure a) depicts the 3D input information. Figure b) represents the output of the JMR
algorithm. Figure c) illustrates the prediction inferred by the RHEA network. Point cloud in-
formation is colorized with an image gathered during the LSR stage to prove the tri-dimensional
alignment of the heterogeneous input data. The JMR algorithm is unable to add new information
to the point cloud, failing to depict the height of the object. RHEA can fill in missing information,
fully making use of the LSR input to translate the characteristics of the object.

it comes to spatial dimensions; but also the lack of information derived from occlusion zones. A
more precise and faithful output prediction can be obtained when both the stereo and LSR inputs
contain overlapping information, struggling otherwise since no new information can be added to
the point cloud. The knowledge obtained with synthetic data is correctly conveyed towards its real
context application, validating the proposed synthetic-to-real training methodology. The RHEA
network is also capable of estimating a metrically improved output point cloud, while able to fill
in missing information guided by the LSR input. While resulting in improvements in some cases,

these added points are still very susceptible to introducing erroneous information.

4.4.3 ATLANTIS Coastal Testbed - Real Application Experiments

Real underwater environments introduce even more challenges due to the constant changes in
lighting, sediments contained in the water that not only hinder visibility but also increase the
backscattering of photons, etc. To test the robustness of the proposed fusion methodologies in
these conditions, experiments were conducted at the ATLANTIS Coastal Test Center, quayside in
Viana do Castelo’s Port infrastructure [6]. DURIUS is an offshore floating structure repurposed

from the Oil & Gas industry - refer to chapter 3, figure 3.17a. Access to this platform provides the
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Figure 4.7: INESC TEC team gathering underwater information using MARESye suspended from
a support vessel at the ATLANTIS Coastal Testbed in Viana do Castelo.

perfect opportunity to test MARESye, as well as the data fusion algorithms in a real application.
The sensor was used to gather information in specific areas of interest of the buoy - figures 4.7a
and 4.7b. Multiple data collection campaigns were conducted with diverse environmental con-
ditions, causing distinct amounts of suspensoids to be contained within the water. The retrieved
heterogeneous tri-dimensional information is later fused together through both the joint masked
regression algorithm, and the RHEA network - these results are discussed along this section.
These harsh conditions directly impact the quality of the information gathered by MARESye:
floating particles hinder pixel correspondence for photogrammetric stereo computation; constant
shift in light conditions introduces uneven lighting of the scene; absorption of the projected laser
beams hampers the triangulation process; etc. The trials conducted with object D, figure 4.5d,
were replicated in this environment. Despite the additional challenges of working with less accu-
rate input information, both fusion algorithms are still capable of computing a more precise and
faithful dense point cloud. The resulting analysis is presented in table 4.3. Both the joint masked

regression method and the RHEA network, show more difficulty in handling the spatial dimen-

Table 4.3: Performance comparison between the proposed fusion methodologies in a real under-
water environment, using object D - figure 4.5d. Instances highlighted in bold represent the highest
metric improvement of the input point cloud.

Spatial Dimensions ~ Volumetric Dimensions Distance to Camera

Inner Outer Depth Ellipse

Diameter Diameter Carving
Ground Truth Measured (m) 0.1800 0.2000  0.1550 0.0900 0.4000
PS Estimated (m) 0.1743 0.1941  0.1449 0.1010 0.4053
Absolute Error (m)  0.0057 0.0059  0.0101 0.0110 0.0053
LSR Estimated (m) Unable to 0.1602 0.0767 0.3980
Absolute Error (m) Estimate (*) 0.0052 0.0133 0.0020
JMR Estimated (m) 0.1669 0.1868  0.1583 0.1141 0.3982
Absolute Error (m)  0.0131 0.0132  0.0033 0.0241 0.0018
RHEA Estimated (m) 0.1692 0.1866  0.1496 Unable to 0.4035
Absolute Error (m)  0.0108 0.0134  0.0054  Estimate () 0.0035

(*) Laser beam positioning makes it unfeasible to calculate the spatial dimension.
(1) RHEA network introduced new points in the point cloud that completely filled the ellipse carving.
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Figure 4.8: Comparison between the distinct point cloud predictions obtained during trials with
object D, at the ATLANTIS Coastal Testbed. Figure a) depicts the 3D input information. Figure
b) represents the output of the JMR algorithm. Figure c) illustrates the prediction inferred by the
RHEA network. Both tri-dimensional fusion algorithms prove capable of handling degraded input
data, collected within real underwater environments. The LSR information is used to correct both
the global positioning and the volumetric depth dimension of the stereo input.

sions of the object. With no guidance from the LSR input in this regard, and a stereo input that is
vastly more prone to having outliers, this outcome can be explained due to faulty mask generation.
When expanding the LSR information towards homogeneous regions, these outlier pixels are left
out of the generated mask, therefore suffering no alterations; while pixels contained within the
mask are corrected according to the estimated regression curve. This leads to small deviations
from the measured inner and outer diameters of object D, increasing the absolute error for the
spatial dimensions in both predicted point clouds, when compared to the input PS information -
refer to table 4.3.

When it comes to the volumetric depth dimension of object D, as well as its global positioning
relative to the MARESye camera, both methods prove capable of correcting the input point cloud.
The JMR algorithm shows almost perfect alignment with the laser input information - refer to
figure 4.8b - resulting in a 0.0033 m error in its representation of the depth of the object. The
RHEA model performs slightly worse, nevertheless estimating a more precise output point cloud.
The measurements presented in table 4.3 reveal a 0.0054 m and 0.0035 m absolute error for the
object’s volumetric dimension and distance to camera, respectively. The ellipse carving in object
D is a complicated feature to estimate, since it is partly occluded. The information present in

the stereo input cloud allows for a length estimation of 0.1010 m - represented by the pink arrow
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in figure 4.8a; while the laser information translates a length of 0.0767 m - orange arrow, figure
4.8a. Similarly to the results observed in controlled environments (section 4.4.2), the learning-
based solution processes the ellipse carving of object D as lack of information, introducing new
points in the area - refer to figure 4.8c. On the other hand, and contrarily to previous results, the
JMR algorithm does not improve the input cloud in this dimension - red arrow in figure 4.8b.
The carving area does not show a high enough gradient to be considered as part of a different
homogeneous region, therefore being included in the same mask as the bottom surface of the object
D. Consequently, it is regressed through the same curve, widening the gap as the depth dimension
of the object is corrected from 0.1449 m (input point cloud) to 0.1583 m (output of JMR) - refer
to table 4.3. In the experiments presented in section 4.4.2 this gap is reduced, since the correction
occurs in the opposite direction: the volumetric dimension is adjusted from 0.1929 m (input point
cloud) to 0.1734 m (output of IMR) - table 4.2.

Experiments conducted with information retrieved from the DURIUS floating buoy allow the
validation of both tri-dimensional fusion algorithms in a real underwater application. Figure 4.9
depicts a few instances from the conducted trials. The lack of ground-truth data limits the dis-
cussion to a more qualitative analysis. At the time of inspection, DURIUS was covered with
biofouling. These conditions both favor and hinder the tri-dimensional information gathered by
MARESye: while the photogrammetric stereo gains from having such rich texture in the scenario;
the LSR is severely affected not only by the absorption of the beam in this sediment heavy water,
but also due to the fact that most of the bio organisms have the same coloring as one of the pro-
jected laser beams (green - 520 nm), making the segmentation impossible for Instances 1, 2 and
3. Despite having a single laser beam as input, both the joint masked regression and the RHEA
network are still capable of using the available sparse information to estimate a more faithful point
cloud. Instance 1, figure 4.9 shows the top part of a pillar structure that contains a thick border of
mussels attached to it. This is a relatively smooth region upon which the laser information can be
expanded. The JMR algorithm makes use of this information to perfectly reshape the stereo input
point cloud, mainly the top border of the structure. However, it struggles with the edges of the
pillar where it starts to curve into a cylinder-type shape. This is due to the fact that the regression
curve is calculated with information from a single beam, positioned at the center of the structure:
where there is no curvature; therefore it propagates this information to the remaining points inside
the generated mask, ending up overcorrecting the points that start to curve inwards, creating a few
outlier points - highlighted in red, Instance 1 - figure 4.9. A continuation of this pillar structure is
depicted in Instance 2 of figure 4.9. Once more, the output point cloud estimated through the JMR
is corrected in the central portion of the cylinder-shaped structure, but it gets deformed in the edge
regions similarly to the results discussed for Instance 1. This can be seen as a systematic downside
of the JMR algorithm when there is not enough information to create a faithful regression curve
that correctly describes the shape of the object. Additionally, only portion of the stereo input point
cloud is regressed, since the outer edges of the pillar are no longer considered as part of the ho-
mogeneous region to which the laser information is expanded - highlighted in red, Instance 2 -

figure 4.9. The RHEA network shows a higher robustness to working with less information since
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it was introduced to scenarios where only information from a single beam was available during its
training procedure. This can be observed in its output predictions depicted in figure 4.9. RHEA
proves capable of regressing the input point cloud in its entirety despite the very sparse laser infor-
mation. While both Instances 1 and 2 show an output prediction with corrected global positioning
relative to the MARESye camera, the prediction for Instance 1 introduces a curvature to the point
cloud that correctly depicts top border of the cylinder structure, however wrongly propagating this
curvature to the remaining portion of the point cloud - highlighted in green, Instance 1 - figure 4.9.
Instance 3, figure 4.9 presents a scenario where one of the beams supporting the stairs of DURIUS
is overrun with fouling, adding to the already rich depth gradient scenario. In this situation the
laser beam information is positioned perfectly to translate part of the volumetric dimension of the
structure. Therefore, both tri-dimensional fusion algorithms thrive in this instance, being capable
of regressing the input point cloud according to the sparse information. Moreover, the RHEA
network introduces points into the output prediction, filling in portions of the point cloud that

previously were empty due to being part of occlusion zones, as seen in figure 4.9.

The first data collection campaign with MARESye in the ATLANTIS Coastal Testbed was suc-
cessful in retrieving quality information that allowed for the validation of both the joint masked
regression and RHEA network tri-dimensional fusion approaches in a real underwater environment
and application. However, having a single functional laser had direct impact in the obtained results,
mainly affecting the JMR algorithm. With the knowledge from these first trials, the MARESye
imaging system was updated and the green colored laser beam was swapped for a violet colored
one (405 nm); to ease laser segmentation and avoid mixing it amongst the existing bio-organisms.
The latest campaign occurred under heavy rain and harsh environmental conditions, completely
changing the dynamics of the environment since the water becomes vastly more turbid and rich
in floating particles. Instance number 4 in figure 4.9 depicts one of the experiments in these con-
ditions, representing a similar cylinder-shaped structure from the DURIUS buoy. In this trial, the
JMR algorithm is capable of correcting the input point cloud while maintaining its curved shape,
no longer introducing any outlier points in the edge regions. Having two available laser beams
leads to this improved outcome, as the regression curve does not have to generalize a single beam
to the whole homogeneous region - as it occurs for Instances 1 and 2. The learning-based solution
still performs as expected, inferring a point cloud that is both aligned with the LSR input informa-
tion and also denser as the network introduces new points - refer to the bottom image of Instance
4, figure 4.9. While the points added on the right make sense and help complete the shape of the
represented structure, the same cannot be said of the group of points highlighted in green, where
the network mimics this behavior and connects both portions of the cylinder incorrectly. These
extensive experiments allow for a deep analysis and discussion of the performance of both tri-
dimensional fusion methodologies. While the learning-based RHEA network vastly outperforms
the JMR algorithm during the trials with synthetic data; the performance of the latter proves very
reliable in underwater environments, when the laser beam positioning on the scenario provides
enough resolution and correctly translates its volumetric dimension. RHEA is more robust to a

sparser set of input features, however being more prone to introducing artifacts in the prediction.
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Figure 4.9: Visual comparison between the proposed fusion methodologies using real underwater
data collected by the MARESye sensor at the ATLANTIS Coastal Testbed. Instances 1, 2 and
3 - the acquisition of LSR data is hindered since DURIUS is covered with biofouling, and the
green wavelength laser beam blends in with the bio organisms. With a single laser beam as sparse
input, the JMR algorithm corrects a portion of the dense point cloud, while introducing some
error in the edge regions that depict some curvature (highlighted in red). The RHEA network
proves more robust in handling a sparser set of LSR input points. Instance 4 - MARESye employs
a violet colored laser beam during a second set of trials. The additional information improves
the performance of both methodologies. JMR correctly estimates the curvature of the structure.
RHEA regresses the input data while introducing new points that both fill in occluded zones and
introduce outliers (highlighted in green).
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Overall, both methodologies are capable of estimating a more precise and faithful output point
cloud for this real application, where the harsh underwater conditions degrade the quality of the

gathered input data.

4.5 Final Considerations

The heterogeneous 3D information captured by the MARESye sensor have inherent error distri-
butions and data characteristics: PS provides dense and textured coverage of the scenario with
limited precision, while LSR offers millimeter-precise measurements but sparse spatial informa-
tion. The proposed JMR and RHEA network are the first algorithms capable of fusing hetero-
geneous 3D data with the aforementioned characteristics. JMR exploits homogeneous regions to
map PS - LSR depth displacements through diverse regression curves. These are later used to
correct the dense stereo-based information. RHEA is a learning-based method that relies on early-
fusion to jointly learn features from a coupled representation of both tri-dimensional inputs. The
optimization of the network employs a synthetic-to-real training scheme, bypassing the need for
domain-adaptation methodologies and enabling direct deployment in underwater scenarios.

Extensive experiments validate the proposed fusion algorithms in simulation, controlled envi-
ronments and, in a real application with data collected from DURIUS. The conducted underwater
experiments reveal an average absolute error of 0.0097 m and 0.0133 m for RHEA and JMR, re-
spectively. These results correspond to a 52.5% and 34.9% metric improvement when compared to
the input PS point cloud. The harsh underwater conditions posed by the experiments conducted at
the ATLANTIS Coastal Testbed and the presence of biofouling attached to the DURIUS structure
hinder the data acquisition process. RHEA proves capable of predicting an improved output point
cloud, even with the sparser set of input features, further validating the employed synthetic-to-real
training scheme. The performance of the JMR algorithm proves reliable when the laser beam
projection on the scenario conveys enough information to represent target’s characteristics. Other-
wise, the algorithm estimates a regression curve that misrepresents the complete scenario, leading
to a portion of the point cloud being corrected while the remaining points are either deformed or
not modified.

These fusion methodologies represent a significant advance in underwater perception capa-
bilities, enabling more reliable and accurate 3D reconstruction crucial for autonomous inspec-
tion tasks. By effectively combining the complementary strengths of heterogeneous 3D data
streams, these algorithms enhance the spatial understanding of underwater scenes while main-

taining millimeter-level precision.



Chapter 5

Fusing Texture, Motion Perception and
Sparse Depth for 3D Scene
Reconstruction

5.1 Introduction

MARESye enables enhanced tri-dimensional perception of underwater environments through mul-
tiple sensing modalities. While the system’s passive stereo imaging provides dense scene cover-
age, its performance is subject to typical photogrammetric limitations (detailed in chapter 3). This
chapter introduces the fusiNg tExture with apparent motion information for underwater Scene
recOnstruction (NESO) architecture, proposing a novel approach to underwater scene understand-
ing. NESO leverages complementary information sources: rich contextual features from image
data [288] combined with relative depth cues from motion analysis, where pixel displacement
magnitude correlates inversely with object distance [42]. The proposed encoder-decoder architec-
ture employs attention-based pyramidal skip connections to propagate relevant features through
multiple decoding stages. This design enables dense depth predictions that preserve key scene el-
ements while operating directly on raw data, minimizing the need for extensive parameter tuning.

The initial learning-based representation is further refined through fusion with millimeter-
precise measurements from active laser imaging. The joint masked regression method is se-
lected for this heterogeneous 3D fusion task due to its ability to generalize across any dense tri-
dimensional input, whereas the RHEA network, being trained on synthetic data tuned for stereo
characteristics, is less suitable for processing NESO’s output predictions. This multi-stage ap-
proach combines the dense and textured spatial coverage of learning-based predictions with the
precision of active sensing, enabling robust underwater scene reconstruction even in challenging
conditions. This chapter is organized as follows: section 5.2 presents the NESO architecture and
its underlying multimodal fusion principles based on motion perception concepts. Section 5.3
provides a comprehensive evaluation of NESO’s performance, including comparisons with state

of the art methods and analysis of its generalization capabilities. Moreover, the gains of fusing the
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dense NESO prediction with sparse depth are validated within a controlled environment. Section

5.4 summarizes the key findings and their implications.

5.2 Fusing Texture and Apparent Motion Components for Depth Es-

timation

The pixel displacements between two distinct viewpoints captured from the same static scene
translate relevant tri-dimensional information. A relative sense of depth can be extracted from the
motion vectors that express these displacements. The motion profile of an observer moving in this

static scenario is represented by both translational (I') and rotational (Q) velocities:

= (ix,tv,12)", (5.1)

Q = (wx,wy,wz)". (5.2)

A point P = (Px,Py,P;)" represented in the imaging sensor’s coordinate space will change its
position according to the movement of the observer. The velocity of P, considering that it moves

away from the sensor, is thus given by equation 5.3 [289]:

P=-T-QxP (5.3)

The two-dimensional velocity vector ¥ of the projected point can be obtained by taking the

derivative of p = (x,y)”:

ox

y= H . (5.4)

oy
dt

Substituting equations 4.1 and 4.2 into equation 5.4:

o o P
R P T B W A T B P 55)
= — . 5 | = o . .| = Y| - .
Pz |fby—fB2 | Pr|fiFr—yPz| Pz |0 f, —y 5,
Solving equation 5.5 in order to P and substituting it into equation 5.3:
1 |- 0 .1 |- 0
y=L |7 Mpyp L |k *l@xP). (5.6)
Pz O —fy y Pz 0O —fy y

Expanding the cross product between vectors  and P:
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Vector 7y can now be expressed using equation 5.8:

0o 1 -2
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Finally, the two-dimensional velocity of p can be formulated as:

v X fy
A R R R A A
= — r Y Y Q. .
Y P10 —fy N fy—i—ﬁ _ & G2
fy fx fx

Equation 5.9 reveals that the apparent motion of the system does not directly depend on the tri-
dimensional coordinates of point P, as vector 7 is obtained from the sum of the observer’s transla-
tional and rotational velocity components [289]. Considering an horizontally aligned stereoscopic
optical system, the rotational component €2 is null, as both cameras maintain parallel optical axes.
Therefore, the instantaneous pixel velocity becomes solely dependent on the translational compo-
nent:

_ L
r=45

A x]r. (5.10)
0 —f vy

The apparent movement of p can be obtained by integrating the velocity equation:

A po U [-f 0 x| g,
Ay]_/ydt_leo o y]/rd:. (5.11)

For a synchronized stereo system, the capture of both camera views occurs at the same instant.

The translation 7' from the left to the right image is instantaneous (Ar — 0), where the velocity
becomes a spatial displacement. By applying the Mean Value Theorem [290], the integral over
an infinitesimal time interval represents the instantaneous spatial displacement between cameras.

Given the horizontal alignment with baseline B:

fo+Ar At—0 b
/ I'dt =y(c)At —= T = |0|, cE€ [t,to+At]. (5.12)
fo
0
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The pixel displacements can thus be expressed through equations 5.13 and 5.14:

B
Ax| 1 |—-f 0 «x
_ L 0l, 5.13
[Ay Pz [ 0 —f y] 613
0
_fxB
Ax]: P, (5.14)
Ay 0

The scene depth P; appears coupled to the horizontal pixel displacements (Ax) as an inversely
proportional factor, i.e. an object closer to the observer shows larger apparent movement than an
object further away. The optical properties of the imaging system, focal length (f,) and baseline
(B) act as a scaling factor. The zero vertical disparity (Av = 0) demonstrates that corresponding
points satisfy the epipolar geometry constraint. This geometric relationship can be expressed more

explicitly as:

(5.15)

where the inverse proportionality between pixel displacements (disparity) and depth becomes ev-
ident.

Figure 5.1 illustrates this through a stereo-based system where both the left and right camera
images represent two viewpoints captured in the same instant, ensuring a static scenario. The fish
in the foreground (highlighted in red) are close to the camera, as such there’s significant movement
in between images, hence the corresponding high magnitude of pixel movement. Contrarily, the
background wall (highlighted in blue) is considerably further away from the observer, inducing
smaller pixel displacements.

A vector field that represents the magnitude and direction of each pixel’s movement can be ob-
tained by employing optical flow techniques [291]. Traditionally, the estimation of these motion
components assumes that temporal changes to a pixel’s intensity are caused by motion: a pixel
with intensity /(x,y,r), displaced by J, and &, during the time interval &, will then be located
at I(x+ &,,y+ 6, + &). Optical flow algorithms are hindered by fast-moving objects, occlu-
sions, motion blur, and non-textured surfaces [292]. This research diverts from traditional time-
sequential optical flow estimation by analyzing motion vectors between stereo camera viewpoints
rather than temporal frames. This approach eliminates temporal dependencies and their associated
challenges, focusing instead on spatial displacement in a static environment where pixel move-
ment depends solely on the fixed baseline translation between cameras. The calibrated stereo
configuration, with parallel optical axes, ensures null rotational components, allowing relative
depth information to be derived directly from horizontal pixel displacement magnitudes follow-
ing equation 5.15. Recent learning-based architectures enable direct prediction of motion vectors,
bypassing traditional optical flow formulation and optimization. The Recurrent All-Pairs Field
Transforms (RAFT) network [293] was selected for vector field estimation due to its state-of-the-

art performance, robust generalization capabilities, and efficient inference times. The network
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Figure 5.1: Depth information can be inferred from pixel displacements between two simultane-
ously captured viewpoints. The figure illustrates this principle: the fish (highlighted in red) are
closer to the camera and therefore exhibit large pixel displacements between views, whereas the
background wall (highlighted in blue) is more distant and shows minimal displacement, demon-
strating how apparent motion magnitude inversely correlates with scene depth.

constructs multi-scale Four-Dimensional (4D) correlation volumes for all pixel pairs and itera-
tively refines flow predictions through a recurrent unit, ensuring accurate motion field estimation
while maintaining a lightweight architecture suitable for real-time applications.

The NESO architecture follows an early fusion design to combine the magnitude of these pixel
displacements with texture-based features from image data, to predict a dense depth representation
of the scenario. NESO employs a pyramidal approach where the encoded high-level features are
progressively reintroduced and merged during multiple stages of the upsampling process, allowing
for better gradient flow and more detailed predictions. Figure 5.2 illustrates the NESO encoder-
decoder learning-based model. The network processes a coupled input of dimensions (Channels x
Height x Width) = (4 x 704 x 1280), combining RGB features (texture, shadows, and occlusions)
with pixel displacement magnitudes that encode relative depth information. Similarly to RHEA
(section 4.3), feature extraction is performed through the lightweight ResNet backbone [284]. The
ResNet architecture is adapted for multimodal fusion by modifying its initial convolutional layer to
process a 4-channel input: three RGB components and one pixel displacement magnitude channel.
The network is restructured for the depth estimation task by removing the original classification
layers and introducing a 1 x 1 kernel 2D convolution that projects the feature maps to 1024 chan-
nels while preserving spatial dimensions. At this stage, the extracted features are compressed

and encoded into low-resolution embeddings. The upsampling operation is conducted through
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Figure 5.2: The NESO network follows an encoder—decoder architecture to combine RGB data
with motion perception information to obtain a dense tri-dimensional representation of the under-
water scenario. Pyramidal attention-based skip connections between both stages of the network
promote that high-level features extracted during the encoding phase are reintroduced at multiple
levels throughout the upsampling process. Feature maps are presented as Channels x Height x
Width.

the BLConv5 decoder [42], discussed in section 4.3. While traditional skip connections connect
encoder and decoder layers of matching dimensions [294], NESO adopts a more flexible approach
by progressively incorporating high-level features from early network stages at different spatial
resolutions during decoding. The feature maps are first asserted through maxpooling operations
and concatenated channel-wise, followed by a 5 x 5 kernel depthwise convolution that merges the
embeddings at each skip connection. The resulting representation is refined using Convolutional
Block Attention Modules (CBAM) [295], which enhance feature discrimination through sequen-
tial channel and spatial attention mechanisms. This dual attention approach enables the network to
focus on relevant feature channels while highlighting salient spatial regions, effectively suppress-
ing noise and emphasizing discriminative features. The refined feature maps are then added to
the corresponding decoder stage before the upsampling interpolation step. This pyramidal feature
reintegration ensures robust gradient flow while preserving fine-grained spatial details, ultimately
resulting in a high resolution depth prediction (4 x 704 x 1280).

The NESO network is trained and validated using the FLSea-Stereo dataset [205], which cap-
tures challenging underwater environments in the Mediterranean Sea characterized by high tur-
bidity, homogeneous sandy regions, and marine growth-covered rocky outcrops. The dataset com-
prises 10987 training and 3663 validation stereo pairs, captured by two Nikon D810 1280 x 720
resolution cameras in watertight enclosures. Motion vectors are estimated for each stereo pair
using the RAFT network. The pixel displacement magnitudes are normalized to obtain camera-
independent depth cues, facilitating NESO’s learning task and generalization capabilities. Follow-
ing equation 5.15, pixel displacements (Ax) depend on both camera parameters (focal length f, and
baseline B) and scene depth (P). Dividing these displacements by the optical system parameters

(— f¢b) yields a normalized representation where disparity becomes directly proportional to inverse
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depth. This normalization preserves relative depth relationships, where larger normalized values
indicate closer objects and smaller values correspond to more distant elements in the scene, re-
gardless of the imaging setup. Ground truth depth maps are generated using Agisoft Metashape’s'
SfM algorithm. The resulting 2.5D representation encodes metric depth through pixel intensity
values, with valid measurements ranging from 0.5 to 38.0 meters. Readings outside this interval
are considered filler pixels. While achieving errors consistently below 0.005 m for nearby objects,
the reconstruction of distant elements exhibits imperfections due to underwater phenomena such
as turbidity and backscattering.

Optimization of the network follows the same learning pattern used in section 4.3, accom-

plished through the custom loss function in equation 5.16:

lcomposed = 0-45(12valid) + 0. 10(12filler) + 0-45(lnbsmoothnexs) . (5 1 6)

Equations 5.17, 5.18 and 5.19 further detail each loss term:

2vaia = (i—1)?, Vi€ [0.5,38.0] m, (5.17)

Rier = (i—1)%, Vi¢[0.5,38.0] m, (5.18)

lnbsmoothness = Z ‘ |e(7Vi) : VlAHa Vi, (519)
®

where i and 7 are the ground truth and estimated depth values, respectively; and © represents
the pixel spatial domain.

The network optimization prioritizes valid pixels through an 12-based loss term, as these cor-
respond directly to reliable ground truth depth measurements. A 10% penalty is attributed to the
filler pixels that represent areas where ground truth data has been infilled. Scene consistency is
regulated through the smoothness loss term (equation 5.19), which heavily penalizes depth dis-
continuities in high spatial frequency regions [296]. This term promotes faithful depth predictions

particularly around edges and transition areas [297].

5.3 Results and Discussion

The content of this section aims to thoroughly discuss and analyze the performance of the fusion
methodologies introduced along this chapter. The NESO network is first evaluated in the FLSea-
Stereo dataset, where its results are compared to other relevant state-of-the-art architectures - refer
to section 5.3.1. The generalization capabilities of the proposed network are then demonstrated
within a controlled underwater environment (section 5.3.2). A decommissioned sacrificial anode is

submerged within an indoor pool, while MARESye captures high-fidelity multimodal information

Thttps://www.agisoft.com/
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from the scene. An inspection procedure is then conducted by analyzing the dense point cloud ob-
tained by using NESO to combine the retrieved RGB data and magnitude of pixel movement. The
upsides of refining this representation through heterogeneous 3D data fusion principles are fur-
ther discussed in this section, as the inspection procedure is repeated using JMR’s tri-dimensional
output.

The following metrics are used to evaluate output predictions and guide quantitative discus-

sions:

MAE - Mean Absolute Error.

REL - Relative Error.

RMSE - Root Mean Squared Error.

0, - Percentage of Correctly Predicted Pixels.

GPU Time - Network Elapsed Time.

The NESO network models are implemented in PyTorch and trained with the following hard-
ware setup: NVIDIA GeForce RTX 2080 SUPER with 8 GB of VRAM, Intel i5-8600K CPU @
3.60 GHz with 6 cores. SGD is used as optimization algorithm with a learning rate starting in 0.1,

scheduled through an Icycle policy [298].

5.3.1 NESO State-of-the-Art Comparison

Diverting from state-of-the-art uni-modality monocular depth estimation networks, NESO com-
bines texture-based features with the apparent movement of pixels to infer a dense tri-dimensional
representation of the underwater scenario. This section studies the benefits of this approach,
comparing its performance on the FLSea-Stereo dataset to other relevant learning-based method-
ologies: AdaBins [186], a transformer-based architecture that employs adaptive depth binning;
ZoeDepth [187], which achieves robust cross-domain generalization through metric learning and
a multi-head design; and UW_Depth [254], an encoder-decoder architecture with dense attention
modules. The pre-trained models for AdaBins and ZoeDepth stem from monocular depth estima-
tion tasks in aerial contexts, with proven cross-dataset generalization capabilities. The model used
for UW_Depth is trained in the FLSea-VI dataset, which provides monocular data from the same
underwater context as the dataset used to train the proposed NESO network. The FLSea-Stereo
0.5 to 38.0 m ground truth metric range is divided into several intervals and studied separately,
allowing for a more detailed quantitative understanding of the faithfulness of each network’s pre-
dictions.

The results depicted in table 5.1 reveal that NESO vastly exceeds the performance of other
state-of-the-art networks, achieving an average RMSE of 0.771 m for the complete 0.5 to 38.0m
range. This metric error represents a 58.7% improvement over the UW_Depth network, that
reaches the closest performance with an RMSE of 1.868 m. For the 0.5 to 2.0m range, NESO
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Table 5.1: State-of-the-Art comparison on the FLSea-Stereo dataset [205]. Available pre-trained
models and default parameterization are used for state-of-the-art methods.

Metric . RMSE MAE o1 GPU
Method Range (m) Modality (m) (m) (%) Time (s)
[0.5 - 38] 3.041 2.608 15.04
[0.5-2] 3.121  3.093  0.00
AdaBins (2021) [186] 12-5] RGB 2126 1962 18.03  0.122
15-15] 2724 2102 44.53
115 - 38] 13.018 12.754 0.00
[0.5 -38] 2267 1559 2359
[0.5-2] 0.452  0.418 38.06
ZoeDepth (2023) [187] ]2-5] RGB 1.306  1.190 1897  0.265
15-15] 4767 4435 0.29
115 - 38] 16.023 15.811 0.00
[0.5 - 38] 1.868  1.165 42.43
[0.5-2] 0.674 0.591 42.87
Uw_Depth (2024) [254] ]2-5] RGB 1.005  0.847 55.08  0.008
15 - 15] 3466 3.030 14.16
115 - 38] 13.813 13.547 0.00
[0.5 - 38] RGB 0.771  0.468 78.04
[0.5-2] + 0.222  0.182 83.84
NESO 12-5] Mag. Pixel 0.641 0.512 7022  0.029
15 - 15] L 1.484 1.118 75.04
Displacements

115 - 38] 5.201 4472 50.19
Lower is better: RMSE, MAE, GPU Time

Higher is better: &

outputs predictions with an average absolute error of 0.182m and 8; of 83.84%, demonstrating
its applicability for close-range inspection procedures. The AdaBins algorithm struggles the most
in this metric range with 3.093 m of MAE, while the performance closest to NESO is achieved
by ZoeDepth with an MAE and &; of 0.418 m and 38.06%, respectively. Overall, table 5.1 de-
picts a steep performance decay for every network, as the distance range increases. This is to be
expected, since the depth estimation task becomes vastly more difficult with distance, given that
information retrieved by the observer becomes more scarce and compressed. Additionally, sub-sea
phenomena such as absorption, marine snow and backscattering create a turbid and hazy environ-
ment that further hinders high-fidelity long-range data acquisition. Nevertheless, the depth map
predictions estimated by NESO within the 15 to 38 m range have an average RMSE of 5.201 m -
approximately 40% less than the closest state-of-the-art performance for this given range.

The UW_Depth network has the fastest GPU inference time with 0.008s. AdaBins and
ZoeDepth depend on heavier network backbones to extract features from each RGB input, and
thus require longer processing times. The lightweight design of the NESO network allows for an
inference time of 0.029s. While it does not achieve the highest output prediction rate due to the
more complex input representation, introducing motion perception principles as a network input
proves a valuable addition, as NESO metrically outperforms uni-modality solutions.

A visual comparison of the predictions inferred by each network is presented in figure 5.3.
The output estimated by NESO for Instance 1 shows a smooth depth gradient as the valley extends
away from the observer. ZoeDepth and UW_Depth predict an accurate close-range representa-

tion, with the first capturing a more visually detailed prediction. As the distance grows, the error
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Instance 1 Instance 2 Instance 3 Instance 4

RGB

Mag. of Pixel
Displacements

Metric Depth
Ground Truth

AdaBins
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ZoeDepth
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Uw_Depth
Prediction

NESO
Prediction

Figure 5.3: Qualitative comparison of depth predictions on FLSea-Stereo dataset samples. While
AdaBins [186], ZoeDepth [187], and UW_Depth [254] rely solely on RGB input, NESO leverages
both image data and pixel displacement magnitudes to enhance depth estimation.

in both estimations increases progressively as can be observed in the respective RMSE maps for
Instance 1 - figure 5.4. The mid ranges prove to be the strong-suit of the AdaBins architecture.
Figure 5.4 depicts this finding, as Instances 1, 2 and 4 clearly show that the error maps obtained
by comparing AdaBins predictions to the respective ground truths have the least amount of er-
ror within this metric range. Table 5.1 further supports this analysis as the network achieves its
best performance for the ]2, 5] and ]5, 15] m intervals, with mean absolute errors of 1.962 m and
2.102 m, respectively. The environment in Instance 2 of figure 5.3 illustrates how the scene be-
comes increasingly hazy and blurry with distance. Accurately representing the highlighted object,
which lies just outside the camera’s depth of field, is particularly challenging. Both AdaBins and
UW_Depth fail to capture the object in their predictions. The haziness difficults feature extrac-

tion, resulting in predictions where the object and background blend together. ZoeDepth offers
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Instance 1 Instance 2 Instance 3 Instance 4

AdaBins
Prediction

28.37

o

RMSE (m) RMSE (m) 29.57 RMSE (m) 25.65

ZoeDepth
Prediction

4

RMSE (m) 0 RMSE (m)  9.66 RMSE (m) 31.87 RMSE (m)

Uw_Depth
Prediction

RMSE (m) RMSE (m) 29.64 RMSE (m)

NESO
Prediction

0 RMSE (m) 23.87 RMSE (m) 6.32[0 RMSE (m) 21.65 RMSE (m) 17.61

Figure 5.4: Root mean squared error maps comparing network predictions with ground truth depth
measurements.

a more accurate visual representation of the object; however, introduces an offset error into the
prediction that gets progressively more accentuated as the distance increases - refer to Instance
2, figure 5.4. The NESO network correctly represents the depth gradient of the scenario. Addi-
tionally, its pyramidal attention-based skip connections ensure that high-level features extracted
from the encoder are reintroduced along multiple upsampling layers, allowing NESO to accurately
depict the shape and depth of the highlighted object. This object is now the foreground focus of
Instance 3 - figure 5.3. The UW_Depth network shows difficulty in separating the object from
the background. While its prediction is metrically accurate overall, the high-depth gradient areas
in the background account for most of the output’s RMS error, as shown in figure 5.4. Instance
3 of figure 5.4 reveals that ZoeDepth estimates a very accurate foreground tri-dimensional repre-
sentation. This result aligns with the findings depicted in table 5.1, as the network achieves an
RMSE of 0.452 m for the [0.5, 2] m range. The output prediction inferred by NESO allows for an
accurate tri-dimensional perception of the scene. Despite showing a high percentage of correctly
predicted pixels in terms of §; (averaging 78.04% across the complete metric range), the network
presents indications of over-smoothing at the edges that outline the highlighted object, as well as
in the background. Applying a stronger penalty to the [_nbsmoothness loss term in equation 5.16
could encourage the network to focus more on these transitional areas. However, this increased

emphasis on edge details is likely to degrade the network’s overall metric performance for pixels
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with valid depth. The current approach seeks a balance between neighborhood consistency and
quantitative performance, hence the even weight penalty distribution. The final instance of figure
5.3 proves a difficult scenario. The state-of-the-art networks struggle with the increased level of
haziness, leading to poor depth estimations past the foreground submerged structure on the right.
NESO correctly depicts the depth gradient of the scene, and proves capable of representing the
highlighted object, even in these harsh conditions. The additional input that provides the network
with the apparent movement of pixels proves to be NESO’s main advantage over other networks,
since the relative depth cues inferred from motion perception principles offer complementary fea-

tures when the texture-based input become less viable.

5.3.2 Controlled Underwater Experiments

Following the validation of NESO’s depth estimation capabilities, this section examines the net-
work’s effectiveness in a controlled close-range inspection task, demonstrating its practical appli-
cability for underwater structural assessment. The sacrificial anode used for this study exhibits
a highly irregular surface due to its long operational lifespan. In the absence of original specifi-
cations or ground truth data, a set of relative measurements from key control features serves as
baseline for evaluation, following the methodology presented along section 3.5.2. As illustrated
in figure 3.15, several volumetric characteristics are assessed: peaks (most prominent surface ar-
eas), valleys (deepest eroded regions), anode wear (volumetric displacement between peaks and

valleys), and distance to the metal core (measured from each peak to its corresponding extremity).

Evaluating NESO for Close-range Structural Inspection

A quantitative comparison of volumetric measurements between NESO and the best-performing
baseline network (UW_Depth) is presented in table 5.2. Generalizing Al models to contexts out-
side their training and validation datasets can be challenging. However, the optimization scheme
used during NESO’s training facilitates its application to MARESye data collected in close-range
inspection scenarios. Table 5.2 reveals that NESO estimates the distance to the anode structure
with offset absolute errors down to 0.1189 m and 0.1051 m, for the top and bottom sections of the
anode, respectively. These errors sit well bellow the 0.182 m MAE expected for the FLSea-Stereo
[0.5, 2] m range - refer to table 5.1 - proving that NESO can function for distinct scenarios and
optical systems.

Relative measurements for peaks and valleys are derived from the metric difference in depth
values between each control feature and the background pool wall. Figure 5.5 portrays the depth
predictions inferred by both the NESO and UW_Depth networks for the top and bottom sections
of the anode structure. The state-of-the-art UW_Depth architecture estimates an inaccurate and
irregular representation of the background wall. Additionally, the RGB uni-modality network
struggles to handle the anode’s irregular surface topology, showing inconsistent depth estimation
across different features. While valley regions are estimated with millimetric accuracy (absolute
errors of 0.0075m and 0.0098 m for top and bottom sections), peak measurements demonstrate

significantly higher uncertainty with relative errors reaching 51.82%. NESO outputs depth map
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Table 5.2: Volumetric assessment of the anode reconstructions estimated by both the NESO and

UW_Depth networks.

Characteristics Ground Truth Uw_Depth [254] NESO

Measured Estimated Absolute  Relative | Estimated Absolute Relative
(m) (m) Error (m)  Error (%) (m) Error (m)  Error (%)

Peak Depth 0.0793 0.0960 0.0167 21.06 0.0913 0.0120 15.13

Valley Depth 0.0723 0.0648 0.0075 10.37 0.0836 0.0113 15.62

Top Anode Wear 0.0070 0.0312 0.0242 345.71 0.0077 0.0007 10.00

Distance to Core 0.0350 0.0097 0.0253 72.29 0.0334 0.0016 4.57

Distance to Observer 0.4100 0.2651 0.1449 35.34 0.2911 0.1189 29.00

Peak Depth 0.0768 0.1166 0.0398 51.82 0.0496 0.0272 35.42

Valley Depth 0.0729 0.0827 0.0098 13.44 0.0433 0.0296 40.60

Bottom Anode Wear 0.0039 0.0338 0.0299 766.67 0.0063 0.0024 61.54

Distance to Core 0.0350 0.0327 0.0023 6.57 0.0247 0.0103 29.43

Distance to Observer 0.4230 0.2198 0.2032 48.04 0.3179 0.1051 24.85

Uw_Depth NESO

Anode Top Section

Inputs

Depth
Prediction

Anode Bottom Section

Inputs

Depth
Prediction

Figure 5.5: NESO and UW_Depth [254] depth map predictions for the top and bottom sections of
a sacrificial anode, inferred during a close-range inspection procedure conducted within controlled

underwater environments.

predictions that smoothly represent the pool background, except for the left portion of the image

(refer to figure 5.5). This is due to MARESye’s stereo image pair lack of overlap in this region:

the RAFT network can’t find pixel correspondences in between the two viewpoints for this area,
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leading to invalid magnitude values. These pixels are filtered out, and not considered during the
anode’s assessment. The volumetric representation estimated by NESO assesses the top section
of the anode to have a peak of 0.0960m and a valley of 0.0836 m; corresponding to average
relative errors of approximately 15%. Both networks estimate measurements with higher degrees
of error for the bottom half of the anode, due to the challenging conditions caused by the darker
illumination of the scene. For features related to the structural integrity of the anode, NESO
outperforms UW_Depth, achieving millimeter-precise predictions. The anode wear, as measured
from NESO’s depth map, shows absolute errors as low as 0.0007 m and 0.0024 m for the top and
bottom sections, respectively. In contrast, UW_Depth struggles to capture these intricate details,
estimating anode wear with absolute errors exceeding 0.02 m. NESO’s prediction of the distance
from the top portion of the anode to its core results in an absolute error of 0.0016 m, corresponding
to a relative error of 4.57%. However, the same level of precision is not achieved for the lower
section of the anode, where more challenging conditions and over-smoothing in certain point cloud
regions lead to higher absolute errors.

The NESO network demonstrates its ability to capture features directly from the coupled
RGB/magnitude of pixel displacements input, without requiring extensive parameterization, to

infer dense and precise tri-dimensional representations of the target sacrificial anode.

Enhancing NESO Predictions through Active Imaging Integration

A thorough inspection of submerged structures, such as sacrificial anodes, requires millimeter-
precise information. While NESO point clouds provide accurate representations of the underwater
environment, particularly in conveying structural integrity, its metric precision can be enhanced
when operating outside the network’s training domain. This limitation stems from NESO’s train-
ing on the FLSea-Stereo dataset, which spans a wide metric range (0.5 to 38 m) with sharp depth
gradients, differing significantly from MARESye’s optimal inspection workspace of 0.5 to 0.6 m.
The integration of millimeter-precise LSR measurements offers a complementary solution to this
challenge, as the active sensing data can refine NESQO’s predictions within its operating range. By
fusing these complementary modalities, the system leverages both the dense coverage of NESO’s
predictions and the high precision of LSR measurements, enabling more accurate metric assess-
ment of structural features during close-range inspection tasks. he following required packages to
your document preamble:

The inspection of the target anode demonstrates significant benefits from fusing NESO predic-
tions with sparse LSR data. As shown in table 5.3, the JMR algorithm achieves notable improve-
ments in metric accuracy, particularly in estimating the distance from the observer, with gains
exceeding 0.10 m for both top and bottom sections. The fused representation achieves absolute
errors as low as 0.0065 m and 0.0033 m, corresponding to relative errors of 1.59% and 0.78%
for each section, respectively. Figure 5.6 illustrates the fusion process, comparing NESO’s ini-
tial prediction, LSR measurements, and the final refined point cloud. MARESye’s strategic laser
beam positioning, reflecting one beam off the anode and another off the pool wall, ensures opti-

mal scene coverage. The JMR algorithm identifies two distinct homogeneous regions - anode and
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Table 5.3: Volumetric assessment of the anode reconstruction obtained by fusing NESO’s predic-
tion with sparse LSR data through the JMR algorithm.

Characteristics Ground Truth NESO - JMR Improvement
Measured Estimated Absolute Relative over NESO
(m) (m) Error (m) Error (%) (m)

Peak Depth 0.0793 0.0816 0.0023 2.90 0.0097
Valley Depth 0.0723 0.0726 0.0003 0.41 0.0110

Top Anode Wear 0.0070 0.0090 0.0020 28.57 -0.0013
Distance to Core 0.0350 0.0384 0.0034 9.71 -0.0018
Distance to Obs. 0.4100 0.4165 0.0065 1.59 0.1124
Peak Depth 0.0768 0.0693 0.0075 9.77 0.0197
Valley Depth 0.0729 0.0627 0.0102 13.99 0.0194

Bottom Anode Wear 0.0039 0.0065 0.0026 66.67 -0.0002
Distance to Core 0.0350 0.0196 0.0154 44.00 -0.0051
Distance to Obs. 0.4230 0.4263 0.0033 0.78 0.1018

Anode Top Section Anode Bottom Section

NESO + JMR

. NESO+JMR

NESO
Prediction

Figure 5.6: Sacrificial anode reconstructions obtained by fusing sparse LSR information with the
dense NESO point cloud prediction, using the JMR algorithm.

background - applying separate regression curves to map NESO-LSR depth displacements in each

area. This approach effectively eliminates over-smoothing at transition regions while maintaining
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the high density of NESO’s predictions. The fusion process shows particular strength in volumet-
ric assessment, achieving improvements of 0.0197 m and 0.0194 m for peak and valley features in
the bottom section, with top region measurements reaching relative errors as low as 0.41%. How-
ever, the JMR algorithm exhibits some limitations in handling curved surfaces, where peripheral
points deviating from the laser beam guidance tend to be over-corrected [38]. This results in a
slight performance decline, with increased absolute errors up to 0.0051 m for certain structural
features. Despite these minor limitations, the quantitative results validate the effectiveness of the

fusion approach in achieving both high point density and millimeter-precise measurements.

5.4 Final Considerations

This chapter introduces a comprehensive approach to underwater scene understanding through
multimodal data fusion, addressing the inherent limitations of individual sensing modalities: im-
age data can only provide a 2D contextual perspective of the scene, apparent motion-based com-
ponents are limited to a relative sense of depth, and active imaging techniques provide millimeter-
precise measurements with constrained spatial coverage. The proposed NESO encoder-decoder
network leverages these complementary characteristics by fusing textured data with motion per-
ception principles to create dense 3D scene representations. Its attention-based pyramidal archi-
tecture ensures that relevant features from the coupled input propagate through multiple decoding
stages, preserving crucial information for depth estimation. This approach surpasses other depth
estimation models by 58.7% in RMSE on the FLSea-Stereo dataset, while showing strong gener-
alization capabilities in reconstructing a submerged sacrificial anode with absolute errors as low as
0.0016 m. Despite providing accurate relative measurements, the dense NESO prediction strug-
gles with absolute depth values. Heterogeneous tri-dimensional fusion principles are employed
to further refine the high-density point cloud, leveraging millimeter-precise active imaging data.
A regression-based algorithm maps depth displacements between these heterogeneous 3D point
clouds, combining the density and contextual richness of NESO predictions with the metric pre-
cision of laser triangulation, resulting in metric improvements of up to 0.1124 m. These advances
in underwater imaging enhance the perceptual capabilities of underwater vehicles, enabling more
reliable inspection and maintenance operations by fusing complementary sensing modalities into

an unified tri-dimensional representation of the sub-sea environment.



Chapter 6

Conclusion

Current O&M methodologies rely heavily on manual operations, requiring divers, large vessels,
support personnel, and specialized equipment. Despite strict safety regulations, human opera-
tors remain exposed to significant risks, while weather limitations restrict the yearly operational
window. Unnamed underwater vehicles offer safer alternatives, but their widespread adoption is
limited by inadequate perception capabilities. Traditional solutions using vessel-mounted sensors
can lead to occlusions and increase risk to the vehicle when approaching structures for detailed
observations. Eye-in-hand configurations, where sensors are coupled directly to robotic manipu-
lators, can enhance situational awareness by leveraging the arm’s degrees of freedom to inspect
from previously inaccessible angles. However, conventional underwater perception systems are
unsuitable for these configurations and suffer severe data degradation from sub-sea phenomena.
The lack of reliable, high-fidelity tri-dimensional information fundamentally limits the ability to
perform autonomous close-range inspection and manipulation tasks, hindering the progression

toward fully autonomous offshore O&M operations.

This research addressed these fundamental perception limitations through an integrated ap-
proach combining sensor design with data fusion methodologies. The MARESye hybrid imag-
ing sensor employed mitigation strategies to reduce the degradation of the gathered multimodal
information. Distinct data streams provide complementary characteristics but exhibit inherent
error distributions and uncertainties. Information fusion principles were introduced to leverage
the strengths of each complementary modality, integrating them into a unified tri-dimensional
representation of the environment. Heterogeneous 3D fusion was achieved through both the Joint
Masked Regression (JMR) algorithm and the undeRwater HEterogenous 3d information fusion Ar-
chitecture (RHEA) to combine point clouds from different imaging techniques. Additionally, the
fusiNg tExture with apparent motion information for underwater Scene recOnstruction (NESO) ar-
chitecture introduced a learning-based approach that fuses textured images with apparent motion

into dense tri-dimensional representations.

The MARESye hybrid imaging sensor was developed to advance the state of the art of un-
derwater perception by gathering high-fidelity data from sub-sea environments. Diverging from

traditional approaches that rely on a single source of information, MARESye integrates both pas-
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sive stereo imaging and active laser projection. A data-driven range-gated scheme synchronizes
the acquisition system to receive light reflections from the scenario, while avoiding backscat-
tered photons from nearby suspended particles. The optical design employs hemispherical dome
ports to minimize light refraction effects, while the careful positioning of cameras, lasers, and
external light sources enables high-quality close-range data capture within a compact housing
depth-rated for 200 m. Thorough experimental validation demonstrated millimeter-precise mea-
surements within the optimal 0.5-0.6 m operating range. A comprehensive performance character-
ization revealed that both photogrammetric stereo and light stripe ranging techniques achieve sub-
millimeter accuracy in global depth estimation for close ranges, though LSR maintains consistent
performance over longer distances. For relative depth measurements, the stereo-based methodol-
ogy proved more stable, containing the mean absolute error within 0.01 m, while the LSR tech-
nique showed progressively degraded performance for longer ranges due to light absorption and
reduced laser-camera resolution. Controlled tests with a decommissioned sacrificial anode vali-
dated these findings, where MARESye accurately captured its irregular surface topology, estimat-
ing peaks, valleys and wear patterns with absolute errors down to 0.0008 m. Real-world validation
at the ATLANTIS Coastal Testbed confirms the sensor’s robustness in harsh maritime conditions,
maintaining reliable performance despite the additional challenges posed by biofouling, varying

light conditions, and wave-induced motion.

Information fusion in underwater environments is crucial for mitigating the inherent error
characteristics of individual techniques or sensors. Measurements from each source are subject
to uncertainty, whether from noise introduced by the environment or the sensor itself. Passive
stereo imaging generates dense point clouds with broad scene coverage but suffers from matching
ambiguities in low-texture regions and degraded accuracy beyond calibration range, while active
laser triangulation achieves millimeter-precise depth measurements but provides sparse data with
limited spatial coverage. Novel heterogeneous 3D fusion methodologies were developed to lever-
age these complementary strengths while mitigating individual limitations. The Joint Masked
Regression algorithm exploits the fundamental principle that homogeneous regions around laser
projections generally translate the same depth. By propagating accurate laser measurements across
these regions through regression curves, JMR maintained the density of stereo-based data while
correcting it with precise laser information. The RHEA network employs an encoder-decoder ar-
chitecture to fuse coupled 3D inputs through an early fusion approach. A lightweight residual en-
coder extracts features directly from both point clouds while maintaining computational efficiency
for edge processing. The network was trained through a synthetic-to-real scheme that carefully
models the characteristics of data recovered from each underwater imaging technique, enabling
direct deployment without requiring domain adaptation. Extensive validation in controlled under-
water trials demonstrated the effectiveness of both approaches, with JMR and RHEA achieving
average absolute errors of 0.0133 m and 0.0097 m respectively, corresponding to improvements
of 34.9% and 52.5% over baseline measurements. Experiments at the ATLANTIS Test Center
validated these methodologies in real conditions, where both approaches successfully enhanced

point cloud accuracy despite the heightened effects of sub-sea phenomena. In essence, JMR’s ef-
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fectiveness was constrained by laser coverage and positioning, as the algorithm requires sufficient
resolution to generate faithful regression curves, while RHEA demonstrated greater flexibility with
sparse inputs at the cost of occasional artifacts in edge regions and transition areas. Despite these
advances in heterogeneous 3D fusion, fundamental photogrammetric limitations and extensive pa-
rameterization still constrain accuracy. To address these constraints, a novel multimodal approach
was developed through the NESO architecture. The network leverages the inverse relationship
between apparent pixel motion magnitude and scene depth, combining textured data with motion
perception principles through an attention-based pyramidal design. This approach allows high-
level features to propagate through multiple decoding stages, preserving crucial scene information
while minimizing the need for extensive parameter tuning. Evaluation on the FLSea-Stereo dataset
demonstrated NESO’s effectiveness, achieving a 58.7% RMSE improvement over uni-modality
state-of-the-art networks. While NESO generated dense and textured point clouds with accurate
relative depth relationships, its predictions exhibited a global depth offset when operating outside
its training metric range. This limitation was addressed by fusing the dense predictions with sparse
laser data through the JMR algorithm, achieving absolute metric improvements of up to 0.1124 m.

The scientific outcomes of this research advanced underwater perception capabilities by com-
bining data-driven imaging techniques with novel information fusion methodologies. The compact
design of MARESye makes it particularly suitable for eye-in-hand configurations, enabling close-
range inspection from multiple viewpoints without compromising vehicle safety. MARESye’s
architecture fostered the implementation of both heterogeneous 3D and multimodal fusion princi-
ples by ensuring precise temporal synchronization of data streams and accurate spatial alignment
between imaging modalities. These technological advances, coupled with embedded processing
capabilities, enable the real-time deployment of fusion algorithms that integrate complementary
information into unified scene representations. These developments significantly enhanced tri-
dimensional scene understanding in harsh sub-sea environments, providing the high-fidelity per-

ception capabilities required for autonomous offshore inspection and maintenance operations.

6.1 Future Work

Several promising research directions emerge from this work. The integration of advanced im-
age enhancement methodologies could further improve the quality of gathered information, where
model-based restoration combined with bilateral filtering and dark channel prior techniques could
enhance contrast and reduce haze. These preprocessing pipelines would need to be optimized
for real-time operation to maintain edge processing capabilities. Future developments of the
MARESye sensor focus on a continuous improvement of its data acquisition process. Employing
more powerful laser beam projectors can help mitigate the underwater absorption phenomena and
ensure these are visible enough to be usable within the LSR module. Furthermore, deep learning-
based stereo algorithms can be explored to replace the currently used SGBM procedure. Fusing
the heterogeneous 3D information directly in point cloud form through the use of 3D CNNs or

Graph Neural Networks can also be a valid solution, bypassing the need to project the information
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into a 2D plane. A more long term hypothesis is developing an end-to-end architecture that learns
to extract tri-dimensional data directly from the captured 2D images and fuses both modules inter-
nally. Future research can also focus on developing a modular version of MARESye based on the
insights gained from initial eye-in-hand field deployments. The additional degrees of freedom pro-
vided by robotic manipulators can be exploited to gather complementary information from distinct
viewpoints, enabling multi-view fusion approaches to effectively combine data gathered from dif-
ferent arm poses, requiring robust registration techniques and uncertainty-aware fusion strategies
to handle the cumulative error from sequential acquisitions. The final demonstration these devel-
opments should occur through comprehensive trials in operational offshore wind farms, where the

complete Al-driven eye-in-hand MARESye system can be tested under real conditions.
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