TECHNO-ECONOMIC ASSESSMENT FOR
ROBOTICS-DRIVEN INSPECTION OF FLOATING
OFFSHORE WIND FARMS






OLLSCOIL NA HEIREANN, CORCAIGH

NATIONAL UNIVERSITY OF IRELAND, CORK

University College Cork, Ireland
Colaiste na hOllscoile Corcaigh

Techno-economic assessment for robotics-driven
inspection of floating offshore wind farms

Thesis presented by
Omer Khalid
for the degree of

Doctor of Philosophy
University College Cork
School of Engineering and Architecture
&
MaREI Centre, Environmental Research Institute
Supervisors: Prof. Guangbo Hao, Dr. Cian Desmond, Dr. Hamish Macdonald, Dr. Fiona
Devoy McAuliffe

April, 2025






To my parents.






CONTENTS

List of Figures xi
List of Tables xiii
Declaration XV
Acknowledgements xvii
Abstract xix
List of Qutputs xxi
Nomenclature xxiii
1 Introduction 1
1.1 Backgroundtothethesis . . . . . . ... ... ... ... ... ... 1
1.2 Rationale behindthethesis. . . . . . .. ... ... ... ........ 2
1.3 Thesis objectivesandscope. . . . . . . . . . . ... ... 3
1.4 Thesis structure and the link between the chapters. . . . . . . . ... .. 5
1.4.1 Chapter2 . . . . . o o o o e e e e e e e e e e e e 5
1.4.2 Chapter3 . . . . . . . 0 o i e e e e e e e 5
1.4.3 Chapterd . . . . . . . o e e e e e e e e 5
1.4.4 Chapter5 . . . . . . 0 o e e e e e e e e 7
145 Chapter6 . . . . . . . . 0 e 7
1.4.6 Chapter7 . . . . . . 0 v i e e e e e e e e e e 7
2 Applications of robotics in floating offshore wind farm operations and main-
tenance: Literature review and trends 9
2.1 AbStract. . . . . . . Lo e e e e e e e e e e 10
2.2 Introduction . . . . . . . . . . .. e e e e e e e e e 10
2.3 O&M of Floating Offshore Wind Farms . . . . . . ... ... ... .... 11
231 TurbineO&M . . . . . . . . ... e 13
2.3.2 Balance-of-PlantO&M. . . . . . . . . . . ... 14
233 LogiStiCs . . v v v e e e e e e e 15
2.4 Roboticsfor O’RMof FOWFs . . . . . . . . ... ... ... . ...... 15
24.1 Climbingrobots . . . . . . . . .. .. 0 e 20
2.4.2 Unmannedaerialvehicles . . . . . . ... ... ... ... ... . 23
24.3 Subsearobots . . . . . . ..o e 24
2.4.4 Autonomoussurfacevessels. . . . . ... ... L0000, 25

vii



viii CONTENTS
2.5 Potential areasofresearch . . . . .. . ... ... ... Lo L. 31
2.5.1 Futureroboticsystems. . . . . . . ... ... Lo 31
25.2 Designchallenges . . . . . . . ... ... Lo oo 32
253 Marketchallenges . . . . . . . ... ... Lo oL 35
26 Conclusion . . . . . .. . L e 36

3 Cost-benefit assessment framework for robotics-driven inspection of float-
ing offshore wind farms 39
3.1 AbStract. . . . . . . oL e e e e 40
3.2 Introduction . . . . . . ... . L e 40
3.3 Methodology . . . . . . . . . .. e 42
3.3.1 Costestimation . . . . . ... ... ... ... 42
332 O&Mmodel . . . . . ... L e 45
333 Residualrisk. . . . .. ... L oo oo oo 46
3.4 Application to a floating offshore wind farm . . . . . ... ... ... .. 47
35 Results . . . . .o e 47
3.5.1 Sensitivityanalysis. . . . . . . . .. ... oo 50
3.,5.2 Correlationmatrix. . . . . . . . . . ... oo 51
36 Conclusion . . . . . .. . L e 53

4 Informed decision-making for investment in robotics-driven inspection of
floating offshore wind farms: A real options approach 55
4.1 Abstract. . . . . . L. e e e e e e e e 56
42 Introduction . . . . . . ... . L 56
4.3 Methodology . . . . . . . . . . 58
4.3.1 Simulation. . . . . . . ... Lo e e 60
44 Resulfs . . . . . oL L e 64
45 Conclusion . . . . . .. L L L e 65

UAV-based automated detection of wind turbine blade damages: Sequential

evaluation of model training with thermal analysis 67
5.1 ADbstract. . . . . . . . . e e e e e e 68
52 Introduction . . . . .. ... ... e 68
5.3 Methodology . . . . . . . . . L e 69
5.3.1 Casestudyoverview . . . . . . . . . . . . . oo vttt 70
53.2 Datacollection. . . . . . ... ... ... o 70
5.3.3 Modeltraining. . . . . . . . . .. ... e 71
5.3.4 Thermalanalysis. . . . . . . . .. ... .. ... 72
54 Results . . . . ... L e 75
55 Conclusion . . . . . .. . L L e 77
Development of a systems engineering framework for the deployment of robotics-
driven inspection of floating offshore wind farms 81
6.1 Abstract. . . . . . . . . L e 82
6.2 Introduction . . . . . . .. .. .. Lo e 82
6.3 MBSEmodel . . . ... ... . .. ... .. 84

6.3.1 Systemdefinition . . . . . . ... ... Lo L. 84



CONTENTS ix
6.3.2 Systemdesign . . . . . .. ... e e e e e e e e e e e e 84

6.3.3 Failure modes and effectsanalysis. . . . . . . ... ... ... .. 91

6.4 Conclusion . . . . . . . . e 91

7 Conclusion 95
7.1 Conclusions to the thesis objectives. . . . . . . ... ... ... ..... 95
7.2 Criticalreflection . . . . . . . . . . . . . e 97
7.3 Recommendations and futureresearch. . . . . ... ... ... ... .. 98
Bibliography 101
Appendix 117






LIST OF FIGURES

1.1 Thesis outline and the link between the chapters. . . ... ..........

2.1 Tllustration of the multi-robot platform based inspection of FOWE . . . . .
2.2 Number of publications and patents granted in the domain of robotics in
theoilandgassector [38]. . . ... ... ... ... .. ... . ...
2.3 Publication trends of ROVs and UAVs for offshore O&M. . .. ... ... ..
2.4 Research pertaining to robotics for O&M. rectangular areas (grayed): widely
investigated. Elliptical areas (with filled color): possible research gaps.
2.5 Sensors needed to control a typical robotic system and those needed to
conductthe O&Mtask. . . . . . ... ... .. e
2.6 Anillustration of the size and mass of the climbing robots, UAVs, and ROVs.
All the values are indicative and serve only as a guide to scale different sys-
tems. Images courtesy: ROVCO and Creative commons. . . ... ......
2.7 ALFUS framework applied to the UAV-based inspection of turbine blades.
2.8 Climbing robot from Rope Robotics [117]. A similar system is offered by
BladeRobots from Vestas [172]. . . . . . ... .. ... ... ..
29 ClassIIROVIrom [94]. . . . . . . .. it
2.10 ClassIROVIrom [71]. . v v v v v e e e e e e e e e e e e s e e e e e e
2.11 Research outlook for the adoption of roboticsinO&M. . . . ... ......
2.12 Sea-kit Maxlimer ASV recovering the HUGIN AUV. From [116]. . ... ...
2.13 SCAMP as proposed by [105]. . . . . . . . oo ittt

3.1 Ilustration of the multi-robot platform based inspection of a FOWE Typi-
cal damages on the FOWF components are exhibited in green blocks. . . .
3.2 O&M model methodology. WOMBAT simulation adjusted from [129]. . . .
3.3 Component-wise OPEX breakdown. The category ’cables’ include both ar-
rayandexportcables. ... ... .. .. oo L o
3.4 Residual risk plot. The dashed and dotted lines show the range where the
MRP is a net positive and a net negative investment, respectively. . .. ..
3.5 Sensitivity analysis for the OPEX metric. The dashed line show the prelim-
inary OPEX which is selected as the reference for the sensitivity analysis. .
3.6 Sensitivity analysis for the time-to-completion metric. The dashed line
show the preliminary time-to-completion which is selected as the refer-
ence for the sensitivity analysis. . ........................
3.7 Correlation matrix of five key parameters. The red colours correspond to a
positive correlation and the blue colours correspond to a negative correla-

17
18

19
20
21
22
22
26
26
32

33
34

43
46

49

49

52

52



xii LisT OF FIGURES
4.1 Decision tree diagram showing the relationships between the selected sce-
narios. For instance, the lines in red show a decision path for the full-
AULONOMY SCENATIO. + .« v v v v v v e v it e e e et e e e e et e 61
4.2 Abox diagram showing overview of the real options analysis methodology. 62
4.3 Categorization of the autonomy levels (elaborated from [149]. The boxes
in blue pertain to the four scenarios selected for thisstudy. . ... ... .. 62
4.4 Visualisation of the OREC O&M simulation model methodology. . . . . . . 62
5.1 Bellacorick Wind Farm in County Mayo, Republic of Ireland with the four
inspected turbines highlightedinred. . . . . . ... ... ........... 71
5.2 A subset of the RGB images acquired from the UAV with various types of
damagesboxedinred. . ... .. ... .. L L oo o oo 74
5.3 Methodology for sequential evaluation. . . . .. ... ............. 75
5.4 ROI based thermal profile of the erosion on the blade shows a temperature
differential of more than 1°C. . . . ... ... ... ... ... ... 78
5.5 ROI based thermal profile of the discoloration on the rotor hub shows a
relatively smaller temperature differential of 0.5°C. . . . .. ... ... ... 78
5.6 ROI based thermal profile of the vent hole on the rotor hub shows a rela-
tively smaller temperature differential of 0.4°C. . . .. ... ... .. .. .. 79
6.1 Visualisation of the software architecture for robotics-driven inspection of
FOWES. . . o e e e e e e 87
6.2 Risk matrix capturing relationships among the system size and the 14 cost

Arivers. . . . . o e e e e e e



2.1
2.2
2.3

3.1
3.2
3.3
3.4

4.1
4.2
4.3

4.4

5.1

5.2

5.3

6.1

6.2
6.3

LIST OF TABLES

Classification of ROVs . . . . . . .. ... .. it 25
Autonomy level classification as presented by [82] . ............. 27
Application of robotics for key FOWF-specific O&M activities . . . . . . . . 29
Estimation of day-rate for the multi-robot platform (MRP) . . . . ... ... 45
Specificationof the FOWF . . . . . . . ... ... . ... 48
WOMBAT simulation input parameters . . . . .. ... ............ 50

OPEX and time-to-completion variation between baseline and MRP cases 51

Simulation input parameters. . . . . . . .. .. i e e e 59
FOWF parameters. . . . ... ... it i ittt i 63
Calculation of option values for the three decision paths of full autonomy;,

full autonomy - staged and semi-autonomy. . ... .............. 63
Option values for the cases of learning rates variation and biannual inspec-

HOM. e e e e e e 64
Specification of thewind farm. . . ... ... ... .. ... ......... 72
Hardware and software specification of the computer system. .. ... .. 72
Performance metrics for the DL-based model training. . . . . ........ 77

Identification of the system requirements and approaches with respect to
the major building blocks pertaining to the robotics-driven inspection of

floating offshorewind farms. . . . ... ... ... .. ... .. ... .. ... 85
Expert elicitation group’s professional composition and area of expertise. . 88
FMEA table with RPN calculation. . . ... ... ... ... .......... 93

Xiii






DECLARATION

This is to certify that the work presented in the thesis chapters is conceptualized, in-
vestigated, and written by me. The supervisors provided guidance and reviewed the
submitted work. Dr. Aubryn Cooperman provided administrative and research support
for my secondment at the National Renewable Energy Laboratory (NREL) in the United
States. Dr. Cian Desmond supported me by arranging meeting with Bord na Mona, and
by procuring the services of a supplier for imagery data acquisition from the Bellacorick
wind farm.

This is to certify that the work I am submitting is my own and has not been submitted
for another degree, either at University College Cork or elsewhere. All external references
and sources are clearly acknowledged and identified within the contents. I have read and
understood the regulations of University College Cork concerning plagiarism and intel-
lectual property.

10/04/2025






ACKNOWLEDGEMENTS

Firstly, a heartfelt thank you goes to my family, whose consistent support has been the
backbone of my journey. Their unconditional love, understanding, and encouragement
have provided me with the strength and resilience needed to overcome the many chal-
lenges faced during this endeavor.

The completion of this PhD thesis would not have been possible without the unwa-
vering support and encouragement from numerous individuals who have guided and
assisted me throughout this journey.

I would like to extend my deepest gratitude to my academic supervisor, Professor
Guangbo Hao, whose expert guidance, insightful feedback, and persistent encourage-
ment have been pivotal in shaping this research. His dedication towards pursuing ex-
cellence and his patience in addressing my numerous questions have been invaluable.
It would not have been possible to complete this arduous, at times unassailable yet re-
warding journey, without your consistent support.

I'am equally indebted to my industrial supervisors, Cian Desmond and Hamish Mac-
donald, whose expertise and practical insights have significantly enriched this work.
Their support has not only enhanced the quality of this research but has also shaped
up my professional ethos.

I would also like to thank Aubryn Cooperman for facilitating my visit to the National
Renewable Energy Laboratory (NREL) in Denver, U.S., and giving me valuable feedback
on the manuscript preparation.

I would like to thank my STEP4AWIND fellows for being a constant source of encour-
agement throughout the course of the PhD. The time we spent together made the other-
wise onerous journey a valuable and pleasant experience.

Lastly, I would like to thank the European Union Horizon 2020 Research and Innova-
tion Programme for making this PhD possible under the Grant Agreement No. 860737.

This work was authored in part by the National Renewable Energy Laboratory, oper-
ated by Alliance for Sustainable Energy, LLC, for the U.S. Department of Energy (DOE)
under Contract No. DE-AC36-08G028308. Funding provided by the U.S. Department of
Energy Office of Energy Efficiency and Renewable Energy Wind Energy Technologies Of-
fice. The views expressed in the article do not necessarily represent the views of the DOE
or the U.S. Government. The U.S. Government retains and the publisher, by accepting
the article for publication, acknowledges that the U.S. Government retains a nonexclu-
sive, paid-up, irrevocable, worldwide license to publish or reproduce the published form
of this work, or allow others to do so, for U.S. Government purposes.

xvii






ABSTRACT

The floating offshore wind farm (FOWF) industry is poised for substantial growth, ne-
cessitating efficient operations and maintenance (O&M) practices. There is an ever-
evolving need to overcome operational challenges such as restricted weather windows,
long-distance logistical strategies, and the need for cost-effective and feature-rich data
acquisition. This thesis explores the integration of robotic systems into the FOWF-specific
O&M activities from a techno-economic perspective, revealing several key insights. Robotic
systems such as unmanned aerial vehicles (UAVs) and remotely operated vehicles (ROVs)
can provide several benefits in terms of enhancing the O&M vector. These include im-
proved safety and efficiency for longer duration missions and operability under harsh
weather conditions, while advanced sensors and data acquisition technologies, such as
thermographic cameras, provide feature-rich data as compared to the traditional manned
visual inspections. Al and data-driven approaches can improve resource management
and asset availability through automated data gathering and retrieval, and modular de-
signs of climbing robots and UAVs equipped with mission-specific sensors can further
aid in carrying out various inspection tasks.

This thesis explores the use of the WOMBAT tool, and devises a cost estimation frame-
work for an offshore multi-robot platform (MRP) inspecting a large-scale FOWF high-
lighting potential cost and inspection time reductions. Furthermore, key variables are
identified that impact operational expenditure (OPEX) and time-to-completion, sug-
gesting initial utilization of fewer MRPs to balance costs and the inspection duration.
Furthermore, simulations incorporating unmanned surface vehicles (USVs), ROVs, and
UAVs for FOWF inspections indicate long-term cost savings from early adoption of higher
autonomy levels, with real options analysis (ROA) emphasizing flexible investment ap-
proaches to adapt to market dynamics. The ROA demonstrates the strategic advantage
of adopting higher autonomy levels eatlier in a project’s lifecycle, emphasizing the im-
portance of flexible investment approaches in the face of market and technological un-
certainties.

The cost-benefit analysis has been complemented with assessing the technical fea-
sibility of UAV-based automated detection of wind turbine blade damages. Performance
evaluation using visible and thermal imaging shows significant benefits, with thermal
imaging identifying deeper structural erosion on the blades and combined imaging modal-
ities effectively assessing damage severity. Lastly, a model-based systems engineering
(MBSE) framework for deploying robotics-driven FOWF inspections is presented. This
framework integrates system requirements with software and hardware design, facili-
tating end-to-end traceability and coherence. Identifying potential deployment road-
blocks, such as system requirements and architecture, along with prioritizing risk miti-
gation efforts through failure modes and effects analysis (FMEA), inculcates the impor-
tance of incorporating advanced robotic systems in the FOWF sector, in a holistic man-
ner. This thesis supports the integration of these methodologies to enhance the integrity

Xix
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and reliability of the FOWF infrastructure, and hence, contributes towards the overall
economical and environmental sustainability efforts.
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INTRODUCTION

1.1. BACKGROUND TO THE THESIS

This thesis is conducted as part of the STEP4WIND (Novel deSign, producTion and op-
Eration aPproaches for floating WIND turbine farms) project. STEPAWIND is a Euro-
pean Industrial Doctorate programme, granted under the H2020 Marie-Curie Innova-
tive Training Network initiative (H2020-MSCA-ITN-2019, grant agreement 860737). The
overarching objective of the project is to address both technological and economical
challenges related to the development of floating offshore wind farms (FOWFs). The
work contained in this thesis pertains to the Work Package 3: Operations and Scalability,
wherein the aim is to assess the incorporation of robotics for operations and mainte-
nance (O&M) of FOWFs from a technical and commercial perspective. The thesis also
presents the work carried out at the Offshore Renewable Energy Catapult (OREC), UK’s
leading technology innovation and research centre for offshore renewable energy sector.
OREC, as a beneficiary, has supported the work by providing with supervisory, software
and cost modeling support during the course of the PhD. Furthermore, the PhD included
a four months visiting researcher stint to the National Renewable Energy Laboratory
(NREL) in the U.S., which provided support with the cost modeling tool and research
manuscript preparation.

The deployment of FOWFs is gaining traction as it provides an opportunity to not
only exploit stronger winds and larger farm sizes but also contribute towards the Net
Zero ambitions [1]. Compared to the bottom-fixed offshore wind turbines which are
limited to shallow coastal waters, floating turbines can be located further offshore and in
deeper waters with stronger and more consistent winds. This allows for large-scale wind
farms to be developed, as there are fewer spatial constraints [2]. Additionally, the far-
ther offshore locations mitigate concerns over visual pollution and disruption to coastal
activities like shipping or fishing. While floating offshore wind is still an industry in its
infancy, rapid technological innovations and cost reductions are making it an increas-
ingly viable option. With the potential for higher energy yields and minimized conflicts
with competing interests, FOWFs have the opportunity to make major contributions to
the renewable energy sector worldwide [3].



2 1. INTRODUCTION

However, conducting O&M of FOWFs poses unique technical and commercial chal-
lenges. Periodic turbine maintenance and repairs require dispatching technicians and
equipment over long distances offshore, via crew transfer vessels (CTVs) and service op-
eration vessels (SOVs). This leads to higher O&M costs compared to onshore or nearshore
wind farms [4]. Furthermore, the replacement of defective components and their trans-
port from offshore sites to the port results in even higher costs. Redundancy of critical
electrical and control systems and their continuous monitoring is important to mini-
mize losses from unexpected failures. Advanced condition monitoring and predictive
maintenance coupled with remote access can optimize O&M scheduling and reduce
costs. With proactive planning, innovation and systems engineering, O&M strategies
can be designed to maximize time-based and production-based availability along with
the profitability of FOWFs [5].

The incorporation of Robotics and Autonomous Systems (RAS) for conducting O&M
of offshore energy assets have been the center of research in recent years [6]. Studies
have shown the impact of robotics-driven inspection wherein the benefits of feature-rich
data extraction along with improved health and safety (H&S) aspects can be reaped [7].
The use of unmanned aerial vehicles (UAVs) and remotely operated underwater vehi-
cles (ROVs) has great potential to make O&M of FOWFs more efficient and cost-effective
[8]. UAVs equipped with cameras and sensors can regularly inspect blades, while ROVs
can monitor subsea components including hard-to-access areas such as cable spans and
foundations. Drones and underwater robots can expedite repairs and mitigate the risks
of sending human technicians and divers offshore [9]. Moreover, advancements in au-
tonomy levels, control systems and swarm robotics can enable continuous inspection
and remote monitoring of offshore components. By reducing the need for offshore trans-
port vessels and manual labor, RAS are poised to transform O&M in floating wind farms.

1.2. RATIONALE BEHIND THE THESIS

In order to assess the challenges pertaining to the automation of O&M for FOWFs with
an emphasis on cost reduction, this thesis primarily sets out to investigate and advance
upon the techno-economic viability of the incorporation of robotic systems. Further-
more, this thesis aims to develop a framework for cost-benefit analysis of robotics-driven
O&M with a focus on identifying key cost and performance metrics along with devising
recommendations for the commercialization of such systems.

As research and growth of the large-scale FOWF’s advances on, conducting a com-
prehensive techno-economic evaluation of robotic systems tailored for FOWF inspec-
tion and maintenance is of paramount importance. Firstly, it enables a thorough un-
derstanding of the technological readiness and maturity of these systems, identifying
their capabilities, limitations, and potential for adaptation or advancement [10, 11]. By
meticulously analyzing the current state of robotic technologies applicable, researchers
can identify areas requiring further development or innovation, facilitating targeted ef-
forts to enhance system performance, robustness, and reliability. Moreover, this assess-
ment paves the way for the identification of optimal deployment strategies, ensuring
seamless integration of robotic systems with existing offshore infrastructure and oper-
ations. Secondly, a rigorous techno-economic assessment is crucial for quantifying the
economic viability and potential cost savings associated with the adoption of robotic
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systems [12, 13]. The offshore wind industry operates in a highly capital-intensive en-
vironment, where minimizing operational expenditure and maximizing asset utilization
are paramount. By conducting a comprehensive cost-benefit analysis, researchers can
evaluate the financial implications of deploying robotic systems, including potential cost
savings achieved through reduced downtime, enhanced maintenance efficiency, and
extended asset lifecycle. This analysis can provide valuable insights for stakeholders
such as O&M vendors, enabling informed decision-making and facilitating the devel-
opment of business cases that justify the investment in robotic technologies. Further-
more, the incorporation of robotic systems holds the promise of significantly enhanc-
ing safety standards in FOWF operations. Traditional human-centric inspections and
maintenance activities in the harsh offshore environment expose personnel to numer-
ous risks, including hazardous weather conditions, working at heights, and the potential
for accidents or injuries. Robotic systems can mitigate these risks by performing tasks
autonomously or remotely, reducing the need for human intervention in high-risk sce-
narios [14, 15]. This not only safeguards the well-being of personnel but also minimizes
the potential for costly operational disruptions resulting from accidents or injuries.
Additionally, the potential for reduction in operational downtime by deploying robotic

solutions and the cumulative effect on costs needs to be thoroughly investigated [16]. By
enabling more frequent and comprehensive inspections, robotic systems can facilitate
early detection of potential issues or defects, allowing for proactive maintenance and
preventive measures. This proactive approach can extend the lifecycle of critical compo-
nents, minimizing the need for reactive maintenance and unplanned shutdowns, which
can be costly and disruptive [17]. Moreover, robotic systems can be designed to oper-
ate in adverse weather conditions, enabling continuous monitoring and maintenance
activities even during periods when human intervention may be impractical or unsafe.
Lastly, the lessons learned from this research can contribute to technology de-risking
and pave the way for the broader commercialization of robotic systems in the floating
offshore wind sector. By identifying and addressing technical and economic challenges,
perceived risks associated with adopting these innovative technologies can be mitigated,
fostering confidence among industry stakeholders. The development of a framework for
cost-benefit analysis and the formulation of recommendations tailored to the commer-
cialization of robotic systems can serve as a guiding resource, facilitating the widespread
adoption of these technologies and driving the industry towards more efficient, safer,
and sustainable operations.

1.3. THESIS OBJECTIVES AND SCOPE

The binding thread of the thesis aims to assess the incorporation of robotics for the O&M
of FOWFs from a techno-economic perspective. Based on the rationale presented in the
previous section, the following research questions have been devised for this study:

* RQ-1. What is the state-of-the-art in the incorporation of robotics-based O&M of
FOWFs and what are the key enablers and barriers pertaining to it?

* RQ-2. What are the techno-economic benefits and limitations in automating the
inspection of FOWFs?
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* RQ-3. How the costs associated with deploying robotic systems can be captured,
and what are the key parameters that affect these costs?

° RQ-4. What is the feasibility for UAV-based damage detection on wind turbine
blades?

* RQ-5. What techno-economic insights can be gained to aid the the policy making
vector and enhance the robotic systems’ adoption in the FOWF domain?

Accordingly, the thesis objectives and the scope has been identified as follows:

* Investigate the state-of-the-art in the incorporation of robotics for O&M of FOWFs
(RQ-1, RQ-5).

- Analyze different types of offshore marine robotic systems such as climb-
ing robots, UAVs, and ROVs, and compare them in terms of their techno-
economic performance.

— Identify main challenges and limitations associated with using robotics for
the inspection of FOWFs.

- Conduct an extensive literature review and identify potential areas of research
from a technical and commercial perspective.

* Conduct cost-benefit assessment for robotics-driven inspection of FOWFs (RQ-2,
RQ-3).
— Develop a methodology for the estimation of cost parameters of a multi-
robot platform inspecting various components of a FOWE

— Compare the performance metrics of MRP with those of the traditional manned
inspection method.

— Conduct sensitivity analysis in order to identify key cost drivers.

* Develop a methodology for investment in robotics-driven inspection of FOWFs to
inform decision-making (RQ-2, RQ-3).

— Capture the uncertainty in cost estimation considering technical and com-
mercial factors.

— Develop a decision-making framework based upon different autonomy lev-
els of the robotic systems.

- Examine different investment scenarios and assess their feasibility.

* Investigate the feasibility of UAV-based automated damage detection on turbine
blades based upon operational wind farm data (RQ-4).

— Acquire and post-process visible and thermal imagery data from an opera-
tional wind farm.

— Devise a model training and thermal analysis methodology to detect dam-
ages on the blades.
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- Evaluate performance parameters for the damage detection.

» Evaluate the policy-making vector for RAS in the floating offshore wind domain
from a systems engineering perspective (RQ-5).

— Identify system requirements for the marine based RAS.

- Investigate barriers for the adoption of robotic systems based upon expert
elicitation.

— Conduct system-level risk assessment.

- Derive insights from the analysis and make recommendations to aid the policy-
making vector.

1.4. THESIS STRUCTURE AND THE LINK BETWEEN THE CHAP-

TERS

This has been set up as a publication-based thesis wherein the next five chapters consists
of research papers that pertain to the aforementioned thesis objectives. A flow chart
delineating the thesis structure is shown in Figure 1.1. A summary the thesis chapters is
given below, describing their content and the links between them.

1.4.1. CHAPTER 2

This research paper, published in the Wind Energy journal and presented as Chapter 2
of the thesis, investigates the state-of-the-art in the applications of robotics for opera-
tions and maintenance of floating offshore wind farms. Four different kinds of robotic
systems have been presented namely climbing robots, unmanned aerial vehicles, sub-
sea robots and autonomous surface vessels. Furthermore, challenges pertaining to the
system design and commercialization have been investigated with an aim to identify
potential areas for future research.

1.4.2. CHAPTER 3

Having reviewed the start-of-the-art, Chapter 3 focuses on the development of a cost-
benefit assessment framework for robotics-driven inspection of FOWFs wherein a de-
tailed methodology for estimating the costs of a multi-robot platform is presented. This
is followed by the full lifecycle simulation conducted in the WOMBAT model, where the
metrics of the incurred operational expenditure (OPEX) and inspection time are calcu-
lated and compared with those of a baseline case. Furthermore, sensitivity analysis is
conducted to identify the key cost drivers affecting the performance metrics. This paper
is published in the Wind Energy journal.

1.4.3. CHAPTER 4

This work builds up upon the Chapter 3 and delves deeper into the robotics-driven in-
spection of FOWFs from a decision-making lens. In order to assess the variation in OPEX
under different autonomy scenarios and project’s temporal duration, real options analy-
sis has been leveraged with an aim to identify optimal scenarios under which the invest-
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ment in capital-intensive robotic systems would yield the maximum return. This paper
will be submitted to the Energies journal by MDPI.
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1.4.4. CHAPTER 5

In order to assess the operational feasibility of UAV-based inspection of wind turbines,
Chapter 5 presents the development of an innovate methodology for the automated de-
tection of blade damages. Imagery data including visible and thermal images is acquired
from the turbines of an operational wind farm. Two detection approaches based upon
model training and thermal analysis have been employed in a sequential manner, and
results are evaluated based upon their respective detection performance. This paper
will be submitted to the special issue Operations and Maintenance (O&M) of Offshore
Renewable Energy (ORE) Devices Using Marine Vehicles and Drones of the Drones journal
by MDPI.

1.4.5. CHAPTER 6

Chapter 6 delves into the policy-making domain, wherein a model-based systems engi-
neering framework, underpinned by the expert elicitation, is presented for the deploy-
ment of robotics-driven inspection of FOWFs. A high-level concept including system
definition, design and risk assessment is presented wherein, the key enablers and block-
ers for the development and commercialisation of such a system have been highlighted,
based on the findings from the techno-economic analysis conducted in the previous
chapters. This policy paper is prepared for submission to the Cleaner Energy Systems
journal by Elsevier.

1.4.6. CHAPTER 7

Lastly, Chapter 7 presents the conclusions drawn from the preceding chapters of the
thesis. The concluding remarks from all the previous chapters have been presented in an
overall summary format. Furthermore, key recommendations and directions for future
research in this domain have been highlighted.
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2.1. ABSTRACT

Marine operations required to transfer technicians and equipment represent a signifi-
cant proportion of the total cost of offshore wind. The profile of sites being considered
for floating offshore wind farms (FOWFs), e.g., further from the shore and in harsher
environments, indicates that these costs need to be assessed by taking into account
the maintenance requirements and restricted weather windows. There is an immedi-
ate need to investigate the potential use of robotic systems in the wind farm’s operations
and maintenance (O&M) activities, to reduce the need for costly manned visits. The use
of robotic systems can be critical, not only to replace repetitive activities and bring down
the levelised cost of energy but also to reduce the health and safety risks by supporting
human operators in performing the desired inspections. This paper provides a review of
the state of the art in the applications of robotics for O&M of FOWFs. Emerging technol-
ogy trends and associated challenges and opportunities are highlighted, followed by an
outline of the agenda for future research in this domain.

2.2. INTRODUCTION

The deployment of floating offshore wind turbines is gaining traction as their potential
installation locations provide the opportunity to exploit stronger winds and larger farm
sizes, while also reducing the prevailing conflicts of interests with other factors such as
societal acceptance and visual impact [18]. However, maintaining floating offshore wind
farms (FOWFs) to allow them to perform at their optimal level for over 25 years of service
can account for 29.5% of the total lifecycle cost [19]. It has been estimated that the oper-
ations and maintenance (O&M) of onshore wind turbines account for about 25-30% of
the total lifecycle cost of wind turbines, and in the case of offshore turbines, the costs are
even higher, in the range of 30-35% [19, 20].

The O&M activities for FOWFs involve inspecting and maintaining components of
the wind turbines and their subsystems to prevent and address faults. O&M activities
on the turbine blades are typically performed by rope-access technicians, often working
in extreme conditions and during restricted weather windows. The duration of turbine
downtime and hence the lost energy production can be considerable, while the use of
crew transfer vessels (CTVs) and service operation vessels (SOVs) also makes up a signif-
icant proportion of the wind farm O&M costs [21]. The O&M of FOWFs poses significant
technological and economical challenges pertaining to asset downtime, operational ex-
penditure (OPEX) incurred, data quality, and fault diagnosis and prognosis.

Recent advances in the development of offshore robotics have opened up new op-
portunities for deploying semi or fully autonomous systems for the O&M of offshore
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wind farms [22]. Incorporating robotic systems offshore can not only improve the as-
sets’ reliability but could also reduce costs and mitigate the health and safety (H&S) risks
associated with deploying human operators to offshore sites with harsh weather condi-
tions. In recent years, a host of new projects has focused on the autonomous inspection
and maintenance of offshore wind turbines [23].

While robotic systems are predominantly relevant to the O&M activities, their appli-
cations are not limited to this domain. These systems are also being utilised in the man-
ufacturing of turbine components, although this falls outside the scope of this thesis.
Robotic systems in manufacturing offer potential in processes such as blade assembly,
painting, and coating [24]. For example, precision-tooled manipulator systems can be
deployed to manufacture intricate components inside turbine blades along with polish-
ing the blade surfaces. These systems can improve production efficiency, ensure con-
sistency, and reduce manual labor costs [25, 26]. More complex systems such as au-
tomated fiber placement (AFP) robots can precisely lay down composite materials fol-
lowing predetermined paths, ensuring consistent material distribution and structural
integrity [27]. These robots can work in confined spaces within the blade structure, ac-
cessing areas that would be challenging for human workers to reach consistently.

This review paper gives an overview of the state-of-the-art in the application of robotics-

driven O&M for FOWFs with the objectives of the following:

1. Identifying O&M tasks that could be performed or supported by the robots.

2. Determining the technical feasibility of incorporating different types of robots in
the FOWF environment.

3. Discussing challenges and future trends to make the robotics-based O&M com-
mercially viable.

The paper is structured as follows: Section 2 gives an overview of the O&M activities
associated with FOWFs. Section 3 presents the applications of robotics for conducting
O&M and an overview on the existing use-cases. Four robotic systems are presented
here, namely, climbing robots, aerial robots, subsea robots, and autonomous vessels. In
Section 4, potential areas of future research are presented and segmented into future
robotic systems, design, and market challenges. This is followed by the conclusion in
Section 5.

2.3. O&M OF FLOATING OFFSHORE WIND FARMS

In the wind power industry, the expression O&M is often used in reference to a broad set
of activities including, but not limited to, administration, insurance, land leasing, civil
works, and the wider asset management. In the context of this review paper, a slightly
narrower definition is employed which pertains to activities associated with enhancing
the performance and reliability of components and assets with an overall aim of in-
creasing the production-based availability of FOWE These activities include performing
preventive and corrective maintenance, inspection, surveys, and conducting condition
monitoring of various components and assets. Such activities are typically included in
the scope of O&M contracts for wind farm operators with an aim to maintain the asset
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following its installation and during its entire operational phase [28]. The primary objec-
tives of O&M are to ensure asset availability for smooth energy production and preserve
equipment lifetime, while also taking into consideration the H&S aspects of the employ-
ees involved.

FOWFE-specific O&M activities: Industry-wide studies [29, 30] have identified differ-
ent FOWF-specific O&M activities. It is pertinent to mention that the floating wind in-
dustry is still in its infancy, as compared with bottom-fixed, and these activities may be
adapted as lessons are learned from more installations. These activities are associated
with not only maintaining the wind turbine generator but also the floating platforms,
mooring lines, anchors, and dynamic cables. For instance, annual surveys need to be
conducted to inspect the condition of catenary moorings and drag anchors. Around
once in every 5 years, moorings are raised to the surface for a detailed inspection. Fur-
thermore, dynamic cables require regular visual inspection of bending stiffeners, tran-
sition joints, buoyancy modules, and marine growth. Floating platforms are designed
to withstand weather conditions without failure for the duration of a turbine’s lifetime;
however, as with any other offshore structure, dynamic sea conditions may result in
the occurrence of cracks. A number of factors exist that can affect the implementation
strategies for O&M in the case of FOWFs. A few of them are summarized below:

1. Limited accessibility and dependance on weather windows: In order to reap the
maximum benefits pertaining to energy generation, FOWFs are being deployed
farther into the sea. The wind conditions at such locations are more suitable for
higher and more consistent energy generation [31]. But this also brings about a
host of challenges such as the difficulty to access the turbines for conducting pre-
ventive or corrective maintenance due to sparse availability of weather windows.
The higher values of significant wave height at FOWF sites also constrain the O&M
scheduling and logistics.

2. Increased loads: FOWF turbines are subjected to higher cyclic loads due to dy-
namic response of the turbine to wind and wave profiles. Hence, they are prone
to more structural damage as compared to their onshore or bottom-fixed coun-
terparts. The sub-systems such as foundation and mooring lines will also be sub-
jected to harsher wave conditions which may have an effect on the individual com-
ponent’s lifecycle. Consequently, the inspection and maintenance activities need
to be considered more often for these turbines.

3. Resource constraints: The resources needed to access FOWFs for conducting main-
tenance may be limited owing to further distances from the onshore facilities and
depots. These include procuring and replacing spare components, and the ves-
sel logistics of transporting them to the offshore sites within the available weather
windows. Furthermore, harsher environmental conditions and the floating foun-
dations make the tasks more complex and time-consuming that can be challeng-
ing and risky for the personnel involved.

4. O&M costs: While the fixed O&M cost of a FOWF can be predetermined, the vari-
able costs associated with transferring personnel and equipment to the offshore
sites are subjected to the availability of weather windows, the type and duration of
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repair, and the significant wave height. This brings about a corresponding increase
in the costs associated with leasing of CTVs and SOVs. Furthermore, the risks as-
sociated with safety and well-being are higher at these locations, and as such, the
insurance costs are dearer [32]. These factors culminate in an overall higher OPEX
for the wind farm.

In case of a FOWE the O&M activities can be divided into the three broader cate-
gories, namely, turbine, balance of plant (BoP), and the offshore logistics-related ac-
tivities. The turbine includes the tower and the rotor-nacelle assembly, while the BoP
constitutes the supporting structure needed to generate and export electricity from the
turbine. The offshore logistics is an important aspect in a FOWF as there is a need to
account for the transportation of equipment and personnel to offshore sites under re-
stricted weather windows. These three categories are discussed in detail below.

2.3.1. TURBINE O&M

The O&M activities associated with the turbine are centered around the tower, rotor
blades, and the nacelle along with its mechatronic components. With the increasing ca-
pacity of wind farms in locations farther into the sea, the loading cycles on turbine and
its sub-systems are envisaged to increase. Hence, the components are prone to be dete-
riorated frequently due to wear, corrosion, and fatigue. Various research studies have fo-
cused on both designing robust and motion-compensated platforms to access offshore
wind turbines, and optimizing the scheduling and planning of maintenance activities, in
order to maximise turbine availability and reduce costs [33]. In general, maintenance is
defined to be either proactive or reactive in nature. The former relates to the preventive
maintenance that is performed to mitigate the occurrence of a component or system
failure in the future. Reactive or corrective maintenance is based on the repairing or
replacement of a component or system when the damage, fault, or failure has already
occurred. These can further be categorized as follows:

1. Scheduled / Preventive maintenance:

 Calendar based: a fixed number of inspections or repairs per a specified in-
terval of time, conducted by the operator irrespective of the damage state of
the components or system.

2. Corrective maintenance:

* Deferred: when a failure is expected to happen, and the maintenance is plan-
ned and conducted in advance of the failure occurrence.

* Immediate: when a failure occurs without any prior knowledge and the com-
ponent or system needs to be put into idle mode or shut down for mainte-
nance.

3. Predictive maintenance:

* Condition based: a repair or replacement is conducted based on the ob-
served health of the component or system.
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The prediction of faults before they occur through robust condition monitoring ap-
proaches can lead to significant reduction in the O&M costs. These approaches are
based on analyses of specific measurements and aspects of operations such as fatigue
analysis, strain measurement, thermal, and acoustic data. Recent advancements in sen-
sors, data analytics, and the improvements in machine learning algorithms have opened-
up new opportunities for integrated and in-depth system analytics, whereby different
types of data can facilitate informed and reliable decision-making.

In FOWF conditions, the rotor blades and tower are continuously stressed by the en-
vironmental conditions, such as temperature changes and structural degradation. Ex-
ample maintenance activities in this case include visual inspection for damage detec-
tion on lightning receptors, blade cleaning, and resident sensors’ installation. The na-
celle houses the drivetrain along with its components such as the gearbox. Although
the advent of direct drive generators has mitigated the typical gearbox related faults, the
need to continuously monitor the components is still required. Here, the aim is to pre-
dict the faults in due time so that the Mean-Time-To-Repair (MTTR) can be minimized.
Next to this, the health of the tower needs to be monitored continuously in order to re-
duce the occurrence of worst-case scenarios. This is important as the floating platform is
subjected to increased stochastic loads due to dynamic response of the turbine to wind
and wave profiles, which results in structural fatigue. Another region is the splash zone;
section of the turbine that is intermittently in or out of seawater during the turbine’s life-
cycle. This results in increased cyclic wave loading and hence, corrosion related effects
are prone to occur especially in high wave conditions [34]. Based on a structural health
monitoring system, such effects can be visually observed in advance, and repairs can be
arranged before they become catastrophic failures.

2.3.2. BALANCE-OF-PLANT O&M

In the context of FOWF-specific O&M, the term BoP includes the activities of the wind
farm that do not pertain to the wind turbine. These include inspecting the turbine sub-
structure, laying out and maintenance of mooring lines and power export cables, con-
ducting site surveys, and attaining metocean data. An illustration of these activities in
the context of the entire FOWF is shown in Figure 2.1. In principle, the O&M strategy for
wind turbine and BoP is executed similarly, but the maintenance processes are consid-
ered differently. The impacts on performance, costs, and reliability for a wind turbine
system or component failure are more localized, in contrast to the BoP related failure.
The latter can result in significantly reduced availability of the wind farm, along with a
resultant increased cost of energy [35]. With the advent of larger wind farms in more re-
mote offshore conditions, the maintenance of BoP systems is even more crucial for the
effective operation of wind farm, and ensuring the export of generated power.

For large-scale FOWF applications, it is important to achieve maneuverability in a
congested subsea space in order to deploy and inspect subsea structures such as moor-
ing lines. Offshore regulations require subsea inspection at a minimum of every 2-5
years, depending on the specific system. Apart from that, new mooring lines and an-
chors may need to be procured and installed over time. Some industry figures indicate
that one in every 100 mooring lines needs to be replaced in a year. On a farm of 100
turbines with four to five mooring lines each, this would mean between four and five
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Figure 2.1: Mllustration of the multi-robot platform based inspection of FOWE

mooring line replacements per year [36]. Finally, a robust maintenance strategy must be
in place for emergency repair/replacement in response to worst case scenarios such as
a mooring line breakage. Furthermore, geophysical and visual surveys need to be con-
ducted after specific time intervals to comply with industrial and environmental stan-
dards.

2.3.3. LOGISTICS

In addition to the O&M activities related to the turbine and BoP, the transport of goods
and personnel from onshore to the offshore sites and vice versa needs to be taken into
account. Currently, most of these activities are based on CTVs which are used to transfer
spare components, goods, and personnel to wind turbines and substations to perform
both preventive and corrective maintenance. These are also utilized to perform asset
protection and security operations for the wind farm. As the offshore developments are
moving farther into the sea, SOVs are becoming increasingly relevant. In comparison to
CTVs, they are larger in size and can carry heavier payloads along with staying at off-
shore locations for a longer duration of time. If larger or heavier components require
installation or removal, then heavy lift vessels (HLVs), also known as jack-up vessels may
be required. These are essentially crane barges that are towed to the desired site using
tugboats. Jack-up vessels have higher day rates as compared to CTVs and SOVs, and are
used for one-off charters to conduct corrective maintenance and repair of large compo-
nents, e.g., turbine blades or generators. Recently, the use of helidecks is gaining traction
on the offshore installations. These are mounted on turbines or the offshore vessels. The
addition of offshore helidecks comes at higher financial expense but have benefits in
terms of reducing transit times, providing greater accessibility, and complementing the
vessel-based O&M activities [37].

2.4. ROBOTICS FOR O&M oF FOWFSs

A significant increase in the adoption of robotics in the oil and gas sector has been wit-
nessed in recent years. This has been motivated by the advanced automation capabili-
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ties provided by the modern robots along with a reduction in the number of manhours
needed in the rigs. This trend, obtained from GlobalData Patent Analytics [38], is de-
picted in Figure 2.2, where the number of publications and patents granted over the past
20 years show rising interest for robotics in the oil and gas sector. This could provide
with an approximation of the future growth in robotic systems in FOWFs and other ma-
rine renewables, as the O&M facets of the two domains are similar.

Robotic systems offer various opportunities to significantly change the nature of the
offshore operations, ranging from efficiently executing the otherwise repetitive tasks to
attaining continuous and high-resolution data. Furthermore, the potential financial ad-
vantages and H&S-related benefits for the personnel onboard at offshore installations
necessitate the need to minimize the manual human intervention. In recent years, the
concept of remote inspection in industrial processes has also been gaining traction,
whereby unmanned aerial vehicles (UAVs) and remotely operated vehicles (ROVs) are
being utilized to access the machines and sites that are otherwise difficult or dangerous
for humans to operate in. Prototype systems have been developed and tested for fault
detection in pipelines [15, 39], subsea survey and repairs [40], and more recently for wind
turbine inspections [41].

To conduct this review and to gain a holistic overview of the trends related to the
applications of robotics for offshore wind farms, articles were retrieved from Web of
Science (Clarivate Analytics) using the key search terms “offshore,” “O&M,” “UAV,” and
“ROV” and filtered by year (>2000), access, citations, and relevancy. In order to extract
key trends, a network visualization of these papers was created which is shown in Fig-
ure 2.3. Furthermore, three distinct clusters were observed where majority of the publi-
cations were related to optimization of maintenance activities for offshore wind farms.
This was followed by a cluster of fault detection, and condition monitoring based on
SCADA. The third cluster was focused on the control system design of UAVs for acquisi-
tion and analysis of imagery data. A visualization of the robotics-based O&M for FOWF
and the potential research gaps is shown in Figure 2.4. Apart from the key highlights, it
was observed that more focus is being diverted towards costs, investments, data analyt-
ics, and proactive fault detection of turbine and its sub-systems. While the asset man-
agement and condition monitoring have been extensively studied, more recently, the
applicability of remote inspection and big data management have started gaining atten-
tion. This elaborates that the trends have been moving towards devising innovative O&M
solutions with an aim to achieve higher efficiency and safety while reducing the levelized
cost of energy (LCOE). Although there are different types of robotic systems present, they
all need to fulfill certain requirements in order to successfully complete their mission
given the FOWF-related site constraints previously stated in Section 2. These require-
ments are as follows:

1. Mobility: Mobility pertains to the motion of the robot in unstructured environ-
ments under difficult operating conditions and at speeds that allow for efficient
acquisition of inspection data. For instance, the thruster technology of a subsea
robot should be reliable and controllable where it should be able to do the required
task in an efficient manner while also minimizing the possibility of a crash into
the asset. For subsea robots, the propulsive efficiency remains a challenge. This is
highlighted by [42] where it is shown that the subsea robots have to considerably
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[38].

increase their propulsive efficiency in order to navigate the waters like marine an-
imals do. Simultaneously, the operational range of subsea robots also needs to
increase for them to be useful for longer duration underwater monitoring activ-
ities. The design optimization on these two fronts has improved in recent years.
For instance, [43] have demonstrated that a resonance-based squid-like robot can
enhance the swimming speed and efficiency to an extent that is comparable to
that of an aquatic organism. Moreover, the robot should be able to steer itself and
maneuver to access the required part of the asset. For instance, the dexterity of the
manipulator arm of a turbine climbing robot is a key aspect. In case of a UAV, the
beyond-visual-line-of-sight (BVLOS) system is a crucial determinant in enhancing
its operational capability.

2. Sensing capabilities: Another important requirement is the sensing capability of
the robot. The sensors not only aid in navigation and control of the robot itself
but also determine its operational capability in terms of conducting the remote or
in-situ inspection of the asset, attaining feature-rich information, and performing
non-destructive testing (NDT). Here, it is also important to assess the functional-
ity of the sensors with respect to their operation in dynamic wind and wave con-
ditions such as during foggy weather and in turbid sea water. Figure 2.5 illustrates



18

2. APPLICATIONS OF ROBOTICS IN FLOATING OFFSHORE WIND FARM OPERATIONS AND
MAINTENANCE: LITERATURE REVIEW AND TRENDS

Recent trends for offshore O&M, UAVs and ROVs

E offshore + O&M
e offshore + UAV
ap | W offshore + ROV I | | -

L
[=]
1
|
|
|
|
|

Number of publications
N
o
1
|
|
|
|
|
|
|
|
|
|
|
|
|

10— = . Nl . ¥ . Nl . ¥ . il == N .l . . -

o B B L) |
201 201 2014 2016 2018 2020
Year

Figure 2.3: Publication trends of ROVs and UAVs for offshore O&M.

the key sensors needed to control a typical robotic system and those needed to
conduct an O&M task by gathering data from a FOWF asset.

. Size and weight: An important aspect of the offshore robots is their cumulative size
and weight. The size of the robot should be large enough to accommodate the res-
ident sensors and actuators/manipulators. Although keeping the robot small and
light is desirable, it is also crucial to maximize the payload for various diagnos-
tic instruments while maintaining ample power storage. This has ramifications in
terms of power requirements and operational endurance of the mission. Hence,
the cumulative weight of the robotic structure and its payload should be within
the specified bounds where a trade-off has to be made between the operational
requirements of the robot and weight bearing capacity of the entire system. Fur-
thermore, there exist country-specific regulatory considerations for the particular
sizes and weights of unmanned aerial systems [44]. In Figure 2.6, an illustration
of the generic size and mass of different prototypes of climbing robots, UAVs, and
ROVs is presented. While the actual values depend upon a variety of factors such
as the operational requirements and the type of payload, the figure gives an in-
dication about the relatively larger size of ROVs as compared to that of UAVs and
climbing robots. This is partly due to the fact that ROVs have to navigate stronger
currents and as such, require higher propulsive and power requirements, although
the higher weight of ROVs becomes positively buoyant in the water.

4. Level of autonomy: The level of autonomy of the robot describes the automa-
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tion capability of the robot. For instance, Pilot Authorisation and Control of Tasks
(PACT) framework distinguishes between the range of human support needed for
various piloted systems [45]. Another framework is ALFUS [46], shorthand for Au-
tonomy Levels for Unmanned Systems, which is a generic framework and appli-
cable to multiple unmanned system domains. The key components of this frame-
work are the metrics along the three established axes or aspects. An illustration
of these aspects for the UAV-based inspection of turbine blades is shown in Figure
2.7. This scenario represents a relatively high complexity of the operational envi-
ronment, while the human independence and mission complexity aspects are in
the middle. The aspects of mission complexity, environmental complexity, and
human independence together characterize the autonomy of a specific robotic
system. Different commercially available robotic systems can lie along the three
axes, the autonomy profile of which can be assessed for a specific O&M activity.
The objective for an autonomous operation is to achieve the missions as assigned
by its human operator(s) through the designated human-robot interaction mech-
anism. While the state of the art includes remote operation of UAVs and tethered
control of subsea robots under human supervision, the focus has increasing been
moving towards highly autonomous robotic systems. These robots are capable to
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carry out asset inspection for extended duration of time and without active hu-
man intervention. Such systems need to acquire data, store it on their onboard
computer, and send it to the onshore control system. Moreover, it is likely that
the autonomy will be tuned for different scenarios. For example, transit out to the
windfarm could be heavily automated but an inspection task may require more
approval or input from a remote operator.

To control the To conduct the
robotic system O&M task

- Thermal sensor

- Inertial measurement P
- Sound navigation and

unit (IMU) - High-definition ranging (SONAR)
- Gyroscope ] = Lig%t getection and
- Magnetometer = AiilEy ranging (LIDAR)
- ﬂjtéggsor - Depth sensor - Ultrasonic imaging

sensor

Figure 2.5: Sensors needed to control a typical robotic system and those needed to conduct the O&M task.

2.4.1. CLIMBING ROBOTS

In general, human operators with rope-access to the wind turbine conduct O&M tasks
such as cleaning blades and inspecting structural defects in windy, high, and harsh en-
vironments. It is envisaged that a climbing robotic mechanism could replace some of
these O&M tasks, improving efficiency in the process while also addressing the H&S as-
pects. In literature, different types of climbing robots are discussed based upon their
design specification and functional requirements [23, 47]. For this paper, the definition
of climbing robots is restricted to be the machines that can move vertically or around the
tower and blades of a wind turbine. The robot’s access to the entire circumference of the
tower and to the surface of the blade is imperative as it would determine the range of the
O&M tasks that could be conducted. An example of such a climbing robot is shown in
Figure 2.8. Based on their locomotion ability, climbing robots can be classified into the
following two types:

1. Legged locomotion: The key benefit of legged climbing robots is that they are
highly adaptable to the surface structure, can clear obstacles and steps, and can
transition from ground to wall with ease. In literature, various robots can be found
with different number of legs and for different degrees of freedom. However, in
terms of a smooth gait control, a large number of degrees of freedom contribute
to a complicated mechanical structure and the associated control system. Conse-
quently, the weight and torques are also increased. Hence, the robots with two [48]
and four [49, 50] legs are more common in literature.
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2. Wheeled or chain-driven locomotion: In case of a relatively smooth surface, climb-
ing robots based on wheels and chains are used. The quick and continuous move-
ment, as well as a simpler mechanical structure and control design, are significant
advantages of wheeled or chain-driven robots. However, since these robots are un-
able to manage large steps or obstacles, they are less adaptable to varying surface
characteristics and are limited to specific use-cases.

A comprehensive overview of climbing robots for inspection of vertical structures
is presented by [23] where a conclusion is drawn that although various prototypes ex-
ist for specific environments, very often the contradicting requirements of achieving a
light-weight structure along with high maneuverability and dexterity capability, hinders
their universal applicability. A maintenance robot for blade cleaning is presented by [51]
where both motion of the mechanism of the robot and the cleanup mechanism based on
water-jet can be controlled. A wire-tethered climbing robot is presented by [52] where
the applications of water-jet based cleaning and phased array ultrasonic testing (PAUT)
are studied. The height and attitude control system are validated by conducting field ex-
periments of the prototype. The results show that a robust control performance in terms
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Figure 2.7: ALFUS framework applied to the UAV-based inspection of turbine blades.

Figure 2.8: Climbing robot from Rope Robotics [117]. A similar system is offered by BladeRobots from Vestas
[172].

of the motion of the robotic system is achieved. A modular robotic design is proposed
in [53] where the robot is able to move vertically and rotate around the circumference of
the tower. The robot scans the surface and conducts in situ X-ray tomography. This work
was extended by [54] where permanent magnets were used as an adhesion force for the
robot. Experimental results show that the robot is able to adapt to the tapering diameter
of the tower and the scanning arm was able to conduct NDT of the blade.
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2.4.2. UNMANNED AERIAL VEHICLES

While relatively fewer studies have focused on climbing robots for O&M, aerial robots
are gaining increased interest for conducting inspection and other remote sensing ap-
plications ranging from surveillance and infrastructure inspection to data acquisition,
and aerial mapping [41, 55, 56]. The automated inspection of energy assets based on
UAVs have gained significant attention in recent years. For instance, dust on solar pan-
els in a large-scale solar farm can affect the power generation. In this case, UAVs can be
utilized to monitor the condition of the solar panels [57]. Another use of UAVs in power
systems that has been studied is automatic meter reading [58] along with the inspection
of damage to the transmission lines [59]. In the case of FOWFs, a mature commercial
offering is available where UAVs fitted with data acquisition technology are used to scan
the surface of the turbine tower and blades. Advancements in UAV technology have led
to increased automation of the task, reducing the onus on the pilot to manually maneu-
ver the UAV. The data are then recorded and wirelessly transmitted back to the onshore
control station. Post-processing is done to acquire imaging details, acoustic emissions,
and the sensor measurements. Main benefits of using UAVs to inspect FOWF assets in-
clude (1) amore frequent and spatially larger access to the wind farm in a shorter interval
of time, (2) the possibility to mount a variety of imaging and acoustic sensors onto the
UAV for feature-rich data acquisition, and (3) the improvement in H&S aspects regarding
manned access to the FOWFs. A few characteristics of UAVs in terms of remote inspec-
tion are as follows:

1. Specifics of motion: UAVs are able to move in 3D space. The autopilot of UAVs
is able to control the steady state flight along with the autonomous takeoff and
landing of the UAV. Furthermore, vertical take-off and landing (VTOL) technol-
ogy allows to control fixed-wing UAVs without the need for a runway. Neverthe-
less, certain aspects of the UAV motion need to be taken into account such as the
range and endurance of the aircraft along with spatially covering the maximum
area within a shorter interval of time. In case of a fixed-wing aircraft, the mini-
mum turning radius restriction needs to be accounted for when considering flight
paths with many curvatures. While most UAVs can adapt to variable weather en-
vironments, the offshore conditions such as strong winds need to be considered
before the flight of the UAV.

2. Payload limitation: The factors affecting a UAV’s payload primarily include its de-
sign weight, onboard power storage unit, and the type of sensing equipment. The
heavier the sensing equipment will be, the more thrust would be needed by the
UAV, and hence, the power requirements would increase.

3. Specifics of communication: UAVs have to maintain communication with the op-
erators and in some cases, with the control station. A swarm of UAVs with BVLOS
capability has the benefit in terms of an efficient control and larger swept area [60].
Furthermore, the acquired data need to be stored onboard and then transmitted
to the control station. Here, sufficient data storage and transmission bandwidth
need to be taken into account. Other connectivity challenges such as obstacle
avoidance, GPS denial, and signal fading also need to be considered.
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Recent research has benefitted from the advancements in machine learning algo-
rithms for autonomous navigation and guidance of UAVs [61, 62]. This is complemented
by the use of imagery sensors such as LIDAR to acquire feature-rich data and send it to
the onshore computers. [63] proposed the use of UAVs to detect the cracks on wind tur-
bine blades based on image data acquisition. A typical control strategy entails directing
the UAV such as a quadcopter to a position where it can concentrate on a reference ob-
ject or feature using GPS signals [64]. After that, a high-definition or thermal camera is
used to assess the target. It is pertinent to mention that the environmental conditions
such as foggy and rainy weather can cause problems in the imaging, resulting in reduced
usability and a limited detection of faults.

2.4.3. SUBSEA ROBOTS

Recent advancements in subsea survey and inspection technology have allowed more
detailed studies of the oceans and underwater structures [65, 66]. Marine scientists and
companies also have access to a wide range of underwater technologies, which are in-
creasingly being used for a variety of purposes. However, owing to the increased offshore
developments with varied scientific requirements, deep sea research remains expensive
in terms of logistics and personnel requirements. Subsea technology is routinely used
by the offshore oil and gas, and renewable energy industries for inspection, monitor-
ing, and maintenance of assets in areas that are otherwise inaccessible to the marine
personnel. In recent years, ROVs are increasingly being used at windfarms for conduct-
ing O&M activities along with de-risking offshore operations. The industry is developing
new technologies for both underwater and topside applications in order to minimize the
O&M costs and manpower requirements while also improving the safety and reliability
aspects. For the case of a FOWE two primary applications for ROVs pertaining to O&M
are cited: (1) export/array cable surveys and repairs and (2) scour and structural scans
[67].

While the uptake of ROVs for inspection and monitoring has seen progress in recent
times, significant challenges impede their full-scale exploitation in offshore sites. ROVs
have very limited autonomy and must be tethered to the surface to receive power and be
controlled from a technician. Higher operating costs for battery power and acquisition
of trained technicians are stumbling blocks. On the other hand, autonomous underwa-
ter vehicles (AUVs), self-propelled underwater robotic systems powered and piloted by
an on-board power source and computer, provide benefits in terms of higher mission ca-
pabilities, such as autonomous mapping and inspection of subsea structures. The draw-
backs include limited operational range and increased on-board power requirements in
case of longer duration missions. Both types of these subsea robots have attracted re-
search and development efforts [40]. ROVs are classified into different types based upon
their operational capabilities, as shown in Table 2.1. Classes I and II constitute observa-
tion vehicles with the ability to mount various sensors such as SONAR, high-definition
camera, and lights. Class III is work-class vehicles with the ability to mount small ma-
nipulators in addition to more advanced sensors. Class IV vehicles are pulled through
the water by a surface craft. These are heavier vehicles and are normally designed to
carry out a specific underwater task such as burial of cables. Class V includes AUVs that
are untethered, have higher autonomy and maneuverability, and can carry out mapping
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tasks for a longer duration of time.

Table 2.1: Classification of ROVs

Class Description O&M activity
I Observation ROVs Visual survey
II Observation ROVs with pay- Visual survey and light intervention
load option
I Work-class vehicles Heavier payload with manipulators
v Towed and tracked vehicles Cable burial, marine growth removal
\Y% AUVs Autonomous inspection, spatial mapping

An iterative design process of an inspection-class ROV prototype is presented by [68]
where it is concluded that the final design of an ROV has to be based on the optimization
of a series of trade-offs such as manufacturing cost, dry weight, power, and aerodynamic
drag. Sole emphasis on maximum thrust can lead to a corresponding increase in power
requirements, tethering cross-section, and costs while also increasing the drag. Further-
more, aspects related to portability need to be taken into account as the deployment
and recovery of sophisticated ROVs can be manually challenging and expensive. [69]
have proposed the dynamic positioning of an ROV based on a nonlinear model predic-
tive control. Results from hardware-in-the-loop simulation show that the controller is
able to track the reference while rejecting external disturbances. Similar studies [70, 71,
72] show that the onset of advanced work-class ROVs coupled with robust control algo-
rithms has resulted in their increased usage across different marine applications. The
ROV prototypes Kaxan and PoseiBot are depicted in Figures 2.9 and 2.10, respectively.
In terms of ROVs for FOWE it is pertinent to mention that a vast majority of these sys-
tems would be deployed in shallow water along with experiencing rough wave and tidal
conditions as opposed to deeper waters where the disturbances are minimal. Here, the
highly dynamic and non-linear nature of the marine environment makes it critical that
control aspects pertaining to disturbance rejection be considered. In this regard, typical
approaches include disturbance estimation and rejection from in situ observations [73]
or rejecting disturbances arising from steady or impulse perturbations rather than dy-
namic wave disturbances [74]. [75] presents experimental validation of the estimation
of hydrodynamic forces acting on an ROV under regular and irregular waves of different
significant wave heights.

2.4.4. AUTONOMOUS SURFACE VESSELS

Autonomous surface vessels (ASVs), also known as unmanned surface vessels (USVs),
have been the focus of significant research in recent years [76, 77]. While the use of
CTVs and SOVs bring flexibility in terms of payload and personnel capacity, their depen-
dence on weather windows and higher leasing costs makes their use for longer duration
of time less than optimal. Moreover, the typical cut-off point where CTVs can no longer
be used and offshore accommodation is needed is 40 nautical miles (74 km) from the
port [78]. With the anticipated construction of wind farms farther from the coast, a con-
siderable reduction in O&M vessel costs could be possible by eliminating the need for
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Figure 2.9: Class II ROV from [94].

Figure 2.10: Class I ROV from [71].

large inspection vessels [79]. While the use of ASVs in defense and security domain has
seen significant development [80], their usage in offshore wind energy operations is still
nascent. The use of ASVs has benefits in terms of conducting marine O&M for extended
duration of time and without the need for enhanced crew deployment. ASVs typically
utilize catamaran hulls for higher stability and have a modular design, whereby differ-
ent types of payloads can be mounted based on the specific mission requirements. It is
important to consider the varying degrees of autonomy for the ASVs and their effects on
the O&M activities and task allocation. A classification of autonomy levels is provided by
the Lloyd’s Register where the tasks are divided into decision making, action taking and
exceptions handling [81]. A more recent classification is presented by [82] as shown in
Table 2.2.

ASVs have demonstrated their ability to conduct mapping and obtain accurate mod-
els of the terrain above and below the sea level. This is done by combining laser scan-
ning data with bathymetric data and then geo-referencing both data sets. In this way,
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Table 2.2: Autonomy level classification as presented by [82]

Autonomy level Description

Human is alone

Human is helped by systems

Human is helped by systems and agents
Autonomous path following vessel

Autonomous trajectory tracking vessel

Human in the loop

Human supervises the decisions making system
Human supervises the actions making system
Human supervises the exceptions handling system
Human supervises actions, decision, and exceptions
Fully autonomous

© 00N O Gk W~ O

—
(=]

a 3D model synchronized with temporal and spatial characteristics information is gen-
erated. Furthermore, ASVs have high maneuverability, can mount sensors of different
types and weight, and have higher communication bandwidth which are pivotal in con-
ducting large-scale bathymetry and surveying. Finally, removing the human operator
from the offshore vessels allows to enhance human safety on the command-and-control
operational framework in the offshore environment. ASVs also pose significant chal-
lenges in terms of their use in the wind industry owing to larger distances to the FOWFs
and limited weather window availability. Of particular interest is the certification re-
quirements for the use of ASVs in conjunction with manned vessels [83], coordinated
control of multiple ASVs, and devising command-and-control framework for ASVs to
accomplish complex O&M tasks using real-time navigation and perception.

The deployment of robotic systems such as UAVs, ROVs, and USVs in FOWF opera-
tions can enhance the safety related aspects by eliminating or drastically reducing the
need for human technicians and divers to work in extreme offshore environments. For
example, subsea inspections of turbine foundations, cables, and mooring systems in
FOWFs often require divers to operate in low-visibility conditions, strong currents, and
depths exceeding 60 meters, where even minor human errors or equipment failures can
prove fatal. By contrast, ROVs equipped with advanced sensors and cameras can per-
form these tasks autonomously or via remote control, navigating complex subsea en-
vironments while transmitting real-time data to onshore operators. The shift towards
robotic systems also minimizes the logistical challenges associated with crewed vessels.
For instance, innovations like Fugro’s "RoboDock" enable USVs and ROVs to recharge
and transfer data autonomously at sea, eliminating the need for frequent returns to port
and further reducing human exposure [173]. Furthermore, ORE Catapult estimates that
integrating USVs into a 2GW wind farm could reduce annual operating costs by £850,000,
partly by slashing the need for crewed vessels implicated in 60-65% of O&M accidents
[174]. By combining real-time data acquisition, collision-avoidance algorithms, and re-
silient communication systems, robotic systems can create a closed-loop safety frame-
work where risks are identified and mitigated proactively, long before they escalate into
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emergencies.

A categorization of robotics-based O&M for the turbine, BoP and logistics is shown
in Table 2.3. The feasibility for a selection of O&M activities is highlighted in terms of
low, medium, and high. Low feasibility refers to systems being in nascent stages of de-
velopment, while the medium feasibility refers to systems that have been validated in
scenarios representative of the actual FOWFs. High feasibility pertains to systems al-
ready in use with the future potential of upscaling the technology along with enhancing
their usability in the FOWF domain. It is observed that the UAV- and ROV-based systems
are more commercially developed and can conduct a range of tasks while the use of ASVs
is relatively nascent and subject to extensive regulatory requirements.
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2.5. POTENTIAL AREAS OF RESEARCH

As the floating wind industry grows, there is a need to address research gaps pertaining to
the incorporation of robotics and automation in this sector. In particular, the futuristic
robotic systems capable of inspecting offshore assets under dynamic weather conditions
along with conducting advanced sensing and actuation tasks need to be investigated.
Furthermore, the associated design challenges and market adoption aspects need to be
addressed. An illustration of this potential research outlook is shown in Figure 2.4, and
the key identified areas are further discussed below.

2.5.1. FUTURE ROBOTIC SYSTEMS

The development of advanced robotics for inspections is an ever-evolving process. Sig-
nificant challenges remain in terms of autonomy, operational range, actuation, and ca-
pability of robots to perform the complicated O&M tasks under extreme marine condi-
tions. To this end, many emerging robotic systems have been in development, leaning
in on the advancement in industrial automation, control engineering, and artificial in-
telligence (AI). One such example is the use of soft robotics based on compliant and
versatile materials. This results in an increased dexterity which aids in bio-inspired lo-
comotion and navigation of the robot to access the otherwise unreachable and unknown
subsea regions and structures [97]. An important aspect pertaining to soft and compli-
ant materials is that they can protect the core electronic components and also mitigate
the damage in case of collision with the asset. Although soft robots are cheaper to manu-
facture as compared to the traditional rigid structures, there exist challenges that hinder
their large-scale adoption in the FOWF sector. These include navigating the rough wa-
ters, acquiring balance between the softness and load-bearing capacity of the robot, and
the mounting of complex sensors and actuators for data acquisition and manipulation,
respectively. Nevertheless, soft robotic systems provide promising potential for conduct-
ing O&M in the FOWF environment. Based on their functionality, these systems can gen-
erally be classified into two groups: (1) deterministic systems which achieve macroscale
compliance through the force transition between truss-like structure [98, 99] and (2)
fluid-elastomer composites which are composed of soft materials to achieve mesoscale
deformability in different loading directions [100]. Both systems could be utilized to
conduct wind farm O&M especially the subsea components like mooring lines, array,
and export cables. Another future trend is the deployment of resident subsea inspec-
tion platforms that are capable of conducting inspection for a longer duration of time,
and without the active need of intervention. These platforms can be utilized for envi-
ronmental surveillance and monitoring of the subsea infrastructure. For instance, [101]
have proposed a station keeping mechanism based on a legged robot which has shown
to have higher station keeping efficiency (28%) than that of the commercial propeller
based ROVs.

An emerging area of research is the development of hybrid systems where different
types of robots are combined onto a single platform and work in unison to perform com-
plicated tasks [102]. For instance, [103] have proposed a cooperative platform consist-
ing of an ASV that can launch an ROV. Experimental results show that the ROV can au-
tonomously navigate and track a target and send continuous video stream to the ASV. A
similar system is shown in Figure 2.12. Another interesting example is the use of UAVs
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to carry and mount climbing robots on the turbine blade. While the UAVs can inspect
the turbine from a distance, the mounted climbing robots can be more dexterous and
achieve higher functionality in close proximity to the asset. CAROS (Climbing Aerial
RObot System) is proposed by [104] which consists of a quadcopter equipped with four
wheels. The quadcopter can adhere itself to a wall using aerodynamic adhesion force
generated by the tilting of rotors. The control algorithm manages to regulate the orien-
tation and landing speed of the quadcopter onto the wall. A similar system is proposed
by [105] named as SCAMP (Stanford Climbing and Aerial Maneuvering Platform), which
is a quadcopter capable to fly, perch, climb, and take-off again, as shown in Figure 2.13.
It consists of carbon-fiber-based feet and tendons that control the gait of the platform
as it climbs up a wall. Such robots can address the challenges associated with reaching
different regions of the turbine tower and blades [106]. By mounting imaging sensors,
the usability of these robots can be improved along with enhancing the scale of turbine
inspections while removing the need for rope-access.

System Design
Verification
and Validation

Technical aspects
« Combination of different robotic

« Integrated multi-robot
platform to launch

P robotic systems
« Subsea soft robotics for higher ue sy .
A + Resident systems with
dexterity

higher durability and
reliability for offshore
environment

+ Advanced data analysis and Al for
sensory information retrieval

Cost modeling
and sensitivity
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Figure 2.11: Research outlook for the adoption of robotics in O&M.

Recent advances in Al and machine learning have provided benefits in terms of en-
hanced sensor functionality and post-processing of big data. In particular, the develop-
ment of autonomous vehicles industry has resulted in LIDAR-based navigation sensors
that have higher operational range and collision detection technology. This has also cul-
minated in the use of LIDAR on UAVs for metocean mapping [107]. The availability of
feature-rich data and higher processing power bodes well for the adoption of robotics-
driven O&M. Furthermore, the modularization of design has resulted in low-cost robotic
structures that can be retrofitted with the required sensors and actuators based on the
mission-specific requirements. This results in cost reduction and greater operational
flexibility of the robots. The acquisition of real-time sensor data is critical for the con-
tinuous monitoring of FOWF assets, which is then combined with the historical data to
form a complete information flow. The high-speed processing and analysis of this data
is becoming a key factor in planning and decision-making for O&M of FOWFs, along
with the ability to deal with unforeseen situations and make efficient resource allocation
[108].

2.5.2. DESIGN CHALLENGES
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Figure 2.12: Sea-kit Maxlimer ASV recovering the HUGIN AUV. From [116].

INTEGRATED PLATFORM

One of the opportunities pertaining to wide-scale adoption of robotics in the FOWF sec-
tor is an integrated platform which can assist with the deployment of different robotic
systems for O&M of assets. This integrated platform envisages both the design of a
mother vessel that can launch daughter robots and a decision support framework for
O&M task allocation and scheduling. Furthermore, the control and coordination of multi-
agent systems such as a fleet of UAVs remain challenging in terms of meeting the stan-
dard marine regulations. In literature, there are recent examples of small platforms that
have been devised to assess the costs and benefits associated with the usage of UAVs and
ROVs. The conceptual design of a multi-robot platform named as Multi-platform In-
spection, Maintenance, and Repair in extreme environments (MIMRee) is presented in
[41] The platform includes an autonomous mothership, equipped with a fleet of drones
and crawling robots that sails to the offshore assets and carry out inspection and repair-
ing. More recently, the Atlantis project [109] aims to develop a pilot infrastructure in or-
der to demonstrate key enabling technologies for the use of robotics in the offshore sec-
tor. This also includes developing a certification roadmap for the deployment of robotics
and to measure the impact of it on the entire offshore wind life cycle.

VERIFICATION AND VALIDATION

Compared with the onshore assets, remote and in-situ inspection of FOWFs is a long and
potentially challenging undertaking. To this end, it is difficult to do extensive testing,
verification, and validation of the O&M robotic systems. This is especially important
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Figure 2.13: SCAMP as proposed by [105].

for systems where robots have to work in unison with humans, and hence need to meet
H&S and certification standards. In order to assess the operation of robotic systems for
FOWEFs, a number of verification and validation techniques [110] may be employed such
as the following:

1. Extensive experimental and scaled testing of the robotic systems on representative
FOWF platforms.

2. Iterative validation including developing and improving system design based upon
the continuous feedback from industrial end-users.

3. Simulation-based testing and training of the robotic systems and their operators,
respectively.

4. Formal verification methods to ascertain the logistics and temporal functionalities
of the robotic systems and their limitations.
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Along with specifying the hardware and software performance, formal verification
also includes aspects related to the explainability of Al-based systems. Remote operation
of robots in marine environment poses several complex challenges. The lack of access
to the local system, in case of a centralized control system, leaves the human operator
reliant on sensory information and feedback to navigate. This can hamper the operator’s
situational awareness. On the other hand, in case of automation complacency, the oper-
ator can become too reliant on the robotic system that can lead to reduced perception of
threats. The precision required to remotely operate a robot and if done for longer dura-
tion of time could lead to an increase in stress responses, which, if not mitigated, could
lead to accidents. Moreover, insufficient training and a lack of transparency in system
design could result in confidence and trust issues between the human operator and the
robot, especially in the case of unforeseen and critical situations.

2.5.3. MARKET CHALLENGES

O&M COST MODELING

In order to assess the O&M costs associated with the robotic systems and to identify the
key cost drivers, it is imperative to forecast the OPEX for O&M activities. Variable O&M
costs constitute the majority of the wind farm’s OPEX as opposed to the fixed costs, which
pertains to factors such as human resources, insurance, and leasing costs. In literature,
various O&M cost models have been presented and their benefits assessed, although
most of these models are developed in-house and their detailed description remains
confidential. Typically, the models accept inputs in terms of the turbine and BoP spec-
ifications, failure rates, weather conditions, weather window availability, and the O&M
strategy. The outputs are given in terms of the OPEX costs, with some indications on
the vessels and personnel required, energy production, capacity factor, and time- and
energy-based availability. The overall objective is to improve performance metrics such
as a reduction in asset downtime and the LCOE. An overview of the existing cost models
prior to 2011 is presented in [33] with more recent reviews presented by [111] and [112].
A cost-benefit assessment of remote inspection of nacelle is presented by [87] where
NOWIcob tool is used to simulate the O&M costs. It is demonstrated that for an offshore
wind farm, a remote inspection system combined with condition monitoring improves
availability and reduces the LCOE, as compared to the condition monitoring alone.

VALUATION METHODOLOGY

Robotic systems with low-to-medium technology readiness levels (TRLs) are character-
ized by the uncertainty of projected costs (e.g., capital and operational expenditure) and
benefits (e.g., return on investment, reduction in LCOE). This is because investors often
forego capital intensive investments into robotics and automation systems that could
bring benefits in the long term. To this end, investors need a comprehensive product
valuation to aid in the decision making. An important aspect in OPEX forecasting is the
valuation methodology used. In general, net present value and discounted cash flow
analysis is used to determine the price required for an investment to breakeven. While
this is a widely used methodology, there are other aspects pertaining to future invest-
ments in innovative systems that need to be accounted for [113]. A valuation method-
ology based on options theory is presented in [114] where the mathematical framework
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for single-stage and multi-stage investments is developed. Real options analysis is the
methodology used to capture the inherent complexity and uncertainty in innovation-
driven investments [115]. Real options allow to model different scenarios such as the
timeframe of making investments and the resultant effect on long-term value creation.
The refinement of the valuation methodology aids in incorporating the policy making
vector in the early-stage design process, whereby investors can forecast the value of their
investments before the final investment decision can be granted.

2.6. CONCLUSION

The FOWF industry is destined to grow in the future, and as such, the demand for effi-
cient O&M practices with lower expenditures is expected to be more pronounced. Re-
stricted weather windows, long-distance logistics, and the need to ably maneuver, gather
high quality data, and conduct O&M of FOWF assets are challenging tasks for which
the traditional methods are not sustainable. In this paper, a range of robotic systems
and their applications for the FOWF-specific O&M are presented. While the adoption
of robots in industrial sector has seen significant traction in recent years, various chal-
lenges remain for their wide-scale incorporation into the FOWF domain. Hereby, a non-
exhaustive list of discussion points include the following:

1. In terms of autonomous offshore logistics, the advancement in battery technology
augurs well for the use of battery powered ROVs which will allow tether-free access
along with increasing the endurance of UAVs.

2. The usage of ROVs for burial and inspection of underwater cables have seen con-
siderable progress. The challenge remains in terms of increasing the TRL of exist-
ing systems, and enhancing the operational range of ROVs, which can eliminate
the need for divers and expensive tether management system.

3. While the use of ASVs is still in nascent stage, benefits in terms of improved safety
and higher efficiency can be reaped by their usage in longer-duration missions and
especially under harsh weather conditions.

4. The development of autonomous industrial robots has culminated in the avail-
ability of advanced yet low-cost sensors for data acquisition. For instance, ther-
mographic cameras and ultrasonic sensors can greatly aid in gathering feature-
rich data from the FOWF assets in comparison to traditional manned methods of
visual inspection.

5. The automated gathering and retrieval of data are ushering in the usage of Al and
data-driven approaches for continuous maintenance and inspection. This could
aid in better management of available resources and increased availability of the
FOWF assets.

6. The modular design and low-cost versions of climbing robots and UAVs aid in their
applicability for various O&M tasks. Sensors and payload of different characteris-
tics can be mounted as per the specific mission requirements.
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For the FOWF industry, the benefits of enhancing O&M through robotic systems
range from efficiency in terms of cost and resource management to enhanced and ac-
curate data gathering. Furthermore, the long-term impacts of FOWF infrastructure in
oceans can be assessed and understood. With this knowledge comes improved decision-
making for conducting continuous O&M at FOWFs deeper into the sea. The robotic sys-
tem providers need to be cognizant of the emerging trends in O&M while also taking
into account the regulatory and certification barriers. This can improve the TRLs of the
robots and provide a viable commercial roadmap along with enhancing the value-chain
in the robotics-based O&M sector.
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3.1. ABSTRACT

Operations and maintenance (O&M) of floating offshore wind farms (FOWFs) poses var-
ious challenges in terms of greater distances from the shore, harsher weather conditions
and restricted mobility options. Robotic systems have the potential to automate some
parts of the O&M leading to continuous feature-rich data acquisition, operational effi-
ciency, along with health and safety improvements. There remains a gap in assessing the
techno-economic feasibility of robotics in the FOWF sector. This paper investigates the
costs and benefits of incorporating robotics into the O&M of a FOWE A bottom-up cost
model is used to estimate the costs for a proposed multi-robot platform (MRP). The MRP
houses unmanned aerial vehicle (UAV) and remotely operated vehicle (ROV) to conduct
the inspection of specific FOWF components. Emphasis is laid on the most conducive
O&M activities for robotization, and the associated technical and cost aspects. The sim-
ulation is conducted in WOMBAT, where the metrics of the incurred operational expen-
diture (OPEX) and inspection time are calculated and compared with those of a baseline
case consisting of crew transfer vessels, rope-access technicians and divers. Results show
that the MRP can reduce the inspection time incurred but this reduction has dependency
on the efficacy of the robotic system and the parameterization (e.g., cost elements, in-
spection rates) of the FOWE Conversely, the increased MRP day-rate results in a higher
annualized OPEX. Residual risk is calculated to assess the net benefit of incorporating
the MRP. Furthermore, sensitivity analysis is conducted to find the key parameters influ-
encing the OPEX and the inspection time variation. A key output of this work is a robust
and realistic framework which can be used for cost-benefit assessment of the MRP sys-
tems for specific FOWF activities.

3.2. INTRODUCTION

The development of offshore wind energy has continued to expand over the last cou-
ple of decades [118]. In particular, the focus has been shifting towards floating offshore
wind farms (FOWFs) wherein the benefits of greater capture of the wind resource and
water depth along with lower carbon footprint can be reaped [2]. Floating wind en-
ergy, still in its infancy, has a core place in the green energy transition, and a host of
pressing challenges are being addressed by researchers to aid its wide-scale adoption.
One such challenge is to improve the operational efficiency of FOWF components and
to reduce the associated costs of operations and maintenance (O&M) [5]. O&M costs
can account for over 29.5% of the total lifecycle costs of a FOWF [19]. FOWF compo-
nents such as turbine blades, tower, floating platform, array and export cables are sub-
jected to varying and extreme loads during the course of their operation. This leads to
reduced structural integrity of the component, which if not rectified in due time, can
result in failure and a subsequent loss of power production. Furthermore, deeper wa-
ters and harsh weather conditions can hinder the inspection activities especially where
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rope-access technicians and divers need to be involved, making it more time- and cost-
intensive. It is also pertinent to mention that the costs associated with inspection activi-
ties can have a direct impact on the levelized cost of energy (LCOE) while the downtime
incurred affects the annualized power production (AEP). Hence, there is an opportu-
nity for automation and robotics-based inspection of FOWFs with the goal of improv-
ing the operational efficiency, while also reducing the downtime and the costs incurred
[119]. Furthermore, these robotic systems can reduce the need for manual inspections,
therefore minimizing human risk, and collect and stream continuous high-quality data
for better decision-making [7]. As FOWFs continue to grow in size and scale, robotics-
based inspection could become increasingly attractive not only to ensure the reliability
and safety of offshore assets but also due to economies of scale and perceived short-
ages of competent O&M labour. While many robotic systems in the offshore oil and
gas operations have been in operation [15, 39, 120], their usage in the offshore wind
farm industry has been relatively explored less. Previous studies in this domain have
focused on exploring robotics-based inspection from various angles. For instance, [87]
have proposed the use of a robot inside the nacelle. The proposed robot moves on a
rail, is able to conduct inspection with high resolution camera, thermal sensor and mi-
crophones. Simulation results show that the remote inspection leads to increased time-
and production-based availability and a lower cost of energy. Such turbine-mounted
robots, while assisting remote inspection, have limitations in terms of navigating certain
parts of the internal turbine due to their limited range of motion and manoeuvrability.
Furthermore, they may have limited payload capacity and flexibility in carrying diverse
equipment and attaining feature-rich inspection data [23].

The use of unmanned aerial vehicles (UAVs) for inspecting wind turbines has gained
traction in recent years [84, 121]. The turbine blades are prone to damage over the
course of the project lifecycle. Timely inspection using UAVs can lead to early detection
and maintenance that can increase the assets’ lifecycle [17]. UAV-assisted videography
can lead to identification and classification of damages, and determine the structural
integrity of the asset [64]. The coordinated control of multiple UAVs, and route opti-
mization [55] can lead to a reduction in the inspection time of turbine blades. A cost
estimation for a drone service provider is provided by Kabbabe Poleo et al. [13], where it
is shown that using drones for inspecting offshore wind farms can result in cost reduc-
tion of up to 70%, when compared with that of a rope-access case. Furthermore, rev-
enue lost due to downtime is reduced by up to 90%. For the subsea components of the
offshore wind farms, remotely operated vehicles (ROVs) have been in commercial op-
erations with an aim to reduce the need for time-intensive diving operations, improve
inspection efficiency and reduce downtime [40, 68, 93]. Based on site and task-specific
mobility and reliability considerations, ROVs can either be tethered to the launching ves-
sel or un-tethered, where they can autonomously navigate underwater, inspect the as-
set, and return to the vessel for retrieval. Different classes of offshore ROVs exist ranging
from low-cost observation class to advanced ROVs with increased automation and cable
burial capabilities [82]. In the case of a FOWE the most relevant use-case is observation
and work-class ROVs with visual sensors and light intervention capability for inspection
of mooring lines, array cables, export cables and turbine foundations. An extensive sur-
vey on the technical feasibility of ROVs is presented by McLean et al. [122]. The develop-
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ment of a prototype ROV designed to be launched from an autonomous surface vessel
(ASV) is presented by Gray et al. [96]. Similarly, the hydrodynamic modeling and control
strategy for an ROV that is launched from an ASV is presented by Zhao et al. [102], where
the feasibility for such a cooperative system is established. ROVs have also been shown
to cost less and reduce deployment time for the inspection of wave energy converters as
compared to that of the diver-assisted methods [123].

While significant research has focused on the control, sensing and data communica-
tion from UAVs and ROV, there is a need to develop a framework to conduct cost-benefit
assessment in order to analyze the financial implications of incorporating robotic sys-
tems in the floating offshore wind energy sector. Previous studies in this domain have fo-
cused on the feasibility of singular systems [13, 123], but there remains a gap in assessing
the cost-benefit impact of incorporating a multi-robot platform (MRP) in a large-scale
FOWF environment. To this end, the objective of this work is to develop a cost-benefit
assessment framework to estimate the cost of an MRP, and assess its impact on the OPEX
and key performance metrics of a FOWE The proposed MRP consists of a commercially
available UAV and ROV with the functionality of inspecting assets on the turbine and
underwater, respectively.

This paper is organized as follows: Section 3.3 describes the methodology employed
in this study which includes the cost estimation and the details of the O&M model. Sec-
tion 3.4 presents the application of the cost estimation to a FOWE The results obtained
from the O&M model simulation are discussed in Section 3.5 along with the sensitivity
analysis and the correlation matrix. This is followed by the conclusion in Section 3.6.

3.3. METHODOLOGY

This section outlines the methodology employed in this study, beginning with an intro-
duction to the cost estimation of robotics-based inspection of a FOWE The operational
cost of an MRP that could inspect different components of a FOWF is estimated. This
cost is then taken as an input for an O&M cost model where different inspection sce-
narios are simulated for the lifecycle of the FOWE which forms the basis of our work.
The simulation methodology is described followed by a formulation of the residual risk
curve.

3.3.1. COST ESTIMATION

There exists different methods in literature to estimate costs for various offshore oper-
ations [124, 125]. The top-down method, also known as analogous or parametric esti-
mation, relies on historical data and comparisons with similar operations to derive an
approximate cost estimate. In contrast, the bottom-up method involves breaking down
an operation into smaller, manageable tasks or components followed by estimating costs
at the task or component level. The former method is advantageous for providing quick
and preliminary cost estimates, while the latter estimation is preferred for detailed and
precise cost analysis. In this work, a combination of both methods is utilized wherein
top-down costs of equipment have been estimated from available data while bottom-
up cost modeling is utilized in order to capture the various cost elements of an MRP
inspecting a FOWE
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Recently, various conceptualizations of an MRP have been proposed in literature and
industrial discourse with a focus towards their systems design, engineering and com-
mercial adoption [41]. In order to inspect different components of the FOWE the pro-
posed MRP in this work consists of a UAV with remote communication capability, and
an ROV with tethered access to the MRP for effective and safe deployment. The vessel
would have a typical payload capacity of up to 70 kg. The UAV would inspect the blades
and rotor hub on the turbine with a high-definition camera and a thermal sensor. The
ROV would conduct inspection of the foundation, mooring lines, array and export ca-
bles with videography. This is to mimic a simplified inspection scenario for the main
components of a FOWE The MRP serves as a hub, centralizing the inspection process by
storing the acquired data onboard. It is assumed that the MRP is equipped with collision
avoidance system, emergency shut-down mechanism, and fail-safe protocols. A visual
illustration of such a scenario is shown in Figure 3.1.
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Figure 3.1: [llustration of the multi-robot platform based inspection of a FOWE Typical damages on the FOWF
components are exhibited in green blocks.

A generalized formulation of the LCOE is stated in Equation 3.1 where r stands for
the specified interest rate. ¢ and n denote the time interval and the lifetime of the FOWE,
respectively. The relevant metrics to be assessed are the OPEX and AEP. While the capital
expenditure (CAPEX) pertains to the procurement and the installation of different com-
ponents of the FOWE the OPEX along with the AEP need to be forecasted for the total
lifecycle of the FOWE and hence, are dependent on the forecasting variables.

OPEX
CAPEX+XY [ TGt

n  AEP;
t=1 0+r)?

LCOE =

(3.1

The OPEX consists of cost-contributing factors during the operational phase of the
wind farm, where it primarily relates to the day-rate of the vessel hired and any equip-
ment needed to do the inspection, repairs or replacement. In order to estimate the day-
rate of the MRP, contributing factors need to be defined that would be representative of
the actual costs incurred during the inspection of the FOWF components. The formula-
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tion of OPEX for the MRP is shown by Equation 3.2:

m
Day-rate= Y_(wf,eq,scd) k (3.2)
k=1

where wf, eq, and scd stands for workforce, equipment and secondary costs, re-
spectively. k is the time unit pertaining to the duration of inspecting a certain compo-
nent. These variables are further discussed below.

WORKFORCE COSTS

The workforce cost element consists of the salaries of the MRP operators and constitutes
a major part of the total cost along with that of the MRP infrastructure. For this work,
it is envisaged that the MRP would be based at an offshore support base in the vicinity
of the FOWF from where it would transit to the turbine for inspection. The role of the
operators would be to launch the UAV and ROV from the offshore support base along
with acquisition and processing of the inspection data.

Estimating the workforce costs for offshore vessels can be achieved using various
methods, each with its advantages and limitations. One commonly used method is the
traditional "labour day-rate", which calculates the cost per operator per day worked.
Another approach is the use of "fixed pricing", which involves a fixed price for the en-
tire team of operators for a specified period, regardless of the number of days worked.
Additionally, some researchers have proposed a "task-based pricing" method, which ac-
counts for the different tasks and activities performed by the operators during their shift.
In this work, fixed pricing in terms of monthly salaries of the MRP operators is utilized
where a fixed number of workforce comes as part of the MRP and remains available for
the duration of the inspection. As offshore operations are typically longer in duration
owing to the weather window availability, hence fixed pricing mechanism can be utilized
to hire MRP and conduct the inspection tasks during a certain period of the year.

EQUIPMENT COSTS

The equipment costs relate to the UAVs, ROVs, and their sub-systems such as sensors
and spare parts. The UAV consists of an RGB and a thermal camera with which it would
be able to scan the turbine blades. It would have remote communication capability
where the operator of the MRP would fly it from the offshore support base. The ROV
would be tethered to the MRP whilst inspecting the foundation, mooring lines and ca-
bling infrastructure.

While most of the relevant cost data from actual operations is confidential, estima-
tion is done based on available literature, commercial quotations and expert elicitation.
The readily available models of UAV and ROV, with visual inspection functionality have
been selected as listed in the Table 3.1.

SECONDARY COSTS

The secondary costs include soft costs such as administration, consumables and insur-
ance costs. While these are dependent upon the type of equipment utilized and the spe-
cific inspection scenarios, an estimation based on annual contract length is conducted
using available data [126]. Furthermore, indirect costs to the tune of 10% of the total
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operating costs have been included to account for any additional expenditure. A break-
down of the total cost estimation is shown in Table 5.3.

Table 3.1: Estimation of day-rate for the multi-robot platform (MRP)

Cost element Cost ($) Notes

UAV 8,000 Based on the quote of a DJI™ Matrice 300 UAV

Thermal sensor for UAV 600 Based on the quote of a FLIR™ thermal camera

ROV 55,000 Based on the quote of a VideoRay™ Pro4 ROV

Workforce 375,000 Based on 2020 nominal U.S. salary ratet

MRP soft costst 150,000 Estimated from Kaiser et al. [127] and Ioannou
etal. [126]

Other consumables 50,000 Adjusted from Kabbabe Poleo et al. [13]

Total operating cost 638,600 Sum of the preceding costs

Anticipated revenue 159,650 Revenue rate of 25% for the O&M operator

Indirect costs 63,860 10% of the total operating cost

MRP vessel infrastruc- 2,500 Day-rate of the vessel excluding any capital

ture costs, adjusted from [128]

Estimated MRP day rate 5,815 Calculated for 260 annual working days

T A workforce of 5 MRP operators is assumed with 75,000$ annual rate per person.
¥ Including administration costs.

3.3.2. O&M MODEL

There exists different O&M models in literature [111] with a focus on understanding the
underlying O&M mechanism along with using such models as decision-making tools to
arrive at the right design choices. In this work, WOMBAT (Windfarm Operations and
Maintenance cost-Benefit Analysis Tool) [129] is used as the O&M tool to simulate the
lifecycle of the FOWE WOMBAT is a discrete-event simulation tool with the function
to analyze the O&M phase of a wind farm from a technical and financial viewpoint.
It has high component-level granularity, where the repair manager assigns equipment
such as MRP or crew transfer vessel based on the failure rates and maintenance inter-
vals of a specific component. The way the simulation runs is that when a component
sends request for inspection then the time needed to reach the site and the time needed
to conduct the inspection is calculated. If this time falls within the next weather win-
dow availability, then the inspection is conducted. If not, then the MRP waits until the
weather window becomes available. This is done in order to make sure that the vessel
does not have to go back to the port in the middle of the inspection. Furthermore, after
conducting one inspection, the loop for the next component inspection is run again to
find the next weather window availability. The weather window availability can affect
the accrued costs and process time of an inspection task. An illustration of the complete
simulation methodology employed in this work is shown in Figure 3.2 and is detailed in
the steps below:

1) Day-rate of the MRP is estimated based on bottom-up cost modeling.

2) Parameters pertaining to the FOWF site, inspection components and the MRP are
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added as inputs into the WOMBAT model.

3) Afterinitialization, the simulation is run based on the site-specific wind-wave time
series.

4) When an inspection interval is reached, a request is passed by the asset to the re-
pair manager. The repair manager sends on the MRP which conducts inspection
conditional to the weather window availability. After the inspection is completed,
the component returns to the normal operation.

5) The outputs in terms of OPEX and process time are calculated for post-processing.

6) The steps 1 to 5 are repeated for the baseline case and the difference in the logged
outputs is determined.

7) Next, sensitivity analysis is conducted by varying the key parameters in step 2 and
the resultant effect on OPEX and process time is analyzed.

Outputs:

Process time,
Availability, OPEX

WOMBAT Simulation
— )
Bottom-up Cost
Estimation:
WP G Simulation Simulation

\ J starts ends

l Component Asset Equipment Component Asset returns|
reaches P l
inspection requgsts conducts status is to normal -
T e service maintenance reset operation

Risk Analysis:

To analyze the net

benefit of employing|
the MRP

—
Inputs:

Wind-wave data, Component downtime

Component
attributes, OPEX incurred

Sensitivity Analysis:
To investigate the

parameters
influencing the
outputs

Figure 3.2: O&M model methodology. WOMBAT simulation adjusted from [129].

3.3.3. RESIDUAL RISK
The cost-benefit ramifications of the MRP are further assessed by calculating the residual
risk, which is defined as follows:

Ry = P(Ly— Lyrp) — Co (3.3)

where P relates to probability of attaining a certain loss. The losses are defined as L; and
Lysrp where the former pertains to the baseline OPEX and the latter is the OPEX incurred
by the MRP. In general, the risk is defined as the product of probability and consequence.
Here, the consequence is defined as the OPEX incurred while the probability takes into
account the inherent uncertainty of the OPEX estimation from the WOMBAT simulation
and hence, gives a broader indication into the feasibility of incorporating MRP for the
inspection as compared to the baseline manned inspection. C, is the operating cost of
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the MRP/CTV which the product of day-rate of the MRP/CTV and the total number of
yearly working days. In Equation 3.3, the residual risk is defined in a way that the MRP is
a net benefit if the residual risk is positive and vice versa.

3.4. APPLICATION TO A FLOATING OFFSHORE WIND FARM

The cost estimation presented in this work is applied to a hypothetical FOWF located
in the West coast of Ireland. The West coast has been mapped extensively and compu-
tations have shown that it incurs the lowest LCOE for floating wind as compared to the
other Irish coasts [130]. The hourly wind-wave data for the site is obtained from Coper-
nicus ERA5 database [131]. The specification of the proposed 1.5GW FOWF is listed in
Table 3.2 where the IEA 15MW turbine has been selected as the reference [132]. In or-
der to analyze the O&M phase of the FOWE inspection time and duration for the selected
components needs to be specified. Typically, the O&M contractor sets a schedule for one
or two inspections per year. By increasing the frequency of inspections, unplanned fail-
ures can be minimized. However, planning for more frequent inspections based on fixed
time intervals or a specific reliability threshold may entail higher expenses [133]. In this
study, we consider the annual inspection of five components namely: a) wind turbine
blades, b) supporting structure which includes the foundation and the splash zone, c)
mooring lines, d) array cables and e) export cables. The UAV launched by the MRP would
inspect the blades while the observation-class ROV would inspect the remaining subsea
components. The inspection is restricted to visually capture the external surface of the
components and store the imaging and videography data onboard. The time required
to inspect a certain component is included in the simulation where the initial values are
taken from the available data [13, 123] which are then varied in the sensitivity analysis
to make the findings more robust. Failure rates and resource requirements for 350 off-
shore wind turbines have been presented in [134], where three different O&M operations
have been highlighted: minor and major repair, and major replacement which gives an
overview of the costs and time duration associated with conducting component-wise
O&M tasks. In this work, only annual inspection of these components has been consid-
ered as it includes the most relevant activities that could be replaced by the proposed
MRP.

The baseline scenario is represented by inspecting the components by rope-access
technicians and divers from a crew transfer vessel (CTV). Different reference studies on
the validation of O&M tools have detailed the cost estimation of CTVs 136. The initial
day-rate of the CTV is obtained from the recent [128] which amounts to be £2000. This is
converted into dollars with a base conversion rate of 2023 and the day-rate of the techni-
cians and divers is added to it. For the CTV, a total of 8 crew members are considered for
one inspection operation. The final day-rate for the CTV is estimated to be $4100. The
selected values pertaining to the inspection and the WOMBAT simulation parameters
are listed in Table 3.3.

3.5. RESULTS

Table 3.4 corresponds to the incurred inspection-based OPEX during the lifecycle of the
FOWEF which increases by 51.1% in the case of utilizing 3 MRPs as compared to that of
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Table 3.2: Specification of the FOWF

Description Value
FOWF location West Coast, IE
FOWF size 1.5GW
Project Lifecycle 20 years
Number of turbines 100

WT Model IEA 15MW RWT
WT Rated power 15 MW
Cut-in Wind Speed 3m/s
Cut-out Wind Speed 25m/s

WT Rotor diameter 240 m

WT Rated wind speed 10.6 m/s
Floating platform DeepCwind [135]
Floating platform type Semi-submersible
Number of mooring lines 3
Unstretched mooring line length 835.5 m [135]
Water depth 70m

the baseline case. A value of 4,200.28% per MW per year is obtained which includes in-
spection of the five components of the FOWE On the other hand, this leads to a 58.3%
improvement in the time-to-completion which pertains to the total number of hours
from the time of inspection request by a component to the time-of-completion of the
inspection. The OPEX reduces by 50.6% if only one MRP is utilized but this leads to a
slightly higher time-to-completion i.e., an increment of 17.2%. This is due to fact thata
single MRP has to conduct inspection of each component on a first-in-first-out basis as
compared to multiple MRPs which can transit to multiple sites as the requests come in.
The OPEX breakdown, as shown in Figure 3.3, shows that inspection of the blades and
mooring lines constitute a major proportion of the OPEX, while inspection of the sup-
porting structures, array and export cables are not as costly. It is pertinent to mention
here that only inspection of the components is simulated in this study and hence, this
OPEX is not reflective of major repairs and expensive replacements of components that
could correspond to that of an actual FOWE

Figure 3.4 shows the residual risk curve where it can be seen that the MRP is a net
benefit up until the probability of 0.73 which is the breakeven point. If we reduce the
day-rate by 20% then this breakeven point moves further to the right to the value of 0.57,
which is depicted by the blue line in the plot. This shows that the residual risk increases
for lower values of the MRP day-rates which means that further net benefit can be at-
tained if any of the values of the cost elements in Table 3.1 are to reduce. This bodes well
for the future developments in this domain where innovation leading to further depreci-
ation in the prices of robotic systems and the associated vessel costs can make the MRP
a net positive investment.

Results can differ based on the choice of cost parameters in Table 3.1. In this work, a
simplified scenario with the most readily available cost elements is chosen, but there re-



3.5. RESULTS 49

1.0

[

5 [T II
% ) II
°
()
N
©
€ oql IHIN
5 0.
0.2 A
00 .n T T T “
blades supporting cables mooring total
structure lines

Inspected components of the FOWF

Figure 3.3: Component-wise OPEX breakdown. The category 'cables’ include both array and export cables.

le6

—— MRP day-rate ($5815)
—— Reduced day-rate ($4652)

E

[

>

E:

X~

°

© ~ -

S .. .

w Y hEy

[0} Seel Sl

€ 1.0
-15 1
—2.0 1

1.0 0.8 0.6 0.4 0.2 0.0

Probability values

Figure 3.4: Residual risk plot. The dashed and dotted lines show the range where the MRP is a net positive and
a net negative investment, respectively.



50 FLOATING OFFSHORE WIND FARMS
Table 3.3: WOMBAT simulation input parameters
Description Units CTvV MRP Notes
Start year - 1996 1996 Start year of the simulation (in-
clusive)
End year - 2015 2015 Final year of the simulation
(inclusive)
Work day start AM 07:00 07:00 Starting hour for a typical work
shift (inclusive)
Work day end PM 19:00 19:00 Ending hour for a typical work
shift (inclusive)
Inflation rate % 1 1 Varied between 0.5 and 2
Significant wave height m 2.5 2.5 Maximum wave height for safe
operations
Maximum operating wind m/s 20 20 Maximum wind speed limit for
speed safe operations
Number of crew - 8 5 These values are taken for pre-
liminary day-rate estimation.
These are further increased by
35% in the sensitivity analysis.
Time required to inspect - Adjusted from [123] and [13].
components Varied by + 50% in the sensitiv-
ity analysis.
Blades hr 3 0.75
Supporting structure hr 3 0.75
Array cables hr 4.5 1
Export cable hr 4.5 1
Mooring lines hr 3 1

mains possibility of extending the bottom-up model by including more detailed cost el-
ements. Furthermore, the increase in OPEX also corresponds to higher CAPEX incurred
on the type and functionality of the selected UAV and ROV. In future, this CAPEX could
decrease with the advent of systems with higher technology readiness levels (TRLs) and
economies of scale, which can result in further improvement in the metrics of OPEX and
time-to-completion.

3.5.1. SENSITIVITY ANALYSIS

The sensitivity analysis represents a crucial aspect of evaluating the impact of variations
in the different parameters on key performance metrics i.e., inspection-based OPEX and
the time-to-completion. In the depicted graph in Figure 3.5, OPEX ($/MW/year) is plot-
ted on the x-axis, while inflation rate, MRP day rate, design life, port distance and num-
ber of MRPs are displayed on the y-axis. This is done to assess the effect on OPEX by
varying the key parameters. For instance, a 35% increase in the MRP day-rate, from
a baseline value of $5,815 to $7,850.25, results in more than $1,500/MW/year increase



3.5. RESULTS 51

Table 3.4: OPEX and time-to-completion variation between baseline and MRP cases

Metric Baseline (3 CTVs) MRPs (3) MRPs (1)
OPEX ($/MW/year) 2,779.83 4,200.28 1,373.11
OPEX variation - +51.1% -50.6%
Time-to-completion variation - -58.3% +17.2%

in OPEX. Similarly, an increase in the number of MRPs from an initial value of 3 to 12
leads to a drastic rise in the OPEX. It is pertinent to mention that this rise is not propor-
tional as more components are inspected in a shorter duration of time by utilizing the
weather window availability which reduces the number of transit days needed. On the
other hand, prolonging the design life from 20 to 25 years, corresponds to a relatively
minor increase in the OPEX. It can be seen that the number of MRPs, day rate and the
inflation rate have the largest impact on the OPEX. This shows that the cost elements
associated with the MRP account for a significant proportion of the overall increase in
the inspection-based OPEX.

Similarly, Figure 3.6 shows the sensitivity analysis results for the time-to-completion
metric. It can be seen that the number of MRPs is indirectly proportional to the time-
to-completion metric. This means that an increase in the number of MRPs can result
in quicker inspection but this comes at an expense of higher OPEX, as shown in Figure
3.5. Further reduction in time-to-completion can be attained by reducing the inspection
time of components. The mobilization time also results in an increase in the metric while
the port distance has a relatively minor effect on the time-to-completion.

3.5.2. CORRELATION MATRIX

The correlation matrix analysis is a powerful statistical tool that measures the strength
and direction of linear relationships between multiple variables, in this case OPEX and
the MRP attributes. It is essential to conduct such an analysis to identify potential pat-
terns, dependencies, and redundancies, which can help improve efficiency, reduce costs,
and optimize overall operations. The correlation matrix for a selected number of param-
eters is shown in Figure 3.7.

Starting from the top left, a negative correlation can be seen between the number of
MRPs and the time-to-completion. This relates to the fact that a large number of MRPs
can conduct inspection in a shorter duration of time. A positive correlation of 1 between
OPEX and MRPs implies that an increase in the number of MRPs typically corresponds
with a higher OPEX which is a function of the day-rate of the MRP. Similarly, the posi-
tive correlation of 0.88 between task completion rate and MRPs indicates that a higher
number of MRPs is associated with increased task completion rate. This corresponds
to the monthly average tasks completed which reduces if the number of MRPs are re-
duced where some of the tasks initiated in one month are completed in the next month.
This also highlights the operational benefits of increasing the number of MRPs but at the
expense of a corresponding increase in OPEX.

Lastly, there is a strong positive correlation of 1 between number of MRPs and the
'no requests’ cost, which pertains to the cost incurred when the MRPs are available but
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Figure 3.5: Sensitivity analysis for the OPEX metric. The dashed line show the preliminary OPEX which is
selected as the reference for the sensitivity analysis.

193.72
mobilization time (hr) 0 - 0.5

Key parameters

port distance (km) 4

1 B
inspection time (%) -50% - +50%

100 200 300 400 500
Time-to-completion (hr)

Figure 3.6: Sensitivity analysis for the time-to-completion metric. The dashed line show the preliminary
time-to-completion which is selected as the reference for the sensitivity analysis.



3.6. CONCLUSION 53

Time to completion - =0 I

Task completion rate

"No requests" cost

"No requests" cost -

c
S
2
<
a
€
S
v
o
S
)
£
=

Figure 3.7: Correlation matrix of five key parameters. The red colours correspond to a positive correlation and
the blue colours correspond to a negative correlation.

Task completion rate

there are no inspection tasks to be completed. This indicates that 'no requests’ costs can
result in higher OPEX values when it is a function of the day-rate which corresponds to
a fixed number of working days simulated in this study. Instead of day-rate, a fixed term
inspection contract could result in a lower overhead in the 'no requests’ element. The
power production remains the same for all cases as only the inspection scenarios are
considered in this study.

In summary, the correlation matrix analysis unveils valuable insights into the rela-
tionships between inspection time, OPEX and the MRP attributes. It suggests that efforts
to minimize the day rate could lead to a lower OPEX, thereby improving MRP compet-
itiveness. It also demonstrates that optimizing the number of MRPs can lead to both
increased task completion rate and decreased time-to-completion, which are critical
factors for devising an optimal O&M strategy. By understanding these relationships and
adjusting the parameters accordingly, decision-makers can optimize resource allocation
and drive operational improvements.

3.6. CONCLUSION

This study presents cost estimation for an offshore MRP and its impact on the OPEX and
process time of inspecting specific components of a 1.5GW FOWF consisting of 100 tur-
bines. The newly developed WOMBAT is employed as the O&M simulation tool. The
outputs pertaining to various techno-economic performance metrics are analyzed and
sensitivity analysis is conducted to identify the variables that have a key effect on these
metrics. The analysis shows that there is a potential for inspection time reduction by
the use of MRP. This reduction has dependency on the day-rate of the MRP and the time
taken by the UAV or ROV to conduct inspection. Considering that incurred cost, inspec-
tion time, and data resolution are the main enablers of adoption of the MRP, further re-
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finement of cost estimation and its validation could pave way for wide-scale adoption of
robotics in the floating wind energy sector. In future, the perceived CAPEX depreciation
in prices of UAV and ROV could also result in lower values of the day rates.

In comparison with CTV-based inspection, the MRP incurs a higher OPEX of 51.1%
but accumulates a lower time-to-completion rate by 58.3%. The OPEX reduces by 50.6%
if only one MRP is used with a relatively lower increase of 17.2% in the time-to-completion
metric. This shows that initially smaller number of MRPs could be utilized which would
reduce the OPEX but at an expense of increased inspection duration. Sensitivity analysis
shows that the metrics of number of MRPs, day-rate and the inflation rate have the high-
est impact on the OPEX. On the other hand, the number of MRPs and the component
inspection duration have the highest impact on the overall time-to-completion. Fur-
thermore, correlation analysis shows that transitioning from the industrial standard of
specified annual working days to fixed term O&M contracts can reduce the OPEX as well.

Such a cost-benefit framework can be used by MRP or FOWF developers to assess
and optimise the suitability of robotics based inspections. In future, conducting sen-
sitivity analysis of the cost estimation variables by including O&M term contracts and
analyzing its effect on the OPEX could result in attaining useful insights regarding the
MRP use cases. The inherent flexibility of the WOMBAT tool could be leveraged to simu-
late a variety of FOWF scenarios and across a large parameter horizon in order to arrive
at a generalized framework for the MRP cost estimation. Furthermore, extending this
analysis by including major repairs, replacements, and CAPEX data resulting in a realis-
tic value of the LCOE should make the results more resourceful, and representative of an
actual FOWE
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CHAPTER OVERVIEW

This chapter consists of a research manuscript prepared for submission to the Energies
journal by MDPI. In this publication, real options analysis has been utilized to conduct
an assessment of the investment and operational costs of different robotic systems with
varying levels of autonomy. The option values for different temporal nodes have been
calculated and concluding remarks regarding the optimal decision paths that can result
in the maximum return on investment have been discussed.
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4.1. ABSTRACT

The inspection and maintenance of floating offshore wind farms presents significant
challenges due to their remote locations and harsh environments. Utilizing robotics
can be an effective solution for enhancing the efficiency and safety of these operations.
There is an increased focus on the deployment of autonomous robotic systems for in-
specting the critical components of floating offshore wind farms, such as the turbine
blades, mooring lines, and export cables. However, the integration of robotic systems
for offshore inspection involves significant upfront investments, extended deployment
timelines, and uncertainties arising from the technology readiness levels of such sys-
tems. An informed investment approach based on the insights derived from extensive
cost assessment can allay these concerns. This research focuses on the devising of an
informed investment decision-making process, leveraging real options analysis as the
basis. Four different scenarios ranging from no autonomy to full-scale autonomy have
been simulated in a cost model and the option values associated with various decision
paths have been calculated. The model aims to determine the optimal investment ap-
proach and timing for the deployment of robotic inspection systems in a way to lower
the incurred costs for each decision path. Results show that the transition to full-scale
autonomy earlier in the project’s lifecycle can save up to 24% in the incurred costs.

4.2. INTRODUCTION

The levelized cost of energy (LCOE) is a key metric used to evaluate and compare re-
newable energy technologies and projects. The LCOE calculation includes estimation
of capital expenditures (CAPEX), operating expenditures (OPEX), additional risk premi-
ums, and annual energy production (AEP) over the lifecycle of a floating offshore wind
farm (FOWF) [137]. OPEX can make up to 20-30% of the total costs for a FOWF [19].
Therefore, accurately estimating the costs incurred during the operations and mainte-
nance (O&M) phase is critical for evaluating a FOWF'’s financial viability and supporting
long-term logistical and strategic decisions in this regard. Several of the largest sources of
uncertainty that impact O&M costs and strategies include weather conditions and acces-
sibility which affect the ability to access turbines for maintenance based on wave height,
wind speeds as well as the scheduling of logistics that must adapt to weather windows
and financial limitations [138, 139]. Additionally, failure rates and component reliabil-
ity introduce uncertainties, especially with new floating platform designs making failure
rates harder to predict. There are also uncertainties around vessel availability, pricing
volatility, suitable ports and the broader supply chain over a project’s lifetime [4]. Fur-
thermore, electricity prices and ensuing revenue streams impact profitability available
to fund O&M activities and are subject to volatility from markets and regulatory policies.
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Traditionally, the net present value (NPV) and discounted cash flow (DCF) methods
have been used for the cost analysis of industrial and operational processes. However,
these methods have limitations in incorporating risk and uncertainty [140]. OPEX can
have high variability due to weather delays, uncertain failure rates, logistic complexi-
ties, and other stochastic factors - especially for FOWFs which lie in sites farther from
shore and in deeper waters. Static NPV analysis relying on deterministic inputs can be
poorly equipped to model the flexibilities available to adapt to emerging information
about cost drivers over a FOWF’s nominal lifecycle of 25 years. Real options analysis
(ROA) has emerged as a valuable supplement to NPV/DCF analysis that can better in-
corporate uncertainty and provide more realistic valuation. ROA treats investments as
analogous to financial options, using similar valuation techniques [141]. Just as finan-
cial options confer the right but not the obligation to take certain actions contingent
on how uncertainties are resolved, many infrastructure investments have similar flexi-
bilities or “real options” embedded within them [142]. Unlike traditional NPV analysis,
which assumes a fixed set of parameters, ROA allows for the incorporation of flexibil-
ity and the ability to adapt to changing conditions over time [143]. This is particularly
relevant in the context of FOWFs, where factors such as technological advancements,
regulatory changes, and market conditions can introduce substantial uncertainty into
project planning and decision-making [144]. O&M strategies for a FOWF can be adapted
based on revealed information about failure rates, vessel constraints, etc. In this regard,
ROA provides quantification and valuation of such operational and managerial flexibili-
ties.

Different research studies have shown that incorporating robotic systems for inspect-
ing assets of a renewable energy system can reduce human deployment in harsh con-
ditions, make operations more efficient, and optimize inspection of assets, ultimately
reducing costs, improving reliability and cutting the carbon footprint as well [119], [6].
While the upfront capital costs of advanced robotic systems like unmanned aerial ve-
hicles (UAVs) and remotely operated vehicles (ROVs) can be high, the long-term oper-
ational efficiencies, safety benefits, reliability improvements, and emissions reductions
can often outweigh the initial investment costs [7]. As such, increased robotic integra-
tion represents a valuable pathway toward optimizing the inspection process. By ap-
plying real options analysis to the estimation of costs for robotics-based inspection of
FOWFs, decision-makers can account for the value of flexibility in responding to un-
foreseen developments. For instance, the ability to delay investment in new inspection
technologies until their effectiveness is better understood can be quantified as a real
option, providing a more comprehensive view of the project’s potential costs and bene-
fits [145]. This approach aligns with the dynamic nature of financial viability, where the
ability to defer, expand, or abandon certain activities based on evolving conditions can
significantly impact the overall project economics [146].

[147] presents a case study where the inclusion of hydrogen powered gantry cranes
over a long time period is assessed. Different technological scenarios were considered
and the expected values for each of them were estimated. The optimal investment strat-
egy was assessed wherein, it is concluded that the port will obtain more profits than the
other strategies, but bear more capital pressure. Therefore, ports should flexibly adjust
the investment strategy based on their development status and future planning.
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There are various quantitative models and methods that have been developed to im-
plement real options analysis, with different complexities and data requirements. Com-
mon models include decision trees with simple discrete scenarios and probabilities; dy-
namic programming which optimizes sequential decisions through backwards recur-
sion; Monte Carlo simulation that requires probability distributions as inputs; bino-
mial lattices that discretize uncertainty into up/down movements over time; and the
Black-Scholes option pricing formula which is a closed-form solution assuming geo-
metric Brownian motion and constant volatility. Each model has pros and cons relat-
ing to computational intensity, mathematical complexity, data availability, and accuracy.
O&M decisions for FOWFs have multiple sources of uncertainty that interact in complex
ways, without nice closed-form solutions. Therefore, lattice-based methods are often
best suited for capturing the advent of innovation pertaining to different robotic systems
and estimating the present value of the associated options.

In this work, we devise an ROA methodology wherein incorporating different robotic
systems for the inspection of FOWF assets is considered. At first, the scenarios under
the decision tree are established. This is followed by the formulation of the option value
equation. The lifecycle of the FOWF is simulated in a cost modeling tool and the op-
tion values are calculated, which is followed by the analysis and interpretation of the
obtained results.

4.3. METHODOLOGY

The decision tree for the robotics-driven inspection of a FOWF is shown in Figure 4.1.
The horizontal axis pertains to the time period considered ranging from 2026 up until
2040 with increments of five years in each period. Four different scenarios are presented
on the vertical axis starting from "no autonomy" to "full autonomy". These scenarios
are considered considering the innovation aspects and technological trends in this re-
gard along with an extensive literature study [119]. The decision tree consists of a bi-
nomial lattice where each node represents an instance in a time period. Two options of
"increment" and "deferral” are considered for each node. Increment option enables to
increase the investment into robotic systems and scale the innovation along the four sce-
narios. Deferral options allows to delay the investment in the higher autonomy level un-
til costs are better known and more feasible. This scheduling of investments support re-
optimising of decisions if initial assumptions differ from expectations, along with facili-
tating O&M vendors and investors to adapt their decisions as new information emerges
and the technology readiness level (TRL) of robotic systems increases. By modeling such
options explicitly and understanding the effects of triggering each option, the ROA can
provide insights into the costs associated with each scenario and optimize strategies to
maximize the overall project value. An overview of the methodology is presented in Fig-
ure 4.2. The methodology is further enumerated as follows:

1) At first, four scenarios pertaining to the roll-out of robotics-based inspection are
identified based on literature review and stakeholder engagement.

2) Next to this, a decision tree is established outlining the four proposed scenarios
and the relationship between them is presented. The categorization of the four
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Table 4.1: Simulation input parameters.

Description Value Notes
Scenario 1
Vessel day rate 2 ($) 2,500 Value adjusted from [128].
Initial investment ($) - Baseline scenario.
Inspection time (hrs.) Mobilisation time P of 1.5 hours. Adjusted
from [128].
Blades 3
Mooring lines 3
Export cable 4.5
Scenario 2
Vessel day rate ($) 2,500 Same as Scenario 1.
Initial investment ($) 8,600 Based upon analysis conducted in the au-
thor’s previous study [148].
Inspection time (hrs.) Mobilisation time of 1 hour. Adjusted
from [13].
Blades 0.75
Mooring lines 3
Export cable 4.5
Scenario 3
Vessel day rate ($) 2,500 Same as Scenario 1.
Initial investment ($) 63,600 Based upon analysis conducted in the au-
thor’s previous study [148].
Inspection time (hrs.) Mobilisation time of 1 hour. Adjusted
from [123] and [13].
Blades 0.75
Mooring lines 1
Export cable 1
Scenario 4
Vessel day rate ($) 5,815 Based upon analysis conducted in the au-
thor’s previous study [148].
Initial investment ($) - Incorporated in the vessel day rate.
Inspection time (hrs.) Mobilisation time of 0.5 hour. Adjusted
from [123] and [13].
Blades 0.75
Mooring lines 1
Export cable 1

@ 12 personnel are considered for the Scenarios 1,2 and 3, while 5 are considered for Scenario 4. Annual rate of
$75,000 per person is assumed.
b Includes port-side and asset-side mobilisation time.

scenarios is elaborated in Figure 4.3. Three time periods are chosen from 2025 un-
til 2040 with five years of increment in each period. The four scenarios are devised
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as follows:

(@) The first scenario pertains to no automation. This includes the use of a crew
transfer vessel (CTV) with technicians and divers onboard to inspect the blades
and subsea components of the FOWE respectively.

(b) In the second scenario, a semi-automated system is considered where the
blades are inspected using UAV.

(c) In the third, ROV is employed to inspect the subsea components in addition
to the use of UAV. The technicians onboard the CTV are assumed to be re-
sponsible for launching and retrieving the UAV and ROV.

(d) Thefourthscenario represents a fully autonomous system where an unmanned
surface vessel (USV) is utilized with a launch and recovery mechanism for
UAV and ROV. The system is also equipped with beyond visual-line-of-sight
(BVLOS) capability. The technicians are located at the onshore O&M base, or
at the offshore support base, and are responsible for inspection coordination
and post-processing of the acquired data.

3) In the third step, simulation is run in the cost model with the defined parameters
and the present value of the option is calculated at each decision node.

4) The optimal decision strategy is evaluated by assessing the calculated option val-
ues.

The generic formulation of the present value is given in Equation 4.1 where PV refers
to the present value and FV refers to the future value. The rate of return and the number
of time periods is represented by r and n, respectively. The option value is formulated by
taking into account the initial investment costs of a robotic system pertaining to a spe-
cific scenario, the operational costs as calculated by the cost model and the associated
PBA. This is shown in Equation 4.2. The investment cost based upon the learning curve
is further given by Equation 4.3, where a refers to the cost of a singular robotic system, x
is the number of systems and b is the specified learning curve coefficient.

1
PV=FV—— (4.1)
aQ+nrn
Is, + O
Option value = M 4.2)
PBAg,
n
L=a), xP (4.3)
x=1

4.3.1. SIMULATION

The lifecycle simulation of the FOWF is conducted in the Offshore Renewable Energy
Catapult’s (OREC) in-house cost model, and the option values at each decision node are
calculated. The OREC model is a discrete-event prescriptive simulation tool dependent
upon a variety of user inputs pertaining to the FOWF and the O&M strategy. An overview
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Scenario 3

S211
S121
S112 Scenario 2

Scenario 1

Sg S1

2026-2030 2031-2035 2036-2040

Figure 4.1: Decision tree diagram showing the relationships between the selected scenarios. For instance, the
lines in red show a decision path for the full-autonomy scenario.

of the model is shown in Figure 4.4. In this study, only scheduled inspection of blades,
mooring lines and export cables is considered on an annual basis. The parameters of the
FOWF and those of the simulation are listed in Table 4.2 and Table 4.1, respectively. The
significant wave height, Hg, is considered to be 1.75m for Scenarios 1, 2 and 3 while for
Scenario 4, the value is taken to be 3m as it is more representative of the commercially
available USVs.
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[ Scenario setting ] [ Decision-tree construction J

Defining the scope of the robotics-driven inspection ——————>
for FOWFs based on literature review and data
collation

Establishing lattice-based decision tree for the
selected scenarios

[ Optimal path selection ] [ Option values calculation ]

Evaluating of the calculated option values at each €———

g Calculating initial investment and OPEX incurred for

each decision path

Figure 4.2: A box diagram showing overview of the real options analysis methodology.

Fully automated scenario including the UAV and ROV.
Humans only needed onshore for coordination of inspection
and post-processing of the recorded data.

Utilization of unmanned surface vessel with BVLOS, and
launch and recovery mechanism.

Full autonomy

Scenario 4

A hybrid scenario where both UAV and ROV are used.
Humans responsible for launch and recovery of both
systems from the vessel.

Utilization of crew transfer vessel.

Incorporation of ROV
in addition to UAV
Scenario 3

Autonomy

Semi-

onomy

levels

A hybrid scenario where UAV is deployed for blades
inspection.

Divers conduct the inspection of subsea components.
Utilization of crew transfer vessel.

Incorporation of UAV
Scenario 2

Al activities are manually conducted.

Technicians and divers for inspection of blades and subsea
Scenario 1 components, respectively.

Utilization of crew transfer vessel.

No autonomy

Figure 4.3: Categorization of the autonomy levels (elaborated from [149]. The boxes in blue pertain to the four
scenarios selected for this study.
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Cost inputs pertaining to the different

FOWF specification:
Site data, wind speed and Hg time

Logistics strategy:

Scheduled inspection inputs el
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Inspection and
accessibility analysis

OREC Cost Model:
Simulation run covering 35 years of the FOWF lifecycle
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Figure 4.4: Visualisation of the OREC O&M simulation model methodology.
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Table 4.2: FOWF parameters.

Description Value
FOWF location West Coast, IE
FOWF size 1.5 GW
Number of turbines 100

WT Model IEA 15MW RWT [150]
WT Rated power 15 MW

Hub height 150m
Floating platform DeepCwind [135]
Floating platform type Semi-submersible
Number of mooring lines 3

Water depth 70m
Distance to O&M port 50km

Table 4.3: Calculation of option values for the three decision paths of full autonomy, full autonomy - staged

and semi-autonomy.

Decision path Time period Decision path route Option Value (Million $)
2026-2030 So—S4 2.7

Full autonomy 2031-2035 S4— 841 2.3
2036-2040 Sq1—S411 1.9
2026-2030 So—S2 2.7

Full autonomy - staged 2031-2035 So— S22 2.2
2036-2040 S22 — S22 23
2026-2030 So— 82 2.7

Semi-autonomy 2031-2035 Sy — S99 2.2
2036-2040 S22 — Soo1 2.5
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4.4. RESULTS

Table 4.3 outlines the optimal decision paths and the corresponding option values across
three distinct scenarios for conducting inspection of the FOWF over three 5-year time
periods spanning from 2026 to 2040. These values reflect the costs associated with pur-
suing each path, considering the flexibility inherent in each decision, such as deferring
investment or scaling up to a higher autonomy level based on the prevailing market con-
ditions and technological advancements. The first case, termed "full autonomy," depicts
decision paths labeled as So—S4, S4—S41, and Sy41 — S411, for the respective time frames of
2026-2030, 2031-2035, and 2036-2040, yielding option values of 2.7, 2.3, and 1.9 million
dollars, respectively.

Table 4.4: Option values for the cases of learning rates variation and biannual inspection.

Full autonomy - Option values (Million $)

Case 2026-2030 2031-2035 2036-2040
Learning rate - 0.1 2.7 2.6 24
Learning rate - 0.2 2.7 2.3 1.9
Learning rate - 0.4 2.7 1.8 1.3

Biannual inspection 5.8 4.9 4.6

In the second case, "full autonomy - staged," denoted by paths So — Sz, S» — S22, and
S22 — S222, the option values for the same time periods are 2.7, 2.2, and 2.3 million dol-
lars, respectively. This scenario introduces a staged approach to the higher autonomy
levels, enhancing the risk profile as compared to the full autonomy scenario. It can be
inferred that even a staged approach can result in 21% increase in the final option value,
signifying the importance of inspection profile associated with each scenario.

The third case of "semi-autonomy" presents decision paths labeled as Sy — S», S —
S22, and Sy2 — S221, with associated option values of 2.7, 2.2, and 2.5 million dollars, re-
spectively. This case involves staying at the semi-autonomy level of Scenario 3, and not
opting for Scenario 4. This results in the highest final option value for the 2036-2040
period. This is due to the non-incurment of lower OPEX associated with Scenario 4.

Overall, this ROA provides valuable insights into the strategic decision-making pro-
cess for managing FOWF inspections, highlighting the importance of considering flexi-
bility and uncertainty in investment decisions. It can be inferred that the decision path
pertaining to the full autonomy results in the lowest option value for the final time period
of 2040. This path also remains optimal if the cumulative option values are considered
for the three time periods.

Furthermore, Table 4.4 presents four cases, a comparison of learning rates across
three distinct time periods along with the effect of biannual inspection. The simulations
are carried out for three learning rates of 10%, 20% and 40%. The corresponding val-
ues in the table denote the option values associated with each case. As the learning rate
increases, the option values decrease consistently across the three time periods, indicat-
ing a negative correlation between the learning parameter and performance. In case of
biannual inspection, the option value rises in the initial time period to $5.8M but then
settles at $4.6M in the final time period. It is pertinent to mention that the higher val-
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ues associated with biannual inspection also accounts for the smaller weather window
availability as the inspection window slides into the winter season with less favourable
operating conditions.

4.5. CONCLUSION

In this work, we considered the incorporation of USV, ROV and UAV for inspecting var-
ious components of a FOWE Simulations are conducted for four scenarios pertaining
to different autonomy levels. Results based upon the option value calculations show
that the transition to a higher autonomy level earlier in the project’s lifecycle can save
costs in the long term. The varied option values associated with the simulated scenar-
ios reflect the strategic advantage of adopting a flexible investment approach, enabling
decision-makers to adapt to changing market dynamics and maximize project value over
the long term. The findings from learning rate variation suggests that the higher values of
learning rates lead to accelerated reduction in option values over time, highlighting the
importance of technological innovation and economies of scale in shaping long-term
decision-making processes.

The utilization of ROA for assessing innovation-driven costs such as the incorpora-
tion of robotic systems of varying autonomy levels for inspection of FOWFs can support
improved industry practices and decision making in several ways. It can provide insights
into how costs can spread out over long time periods under different pre-defined scenar-
ios. While the definition of scenarios is prone to assumptions and top-down estimation,
the ROA can nevertheless capture the uncertainty present in the costs over a FOWF’s
lifecycle. Different stakeholders such as O&M vendors can integrate ROA into their cost
modeling, logistics planning and decision making processes. Furthermore, by spread-
ing out investment costs, decision-makers can mitigate risks and capitalize on future
opportunities while maintaining financial flexibility.

In conclusion, ROA can provide with a modern quantitative valuation approach for
estimating lifecycle O&M costs and making strategic decisions around FOWF mainte-
nance under financial and technical uncertainty. Further adoption of ROA techniques
in research, policy, and industry practices will ultimately enable more realistic cost pro-
jections, reduced risks, increased cost efficiencies, and enhanced reliability for FOWF
infrastructure critical to overall net zero efforts. By analyzing various decision paths and
their associated option values, stakeholders can better understand the trade-offs and
opportunities inherent in different scenarios and devise optimal strategies to enhance
project value and long-term sustainability, particularly in industries characterized by
uncertainty and evolving market conditions, such as the offshore wind energy sector.
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CHAPTER OVERVIEW

This chapter consists of a research manuscript slated for submission to the special issue
Operations and Maintenance (O&M) of Offshore Renewable Energy (ORE) Devices Using
Marine Vehicles and Drones of the Drones journal by MDPI. This publication focuses on
the demonstration of UAV-based automated detection of wind turbine blade damages.
Imagery data consisting of visible and thermal images has been acquired from an op-
erational wind farm. Two detection approaches based on model training and thermal
analysis have been employed in a sequential manner, and results are evaluated based
upon their respective detection performance.
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5.1. ABSTRACT

Automated inspection of wind turbine blades using unmanned aerial vehicles have been
gaining traction in recent years. It can help to identify defects at an earlier stage resulting
in preventive maintenance and mitigating risks of turbine downtime and catastrophic
failures. In this work, we present a sequential evaluation of model training with ther-
mal analysis applied on the imagery dataset acquired from an operational wind farm.
A convolutional neural network has been trained to conduct binary classification on the
visible (RGB) images while temperature differential analysis is conducted on the thermal
images. The outputs from the two techniques are evaluated in terms of their detection
performance and computational cost. Results demonstrate that the model training can
result in effective detection with a precision of up to 76%, although a sparse training
dataset can limit the performance of the model. Furthermore, applying thermal dif-
ferential analysis on the detected damaged regions can help in identifying most of the
defects that have penetrated the blade surface.

5.2. INTRODUCTION

Automated inspection of wind turbine blades using unmanned aerial vehicles (UAVs)
or drones has been a key area of academic research and technology development in re-
cent years [151, 152]. This includes both the acquisition of the imagery data from the
blades and the post-processing of it, with an aim to assess the structural health of the
blades based upon pre-defined classification categories. As the onshore and offshore
wind energy industry continues to grow at a rapid pace, the inspection of turbine blades
would continue to remain relevant and critical in the future. Preventive maintenance of
blades by taking images at regular intervals helps in detecting damages and defects along
with the opportunity to rectify them in due time. This reduces the risk of damages turn-
ing into potential failures or catastrophic events along with enhancing the production-
based availability and the cumulative lifecycle of the wind turbines.

Several studies have focused on the detection and classification of damages on wind
turbine blades [153, 154]. This includes leveraging image processing algorithms in or-
der to detect the presence of damages along with classifying them into different cat-
egories based upon the type or extent of damages [155, 156]. [157] discussed the use
of supervised machine learning algorithms for wind turbine blade damage detection
based on statistical features extracted from acoustics. This study emphasized the im-
portance of selecting appropriate features and devised a deep learning (DL) algorithm
for effective damage identification. [158] presented the application of transfer learning
to improve the generalisation ability of the DL-based model, which results in successful
binary classification of defective and non-defective blades. [159] explored the identifica-
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tion of de-bonding damage in wind turbine blades using artificial neural networks and
natural frequency key features, showcasing the potential of machine learning techniques
in detecting specific types of damage in composite wind turbine structures. Further to
this, various studies have looked at utilizing thermal images for detection of damages
based on temperature differentials. Infrared (IR) thermography is a non-contact, remote
non-destructive testing (NDT) method capable of rapidly inspecting large areas by cap-
turing thermal images of the structure [160]. The thermographic detection of defects
is grounded in the disruption of heat transfer dynamics caused by structural anomalies
within composite materials, such as fiber-reinforced polymers. These materials exhibit
predictable thermal conductivity and emissivity under normal conditions, but defects
like delamination, cracks, or moisture ingress introduce localized variations in thermal
properties. Typically, defects cause variations in surface temperature, which are detected
by the IR cameras. In [161] and [162], an automated quantification of damages based on
thermal imagery is presented with an aim to assess its costs and benefits. It is shown
that an estimated levelized cost of energy (LCOE) reduction of 1%-2% can be achieved
compared to the baseline using conventional inspection methods. This work is further
elaborated by [163] wherein a graphical user interface has been developed to aid with
the thermal analysis of videos in addition to the imagery datasets.

While a lot of work has centered on the machine learning based damage detection
and quantification algorithms, there has been a lack of focus on complementing model-
based approach with thermal analysis. Furthermore, there exists a need to demonstrate
the effectiveness of employing such techniques on extensive imagery dataset acquired
from an operational wind farm. In this work, we present a best practices approach for
automated detection of damages on wind turbine blades based upon a sequential evalu-
ation of DL-based model training on the visible (RGB) images, complemented with ther-
mal differential analysis on the corresponding thermal images. The primary objectives
of this work are to: (i) conduct UAV-based acquisition of blade imagery data from op-
erational wind turbines, (ii) develop DL-based model training and thermal differential
algorithms for damage detection on the acquired dataset, and (iii) conduct sequential
evaluation by inferring results in terms of detection performance and computational
cost.

5.3. METHODOLOGY

The methodology for the damage detection based upon the two techniques is visualized
in Figure 5.2. At first, an extensive RGB and thermal imagery dataset is acquired from an
operational wind farm. This is further discussed in Section 5.3.2. Next, two sequential
work streams based upon DL and thermal differential analysis have been created to de-
tect damage utilizing RGB and thermal images, respectively. A convolutional neural net-
work (CNN) is trained to detect damage in the images based upon binary categories of
"defective" and "non-defective". Once the defective images are detected, thermal analy-
sis based upon passive temperature differential is conducted in order to identify the type
of defect present. The results from the two approaches are collated and an evaluation in
line with detection performance and computational cost has been presented. The de-
tection performance is further divided into the metrics of Precision, Recall and F1 score
[164]. The Precision, as shown in Equation 5.1, is defined as how good the model is at




5. UAV-BASED AUTOMATED DETECTION OF WIND TURBINE BLADE DAMAGES:
70 SEQUENTIAL EVALUATION OF MODEL TRAINING WITH THERMAL ANALYSIS

predicting a certain category, where TP and FP stand for True Positive and False Positive,
respectively. Recall is a measure of the proportion of the Positive samples that were cor-
rectly identified as Positive to all of the Positive samples. This is calculated by Equation
5.2, where FN stands for False Negative. Finally, a single metric which weighs the two
rations in a balanced way, the harmonic mean of recall and precision, is given by the
F1-score, as shown in Equation 5.3.

. TP
Precision = ———— (5.1)
TP+ FP
TP
Recall= ——— (5.2)
TP+FN
2 -Precision - Recall
F1-score = — (5.3)
Precision + Recall

5.3.1. CASE STUDY OVERVIEW

The rationale of the work presented in this study centers around the need to demon-
strate the applicability of automated damage detection on blades imagery data from an
operational wind farm, along with investigating the trade-offs between the performance
of RGB and thermal data sources. While prior research has demonstrated the feasibility
of automated damage detection using lab-controlled datasets, the translation of these
methods to operational wind farms remains underexplored. Lab-based datasets often
aggregate meticulously annotated images under controlled conditions, enabling precise
feature extraction. In contrast, real-time operational data is inherently heterogeneous,
requiring adaptive models capable of generalizing across diverse scenarios without over-
fitting. A secondary focus lies in evaluating the comparative efficacy of RGB and thermal
imaging modalities, each presenting distinct trade-offs. The training of damage detec-
tion model requires access to extensive feature-rich RGB data, which is difficult to attain
based upon real-time operational data as compared to the lab-based data acquisition.
On the other hand, thermal analysis can provide with simpler assessment as it is depen-
dent upon the observed thermal gradient and the model does not need to be trained, but
the relationship between the gradient and the type or the nature of the defect is difficult
to assess.

5.3.2. DATA COLLECTION

The imagery data acquired for the purpose of this work comprises of over 3500 RGB
and thermal images acquired from four turbines located at the Bellacorick Wind Farm
in County Mayo, Republic of Ireland as shown in Figure 5.1. These four turbines were se-
lected with an aim to target the blades with the highest proportion and types of defects
present at the time of inspection. In order to obtain clear images, the data acquisition
was performed at noon on 28 October 2022. The weather at the time of inspection was
partly sunny and the temperature was recorded to be 13 °C. The specifications of the
wind farm along with those of the UAV used for the acquisition of images are presented
in Table 5.1. External surfaces of the blade root, Leading Edge (LE), Trailing Edge (TE),
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and rotor hub are inspected. A sample of these images including the various types of
defects present on the blades is shown in Figure 5.2.

Figure 5.1: Bellacorick Wind Farm in County Mayo, Republic of Ireland with the four inspected turbines
highlighted in red.

5.3.3. MODEL TRAINING

The automated damage detection is conducted based upon a convolutional neural net-
work (CNN) model which is trained using TensorFlow [175] and Keras [176]. The spec-
ifications of the computer system are listed in Table 5.2. The model consists of mul-
tiple convolutional layers, max-pooling layer, and a final dense layer with a sigmoid
activation function for binary classification. Notably, initial experiments with multi-
class classification yielded suboptimal accuracy (below 50% on validation data), as the
model struggled to discern subtle distinctions between defect categories with insuffi-
cient training examples. For instance, cracks and surface erosion, often visually similar
in low-resolution or noisy images, were frequently misclassified due to overlapping fea-
tures and limited per-class samples. In contrast, the binary model achieved markedly
higher performance, underscoring its suitability for operational scenarios where the pri-
mary objective is reliable damage detection rather than granular defect categorization.
This pragmatic approach aligns with the constraints of field-acquired data, where blade
defects are sporadic, heterogeneous, and rarely conform to standardized laboratory de-
fect typologies. During pre-processing, the input shape is set to (180, 180, 3), re-sizing
the input images to a size of 180x180 pixels with 3 color channels (RGB). The imagery
data is then split into training, validation and test datasets. This partition ensures that
the model can be trained, validated, and tested on distinct data, allowing for accurate
performance evaluation. Furthermore, as the damages present on the available dataset
of blades are sparse, data augmentation is applied by creating a sequential model that
applies random flips, rotations, and zooms to the input images. This step is useful for in-
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Table 5.1: Specification of the wind farm.

Wind farm specifications

Value

Farm location

Bellacorick, Mayo, IE

Farm capacity 6.45 MW
Turbine Model Nordtank NTK300/31
Rated power 300 kW

Rotor diameter 31m

Rated wind speed 15m/s
Turbines inspected T2, T6, T19, T26
UAV and sensor specifications Value

Model DJI Matrice M300
Maximum flight time 55 min

Battery capacity 5935 mAh

RGB camera zoom 20 MP

RGB camera wide 12 MP
Thermal camera model FLIR Hadron 640 Series
Thermal camera resolution 640 X 512 pixels
Temperature accuracy 15 °Cless, over 0 °C to 100 °C range
Thermal camera size (L x W x H) 35x49x45 mm
Standoff distance 5-10m

Table 5.2: Hardware and software specification of the computer system.

Specification Details
Processor Intel Core i7-10610U @ 1.80GHz
Memory (RAM) 32GB

Operating System  Microsoft Windows 10, Build 19045

creasing the diversity of the training data and improving the model’s generalization abil-
ity. After applying augmentation, the data is loaded into the CNN model. An overview
of the methodology is presented in Figure 5.3 while the pseudo-code for the DL-based
model training is presented in Algorithm 1.

5.3.4. THERMAL ANALYSIS

In order to detect damages based upon thermal imaging, temperature differential calcu-
lation and region of interest (ROI) scaling is leveraged with an aim to identify defective
regions in the blade images. Area marking allows to select a ROI on the thermal image
and calculate the minimum, maximum, and average temperatures within that region.
This allows for the removal of extraneous regions and is beneficial for inspecting larger
areas of the blade and identifying potential defects or anomalies based on temperature
variations across the selected region. The pseudo-code for the thermal analysis method-
ology is presented in Algorithm 2, while the key steps are presented as follows:
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Al

gorithm 1 Pseudo-code for detection based upon DL.

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:

22:
23:
24:

25:
26:
27:
28:
29:

1
2
3
4
5:
6
7
8
9

: Set Up Directories
: Define paths for base directories
: function MAKE_SUBSET(subset_name, start_index, end_index)
for all category in ("defective", "non-defective") do
Create directory for the subset and category
end for
: end function
: Create training, validation, and test subsets using make_subset
: Apply Data Augmentation
Define data augmentation with random flip, rotation, and zoom
Build Convolutional Neural Network (CNN)
Initialize input layer with shape (180, 180, 3)
Apply data augmentation to inputs
Add rescaling layer
Add a series of Conv2D and MaxPooling2D layers
Flatten the output
Add a Dense layer with sigmoid activation for binary classification
Compile the model with binary crossentropy loss and RMSprop optimizer
Display model summary
Prepare Data
Load training, validation, and test datasets from directories with image size (180, 180)
and batch size 32
Train Model
Define model checkpoint callback to save the best model based on validation loss
Train the model with training dataset for 30 epochs, validating on validation dataset,
using defined callbacks
Plot training and validation accuracy
Plot training and validation loss
Evaluate Model
Load the saved model
Evaluate the model outputs
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(a) Leading edge erosion

(c) Discoloration on

(b) Leading edge erosion blade

(d) Peeling on trailing (e) Discoloration on (f) Surface cracking on

edge rotor hub blade

Figure 5.2: A subset of the RGB images acquired from the UAV with various types of damages boxed in red.

1y

2)

3)

Data pre-processing: Pre-processing of the data is critical so that the results can
be accurately interpreted. The thermal images are adjusted for emissivity, a prop-
erty that varies with material and surface conditions, using a predefined emis-
sivity value (typically 0.95 for composite materials commonly used in wind tur-
bine blades). This adjustment compensates for the variability in thermal radiation
emission and ensures that the temperature readings reflect true surface tempera-
tures accurately.

ROI selection: The next step is defining ROIs on the thermal image. ROIs are
specific areas on the wind turbine blade that are suspected to be susceptible to
damage or require detailed inspection. These regions are manually selected based
on structural features and potential stress concentration areas such as the leading
edge of the blades. The selection of ROIs is guided by knowledge of wind turbine
blade design and typical failure points, ensuring that the analysis focuses on the
most critical areas.

Calculation of temperature differentials: Once the ROIs are defined, temperature
measurement and profiling are conducted within these regions. For each ROI, a
temperature profile is measured along specific lines or areas. This is achieved by
drawing a line across the ROI and sampling the temperature data points along this
line. The temperature values along these lines provide a profile that reflects the
thermal gradient and distribution across the ROI. This step is essential for identi-
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tying localized temperature anomalies that could indicate subsurface damage or
defects.

4) Damage detection: Finally, the algorithm processes the temperature differential
data and applies a predefined threshold to identify significant deviations. This
threshold is manually specified by as part of the temperature differential calcula-
tion, as its value is dependent upon different types of damages and on different
parts of the blades. ROIs exhibiting temperature differentials above this threshold
are flagged as potentially damaged.

5.4. RESULTS

With respect to the model training, the outputs in terms of the performance metrics
of precision, recall, F1-score and computational cost are presented in Table 5.3. Four
DL-based algorithmic techniques have been compared, starting from the base CNN ar-
chitecture VGG19 without any augmentation. This results in a moderate precision and
recall of 0.56 and 0.72, respectively, resulting in an F1-score of 0.63. This indicates that
while the model was fair at identifying damaged blades, it also had a significant num-
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Algorithm 2 Pseudo code for thermal differential analysis.

1: procedure THERMAL IMAGE ANALYSIS(thermal_image, threshold)

2 thermal_data, metadata — Load_Thermal_Images()

3 roi_coords — Get_ROI_Vertices()

4 roi_data, roi_min, roi_max — Scale_ROI(thermal_data, roi_coords)

5: temperature_differentials — Calculate_Temperature _Differentials(roi_data)
6: end procedure

7: procedure SCALE_ROI(thermal_data, roi_coords)

8: roi_indices — Get ROI Indices(roi_coords, thermal_data.shape)

9 roi_data — thermal_data[roi_indices]

10: roi_min — np.min(roi_data)
11: roi_max — np.max(roi_data)
12: scaled_data — np.clip(thermal_data, roi_min, roi_max)

13: return scaled_data, roi_min, roi_max

14: end procedure

15: procedure CALCULATE TEMPERATURE DIFFERENTIALS(roi_data)
16: threshold — {}

17: for roi_data € temperature_differentials do
18: if roi_data > threshold then

19: defects.append()

20: end if

21: end for

22: return roi_data

23: end procedure

ber of false positives. The computational time was relatively low at 0.8 hours, making
it efficient but less accurate. Augmenting the dataset for the VGG19 model significantly
improved all performance metrics. The precision increased to 0.67, recall to 0.80, and
F1-score to 0.73. This improvement suggests that data augmentation helped the model
to generalize better and reduce false positives. However, the computational time dou-
bled to 1.6 hours. The ResNet 50 model with augmentation showed a precision of 0.68
and recall of 0.74, resulting in an F1-score of 0.71. While its precision was slightly better
than VGG19 with augmentation, its recall was lower. The computational time remained
at 1.6 hours, indicating that ResNet 50 is computationally efficient given its performance.
Inception V3 with augmentation achieved the best performance among all models. With
aprecision of 0.76 and recall of 0.77, it resulted in an F1-score of 0.76. This model had the
highest computational time at 1.7 hours but provided the best trade-off between preci-
sion and recall, making it the most reliable for detecting damages. It is inferred that the
relatively lower F1-score of the trained models is due to the sparse dataset containing
damages. While the augmentation resulted in better performance, further improvement
is dependent upon enhancing the size and quality of the dateset. Once, the defective
and non-defective images have been detected, the corresponding thermal images of the
defective images are selected for the thermal profile analysis.

The majority of the defects present on the blades and the rotor hub are of lighter
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nature ranging from discoloration, light erosion and presence of vents and lightning re-
ceptors. A sample of these defects with their thermal profiles is presented in Figures 5.4,
5.5 and 5.6. For instance, Figure 5.4c shows a close-up RGB image of the blade’s leading
edge, where a visible erosion along the edge, appearing as a rough, irregular surface in-
stead of a smooth contour, can be observed. The corresponding thermal image is shown
in Figure 5.4b where the horizontal line pertains to the ROI. The thermal profile of the
ROI is shown in Figure 5.4a, where it can be seen that there is a temperature differential
of more than 1°C indicating the presence of erosion. The graph in Figure 5.5a shows ther-
mal profiles based on three ROIs on the rotor hub, labeled as 11, 12, and 13. It can be seen
that the 11 profile results in the largest thermal differential of about 0.5°C, while the 12
and 13 profiles results in relatively smaller differentials. It can be inferred that the struc-
tural discoloration, as shown in Figure 5.5¢, results in smaller temperature differentials
as compared to damages such as erosion which has a higher structural depth. Similarly,
Figure 5.6a shows the thermal profile pertaining to the vent hole present on the lower
segment of the rotor hub. This also results in a smaller differential of 0.4°C. Based on the
available damages on the dataset, it is inferred that the deeper structural erosion results
in a differential of over 1°C, while minor structural damages and discoloration results in
fairly smaller differential in the range of 0.5°C.

Table 5.3: Performance metrics for the DL-based model training.

Technique Precision Recall Fl-score Computational time (hrs)
CNN (VGG19) 0.56 0.72 0.63 0.8

CNN (VGG19) + aug- 0.67 0.80 0.73 1.6
mentation

CNN (ResNet 50) + aug- 0.68 0.74 0.71 1.6

mentation

CNN (Inception V3) + 0.76 0.77 0.76 1.7
augmentation

5.5. CONCLUSION

The work conducted in this study explored the performance evaluation based upon the
visible and thermal imaging for detecting damages on WTG blades and the rotor hub.
A sequential approach is considered where initially a model is trained for binary clas-
sification of defective and non-defective regions. Next to it, the corresponding thermal
images of the defective regions are analysed with an aim to quantify the type of defect
present. The following concluding remarks have been inferred from the analysis:

1) Theintegration of thermal and visible imaging captured by the visible and the FLIR
cameras provides benefits in terms of utilizing the complementary features of RGB
and thermal images.

2) While data augmentation can significantly improves the performance, the rela-
tively lower F1-scores across all DL-based models suggest that the dataset is sparse
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3)

4)

5)

6)

or imbalanced, indicating a need for more diverse and comprehensive training
data.

The time required for training the model depends upon on a number of factors
such as the size of the dataset and the images, depth of the CNN layers and the
selected hyperparameters. The computational time for the VGG19 is 0.8 hours
which increases to up to 1.7 hours in case of Inception V3 with augmentation. It
is pertinent to mention that this pertains to a training, validation and test dataset
of 1000 images each. It is inferred that this can increase substantially if the dataset
grows bigger, or if further augmentation of images is applied.

Thermal imaging successfully identified erosion on the blade’s leading edge, with
a temperature differential of more than 1°C. This indicates that deeper structural
erosion can be reliably detected through significant thermal differentials.

Significant erosion on blade regions tends to produce larger temperature differen-
tials (>1°C) compared to surface discoloration or minor structural damages (0.5°C).
This correlation highlights the potential of thermal imaging as a diagnostic tool for
assessing the severity of structural damages on the WTG blades.

The motion of floating offshore wind turbine blades, while dynamic due to wave-
induced platform movement and rotor rotation, is unlikely to significantly im-
pede data acquisition from drones equipped with stabilization systems and target-
locking sensors. Modern drones leverage advanced inertial stabilization, gimbal
systems, and real-time tracking algorithms to maintain precise focus on moving
targets, compensating for both blade motion and the drone’s own positional fluc-
tuations. Thermal and RGB cameras can lock onto blade surfaces, capturing high-
resolution imagery even during moderate blade oscillations. However, extreme
motion amplitudes or high-frequency vibrations—common in harsh offshore con-
ditions—could introduce motion blur in RGB images or smeared thermal gradi-
ents, potentially degrading defect detection accuracy. Thermal imaging, which
relies on relative heat patterns rather than fine spatial details, may be less affected
by minor motion as compared to the RGB data.
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CHAPTER OVERVIEW

This chapter consists of a policy manuscript slated for submission to the Cleaner Energy
Systems journal by Elsevier. In this publication, the utilisation of model-based systems
engineering framework has been explored for the deployment of robotics-inspection of
floating offshore wind farms from a policy-making perspective. Furthermore, risk as-
sessment based upon failure modes and effect analysis has been conducted with an aim
to identify potential barriers for the adoption of autonomous inspection systems.
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6.1. ABSTRACT

Technological innovations in the marine sector often suffer from a slow uptake and strug-
gle to achieve the technical and commercial readiness required for mass scale adoption.
The use of robotic systems for the inspection of floating offshore wind farms is one such
example. This paper aims to leverage model based systems engineering (MBSE) to con-
ceptualise and assess the risks associated with such systems. The paper demonstrates
how MBSE facilitates end-to-end traceability and coherence from system requirements
through design, deployment, and operations. The methodology encompasses the iden-
tification of system requirements, relating them to software and hardware aspects of
system design, and leveraging expert elicitation for estimating cost drivers based upon
the COSYSMO model. Additionally, a Failure Mode and Effects Analysis (FMEA) is con-
ducted to capture the inherent uncertainty at the sub-system level. Key findings high-
light the holistic nature of system requirements, the effectiveness of MBSE in delineat-
ing software-hardware interfaces, and the identification of potential deployment road-
blocks. The FMEA results provide crucial insights for prioritizing risk mitigation efforts
and enhancing system reliability. This framework offers a structured approach to ad-
dressing the complex challenges in developing and deploying autonomous inspection
systems for FOWFs, potentially leading to more cost-effective and efficient strategies.

6.2. INTRODUCTION

The growth of offshore wind energy is a critical part of the global transitioning towards
renewable energy resources and achieving net zero targets [1]. Offshore wind farms offer
several advantages over their onshore counterparts, including higher wind speeds, lower
spatial turbulence, and the ability to deploy turbines of larger sizes over greater areas
[118]. Floating offshore wind farms (FOWFs), where the turbines are mounted on buoy-
ant platforms tethered to the seabed, are particularly well-suited for deep water sites
that are unfeasible for fixed-bottom technology [2]. Many floating projects are in de-
velopment worldwide, driven by the growth potential of this technology to unlock deep
water offshore wind resources. However, operating these utility-scale facilities in the
harsh maritime environment presents unique challenges in terms of installation, main-
tenance, and ultimately decommissioning of the wind turbine generators (WTGs) and
the associated infrastructure.

A key aspect of operating FOWFs over their lifecycle is developing robust processes
and strategies for regular inspection and maintenance of different assets in a cost effec-
tive manner [4, 139]. Periodic inspection is required to monitor the structural integrity
and biological fouling of the surface and submerged components, including the turbine
towers, blades, mooring lines, anchors, and export cables. These inspections must be
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carried out regularly throughout the multi-decade operational life of the wind farm with
an overarching aim of increasing the production-based availability (PBA) of the turbines.

Manual inspection techniques, such as using personnel on crew transfer vessels (CTVs)
and service operation vessels (SOVs) can be challenging and expensive in FOWF environ-
ments, especially as these farms scale up to hundreds of turbines distributed over large
areas. There are also potential safety risks pertaining to presence of human technicians
in offshore locations for long periods of time. In this regard, robotic and autonomous
systems (RAS) offer a compelling solution for conducting affordable, frequent, and safe
inspections while minimizing manual intervention and operational disruption [7]. This
has driven research into using unmanned aerial vehicles (UAVs) or drones and under-
water remotely operated vehicles (ROVs) integrated with data acquisition sensors to au-
tomate inspection tasks. UAVs can provide aerial imaging of topside components, while
ROVs can inspect subsurface components such as mooring lines, export cables and an-
chors. Key technical capabilities include autonomous navigation, visual sensing, auto-
mated defect detection, and managing robust communications with the control and co-
ordination team over long ranges offshore. Developing an integrated automated inspec-
tion system for inspection of FOWFs is an inherently complex, multi-disciplinary chal-
lenge that spans domains such as robotics, sensing, data analytics, communications,
and control systems. It requires close coordination between diverse engineering disci-
plines as well as deep integration of hardware and software components into a holistic
system [11].

Model-Based Systems Engineering (MBSE) is an emerging methodology that uses
descriptive models as the primary means of information exchange between engineers
and various stakeholders, rather than relying on traditional methods [165]. In MBSE, a
system model provides a coherent single source of data that captures the complete sys-
tem across multiple views and levels of abstraction. This allows different engineering
domains to concurrently contribute their perspectives in a unified model. MBSE based
approaches are gaining traction across industries that develop complex cyber-physical
systems [166]. By shifting the paradigm to descriptive models, MBSE aims to enhance
transparency, consistency, knowledge capture, and efficiency across all stages of a sys-
tem’s lifecycle. In the context of robotic inspection systems for FOWFs, MBSE offers a
comprehensive framework for integrating all aspects of system definition, analysis, de-
sign, deployment, and operational scenarios. By capturing the full system model from
the outset, the MBSE process ensures end-to-end traceability between customer needs,
engineering requirements, component implementations, and system verification.

The application of MBSE to the design and development of robotic inspection sys-
tems for FOWFs can yield significant practical benefits. A well-designed MBSE model
provides clear allocation of responsibilities across engineering teams, streamlines project
management, and seamlessly connects to downstream deliverables like technical docu-
mentation, and operational status of the wind farm. The model can be readily leveraged
for follow-on activities and technology transition along with reusing the model for sim-
ilar tasks due to its modular structure. Most critically, the MBSE process can instill a
design-for-X mindset from the outset - designing robustness, affordability, safety, and
operability into the system architecture rather than retroactively addressing these cross-
cutting concerns downstream. For mission-critical systems like effective inspection of
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high-value offshore assets, this focus on designing in system resiliency and managed
operational complexity is paramount. On the commercialization and business strategy
front, the MBSE design process and the model offer advantages in terms of facilitating
logistical studies, sensitivity analysis, and what-if exploration to rapidly evaluate O&M
scenarios, and value propositions.

This paper examines the specific application of MBSE to the engineering and com-
mercialization of robotic systems comprising UAVs, ROVs and unmanned surface vessels
(USVs) for inspection of FOWFs. It focuses on establishing a tailorable MBSE approach,
underpinned by the expert elicitation, covering system definition including system re-
quirements, architecture design, and risk assessment. The aim is to provide a holistic
framework for streamlining development of these inherently complex robotic systems,
while enhancing quality, safety, and commercial viability. Ultimately, this can enable
the deployment of affordable, autonomous inspection solutions that can allow FOWFs
to operate at peak efficiency over their multi-decade lifecycle.

6.3. MBSE MODEL

6.3.1. SYSTEM DEFINITION

Establishing a rigorous system definition using MBSE principles is the critical founda-
tion for developing an understanding of the robotics-driven inspection system for FOWFs.
The MBSE process begins by elaborating a coherent model of the operational context,
use cases, and stakeholder needs that drive the eventual system requirements. In this
regard, Table 6.1 highlights the identified building blocks and the system requirements
associated with characterization of the FOWE assets to be inspected, robotic vehicle ca-
pabilities and constraints, and data outputs needed to satisfy inspection objectives. The
underlying context includes conducting above-the-waterline and below-the-waterline
inspection of FOWF components e.g., WTG blades, foundation, inter-array cables, moor-
inglines, and foundations with the aid of robotic systems such as UAVs, ROVs, USVs, and
their associated subsystems for mobility, sensing, navigation, and communication.

6.3.2. SYSTEM DESIGN

After capturing the system definition in a descriptive manner, MBSE shifts to assign the
system requirements to functional modules. For robotic systems, this involves modeling
the functional modules of mission/task decomposition, data communication, auton-
omy levels, system coordination, and the role of human supervision. In general, this
is done by devising an understanding of the software and physical architecture under-
lying the system [169]. On the software or computational architecture side, the MBSE
model focuses on its decomposition into logical components, runtime infrastructure,
data acquisition, and external interface relationships. This also includes capturing the
control system of the UAV, ROV or ASV and its autonomous inspection algorithm, local-
ization and navigation, communications protocols, and other key robotic subsystems.
A visualisation of the software architecture of such a system is shown in Figure 6.1. At
its core is a Control and Coordination Center, which attains inspection inputs from ei-
ther a n Operations Control Room or an offshore support base connected to the FOWE
The robotic system is then launched, the control system of which is depicted as either a
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Table 6.1: Identification of the system requirements and approaches with respect to the major building blocks
pertaining to the robotics-driven inspection of floating offshore wind farms.

Building blocks

System requirements

Approaches

Reference

Level of autonomy

Performance

Coordination and
control

Price

Environmental
sustainability

Customers

De-risking

Technical assessment of var-
ious autonomy levels (e.g.,
BVLOS, semi-autonomous,
fully-autonomous) of
robotic systems with re-
spect to conducting different
O&M activities.

Typically assessed in terms
of the accuracy and quality
of imagery and sensory data.
Logistics and remote control
aspects of the robotic sys-
tems in the FOWF environ-
ment.

Commercial viability and
bankability of the robotic
systems.

Incorporation of carbon
emissions accounting in
the marine environment
is becoming increasingly
relevant.

Operations of the robotic
systems from the cus-
tomer’s/user’s perspective
including the health and
safety aspects.

Potential for de-risking of
offshore O&M activities for
the FOWFs.

Human-in-the-loop sim-
ulation, human factors
engineering

Data  post-processing,
automated anomaly de-
tection

Control systems design,
vessel management sys-
tem

Market analysis

Emissions accounting

H&S quantification, Mar-
keting strategy

Prototype testing, system
verification and valida-
tion

(82], [11]

[151]

(17]

[87], [148]

[167], [168] m

(7]

[122]

model-based or model-free controller. The system considers various operational depen-
dencies such as power systems, fail-safe mechanisms, weather conditions, and marine
coordination. Data flows from the controller to the sensory infrastructure unit which is
divided into acoustic, imagery, radio, and health monitoring application layers, collect-
ing diverse data types. This information is transmitted via internet on to the Control and
Coordination Center or stored onboard for eventual post-processing. The key building
blocks of the software architecture are enumerated as follows:

1) Control system design: This pertains to the physical control and manipulation
of the offshore robotic systems while conducting O&M activities. This includes
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autonomous navigation and persistent control of the robotic systems using tech-
niques such as the simultaneous localization and mapping (SLAM), model-based
methods such as model predictive control, or model-free approaches such as ma-
chine learning.

2) Remote coordination: The remote coordination of robotic systems is an impor-
tant task in this regard as the continuous monitoring of offshore marine systems is
deemed necessary for regulatory compliance. Furthermore, incorporation of hu-
man supervision from the offshore support base or from the port-side control and
coordination center, acts as a fail-safe mechanism which can mitigate the occur-
rence of offshore hazards. Such a coordination in the offshore domain requires
sufficient latency, deployment of radio masts along with satellite-based commu-
nication capability in case of FOWFs farther from the shore.

3) Data acquisition: This includes aspects such as data acquisition from the imagery
sensors, its communication with the remote operations team and its on-board
storage.

4) Data post-processing: The final step is the post-processing of the acquired data
based upon techniques such as data mining and computer vision. The outputs
include trends analysis, forecasting and structural health monitoring.

In parallel, the physical architecture facilitates defining aspects like safety, weight,
human factors, and technical feasibility of conducting below-the-waterline and above-
the-waterline inspection. This also includes capturing regulatory certification constraints
such as incorporating safety requirements, failure scenarios, and contingency responses.
The key building blocks of the physical architecture are enumerated as follows:

1) Hardware design: The hardware design of the systems such as UAV, ROV and USV
primarily takes into account the sensors and manipulators required for data ac-
quisition such as visible and thermal cameras, and SONAR. This also includes the
main power and the auxiliary system.

2) Launch and recovery mechanism: This pertains to an efficient launch of the robotic
systems from the onshore O&M base or an offshore support base along with the re-
trieval and docking of it. The choice of the launch base depends on factors such
as system endurance, site weather conditions, and frequency and duration of the
inspection task.

In order to ascertain the complexity involved in designing and deploying such as au-
tonomous system, Constructive Systems Engineering Cost Model, also known as COSYSMO
[170] is utilised, which is a widely recognised parametric cost model used to estimate the
end-to-end systems engineering effort required to develop and deploy a project. The
main formulation of the model is shown in Equation 6.1, where PM stands for effort in
Person Months, A is the calibration constant derived from historical project data, and E
represents the economies of scale. EM stands for the effort multipliers, also known as
cost drivers as discussed later, while w, and ®, represents weight and quantity of the
system size represented by k. The system size is an aggregate of the following inputs
scored on a metric of easy, nominal or difficult:
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In order to gain insights into the complexity of system size and cost drivers in the

context of robotics-driven inspection of FOWFs, we conducted a comprehensive expert
elicitation process. This approach was chosen due to specialized nature of the data and

its sparse availability in the public domain, which required insights from professionals
across various disciplines. Our expert panel consisted of 27 individuals with diverse pro-
fessional backgrounds, including project engineers, project managers, commercial ana-

lysts, and O&M professionals. The panel members were carefully selected based on their

experience in the relevant fields and familiarity with either the O&M, offshore robotics,

or cost estimation techniques. The composition of the panel in terms of their profession
and area of expertise is shown in Table 6.2.

The elicitation process was structured in three phases:
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Table 6.2: Expert elicitation group’s professional composition and area of expertise.
Profession Number of experts Area of expertise Number of experts
Project Manager 5 Floating Wind 9
Project Engineer Offshore Wind O&M 6
Analyst Robotics 4
O&M Engineer Offshore Wind 8

Research Engineer
Post-doctorate

O R NO

D

2)

Preparatory Phase: We began by providing the experts with background informa-
tion, including the specific challenges of autonomously inspecting FOWFs using
USVs that can launch ROVs and UAVs, and the potential challenges of deploying
such an end-to-end system. The level of autonomy considered is Level 5 which
pertains to a scenario where a human operator can assign a robot a mission and
the robot can ensure the mission is achieved in a safe and self-optimized manner
[7]. This includes the robot overcoming unforeseen challenges and events, which
may otherwise impact the capacity of the robot to complete the specified task. We
also offered a refresher on the COSYSMO model and its inputs to ensure all partic-
ipants had a common understanding of the task at hand.

Individual Assessment Phase: Each expert was asked to provide their initial es-
timates for the COSYSMO inputs independently. This approach helped to avoid
groupthink and capture a wide range of perspectives. Experts were encouraged to
provide rationales for their estimates and highlight any areas of particular uncer-
tainty. The inputs requested included relationships among the system size and the
following 14 cost drivers:

* Understanding factors:

1. Requirements Understanding: The clarity of end-to-end system require-
ments for the robotics-driven inspection, including environmental con-
straints, inspection methodologies, and data communication needs.

2. Architecture Understanding: The complexity of the overall system ar-
chitecture, including the robotic platforms, sensors, communication sys-
tems, and data processing infrastructure.

* Complexity factors:

3. Technology Risk: The maturity and reliability of technologies used in
the robotic systems, such as autonomous navigation in marine environ-
ments and advanced sensing capabilities.

4. Level of Service Requirements: The performance expectations for the
robotic inspection system, such as inspection frequency and duration,
coverage area, and data quality.
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5.

Recursive Levels in the Design: The complexity of subsystems within
the robotic platform, such as propulsion, sensor integration, and data
processing layers.

. Documentation: The extent and quality of documentation required for

conducting inspection based upon varying autonomy levels, including
operational procedures, maintenance manuals, and regulatory compli-
ance documentation.

* Environmental factors:

7.

8.

Multisite Coordination: The complexity of coordinating development
efforts across different locations, such as port-side control and coordi-
nation center, and asset-side offshore support base.

Tool Support: The availability and sophistication of tools used in the
development process, such as simulation environments, systems mod-
eling tools, and project management software.

* QOperational factors:

9.

10.

Migration Complexity: The difficulty of transitioning from manned in-
spection methods to the autonomous, including integration with exist-
ing wind farm operations.

Diversity of Installations/Platforms: The variety of FOWF turbine de-
signs including larger WTG sizes, foundation platforms and environmen-
tal conditions the robotic systems must accommodate in order to con-
duct inspection in an efficient and safe manner.

* Personnel factors:

11.

12.

13.

14.

Stakeholder Team Cohesion: The alignment and cooperation between
various stakeholders, including FOWF developers, operators, technol-
ogy providers, and regulatory bodies.

Personnel/Team Capability: The expertise and experience of the team
deploying the robotic inspection system, particularly in areas like ma-
rine robotics and operations management.

Personnel Experience/Continuity: The team’s familiarity with similar
projects and the stability of the development team throughout the project
lifecycle.

Process Capability: The maturity and effectiveness of the systems en-
gineering processes with regards to deploying and operating the robotic
systems. This also incorporates the technological and commercial readi-
ness levels of such systems.

We requested the relationships to be scored on the metric ranging from 0 to 10,
with the former pertaining to the low risk and the latter to the high risk category.
The risk in this regard captures the technological readiness and commercial readi-
ness of a relationship wherein high risk refers to the scenarios requiring higher
techno-economic maturity.
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3) Analysis Phase: We then collated the results in a risk matrix populated with the
averaged risk values based upon the survey responses, as depicted in Figure 6.2.
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Figure 6.2: Risk matrix capturing relationships among the system size and the 14 cost drivers.

The statistical analysis of the risk correlation matrix provides key insights into the re-
lationships between various risk factors in system architecture and project management.
The data consists of 105 values, ranging from 2 to 9, with a mean of 6.36 and a standard
deviation of 1.34, indicating a moderate level of variability. The most frequently occur-
ring value is 7, followed by 6 and 5, suggesting that most risk factors exhibit a moderate to
high degree of correlation. Higher correlations (8s and 9s) are observed in areas such as
system size vs. requirements/architecture, and technology risk vs. diversity of installa-
tions/platforms, indicating critical dependencies that could significantly impact project
complexity. Conversely, lower correlations (2s and 3s) are seen in areas like tool sup-
port vs. migration complexity, reflecting weaker dependencies. These findings highlight
the importance of prioritizing high-correlation risks while recognizing the lower-impact
relationships, allowing for a more targeted risk mitigation strategy in complex system
design.

Results show that the system size, along with the requirements and architecture un-
derstanding correlate with higher risk values as respondents opined that the complexity
of the system is the main driver of the deployment of such systems. Furthermore, tech-
nology risk and diversity of installations/platforms also show higher risk values. Respon-
dents highlighted that the WTGs of larger sizes and different design considerations of
the floating foundation platforms can hinder the rapid deployment of robotic systems.
When estimating the recursive levels in the design, experts considered the hardware in-
teractions within the robotic systems but also the interaction between the deployed sys-
tem and the WTGs, as well as data transmission interfaces for remote operation and
monitoring. Hence, this factor also scored higher as compared to the more generic ones
of multisite coordination and tool support. For the migration complexity factor, experts
weighed the challenges of transitioning from traditional manual inspection methods to
arobotic system and highlighted that the cost-benefit aspects of such systems need to be
explicitly identified. Although, the health and safety benefits are observed to be widely
understood in the industry. Similarly, process capability estimates were influenced by
the nascent state of standardized procedures for the deployment and operation of au-
tonomous systems, in particular USVs, in the offshore marine sector.
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6.3.3. FAILURE MODES AND EFFECTS ANALYSIS

An additional part of the expert elicitation included conducting risk assessment based
upon the failure modes and effects analysis (FMEA). FMEA is a systematic approach that
can enable the engineers and operators to identify potential failure modes, their causes,
and consequences across the complex array of systems involved in autonomous inspec-
tion processes [171]. By applying, stakeholders can proactively mitigate risks and en-
hance the reliability of these critical operations. In the context of USVs that launch ROVs
and UAVs for conducting above-the-waterline and below-the-waterline inspection, dif-
ferent systems and functional aspects were highlighted, and the respondents were asked
to identify potential failure modes and their effects against these aspects. Furthermore,
respondents were asked to identify the failure modes based on three critical parameters:
severity of impact, likelihood of occurrence, and ease of detection. This evaluation led
to the calculation of Risk Priority Numbers (RPNs) for each failure mode, providing a
quantitative measure for risk prioritization. The complete FMEA analysis is presented in
Table 6.3. UAV and ROV launch systems also demonstrated high RPNs, 140 and 135 re-
spectively, due to the complexity of autonomously deploying these systems in offshore
marine environments. Communication system failures, particularly satellite link loss,
showed a high severity and occurrence, underscoring the importance of maintaining re-
mote control capabilities with the operations control room or the offshore support base.
Cybersecurity concerns were highlighted with a high severity rating of 9, although the
occurrence was rated lower. These high-risk areas point to the complex interplay be-
tween mechanical, electrical, and software systems in the harsh offshore environment,
emphasizing the need for redundancy, robust design, and proactive maintenance strate-
gies.

6.4. CONCLUSION

This paper presented the development of a systems engineering framework for the de-
ployment of robotics-driven inspection of FOWFs. A methodology based upon MBSE is
adopted wherein the conceptualisation of such a system is discussed along with delv-
ing in its risk assessment aspects. In summary, the emerging discipline of MBSE offers a
powerful framework for developing the multi-faceted autonomous systems required for
cost-effective inspection and monitoring of FOWFs. By tightly integrating descriptive
models across disciplines, MBSE facilitates end-to-end traceability and coherence from
system requirements through system design, deployment, and operations. At first, the
system requirements are identified which are then related to the software and hardware
aspects of the system design. An expert elicitation approach has been leveraged to esti-
mate the inputs pertaining to the cost drivers for the COSYSMO model. Furthermore,
FMEA is conducted in order to capture the elements of uncertainty on a sub-system
level. The concluding remarks from the conducted study are enumerated as follows:

1) The system requirements pertaining to the robotics-driven inspection of FOWFs,
as listed in Table 6.1, are of a holistic nature ranging from the performance aspects
to the commercial viability considerations. As such, they need to be inculcated
early into the design process, underpinned by the design-for-X methodology.

2) An MBSE approach can delineate the interfaces between the software and hard-
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3)

4)

ware architecture of the system. This can aid in the analysis of the design require-
ments, functions, and logic along with the development and validation of the com-
plete system. Furthermore, a high-level conceptualisation of the system, such as
shown in Figure 6.1, can help in creating a roadmap of the deployment, which can
further feed into the inspection workflow process.

The evaluation of the system size and cost drivers, based upon the COSYSMO
model and underpinned by the expert elicitation, identified potential roadblocks
with respect to the deployment of such systems. These primarily included the fac-
tors of system requirements and architecture understanding, which pertains to
the complexity of the inspection scenario. These are followed by the factors such
as level of autonomy, incorporation of different FOWF design considerations, and
regulatory compliance requirements.

FMEA results provided with crucial insights for prioritizing risk mitigation efforts
on a sub-system level, and enhancing the reliability of robotics-driven inspection
systems for FOWFs. UAV and ROV launch systems exhibited the highest RPN val-
ues, while the communication and sensing systems resulted in the lowest values.
It can be inferred that FOWF-agnostic sub-systems such as imaging cameras and
legacy data communication are risk-averse, while the sub-systems associated with
autonomous launch and recovery mechanism are more prone to the occurrence
of failure modes.
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7.1.

CONCLUSION

CONCLUSIONS TO THE THESIS OBJECTIVES

The main conclusions drawn from the thesis are as follows:

The FOWF industry is destined to grow in the future, and as such, the demand
for efficient O&M practices with lower expenditures is expected to be more pro-
nounced. In this regard, robotic systems such as UAVs, ROVs and USVs have a
greater role to play with benefits in terms of conducting remote O&M in an ef-
fective manner, while also improving the H&S aspects. In this regard, a detailed
study from the technical, operational and commercial standpoint is presented in
Chapter 2.

Advancements in robotics are revolutionizing O&M practices for FOWFs. Improved
battery technology is enabling tether-free ROVs and longer-endurance UAVs, while
progress in ROV capabilities for underwater cable inspection and burial focuses on
increasing operational range and reducing reliance on divers. The emerging use of
ASVs can result improved safety and efficiency, especially in harsh conditions and
long-duration missions. Concurrently, the availability of advanced, low-cost sen-
sors, such as thermographic cameras and ultrasonic sensors, is enhancing asset
structural integrity. These developments are facilitating the implementation of Al
and data-driven approaches for continuous maintenance and inspection, lead-
ing to better resource management and increased asset availability. Furthermore,
the advent of modular, low-cost climbing robots and UAVs with customizable pay-
loads is expanding the range of possible O&M tasks that can be performed in-situ,
mitigating the need for expensive crane setups. Collectively, these innovations are
driving more efficient, safer, and cost-effective O&M practices.

The study conducted in Chapter 3 assesses the cost and impact of an offshore
MRP on OPEX and inspection time for a 1.5GW FOWE using the WOMBAT sim-
ulation tool. Results show that MRP use can potentially reduce inspection time,
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but its effectiveness depends on the MRP’s day-rate and UAV/ROV inspection du-
ration. Compared to CTV-based inspection, using multiple MRPs increases OPEX
by 51.1% but reduces completion time by 58.3%, while using a single MRP reduces
OPEX by 50.6% with a 17.2% increase in completion time.

Sensitivity analysis reveals that the number of MRPs, day-rate, and inflation rate
significantly impact OPEX, while the number of MRPs and the component inspec-
tion duration greatly affect the overall inspection completion time.

Cost-benefit analysis pertains to looking at a small number of scenarios with a high
degree of granularity. On the other hand, front-end engineering design requires
to map the design space by running a lot of scenarios. The real-options analysis
framework presented in Chapter 4 aids in the decision-making in this regard. The
simulation of scenarios ranging from semi-autonomy to full-scale autonomy and
the calculation of associated option values gave insights into cost savings of up to
24% during the lifecycle of the FOWE

It is also inferred from the simulation that the learning rates have a higher effect in
cost reduction. Doubling the learning rate can result in cost savings of up to 31%.

The study conducted in Chapter 5 evaluates the performance of visible and ther-
mal imaging for detecting damages on WTG blades and rotor hub, using a two-
step approach: binary classification of defective regions followed by thermal im-
age analysis to quantify defect types.

Integration of visible and thermal imaging provides complementary features, en-
hancing damage detection capabilities. However, relatively low F1-scores across
deep learning models suggest a need for more diverse and comprehensive train-
ing data.

Model training time varies based on factors such as dataset size, image dimen-
sions, CNN layer depth, and hyperparameters. Training time ranged from 0.8
hours for VGG19 to 1.7 hours for Inception V3 with augmentation, using datasets
of 1000 images each.

Thermal imaging successfully identified blade erosion, with temperature differen-
tials exceeding 1°C indicating deeper structural erosion. Significant erosion pro-
duced larger temperature differentials (>1°C) compared to surface discoloration
or minor structural damages (approx. 0.5°C), highlighting thermal imaging’s po-
tential as a diagnostic tool for assessing damage severity.

Chapter 6 consists of a policy paper delving into systems engineering framework
for deploying robotics-driven inspection of FOWFs, using a Model-Based Systems
Engineering (MBSE) methodology to conceptualize the system and assess risks.
System requirements for robotics-driven FOWF inspection are holistic, covering
performance aspects and commercial viability considerations, and need to be in-
tegrated early in the design process using a design-for-X methodology.
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» The expert elicitation process also yielded valuable qualitative insights. Experts
highlighted potential risk factors and areas requiring further research, such as the
need for extensive prototype testing and advanced control algorithms for autonomous
navigation in dynamic offshore conditions.

 Evaluation of system size and cost drivers using the COSYSMO model identified
potential roadblocks, primarily related to system requirements and architecture
understanding, level of autonomy, FOWF design considerations, and regulatory
compliance requirements.

* FMEA provided insights for risk mitigation, revealing that UAV and ROV launch
systems had the highest risk priority numbers, while communication and sensing
systems had the lowest, suggesting that FOWF-agnostic sub-systems are less risky
than autonomous launch and recovery mechanisms.

7.2. CRITICAL REFLECTION

The thesis set out with an overarching objective to assess the incorporation of robotics
into the O&M of FOWFs from a techno-economic perspective. This was articulated through
a series of research questions and specific objectives aimed at exploring the state-of-
the-art in robotics-based O&M, evaluating techno-economic benefits and limitations,
developing cost estimation methodologies, investigating UAV-based damage detection,
and ultimately providing insights to guide policy-making in the FOWF domain. Reflect-
ing on the original objectives alongside the conclusions drawn, it is clear that while the
study made significant strides in addressing many of the research aims, several areas
invite further discussion regarding both successes and potential shortcomings.

One of the core strengths of the study is its multidisciplinary approach, integrating
technical, economic, and policy dimensions. However, the complexity inherent in com-
bining these perspectives can sometimes lead to an imbalance in depth. For instance,
while the technological advancements and economic assessments were explored in con-
siderable detail, the policy implications—though well-conceived through expert elicita-
tion and systems engineering frameworks, might have benefited from a more in-depth
exploration of regulatory challenges and industry-specific case studies. A deeper dive
into policy analysis could have further strengthened the link between technical findings
and their practical implications for industry standards and regulatory practices. The use
of simulation tools like WOMBAT provided a controlled environment to test various sce-
narios, yet simulations inherently involve assumptions and model-mismatch that may
not fully capture real-world variability. The conclusions drawn regarding OPEX reduc-
tion and inspection times are promising, but they would gain further credence if com-
plemented by field trials or pilot/prototype projects in actual FOWF environments. This
gap highlights an area for future research: moving from simulation-based insights to
practical, on-site implementations that can validate and potentially adjust the simula-
tion models used.

The research into UAV-based damage detection is particularly forward-looking, but
it also reveals a limitation in the current state of data availability. The modest F1-scores
achieved by the deep learning models point to the necessity for more extensive and
diverse datasets. While the study acknowledges this need, it raises a broader question
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about the pace at which data collection and model training can keep up with technolog-
ical advances. Future work in this area should prioritize the establishment of compre-
hensive databases that can improve the robustness and accuracy of Al-driven inspec-
tion models. The thesis provides a robust framework for economic assessment and risk
mitigation, yet the sensitivity analysis indicate that small changes in key parameters can
lead to significant variations in outcomes. This sensitivity underscores the importance of
continuous monitoring and recalibration of models as real-world conditions evolve. The
inclusion of FMEA and COSYSMO models was a strong methodological choice, but inte-
grating these risk assessments into a dynamic, iterative decision-making process would
further enhance the utility of the findings for industry stakeholders.

7.3. RECOMMENDATIONS AND FUTURE RESEARCH

The following recommendations have been produced for conducting future research in
this domain:

 Technical validation of the proposed approach: A prototype field testing or hardware-
in-the-loop simulation based upon USV, ROV and UAYV is the first reccommended
next step to validate the proposed robotics-driven inspection approach. After an
extensive simulation phase, it is important to do real-world testing in order to eval-
uate the operational performance of the robotic systems. In this way, real-time
aspects and limitations can be studied such as the asset accessibility, operational
efficiency along with the data communication requirements.

* Commercial readiness: In addition to the technical validation, an important as-
pect would be to conduct extensive stakeholder engagement with current technol-
ogy providers and O&M vendors to ascertain the commercial readiness of different
robotic systems in relation to the FOWF aspects such as distance to shore, O&M
scope, operational limits, technology acceptance, etc. Of particular interest would
be the sourcing of component-wise failure rates that would be representative of an
operational wind farm.

° Communication protocols: The study of data communication requirements and
protocols was beyond of the scope of this work. However, in real-world applica-
tions, the aspects such as remote communication with the robotic systems, data
latency, storage and privacy cannot be negated. Hence, during implementation,
the design of a systematic communication workflow taking into account all the
stakeholders and data regulatory requirements should be conducted.

* Regulatory aspects: One major area of future work is the study of regulatory as-
pects both from an implementation and a policy-making perspective. The under-
standing of regulatory requirements specific to a robotic system such as a USV is
necessary in order to safely deploy it to a FOWF location. Furthermore, from a
policy-making perspective, it would be pertinent to identify the regulatory barri-
ers and how they can be addressed from a technical and commercial standpoint,
in order to speed up the roll out of robotic systems.
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» Data post-processing: In this thesis, we have provided best practices approach
with respect to the damage detection on WTG blades based upon DL and ther-
mal analysis. It would be useful to extend the future work by incorporating dif-
ferent types of defects on subsea components such as marine growth, along with
advanced damage detection and classification methodologies. The metrics of de-
tection and classification accuracy along with the computational expense can be
evaluated with an aim to increase confidence in the outputs and scale up the data
post-processing process.

* Environmental sustainability: Future work can also focus on the evaluation of
emissions pertaining to the use of robotics and how they fare as compared to the
use of CTVs and SOVs. Furthermore, the electrification of daughter vessels launch-
ing UAVs and ROVs can be incorporated, and their effects on the overall O&M
emissions profile can be assessed.

° Optimal allocation: In Chapter 3 and 4, modeled scheduled maintenance of dif-
ferent components of the FOWF is modeled. Future research should focus on
defining the objective functions such as maximising the PBA and minimizing the
downtime, while optimising the allocation of robotic systems and CTVs. This opti-
mal allocation could provide insights such as the relationship between failure rates
and the scheduling of inspection activities utilising robotic systems and CTVs,
along with the concurrent effect on OPEX.

° Human factors: Finally, it is pertinent to conduct research on the interaction be-
tween robotic systems and their operators from an operational viewpoint. This in-
teraction can affect performance, operability and safety in dynamic ways. Human
factors considerations such as coordination and collaboration with robots of dif-
ferent autonomy levels, fail-safe mechanism, redundancy and complacency need
to be investigated with an aim to devise best practices regarding the deployment
and utilization of remote robotic systems in an efficient and safe manner.
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APPENDIX

The scripts developed in Chapter 5 are uploaded to the GitHub which can be accessed
through the following link: https://github.com/iOmerKhalid/Phd_UCC_Thesis.
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