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SUMMARY

As nations broaden their renewable energy portfolios, wind power is playing an
increasingly important role in the energy landscape. Although onshore wind continues
to dominate the wind energy mix in the EU, rising energy demand and ambitious climate
targets have driven the development of offshore wind farms and spurred research into
floating offshore wind turbines.

This thesis began with the goal of developing a data-driven modeling approach that
maps site conditions to the load statistics on floating offshore wind turbines. The motivation
for this research emerged from a need to accelerate the site-selection process, include more
site variables, and achieve accurate load estimates while keeping the computational expense
low.

Before installation, all modern wind turbines must be carefully assessed for struc-
tural loads to ensure safety and performance throughout their lifetimes. Floating turbines,
in particular, introduce more complexity—more environmental variables to consider, and
higher uncertainty in the dynamic response. This added complexity makes analyzing
structural loads expensive and time-consuming, often more so than for fixed-bottom coun-
terparts, and it makes understanding the behavior of floating wind turbines even more
important. The process of fatigue damage calculation, in particular, is computationally
intensive, often requiring thousands of costly simulations. Because it is not feasible to
run simulations for every possible sea state, engineers typically reduce the problem by
selecting a set of variables and binning or lumping sea states to limit the number of required
simulations. However, for floating wind turbines, the choice of which variables to include
and how to perform this binning remains an open question. This motivates the use of
reliable data-driven surrogate models that can make quick estimates of loads on wind
turbines while maintaining high accuracy.

Although most existing work relies on deterministic surrogate models, offshore
wind environments exhibit strong stochasticity, making turbine loads inherently uncertain.
This motivates the need for uncertainty quantification to characterize not only expected
loads but also estimate their conditional variability. This dissertation, therefore, develops
a probabilistic data-driven methodology that propagates environmental uncertainty to
the 10-minute damage equivalent loads of onshore, offshore, and floating offshore wind
turbines.

Several deterministic and probabilistic data-driven models are benchmarked on
onshore and fixed-bottom offshore wind turbines. The evaluation consists not only of
judging the accuracy of a model, but also of practical aspects such as the robustness of
the model, sensitivity to hyperparameters, and ease of implementation. Compared to
deterministic approaches, which require multiple seed repetitions prior to training, it is
demonstrated that with probabilistic models, this step may not be necessary to achieve high-
accuracy predictions (R? > 0.95), thereby saving precious computational resources needed
to generate the training database. Widely used Gaussian process regression is shown to
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accurately estimate the conditional mean of the response with a relatively small training
dataset of 9107 - 10%) samples. Wasserstein-conditional generative adversarial network is
used as one of the probabilistic regression models. Despite learning the functional mapping
with errors comparable to the best-performing models, it is found to be very complex to
implement and requires extensive hyperparameter tuning. Simpler 4th-degree polynomials
are shown to make good predictions in the onshore case, but are prone to overfitting
and susceptible to the additional noise introduced by the hydrodynamic features. Overall,
mixture density networks are shown to provide the best combination of consistency,
accuracy, and practical ease of use.

Based on this analysis, the study extends the use of mixture density networks to a
more sophisticated application of spar-type floating offshore wind turbine. It is shown to
successfully capture the conditional response in terms of the normalized 2-Wasserstein
distance despite the added complexity. The surrogate is further used to make probabilistic
estimates of the lifetime damage equivalent loads on four potential floating wind turbine
sites. Since the surrogate model is fast (order of milliseconds once trained), load predictions
can be made over all sea states within seconds, without the need to lump or bin the sea
states beforehand. The uncertainty in the aggregated lifetime fatigue loads due to stochastic
inputs is extremely narrow, with variability on the order of only 0.1-0.5% of their mean
values. This results from summing the 10-minute damage equivalent loads over a million
occurrences, effectively nullifying the impact of the outliers. The use of a probabilistic
surrogate that correctly captures the conditional distribution is still useful, as it minimizes
the aggregation of error in the final response.

Through these analyses, it is demonstrated that surrogate models can be powerful
tools for fatigue estimation in the site analysis process, especially for floating wind turbines,
where the choice of variables and binning methods is still an open question. Additionally,
using probabilistic surrogates like mixture density networks helps reduce bias in calculating
the aggregate mean fatigue, as the conditional distributions are heteroscedastic and not
always normally distributed.
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SAMENVATTING

Nu landen hun portfolio’s voor hernieuwbare energie verder uitbreiden, speelt
windenergie een steeds belangrijkere rol in het energiesysteem. Hoewel windenergie op
land nog steeds het grootste aandeel vormt in de Europese Unie, hebben de toenemende
energievraag en ambitieuze klimaatdoelstellingen geleid tot de ontwikkeling van offshore
windparken en tot intensief onderzoek naar drijvende offshore windturbines.

Dit proefschrift is gestart met als doel het ontwikkelen van een datagedreven
modelleeraanpak die locatiecondities koppelt aan belastingsstatistieken van drijvende
offshore windturbines. De motivatie voor dit onderzoek komt voort uit de behoefte om
het locatiekeuzeproces te versnellen, meer locatievariabelen te kunnen meenemen en
nauwkeurige belastingsschattingen te verkrijgen tegen een lage rekentijd.

Voorafgaand aan installatie moeten alle moderne windturbines zorgvuldig worden
beoordeeld op structurele belastingen om veiligheid en prestaties gedurende de gehele
levensduur te waarborgen. Drijvende windturbines brengen daarbij extra complexiteit met
zich mee: er zijn meer omgevingsvariabelen van invloed en de dynamische respons kent
een grotere onzekerheid. Deze toegenomen complexiteit maakt de analyse van structurele
belastingen kostbaar en tijdrovend, vaak meer dan bij vaste funderingen, en onderstreept
het belang van een goed begrip van het gedrag van drijvende windturbines. Met name de
berekening van vermoeiingsschade is computationeel intensief en vereist vaak duizenden
kostbare simulaties. Omdat het niet haalbaar is om simulaties uit te voeren voor elke
mogelijke zeetoestand, reduceren ingenieurs het probleem doorgaans door een selectie van
variabelen te maken en zeetoestanden te binnen of te clusteren om het aantal benodigde
simulaties te beperken. Voor drijvende offshore windturbines is de keuze van relevante
variabelen en de wijze van binning echter nog een open vraag. Dit motiveert het gebruik
van betrouwbare datagedreven surrogaatmodellen die snelle belastingsschattingen kunnen
leveren met behoud van hoge nauwkeurigheid.

Hoewel het merendeel van bestaand onderzoek gebruikmaakt van determinis-
tische surrogaatmodellen, worden offshore windomgevingen gekenmerkt door sterke
stochastische variatie, waardoor turbinebelastingen inherent onzeker zijn. Dit benadrukt
de noodzaak van onzekerheidskwantificatie om niet alleen verwachte belastingen te be-
schrijven, maar ook hun conditionele variabiliteit te schatten. Dit proefschrift ontwikkelt
daarom een probabilistische datagedreven methodologie die de onzekerheid in omgevings-
condities doorvertaalt naar 10-minuten damage equivalent loads van onshore, offshore en
drijvende offshore windturbines.

Verschillende deterministische en probabilistische datagedreven modellen worden
vergeleken voor toepassingen op onshore en vaste offshore windturbines. De evaluatie richt
zich niet alleen op nauwkeurigheid, maar ook op praktische aspecten zoals robuustheid, ge-
voeligheid voor hyperparameters en gebruiksgemak. In vergelijking met deterministische
benaderingen, die meerdere herhalingen met verschillende willekeurige zaden vereisen
voorafgaand aan training, wordt aangetoond dat probabilistische modellen deze stap niet
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noodzakelijk maken om een hoge nauwkeurigheid te behalen, wat aanzienlijke besparingen
oplevert in de benodigde rekeninspanning voor het genereren van trainingsdata. Veelge-
bruikte Gaussian process regression blijkt in staat om de conditionele verwachtingswaarde
van de respons nauwkeurig te schatten met een relatief kleine trainingsdataset van orde
O(10%-10%) samples. De Wasserstein-conditional generative adversarial network wordt
toegepast als een van de probabilistische regressiemodellen. Hoewel dit model de functio-
nele relatie leert met fouten vergelijkbaar met de best presterende modellen, blijkt het zeer
complex in implementatie en vereist het uitgebreide afstemming van hyperparameters.
Eenvoudigere vierdegraads polynomen leveren goede voorspellingen in het onshore geval,
maar zijn gevoelig voor overfitting en voor de extra ruis die wordt geintroduceerd door
hydrodynamische effecten. Over het geheel genomen blijken mixture density networks de
beste combinatie te bieden van consistentie, nauwkeurigheid en praktische toepasbaarheid.

Op basis van deze analyse wordt het gebruik van mixture density networks uitge-
breid naar een meer geavanceerde toepassing voor een drijvende offshore windturbine van
het spar-type. Aangetoond wordt dat dit model de conditionele respons succesvol vastlegt
ondanks de toegenomen complexiteit. Het surrogaatmodel wordt vervolgens gebruikt
om probabilistische schattingen te maken van de levensduur damage equivalent loads
voor vier potentiéle locaties voor drijvende windturbines. Omdat het surrogaatmodel zeer
snel is (orde van milliseconden na training), kunnen belastingsvoorspellingen voor alle
zeetoestanden binnen enkele seconden worden uitgevoerd, zonder voorafgaande binning
of clustering van zeetoestanden. De onzekerheid in de geaggregeerde levensduurvermoei-
ingsbelastingen als gevolg van stochastische invoer blijkt zeer klein te zijn, met een variatie
van slechts circa 0,1-0,5% van de gemiddelde waarde. Dit is het gevolg van het sommeren
van 10-minuten damage equivalent loads over miljoenen voorkomens, waardoor de invloed
van uitschieters grotendeels wordt uitgemiddeld. Het gebruik van een probabilistisch sur-
rogaatmodel dat de conditionele verdeling correct weergeeft blijft desondanks waardevol,
omdat het de accumulatie van fouten in de uiteindelijke respons minimaliseert.

Deze analyses tonen aan dat surrogaatmodellen krachtige hulpmiddelen kunnen
zijn voor vermoeiingsschattingen in het locatieanalyseproces, met name voor drijvende
offshore windturbines, waar de keuze van relevante variabelen en binningmethoden nog
niet eenduidig is vastgesteld. Daarnaast draagt het gebruik van probabilistische surrogaten,
zoals mixture density networks, bij aan het verminderen van bias in de berekening van
gemiddelde levensduurvermoeiingsbelastingen, aangezien de conditionele verdelingen
heteroscedastisch zijn en niet altijd een normale verdeling volgen.



INTRODUCTION

This thesis began with the goal of developing a data-driven modeling approach that maps
site conditions to the load statistics on offshore wind turbines. The motivation for this
research emerged from a need to accelerate the site-selection process, incorporate more
site variables, and achieve accurate load estimates while keeping computational expense
low. The introduction here provides a context for the remainder of the thesis. It begins with
an overview of the significance of fixed and floating offshore wind in the current energy
mix. It introduces various types of floating wind turbines and the elements characterizing
floating wind technology. The concept of surrogate modeling is introduced, highlighting
the role of data-driven methods in wind turbine design and operation. It establishes the
background for presenting the research motivation and identifying the research gaps.
Finally, the chapter outlines the objectives and structure of the thesis.
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1.1 WIND ENERGY PERSPECTIVES

The global electricity demand in the year 2024-25 has been increasing at a rapid
pace of four percent compared to the previous year, according to the electricity mid-year
update by the International Energy Agency (IEA) [1]. This is partly due to the increasing
electrification worldwide, along with global economic growth, as well as the intense
heatwaves experienced in the first half of 2024. The increasing demand for electricity
requires a corresponding increase in electricity production. In the year 2019, most of the
energy needed for transportation, heating, cooling, industrial use, and electricity generation
was still being produced from non-renewable sources [2]. However, due to positive policy
changes, especially in the European Union (EU), electricity from renewable sources is on
track to surpass coal for the first time in 2025 [3].

Wind resources form a big part of the renewable energy mix. About a fifth of all
the electricity consumed in the EU in 2023 was covered from wind resources [4]. Europe
now has more than 250 GW of installed wind capacity, the majority of which is located
onshore. But to reach the climate targets set for 2030, the EU is still expected to install
260 GW of new wind capacity by the end of the decade, about 30GW per year. Globally, to
stay within the 1.5 °C scenario, and to achieve net-zero by 2050, the International Renewable
Energy Agency in the context of Sustainable Development Goal (7) envisions the total
wind capacity to grow to 3500 GW from the current 1018 GW by 2030. Out of which, the
global offshore wind capacity is expected to reach 500 GW. To put that into perspective, in
the year 2023, the share of offshore wind was only 73 GW [5].
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Figure 1.1: Left: Map of a portion of the North Sea showing the wind farms in all stages, from development zones
to fully commissioned. Right: Norwegian wind farm projects. Image source: Hjelmeland et al. [6].

Evidently, the contribution of onshore wind, albeit significant, is not enough to
keep up with the rising rate of energy consumption and ambitious energy targets. Tapping
offshore wind resources is key to accelerating the growth of renewable energy. Offshore
wind farms benefit from higher capacity factors, high-quality wind inflow, and relatively
less opposition from the public, as the farms are located further away from residential areas.
Rapid technological development for fixed-bottom wind turbines has shown a tremendous
reduction of 59% in the weighted-average levelized cost of energy in the previous decade [7].
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Figure 1.2: The image shows the North Sea region with a water depth cut-off at 60 m, indicating large offshore
areas where floating wind turbines could be installed. Image source: https://globalwindatlas.info/en.

However, as shown in Figure 1.1, the shallow regions in the North Sea where fixed-bottom
farms can be commissioned are increasingly overcrowded. The remaining development
zones are in deeper waters (deeper than 60 m) beyond which installation complexity and
costs increase sharply for fixed-bottom cases, and floating designs become much more
competitive Figure 1.2. Floating technology is especially crucial for countries where the
seabed drops very rapidly offshore, such as Norway. In addition, the floating wind resources
across the world are at least four times larger, in theory, compared to fixed bottom regions

[7].
1.2 FLOATING WIND TECHNOLOGY

Figure 1.3 shows a schematic of some of the common offshore wind turbine
configurations and the nomenclature associated with floating wind turbine parts. The
complex structure of Floating Offshore Wind Turbines (FOWTs) can be organized into
three main categories. First, the wind turbine itself with the tower and the rotor-nacelle
assembly (RNA), which is the same as fixed-bottom wind turbines. The scale of the wind
turbines is typically also similar to that of the fixed-bottom offshore wind turbines. For
example, the wind turbines in existing commercial floating projects, such as the Hywind
Scotland (6 MW) or the Kincardine offshore wind models (10 MW) have rotor diameters of
154m and 164m respectively.

The second element is the floating foundation (also referred to as floating sub-
structure, floating platform, or floater), as shown in Figure 1.3. The floating foundation
holds the wind turbine upright and contributes to the stability of the ensemble. There are
currently more than 100 unique floater concepts at various stages of development in the
market [8]. They can be grouped roughly into three categories based on the stabilizing
mechanism [8]. The first is gravity-stabilized, where the center of buoyancy is placed
above and as far as possible from the center of gravity to provide a restoring force against
the rotor thrust that is large enough to minimize power loss due to excessive pitching,
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Figure 1.3: Schematic of different types of wind turbine foundations based on water depth. For depths > 60 m,
fixed bottom foundations are no longer economically viable.

but not so large that the material costs explode. The spar buoy type floaters fall into this
category. A spar is typically a single, ballasted cylinder made of concrete or steel. However,
exceptions exist—such as the TetraSpar model [9]—which is also gravity-stabilized but
comprises multiple cylindrical elements that form a suspended keel and a floating hull
structure. The second mechanism is waterplane-stabilized. In this case, large columns
piercing the waterplane provide stability in response to an external disturbance by moving
the center of buoyancy towards the column that is pushed into the water. Semisubmersible
substructures are waterplane stabilized. The floaters consist of three to five short, vertical
columns connected with braces or pontoons. The columns may have stabilizing plates
at the bottom that increase drag and added mass, thereby limiting heave motion. Finally,
mooring-stabilized designs, such as Tension Leg Platforms (TLPs), use taut mooring lines
or tendons to provide stiffness. TLP foundations are smaller than the other floater types,
implying lower material costs in theory. They are, however, associated with the highest
mooring line loads. The platform itself can be made very small in size, resulting in low deck
space for maintenance activities. The TLP projects are currently at a much lower techno-
logical readiness level than their counterparts, and their installation and decommissioning
processes are still very expensive.

The third design element is the mooring line system connecting the floating
foundation to the seabed, coupled with the dynamic cables that connect the wind turbine
to the offshore substation. The main purpose of the mooring line system is to restrict the
motion of the wind turbine and provide a restoring force in response to wind and wave
loads. They can be catenary, semi-taut, or taut. Spar buoys and semi-submersibles are
often coupled with catenary mooring lines, whereas TLP designs use the taut configuration.
They can be made of steel chains, wire rope, and synthetic material like Dyneema. The
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mooring lines are designed to sustain the fatigue and ultimate loads resulting from snap
events and the harsh marine environment. Snap events refer to the sudden tensile loading
of a mooring line following a slack state [10]. The failure of a single line can be catastrophic
for designs such as the TLP and can lead to the wind turbine capsizing. The mooring line
is connected to the seabed via anchors. Taut mooring lines are typically coupled with
suction anchors, whereas catenary mooring lines use either drag or suction anchors [11].
Most of the existing commercial projects, such as WindFloat, Hywind, and TetraSpar, use a
semisubmersible or spar concept due to the ease of installation and design.
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Deep Wind [19]

Figure 1.4: Comparison of some of the main floater design categories.

The design of such complex mega-structures comes with new technological,
economic, and financial challenges. The turbine is subject to both irregular waves and
turbulent wind loads, resulting in six degrees of freedom motion, unsteady aerodynamics,
and sophisticated control systems. As such, wind turbine loads are a combined function
of aerodynamic and hydrodynamic forces and the structural response of the material.
Numerical simulations of FOWTs are complex and computationally expensive, and this
added complexity makes understanding their behaviour even more important. In many
cases, the total cost of computation exceeds practical limits. Could we find a simpler,
faster, functional representation of the system using... data? Can data provide us with
more insight into the system’s behavior? Could it help resolve some of the bottlenecks in
engineering workflows?
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Figure 1.5: Images of commercial floating wind turbine projects in the EU.

1.3 THE ROLE OF DATA

Observations and data have always played a central role in the scientific under-
standing of our surroundings. In an engineering context, data broadly refers to information
obtained through measurements, experiments, or numerical simulations. In the last decades,
with the advent of accessible machine learning and statistical tools, data have become
especially important. Even our actions, decisions, interactions, education, and research
are significantly influenced by large data-driven models. The so-called data revolution has
been so important that it is said to have given rise to the "fourth industrial revolution” [22].

With increasing access to cheaper, more advanced sensors, data are being con-
stantly collected and analyzed from wind farms. Numerical models are utilized to generate
valuable data essential for the design, validation, and monitoring of wind turbines. Some
of the common data sources in the field of wind energy include:

« Time-domain numerical simulations: Multi-physics simulation tools such as Open-
FAST [23, 24], HAWC?2 [25] and BHawC [26, 27] provide a coupled aero-servo-hydro-
elastic representation of the wind turbine ensemble. They are used to calculate
time-domain responses such as power, torque, rotor speed, blade and tower loads,
among other quantities. The engineering tools are used extensively at every step of
the design, validation, and certification process. The wind turbine blades are repre-
sented by Euler-Bernoulli beam elements in simple cases, or fully nonlinear Finite
Elements when large blade deflections are expected. The blades are subject to both
gravitational loads and aerodynamic loads, which are calculated using approaches
such as the Blade Element Momentum Theory (BEMT) and the Free Vortex Wake
(FVW) model, among others. The sub-sea elements of offshore wind turbines are
also subject to hydrodynamic loads from irregular waves. In the case of floating
wind turbines, the mooring lines and the foundation elements also need to be treated
appropriately.

Frequency-domain numerical simulations: The wind turbine is represented by a
linear, frequency-dependent system, which is used to solve the steady-state response
at the excitation frequencies [28-30]. These numerical models are much faster than
time-domain simulations for estimating the wind turbine’s coupled dynamic response.
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They are especially valuable for analyzing floating wind turbines, where the dynamic
response of the floating structure can be computationally expensive to calculate
using time-domain models.

« Computational Fluid Dynamics (CFD): With the growing interest in simulating
entire wind farms to study the wakes and the interaction with the atmospheric
boundary layer, CFD approaches have become central to wind turbine and farm
design. Blade-resolved CFD simulations of wind turbines, let alone wind farms, are
still computationally extremely expensive. In wind farm settings, wind turbines are
often modeled as permeable discs in the flow field, known as Actuator Disc Models
(ADM). A second approach is the Actuator Line Model (ALM), where the blades are
represented as elements with certain airfoil properties that enforce body forces on
the flow field. A third approach is the Actuator Surface Model (ASM), where the
two-dimensional airfoil properties can be modeled as a function of the chord. CFD
simulations are used to gain a deeper understanding of physical phenomena such as
blade-vortex interaction, the unsteady aerodynamics and hydrodynamics of floating
wind turbines in motion, and wake development. The high-fidelity data are also used
to validate and improve lower-fidelity engineering models.

« Supervisory Control and Data Acquisition (SCADA) data: SCADA data are routinely
collected on installed wind turbines to record quantities like the wind speed, strain,
nacelle acceleration, wind direction, power, RPM, gearbox quantities, etc. SCADA
data are generally stored as 10-minute statistics- mean, standard deviation, and
range.

« High frequency sensors: Typically, on research turbines, higher frequency (e.g.,
25Hz) measurements of various quantities on the turbine and of the environment
are recorded. These are typically used for close condition monitoring of the wind
turbine.

« Alarm logs: The SCADA system records alarms in case of incidents that induce
an operational change. Alarms are activated, for instance, in cases of extreme
environmental conditions, voltage dips in the grid, manual restrictions due to grid
loads, maintenance activities, and component malfunction [31].

« Metocean data: Data from reanalysis models like the ERA5 reanalysis [32] at the
wind farm site are combined with recorded data to form a complete picture of the
operating conditions.

This diverse range of data provides valuable insights for a variety of applica-
tions, including predictive maintenance, improved energy forecasting, and enhancement
of system reliability. The data-driven insights are used not only to drive operational im-
provements through digital twins but also during the early stages of conceptual design
optimization, site selection, and developing our understanding of the dynamic behavior of
the complex system. With the recent advancements in the field of machine learning, new
approaches are developed to create a functional representation of complex systems in the
form of data-driven surrogates. Some of the common applications of wind turbine data are
elaborated as follows:



1.3 THE ROLE OF DATA 9

« Correlation studies: Analyzing data from simulations or sensors can be useful in
establishing correlations between different quantities. Much research has already
been performed on this topic for fixed-bottom wind turbines. [33-39]. For floating
wind turbines, this is still an active area of research. Some recent studies have
investigated the correlation between the environmental conditions and energy yield,
as well as fatigue loads [40-44]. Identifying the combinations of conditions that
exacerbate the fatigue loads on the structure can help identify important load cases
during the design and certification process, design leaner structures, and identify
safe installation sites.

Site analysis: Before installing wind turbines and designing a site-specific tower, a
thorough site analysis is conducted using available metocean data. This analysis
helps estimate the turbine’s performance and ensures a safe operational lifetime.
Site-specific information is used to evaluate a series of Design Load Cases (DLCs)
through advanced multi-physics numerical tools—this process can be computation-
ally expensive. For situations where environmental variables are few, look-up tables
provide a quick way to calculate loads. However, offshore wind turbines involve a
larger set of variables, including the joint distributions of sea states, which compli-
cates the analysis. In such cases, data-driven surrogates offer a significant advantage
by mapping site conditions to wind turbine loads, accelerating the evaluation process
[45-53].

+ Condition Monitoring Systems: Continuously monitoring the state of the wind
turbine components such as the gearbox, bearings, and the drivetrain, by analyzing
the data collected from temperature and vibration sensors, can allow for condition-
based maintenance in place of periodic maintenance activities [54-58]. This is
especially useful for offshore wind turbines, where the operation and maintenance
costs are generally high, up to about one-third of the total levelized cost of energy
[59, 60].

Structural Health Monitoring: Structural health monitoring techniques use data from
a variety of online sensors such as accelerometers, strain gauges, tilt meters, etc., to
extract damage-sensitive features and assess incremental structural changes over
time [61-63].

« Virtual sensing: Virtual sensing entails mapping the observations from installed
sensor locations to signals that cannot be measured on a real wind turbine, such as
fatigue loads in the bearings and gear contacts. Data-driven models are trained to
learn this mapping from data obtained from numerical simulations [59, 59, 64, 65].

« Fault detection and failure prediction: Digital twins relying on data are used for fault
detection [64], investigation, and prediction of similar failures in the future using
data-driven prediction strategies [66, 67].

« Wind turbine controller design: Modern techniques like model predictive control
require the prediction of the future state of certain quantities to make control de-
cisions. This entails having a representation of the nonlinear system to make fast
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predictions of the future states. Data-driven models like reinforcement learning and
long short-term memory have been explored in this context [68-72].

« Data-driven design optimization: Data-driven surrogates have been explored to
accelerate the process of geometry optimization- including the floater [73], and
blades [74-76]. This is because the numerical tools in the optimization loop are
generally computationally expensive, and an iterative change in the geometry entails
re-simulating the new designs several hundred times to find the optimal solution.

» Wake modeling: Data from CFD simulations has been used to enhance and validate
the analytical or data-driven wake models used in wind farm layout optimization
tools [77-81].

« Wake steering: Dynamic wake steering of individual wind turbines can result in
improving the total annual energy production of the wind farm while reducing the
fatigue loads. The calculation of wind turbine loads in the presence of wakes to
solve such a multi-objective optimization problem is computationally expensive.
Data-driven surrogate models trained on aeroelastic wind farm simulations enable
the calculation of quick load estimates, which can be used to design control laws
that determine the optimal yaw angle to achieve optimization objectives [82].

Fatigue life extension: The true remaining fatigue life of the wind turbine can be
determined by using the SCADA data as input to calculate the accumulated fatigue
at any point in time. Data-driven surrogate models trained on numerical data are
often used for this application, as it entails calculating loads on several thousand
operating points [83, 84].

1.4 RESEARCH MOTIVATION

The previous section presented various scenarios in which different types of data
can be leveraged to enhance, accelerate, and develop new industrial processes. However, in
reality, engineering applications often have limited access to information, which is noisy
due to stochasticity, missing information, and measurement inaccuracies. At the same
time, the surrogate model is expected to have a high level of accuracy and not deviate from
natural physical constraints. This motivates research into methods that can quantify this
uncertainty in predictions. This is the primary focus of the thesis.

This research focuses on the need for accurate, data-driven surrogates that map
site conditions to the corresponding loads on the wind turbine tower and blades, enabling
quick site analysis. Data-driven surrogates for site analysis for fixed-bottom onshore wind
turbines have been under investigation in recent years. However, the majority of the
research has focused on complex uncertainty quantification approaches for simple onshore
models or a deterministic mapping on fixed-bottom offshore wind turbines. Furthermore,
there is a standard process for binning the site-specific wind speed distribution and scaling
the short-term fatigue loads to the accumulated lifetime fatigue loads accordingly. However,
for FOWTs, the number of relevant variables is larger, and properly accounting for the
complex joint distribution while calculating the long-term fatigue loads remains a topic of
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research. Figure 1.6 shows the interesting site conditions that would be provided to the
surrogate as input to predict the 10-minute Damage Equivalent Loads (DELs) on the tower
and blades. The motivation and novelty of this work lie in three aspects:

« Extending existing data-driven approaches for mapping metocean conditions to
load statistics, which have largely been applied to simple turbine configurations, to
complex FOWTs.

+ Developing methods to provide uncertainty estimates in the loads of FOWTs to
account for the stochasticity in the inflow conditions.

« Developing methods to account for the effect of the joint distribution of the input
variables when calculating the long-term fatigue loads on FOWTs.

10-min. statistics - Input 10-min. statistics - Response
Turbulence Blade root edgewise
Wind speed and flapwise DEL or
Shear exponent standard deviation

Tower bottom and tower top

Yaw misalignment
& DEL or standard deviation

Spectral peak period
Significant wave height

Wave direction

Figure 1.6: Schematic of the surrogate modeling mapping. On the left, the various site conditions defining the
input are listed. On the right, the response channels of interest are shown.

1.5 RESEARCH OBJECTIVE AND RESEARCH QUESTIONS

Given the identified research gap and motivation, the main research objective
can be defined. As discussed in Section 1.3, data-driven surrogate models play a crucial
role in wind energy applications, primarily by significantly reducing computational costs
associated with complex processes.

The objective of this work is to develop an approach for training probabilistic
surrogate models to quantify uncertainty in the 10-minute statistics of wind turbine load
response, with site analysis as the primary application. As the number of dimensions, or
features, increases, the total number of simulations performed to build a load response
matrix increases exponentially. Surrogate models are a great tool to use sparse sampling to
avoid grid-based sampling and reduce the simulation count. The approach presented in
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the thesis for building probabilistic surrogates is very generic and can be applied to other
areas, such as the estimation of remaining fatigue life and the prediction of extreme loads.

Research objective

RO To develop a workflow for training probabilistic surrogate models for quanti-
fying the uncertainty in the 10-minute statistics of the load response of wind
turbines for site analysis

In order to address the proposed research objective, it is necessary to investigate
uncertainty in wind turbine load prediction from multiple perspectives. This includes
identifying the primary sources of uncertainty inherent in load modeling, understanding the
influence of environmental conditions on fatigue loading, and evaluating the performance
of probabilistic surrogate models across different wind turbine configurations. Finally, the
practical relevance of uncertainty quantification is addressed in the context of long-term
fatigue load evaluations. The following research questions are therefore defined to structure
the thesis.

Research questions

RQ1 What are the leading sources of uncertainty in wind turbine load prediction?

RQ2 What are the environmental conditions that most impact the fatigue loads in
floating wind turbines?

RQ3 How does probabilistic model fitting compare in the case of onshore, fixed-
bottom offshore, and floating wind turbines?

RQ4 Does uncertainty matter in long-term fatigue load evaluations?

1.6 THESIS OUTLINE

The structure of the thesis is outlined below.

Chapter 1 Introduction
A general introduction to the thesis covering the main research objectives and the
chapter outline.
Chapter 2 Background and motivation for data-driven site analysis
Why investigate probabilistic load surrogates? This chapter provides a background,
along with a detailed review of the existing literature, to highlight the research gaps.
Chapter 3 Methodology

This chapter presents the theoretical background of the various probabilistic data-
driven surrogate models investigated in this part, along with the statistical correlation
methods and the methods used to estimate the goodness of fit of a model.
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Chapter 4

Chapter 5

Chapter 6

Chapter 7

Load surrogates for fixed bottom wind turbines

The IEA 10-MW wind turbine’s onshore configuration and offshore monopile are
used as prototypes to develop surrogate models to map 10-minute statistics of site
conditions to the corresponding load statistics. Several deterministic and probabilistic
surrogate models are evaluated for predictive accuracy and ease of implementation.
This chapter provides an overview of the simulation tools used to generate the data,
set up the simulations, and analyze the results.

Data analysis of the TetraSpar demonstrator measurements

A correlation study is conducted between the 10-minute DELs and the site parameters,
using data obtained from the TetraSpar demonstrator. The analysis is repeated on
one-to-one simulations performed with BHawC.

Load surrogates for floating wind turbines

Mixture Density Network (MDN) is used to map 10-minute statistics of site condi-
tions to the corresponding load statistics on a spar-buoy type floating wind turbine.
The surrogate is further used to make probabilistic estimates of the lifetime fatigue
damage. This chapter provides an overview of the simulation tools used for generat-
ing the data, setup, and analysis of the generated data before fitting the data-driven
model.

Conclusions

The conclusions, research experience, and lessons learned from the thesis are pre-
sented together in this chapter. It also presents the potential for future investigations
and recommendations for the users of the surrogate models.







BACKGROUND AND MOTIVATION FOR
DATA-DRIVEN SITE ANALYSIS

Selecting an appropriate site for a wind farm is crucial to ensuring the structure’s safe
and reliable operation throughout its lifespan. Site assessment typically involves detailed
numerical analyses to evaluate the wind turbine’s structural integrity under well-defined
design load cases. However, as the number of site variables increases, the fatigue analysis,
in particular, becomes computationally expensive. Data-driven models offer a solution by
inferring fast-computing functions to map site conditions to fatigue loads, significantly
reducing overall simulation time and expense. This chapter explores the motivation for
developing such a framework, emphasizing the probabilistic nature of the problem. Addi-
tionally, it provides a comprehensive review of state-of-the-art data-driven load surrogate
modeling.

This chapter is partly based on:

[2 D. Singh et al. Probabilistic surrogate modeling of damage equivalent loads on onshore and offshore wind turbines
using mixture density networks, Wind Energy Science [85].

[2 D. Singh et al. Data-driven probabilistic surrogate model for floating wind turbine lifetime damage equivalent
load prediction, Wind Energy Science Discussions [86].
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2.1 SITE ANALYSIS

To select a wind turbine for a specific site, the developers need assurance of its
safe operation during its lifetime. The safety is compromised if any of the following limit
states are encountered:

« Fatigue loads The wind turbine’s structure, during its operational lifetime, is subject
to constantly fluctuating loads due to complex and stochastic site conditions, leading
to fatigue damage. The extent of this fatigue depends on various factors, including
the type of foundation, material properties, control algorithms, and site-specific
conditions.

« Ultimate loads Various scenarios, including extreme turbulence conditions and wave-
induced loads, can induce loads that exceed the material’s ultimate tensile strength,
leading to breakage.

« Instability Resonance due to the excitation of the structure’s natural frequency
significantly increases the loads.

« Tower strike Modern wind turbines are designed with highly flexible blades that
deflect and twist under dynamic aerodynamic loading. The wind turbine components
must be designed so as to avoid the blade striking the tower under any circumstance.

It is up to the manufacturers to provide a detailed assessment of the structural response
of the wind turbine for the site-specific conditions. Site analysis is crucial in estimating
installation, maintenance, and operational costs, while ensuring that the fatigue and
ultimate limit states are not exceeded during the wind turbine’s lifetime.

The International Electrotechnical Commission (IEC) provides design standards
[87, 88] that define DLCs for various loading, operational, and fault scenarios. These
DLCs are simulated for site-specific analyses using a type-certified rotor-nacelle assembly
with reference tower and foundation configurations. As projects progress, site-specific
parameters, including foundation design, mooring systems (for FOWTs), and environmental
conditions, are incorporated into detailed certification studies. The load simulations,
performed using time-domain multi-physics engineering tools [23, 25, 26, 89, 90], calculate
both fatigue and ultimate loads. However, the computational cost can be substantial,
especially for fatigue calculations. In the case of offshore wind turbines, the computational
cost of each 10-minute time-domain simulation can range from tens of minutes to a few
CPU hours, depending on the complexity of the model, computing framework, and code
efficiency. The total number of simulations that need to be evaluated at each site can be on
the order of tens of thousands, significantly inflating the total computational overhead of a
site assessment campaign.

Fatigue is a multi-scale phenomenon that depends on the material composition,
composite structure, geometry, control operations, and inflow dynamics. The estimation
of the fatigue damage for FOWTs, in particular, is computationally intense due to the
more complex wave-structure coupling. The lifetime fatigue load assessment entails
calculating the 10-minute DELs on multivariate bins of typical variables characterizing
the site and scaling them to the observed probability of occurrence. Not all site variables
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can be practically included in fatigue load analysis, as the required number of simulations
increases exponentially with each additional variable. The choice of the variables in the
offshore environment that have the most impact on FOWT fatigue is currently an active
area of research [43, 91]. The total computational cost of the simulations also constrains
the lower limit of the bin size. While industry-standard engineering tools are necessary for
certification, the preliminary site analysis can benefit from data-driven surrogate models to
provide quick load estimates. Data-driven surrogates can infer complex relationships from
data observations alone, without requiring prior knowledge of the underlying physics.

2.2 FATIGUE CALCULATIONS

Structural fatigue

Fatigue damage is the initiation and progressive growth of microcracks in a structure
from continuous stress fluctuations.

Fatigue damage results from continuous, cyclic loading on a structure over time.
In wind turbines, the stochastic site conditions induce stresses on the structure that are
irregular in nature, as illustrated in Figure 2.1. The stochastic loads are typically much lower
than the yield stress; yet, over time, they lead to micro-cracks that eventually propagate
and can cause severe damage. Fatigue assessment has gained increasing importance over
the years as wind turbines have become larger and more economical, and are installed in
sites with complex wind flow conditions and offshore locations, where they are subject to
additional hydrodynamic loading.

Stress [-]

Time [-]
Figure 2.1: Sketch of a typical time-varying stress profile on a wind turbine.

Fatigue calculations typically follow the process shown in Figure 2.2. Step 1 is to
obtain historical data from the site. High-frequency (in seconds) information is useful in
determining the turbulence characteristics of the wind profile, as well as extreme events
such as gusts and jets. Low-frequency historical wind data (minutes to multi-hourly period)
collected over several years is used to calculate the average wind histogram. As an example,
in Figure 2.3, a time series of the reference wind speed is analyzed. The data are converted
into a histogram with a bin size of 0.5ms™!, allowing for the determination of wind speed
frequency within specific ranges. From this, the probability of occurrence of each interval,
Ppin, within the given time frame can be calculated. If additional variables are necessary to
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characterize the site, their joint probability of occurrence is taken into account. In addition
to the wind-related variables, FOWT fatigue calculations also require quantities such as
significant wave height, wave direction, spectral wave period, wave spectrum, current
speed, and current direction as a function of the water depth. The site data, in accordance
with the certification requirements, is used to generate a table of simulations for fatigue
calculations.

1. Identify the appropriate site condi-
tions and group them into intervals
(bins) to generate a simulation table.

1

2. For each bin’s inflow statistics, gen-
erate a turbulence box. For offshore
wind turbines, define a wave spec-
trum based on the wave statistics.

N
3. Perform a dynamic numerical simu-

lation using engineering tools to obtain
the time history of stresses and moments
from critical locations on the wind turbine
4. Use Rainflow counting to con-
vert irregular time series into

blocks of fixed amplitude loading

[

5. Calculate the partial fatigue damage
for 10-minute intervals using Miner’s rule

[

6. Scale the partial damage by the probability
of occurrence over the lifetime of the wind
turbine to obtain the lifetime fatigue damage

Repeat for ngeeds

Figure 2.2: Process of calculating fatigue damage on wind turbine parts.

Step 2 involves generating a turbulent inflow field. Solving the Navier-Stokes
equations to obtain the atmospheric turbulence field is computationally very expensive
and, thus, infeasible. Instead, a number of stochastic methods have been proposed that
model the statistics of the inflow rather than an accurate evolution of the eddies. Solvers
such as TurbSim [93] and HAWC2 [25] use a spectral representation of turbulence based on
the Kaimal [94] or the Mann model [95]. A turbulence spectrum describes how the energy
of turbulent fluctuations is spread across different wave numbers (k). k, in turn, relates
to the physical length scale () of the eddies. The turbulence generation modules of the
time-domain engineering tools generate a turbulence field in the wave number space and
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Figure 2.3: Example of an hourly wind speed time series obtained from the ERA5 reanalysis database [32] for Sud
de la Bretagne [92] is shown on the left. The image on the right shows the corresponding histogram with the
wind speed bins.

then transform it into physical space using the inverse Fourier transform. In the Kaimal
approach, the turbulence box can be visualized as a series of two-dimensional grids of
turbulent inflow, slightly larger than the rotor diameter. Subsequently, Taylor’s frozen
turbulence hypothesis is employed to propagate the two-dimensional grids downstream.
An illustration is shown in Figure 2.4. The hypothesis assumes that the turbulent structures
remain unchanged in the frame of reference of the mean wind speed. The Kaimal model
accounts for spatial correlations between velocity components using empirical coherence
functions, which approximate anisotropy but do not fully resolve it. Alternatively, the Mann
or the uniform shear model uses rapid distortion theory to model turbulence affected by
mean shear, combined with the concept of eddy lifetime, to produce a 3D spatial turbulence
field. The advantage of this approach is that the three inflow components are generated
simultaneously using an anisotropic spectral tensor formulation, which inherently captures
the correlation between vertical, lateral, and longitudinal turbulence fluctuations. The
stochastic methods can create any number of realizations of turbulence boxes by means
of random seeds. The simulations are often repeated with multiple boxes to ensure seed
independence.

Taylor’s frozen turbulence hypothesis

Suppose the turbulent velocity fluctuations u’ are much smaller than the mean
velocity U, i.e., | u/ |« U. In that case, Taylor’s frozen turbulence hypothesis states
that the turbulent eddies remain practically unchanged as they advect downstream
with the speed U. This allows us to relate the spatial (x) and temporal () fields
such that t = 7.

J

For offshore wind turbines, it is crucial not only to define the turbulence model
but also to characterize the wave energy spectra. This is essential for understanding the
dynamic environmental conditions the turbines will face, as wave patterns significantly
influence the instantaneous and fatigue loads on the system. There are various mechanisms
of wave generation:

« The interaction between the wind and the surface of the ocean.
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Figure 2.4: Illustration of turbulence boxes and the advection direction. The left image shows the Kaimal approach
with the two-dimensional turbulence grids. The image on the right represents a 3D turbulence grid from the
Mann model.

+ Any large floating body that is moving forward or oscillating.

« The presence of a static large structure (relative to the wavelength) causes diffraction
and alteration of the wave phase [96].

« Tidal movements due to astronomical forces.
+ Movement in the ocean bottom due to earthquakes.

+ The presence of internal waves as a result of temperature differences in the water
body, causing density stratification.

Out of these, the predominant mechanism of wave generation is due to wind. The wind-
generated waves are further characterized into two types. The first are called sea waves,
which are local, irregular, and unpredictable perturbations of the ocean surface, generating
short-crested waves. Swell is the other type of wave pattern that was wind-generated but
has propagated several hundred kilometers away from the origin. These types of waves
are more long-crested with smoother crest [97].

The wave elevation is generally measured at a point location using simple wave
buoys to obtain a time history. Performing a statistical analysis of the time history yields
the average wave period and wave height statistics. The mean period is simply the average
period of the wave crests or troughs. Wave height statistics are more complex to compute.

As shown in Figure 2.5, the wave height (h) of successive zero-crossing peaks
is calculated. The heights are binned into groups with fixed intervals. The number of
occurrences is counted for each bin and divided by the total number of wave height counts
to obtain the probability density function (f(x)) and the cumulative density function (F(x))
as shown in Figure 2.6. Significant wave height is defined in the time domain (Hj /3) as the
average of the highest 1/3 of the wave heights,

5 N/3
Hy;s=— h; 2.1
1/3 NJZ{ j (2.1)
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Figure 2.5: Time history of the wave elevation ({) with the successive wave heights (h) highlighted.
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Figure 2.6: The corresponding probability density function and cumulative density function of the wave height
measurements from time series data.

where j represents the rank and h; are the individual wave heights.

More commonly, it is defined in the frequency domain (Hp,) as four times the
standard deviation of the sea surface elevation 0. o, can be calculated by taking the square
root of the zeroth-order moment of the wave spectrum (area under the spectral curve).
Details of the frequency domain representation of waves are outlined in the following
section. Hy, is expressed as,

Hm() = 40',7 (22)

Hpo and Hy /5 are used interchangeably as Hy in deep sea conditions. The spectral
peak period or peak spectral wave period (T}) is defined as the wave period with the
highest energy peak in the wave spectrum.

Waves are stochastic in nature; therefore, they should be characterized in a proba-
bilistic manner. Under the assumption of linearity, the irregular wave elevation profile can
be decomposed into a set of regular sinusoidal waves with their own amplitude, phase, and
frequency, which allows it to be transformed in the frequency domain. The energy content
of the waves is defined using the wave energy spectra. The spectral models are often
empirical, based on ocean data collected at several locations. Some of the simpler models,
like the Pierson-Moskovitz spectrum [98], assume a single peak without a swell component
for fully developed sea states. Fully developed sea state corresponds to conditions where
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the wind-generated waves have reached their maximum potential/size for a given wind
speed, wind duration and fetch. The Pierson-Moskowitz spectrum is described as,

-4
5 _ 5( w
Spm(w) = EHSZw;w > exp <—4 <w> ) (2.3)
p

where w, = ZT—” is the angular spectral peak frequency. Hasselman et al. [99] later discovered
through the Joint North Sea Wave Observation Project (JONSWAP) that the spectrum is
never fully developed and presented an extension to the Pierson-Moskowitz spectra in the
form of the JONSWAP model. It is described as,

S(@) = Ay Sp()y PO maprap’ (2.4)

where y is the spectral peak parameter, which takes a value between one and seven. ¢ is the
spectral width parameter, equal to 0.07 for © < w, and 0.09 otherwise. A, =1-0.287log(y).
More recently, Torsethaugen et al. [100] published a two-peak spectral model suited for
the North Sea conditions that also accounts for swell. It is a summation of two JONSWAP
spectra fitted to measurements from the North Sea, with a number of empirical constants
(100, 101]. Figure 2.7 compares the three spectral models for wind sea (T, = 6s) and swell
sea (T, = 12s) states at H; = 2m. In this work, the JONSWAP wave spectrum is used in
Chapter 4 and Torsethaugen in Chapter 6.
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Figure 2.7: Comparison of Pierson-Moskowitz, JONSWAP and Torsethaugen wave spectral models for two wave
periods, Hy = 2m [101].

Step 3 uses the inflow field and wave information to calculate the shear forces
and moments on the blade and tower elements in response to the external aerodynamic
and hydrodynamic forces. The Blade Element Momentum (BEM) model is used to calculate
the forces on the rotor. BEM relies on several assumptions, such as incompressible, steady,
inviscid flow, and blades acting as an actuator disk to facilitate practical computations
of aerodynamic forces on the blades. Modern engineering tools combine sophisticated
dynamic stall models, control laws, physical characteristics of the mechanical actuators,
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hydrodynamic solvers, and structural models for blades, towers, foundation, and mooring
lines to obtain loads on the complex wind turbine structure. Figure 2.8 highlights the various
modules constituting a typical multi-physics engineering tool required for certification
analyses. The length of the simulations per simulation is determined by the IEC standards
[87]. For fatigue calculations on the tower and blades (DLC1.2), the length of the simulation
is typically 10 minutes. The IEC also recommends that the simulations be statistically
independent of the turbulence seed. Therefore, each simulation is repeated with multiple
turbulence seeds, and the resulting short-term fatigue damage is averaged over the seeds.
In FOWTs, the fatigue calculation of mooring lines requires longer simulations (several
hours) as a result of their long natural periods.

&_Controller
P
tructural dynamics

Hydrodynamics
Substructure

Mooring line dynamics J

Figure 2.8: Various modules that comprise the coupled multi-physics engineering tools used for wind turbine
simulations.

Rainflow counting

Method to count load range cycles from an irregular load time history. Rainflow
counting decomposes the load time series into several sets, each consisting of a
number of cycles per load range (or amplitude), in order to represent the fatigue
load as a single value, termed equivalent load.

The irregular time history of stresses cannot directly be used to calculate the
partial fatigue damage in the 10-minute window. In step4, it is first converted into blocks
of constant amplitude loading using the Rainflow counting algorithm [102]. The algorithm
identifies peaks and valleys in the load history, groups them into full and half cycles, and
calculates their ranges and mean stress. As a result of Rainflow counting, the stress ranges
(AS) and the corresponding number of occurrences (n) are obtained. In step 5, the S-N
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curve is used to calculate the corresponding number of cycles to failure, N, if the material
were subjected to a constant range cyclic loading with a stress range AS. If N cycles are
not reached, only a fraction of the fatigue life is used up. This is termed partial damage.
The partial damage for the i*" load range is simply d; = n;/N;. The linear Palmgren-Miner
accumulation law states that partial damages can be summed linearly to determine the
total fatigue damage of the structure. Therefore, for the 10-minute stress signal, the total
fatigue damage is given by Dyp = ). d;.

Instead of dealing with many cycles of varying loading after Rainflow counting,
an alternate approach is to calculate the 10-minute DELs. DEL is the constant range
and frequency load that the structure would need to be subjected to in order to achieve
the equivalent fatigue damage as the irregular stress signal. DEL is useful in comparing
different designs and operating conditions, as the fatigue damage is reduced to a single
representative value. To obtain 10-minute DEL, the equivalent number of load cycles, Ni.t,
is often chosen as 600, resulting in a frequency of 1Hz.

Damage equivalent load

DEL is the constant range and frequency load that the structure would need to be
subjected to in order to achieve the equivalent fatigue damage as the irregular load
signal. For example, a stress (or loads) time series can be decomposed into blocks
of stress ranges S; and the corresponding number of cycles n; from the Rainflow
counting algorithm. The DEL for the stress time series is given by,

o ASP\ Y™
ASeq = <—Zl_11\]r;f ’ ) (2.5)

where m is Wohler’s exponent. The value of m indicates how quickly the material
accumulates damage as stress increases. Nyt is the reference equivalent number of
cycles defined by the user.

To calculate the lifetime fatigue damage of a component, the probability of occur-
rence of each of the bins, Py, obtained in the first step is required. In step 6, the probability
is multiplied by the total number of 10-minute periods Ny in L years as,

Nio = Ppin X6 %x24%x364.25x L. (2.6)

The total damage in L years is a linear sum of 10-minute partial damages or of 10-minute
DEL,

D= ZNIOiXDIOi (2.7)

where i iterates over the bins. Finally, the safety factors for loads (yy), material (), and
consequence of failure (y,) are taken into account to determine whether D is less than
1/CyfYmYn)-

As seen here, the process of retrieving fatigue damage is extensive and requires
many simulations. Additionally, there are several sources of uncertainty:

« The distributions of the site conditions derived from the historical data are not exact.
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« The choice of the bin size is arbitrary.
« The turbulence and wave fluctuations are stochastic.
« The frequency of data acquisition (sample rate) can affect total fatigue.

« Engineering models and data-driven models have limitations and are dependent on
parameters.

Predicting fatigue with fast, low-fidelity physics-based approaches is not straight-
forward, especially if the various uncertainties have to be accounted for, and can benefit
from data-driven methods. Using surrogates that accurately estimate DEL can potentially
eliminate the need for site data binning. This enables the direct use of multivariate joint
distributions to represent the data more holistically. Surrogates can also be used to identify
the most important features using global sensitivity analyses to ultimately reduce the
dimensionality of the parameter space. Once trained, surrogate models can directly use
all the available site information to estimate the site-specific DELs quickly. In addition,
probabilistic surrogates can also propagate the statistical uncertainty from the stochastic
input variables to the loads.

2.3 PROBABILISTIC SURROGATES

Data-driven surrogates for wind turbine or wind farm-level loads are often de-
signed with deterministic models. Given a training dataset with d-dimensional input
parameters x € R?, the deterministic surrogate maps them to the corresponding output
observations y € R. However, the assumption of a deterministic relationship between
inputs and outputs does not hold in our case. For instance, keeping every other input
constant, a single value of 10-minute mean wind speed can correspond to an infinite
number of turbulent inflow patterns, resulting in an infinite number of DEL values with a
certain probability distribution conditioned on that wind speed. Tools such as OpenFAST
take as input a frozen turbulence field generated by TurbSim [93], consisting of stochastic
turbulence patterns created using pseudo-random number generators initialized by random
seeds. Thus, repeated simulations with the same input parameters but different seeds result
in different values of output quantities, yielding a multi-valued mapping, such as that
shown in Figure 2.9. On repeating the simulations with sufficient seeds, the load statistics
converge towards a value of statistical moments that characterize a random variable, de-
noted Y | X = x, where X represents the joint Probability Density Function (pdf) of the
input random variable and Y is the pdf of the corresponding response.

How is this uncertainty in DEL characterized? Uncertainty is categorized as either
aleatoric or epistemic in nature. Aleatoric or irreducible uncertainty results from the
intrinsic stochasticity or randomness of a process. The second type is epistemic uncertainty
or reducible uncertainty, as it is a result of a lack of sufficient data or a subjective lack of
knowledge. The combined effect of these can result in complex noise patterns in the data
indicated by heteroscedasticity, non-Gaussianity, and multi-modality in the conditional
response [103, 104]. The conditional target predicted by the surrogate combines the two
sources of uncertainty.
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Figure 2.9: Schematic representation of the multi-valued mapping of the input-output pairs used to train the
surrogate.

Heteroscedasticity and homoscedasticity

Homoscedasticity refers to the homogeneity of the conditional variance of a variable
across all values of another set of variables. In contrast, heteroscedasticity occurs
when the variance of a variable depends on the values of the independent variables.
A simple example differentiating the two cases is shown in the figures below.

Homoscedastic Data Heteroscedastic Data
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In regression problems, the homoscedasticity/ heteroscedasticity is talked about in
terms of the nature of the errors or the residuals after fitting a model.

J

A simple regression model for a dataset with random variables (X,Y) can be

expressed in the form
Y=F(X)+e, (2.8)

where f is a deterministic function of the independent variable. Thus, E(Y) = f(X)
is the deterministic component of the model. ¢ ~ M'(0,0) is the normally distributed
noise component with a standard deviation of 0. A deterministic framework can only
accommodate the average conditional of the target. Therefore, when deterministic models
are used, the common practice is to convert the multi-valued problem to a single-valued
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setting by averaging the response at each sample point x over many random seeds to
approximate E(Y|X = x). Some of the drawbacks of this approach include:

« A finite sampling of input loading due to stochastic representations of wind and waves
in time-domain simulations introduces uncertainty in the turbine’s load response.
Although the IEC61400-3-1 [87] guidelines for DLC 1.2 do not explicitly state the
number of seeds needed per case for statistical convergence, they do specify that
the number and duration of simulations shall be sufficient to avoid seed dependence.
Liew et al. [105] concluded that some load channels are more sensitive to the
number of seeds than others. For training surrogates, it is common to run 60-
minute-long simulations and obtain the average response or perform four to ten
10-minute simulations over different random seeds to obtain the average response
before training the surrogate [45, 47, 53, 106]. The variability in the response with
fewer seeds can be interpreted as noise, forcing the surrogate model to interpolate
the noise in case of a small dataset or fit the mean of the response when the dataset is
large. However, the mean may be wrongly inferred if the response is non-Gaussian.
Seed repetitions add a significant computational cost to the data generation phase,
especially when dealing with expensive simulations, as in the case of FOWTs.

« Modern wind turbines are equipped with sophisticated controllers that can lead to
multi-modal responses in loads. Training the model on the expectation of a multi-
modal distribution can misrepresent the actual load pattern, as the average of several
correct target samples is not necessarily a meaningful target value.

+ Most real-world learning tasks involve data sets with complex patterns of missing
features that introduce aleatoric uncertainty. Unlike numerical simulations, seed
repetitions cannot be performed on such datasets.

An alternate approach is to use probabilistic regression that models the targets as
random variables with an unknown conditional distribution, Y|X = x. Probabilistic models
provide a framework for informed decision-making by predicting a confidence interval
in addition to the average response. For instance, the uncertainty in the 10-minute DELs
can be propagated to the lifetime DELs while also considering the distribution of the wind
speeds to design less conservative, site-specific structures. Probabilistic surrogates such as
conditional generative adversarial networks and conditional variational autoencoders use
latent variables to infer meaningful quantities from data with complex noise distributions
[107-110]. Other probabilistic regression approaches like MDNs [111] and generalized
lambda distributions [112] use maximum likelihood estimates to infer the conditional
distributions in stochastic systems. Simulation repetitions before training are therefore
unnecessary and significantly reduce training time.

2.4 ADVANCES IN SURROGATE MODELING OF DAMAGE EQUIVA-
LENT LOADS

Wind turbine loads, for site-specific fatigue analysis and wind farm design, have
commonly been approached with deterministic models like standard Artificial Neural
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Networks (ANNSs), [46, 47, 113]. ANNs are extremely powerful and emulate the loads
well if the training data have been averaged over a set of inflow turbulence realizations.
Shaler et al. [47] compare the performance of inverse distance weighting, ANNs, radial
basis functions, Kriging with a partial least squares dimension reduction, and regularized
minimal-energy tensor-product b-splines in a wind farm array. They observe the highest R
values for ANNs and the inverse distance weighting method. These approaches, however,
do not aim to account for the variance of the load response.

The standard Gaussian Process Regression (GPR) [114] is a probabilistic surrogate
that is capable of uncertainty quantification. However, in its standard form, it is restricted
to normally distributed homoscedastic responses. Nevertheless, due to its flexibility and
ease of implementation, it is widely used as a surrogate to estimate the fatigue load response
in wind turbines [51, 115-117]. Gasparis et al. [118] compare GPR to other data-driven
methods like linear regression and ANNs for modeling power and fatigue loads, showing
superior performance by the GPR. Similarly, Dimitrov et al. [45] evaluate importance
sampling, nearest-neighbor interpolation, Polynomial Chaos Expansion (PCE), GPR, and
quadratic response surface (QRS), to conclude a better performance again by the GPR
despite a computational penalty. Slot et al. [53] provide a thorough comparison of the
performance of PCE and GPR for the uncertainty quantification of fatigue loads on NREL’s
5MW reference onshore wind turbine. They conclude the need for a minimum of four
random seeds per training sample in the case of GPR to make high-accuracy predictions.
They also note that GPR performs better per invested training simulation than PCE. Haghi
et al. [119] use temporal convolutional networks (TCNs) and acceleration-infused TCN
to project synthetic unsteady wind time series obtained from TurbSim onto wind turbine
DELs. The models take complex information from the wind field and make relatively good
estimates of the load channels close to the rotor. The methods are, however, shown to be
complex and lose accuracy in the tower bottom channels.

The dependence of short-term fatigue load variability on inflow conditions has
been recognized for several decades, with early studies demonstrating statistical variation in
fatigue loads due to wind speeds [120]. Therefore, interest in quantifying the uncertainty of
the short-term fatigue loads as a function of the input parameters has initiated research into
heteroscedastic surrogates. Heteroscedasticity refers to the heterogeneity in the response
variance as a function of the inputs. The variance observed in DEL at the tower bottom,
for instance, for very large values of significant wave height is generally larger than that
in calm ocean conditions. It is, therefore, an important consideration when choosing
the appropriate surrogate modeling approach for load uncertainty quantification. Murcia
et al. [48] use 100 turbulent inflow realizations at each sample point to obtain the first
two statistical moments of the fatigue response. Thereafter, they create two independent
surrogates using PCE to model the mean and standard deviation of the fatigue loads on the
DTU 10MW reference wind turbine separately. Even though they use only 140 training
samples for their model, the replications scale the computational cost by 100, eventually
leading to a costly training database. Another replication-based approach is taken by Zhu
et al. [121] to model the load response using generalized lambda distributions. In this study,
50 inflow wind field realizations are used at each input sample to estimate the four lambda
parameters. Four PCE surrogates are then used to model the parameters independently. The
main drawback of replication-based methods is the cost of generating the training database,
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which makes it challenging to apply them to computationally demanding applications
such as FOWTs. Secondly, the goodness of fit relies heavily on estimating the statistical
parameters in the first step.

Heteroscedasticity can also be modeled using statistical methods. Zhu et al. [112]
extend the replication-based approach to derive a statistical method combining generalized
least squares with maximum conditional likelihood to estimate the lambda parameters
without replications. The main advantage of this method is that it does not assume a
Gaussian distribution. However, it cannot handle multi-modality. Haghi et al. [122] use
Approximate Gaussian process regression (AGPR) on hybrid simulation data from NREL’s
5MW reference wind turbine [123] and SCADA data from a comparable, commercial turbine
to make predictions of DELs on the tower and blades. AGPR captures the heteroscedasticity
in the response. Abdallah et al. [124] utilize parametric hierarchical Kriging to predict the
extreme loads on the blade root bending moment of a 2MW onshore wind turbine, which
are heteroscedastic. Their approach combines low- and high-fidelity observations, where
the low-fidelity model informs the high-fidelity GPR. They demonstrate that introducing
hierarchy helps make the model selection process more robust than the manual tuning
of GPR parameters. The application of probabilistic surrogates to FOWTs has only been
studied to a limited extent in the literature. Li et al. [116, 117] model the uncertainty in the
site conditions using a C-vine copula combined with ANN and GPR to make long-term
probabilistic estimates of the DELs on a FOWT.

Evidently, only a few approaches attempt to model the uncertainty in the load
response of the turbine and the tower. Of those that do, only some consider complex
offshore fixed or floating systems, which is the primary focus of this thesis. In Chapter 4, a
probabilistic machine learning framework to map site conditions to the 10-minute DELs
is introduced. Several commonly used regression approaches on onshore and offshore
fixed-bottom wind turbines are compared. These regression models range from the simplest
deterministic polynomial fits to increasingly complex probabilistic models. Based on this
analysis, in Chapter 6, the best regression model is selected to estimate the probabilistic
fatigue response of a spar-type 6 MW FOWT. The 10-minute probabilistic estimates are
further used to determine the aggregated probabilistic fatigue damage on the structure.



METHODOLOGY

This chapter presents various statistical approaches used subsequently in the thesis for
feature analysis, surrogate modeling, and determining the goodness of fit.

This chapter is partly based on:

[2 D. Singh et al. Probabilistic surrogate modeling of offshore wind-turbine loads with chained Gaussian processes,
IOP Journal of Physics Conference Series [125].

[ D. Singh et al. Probabilistic surrogate modeling of damage equivalent loads on onshore and offshore wind turbines
using mixture density networks, Wind Energy Science [85].

[ D. Singh et al. Data-driven probabilistic surrogate model for floating wind turbine lifetime damage equivalent
load prediction, Wind Energy Science Discussions [86].

[ D. Singh et al. Data analysis of the TetraSpar demonstrator measurements [43].
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3.1 BACKGROUND

This chapter presents the methodology behind various statistical and machine
learning techniques used in this thesis. First, the methods for feature selection applied in
Chapter 5 are introduced. This is followed by the regression models used in Chapter 4 and
Chapter 6. Finally, the commonly used metrics for measuring the goodness of fit of the
regression model are presented.

3.2 METHODS FOR FEATURE SELECTION

Feature selection is an essential pre-processing step to machine learning and
data-driven modeling. A feature is any observed quantity or a derived value based on
observations, serving as an input to the data-driven model [126, 127]. Training a surrogate
with an extensive feature set or with redundant features can lead to increased training
data needs, data storage, and computational and measurement costs. As not all available
variables significantly impact the quantity of interest, they can often be merged together
or eliminated through feature selection techniques. Feature selection has the following
advantages:

+ Reduction of the computational cost associated with generating training data or
training the model.

+ The system processes can be described and understood with a simpler model.

+ The resulting surrogate is more generalizable.

Feature selection

One goal of feature selection is to identify the smallest number of features necessary
to build an accurate predictor for estimating a quantity of interest.

Feature selection methods are grouped into three broad categories [127]. Filter
methods use statistical correlation methods to find dependence and relationships between
variables. Wrapper methods entail trying various combinations of features to repeatedly
train the model and choose the ones that result in the best goodness-of-fit values. Em-
bedded methods include specific tree-based methods, lasso regression, and regularization
techniques that have feature selection embedded in the process. Thus, an explicit pre-
processing step is not needed. Finally, an expert understanding of the underlying physical
processes of the system can also help isolate its key features.

Filter methods are simple to use and model-independent. Therefore, they allow us
to independently perform feature analysis on data before deciding which surrogate model
fits best. One common approach in filtering is assessing correlation, which quantifies the
degree and nature of statistical association between variables. Correlation-based feature
selection generally involves the following steps. (i) A correlation matrix containing the
correlation coefficients between each combination of input features is prepared. (ii) Highly
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correlated features are identified. When two variables are strongly correlated, one may
be redundant and can be excluded from model training. (iii) The correlation between the
resulting features and the target is calculated to eliminate uncorrelated input quantities.

Various kinds of correlation coefficients exist to measure these linear or nonlinear
relationships. This section presents the coefficients used in this study in more detail. Two
random variables A : Q@ - R and B : Q — R are used as an example, with realizations a
and b, respectively.

3.2.1 PEARSON’S CORRELATION COEFFICIENT

Pearson’s Correlation Coefficient (PCC) is a simple measure of linear correlation
between two random variables. The values of PCC are bound by —1 and 1. 0 denotes a lack
of linear correlation, whereas the negative and positive values are interpreted as inverse
and direct linear relationships between the variables. Mathematically, it is expressed as

Y (ai—a)(bi—b) .
\/Z?:l(ai - a)z \/2?:1(171‘ - 5)2

It is calculated on a set of n discrete samples. @ and b represent the means of the
variable populations. PCC has a major drawback wherein the coefficient can be misleading
if the variables are non-linearly correlated. Nevertheless, it has been widely used as a feature
analysis tool for various wind energy surrogate modeling applications [59, 81, 128-130].

p(A,B) = (3.1)

3.2.2 MUTUAL INFORMATION

Mutual Information (MI) is a measure of the amount of information shared between
two random variables. In other words, it measures the reduction in uncertainty of a random
variable B, given the knowledge of another random variable A. The MI value ranges from
0 (complete independence) to a positive maximum (perfect correlation). The value is a
function of the units of measurement of the quantities in question. For two discretely joint
random variables A and B with a joint probability distribution P4p(a,b), and marginal
distributions P 4(a),Pg(b), Ml is defined as [131],

o Pap(a,b)
I(A;B) = %;‘PAB(CI, b)log (PA P b)> . (3.2)

MI is symmetric and invariant under invertible and differentiable transformations in the
feature space. It can measure nonlinear correlations and is not sensitive to outliers, making
it a robust metric.

3.2.3 CONDITIONAL DEPENDENCE COEFFICIENT

Conditional Dependence Coefficient (CODEC) was introduced by Azadkia et al.
[132]. As opposed to PCC and MI, CODEC is designed to account for the conditional depen-
dence between variables. This is interesting because the correlation between two variables
can change when conditioned on a third variable. This non-parametric approach can be
used with randomly sampled, unstructured data, allowing us to use it on measurements
directly. To define CODEC, firstly, a multivariate setting is established. Let C : Q — R be
a random variable. A : Q — RP4 and B : Q — RP? be random vectors with dimensions
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Dp >1and Dy > 0. CODEC defines the degree of conditional dependence between C and
B given A. The coefficient is defined as,

T(C,B| A) := f—ZE(Var(]P(C >t|B,A)| A))du(t)
| - S S EVar(Lesy | A)dpu(t)

P(C > t| B, A) is the conditional probability that the random variable C is greater than a
threshold ¢, given B and A. If the probability barely changes with B, then its variance given
A would be low. The numerator of T(C, B | A) integrates this variance over all possible
thresholds ¢. The indicator function 13¢»5 in the denominator is 1 if C > ¢, and 0 otherwise.
The variance Var(1jc>y | A) captures the uncertainty in predicting whether C exceeds
t based only on A, ignoring B. This is also integrated over t to account for the overall
variability of C across different thresholds. In summary, T(C, B | A) provides a measure of
how much of the variance in C is explained by B beyond what is already explained by A.

The authors, Azadkia et al. [132], developed an estimator T, to be able to ap-
proximate T on n discrete data samples. The main idea is to approximate the expectation
and variance terms in Equation (3.3) using rank-based nearest neighbors. Let there be n
independent and identically distributed samples from the joint distribution of (C, A, B) as
(C1,A1,By)..(Cn, Ay, By) with n > 2. Then, T, is defined as,

2.1 (min{R;, Rys¢y} — min{R;, Ry i) })
i=1(R; —min{R;, RNy }) .

(3.3)

T.(C,B|A) =

(3.4)

For the i*" data sample, N(i) is the index j, such that A j is the nearest neighbor of A; in
RP4. Similarly, M(i) is the index j such that (A j»Bj) is the nearest neighbor of (A;, B;)
in RPA*DB_ R is the rank of C; (number of j such that C; £ G;). The equivalence of the
estimator to Equation (3.3) is elaborated in the original publication [132]. The estimator is
easy to implement as it only uses basic search algorithms to find the nearest neighbors and
can be easily scaled to large datasets. However, it has an unstable behavior when used on
a small dataset with repeating values.

The value of CODEC can be further used to order the features in terms of their
importance on the response variable. This process is termed Feature Ordering by Condi-
tional Independence (FOCI) [132]. The initial dataset comprises a response variable C and
input variable A. The FOCI algorithm is defined as follows:

1. Initialize:

« Set the selected feature set S = @.
« Set the original feature set R = {A;, A;,...,Ap, }.

2. Iterate until T,, <0
(a) For each feature A; € R, compute the conditional dependence coefficient
T.(C,A; | S).
(b) Select the feature A* that maximizes the conditional dependence

T.(C,A;|S).
argmax 2(C,A;1S)
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(c) f T,(C,A*|S)>0:
« Add A* to S.
« Remove A* from R.

(d) Else, exit the loop.

3. Return: The selected feature subset S.

3.3 REGRESSION

Supervised regression is defined as the task to learn a mapping f from a set of
d-dimensional input variables x € X to some observed quantity of interest y € Y. The
inputs are referred to as features or predictors, and the output is termed target or response.
The regression training set is defined as a set of ny.in pairs {x4, y4} with ¢ = 1...n. x and
y are real-valued and considered to be realizations of random variables X : Q — R? and
Y : Q — R, respectively. During the training process, the performance of the model with
parameters 6 is measured using a loss function £(0). The training objective is to infer the
parameters so that the loss is minimized.

Loss function

The loss function is a measure of the performance of the model during training.
For deterministic approaches, a commonly used loss function is the Mean Squared
Error (MSE), defined as:

Ntrain
1
MSE(6) = Y n— flxn; 0))°
]Vtrain n=1

Probabilistic models, on the other hand, commonly use the Negative Log-Likelihood
(NLL) as the loss function. NLL is defined as,

Nirain

— ) 1og(p(yn | £(xn:0)

train  ,—q

NLL() = —

Minimizing the NLL allows us to compute the maximum likelihood estimate (MLE).
The idea is to pick the parameters that assign the highest probability to the training
data.

\. J

Prior to training, the data are always scaled or normalized, either with a minmax
scaler or a standard scaler. For each vector dimension, the minmax scaler is defined as,

X; —minx

Xiscaled = (3.5)

maxx —minx
Similarly, the standard scaler is defined as,

Xi—X
Xi,scaled = IO_ > (3.6)
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where x is the mean, o is the standard deviation, min x and max x are the minimum and
maximum values of the dataset along each dimension. Feature scaling is an essential step
to bringing the various physical quantities in different units to a single scale.

3.3.1 LINEAR REGRESSION

Linear regression is the simplest statistical approach to determining a linear
relationship between variables. Because of its simplicity, it is easy to implement and
interpretable. In linear regression, the predicted output is expressed as a linear combination
of the input features:

f(x,0)=b+wTx (3.7)

where 0 = (b, w) are the model’s parameters consisting of the bias term b and the weights
w. The optimal parameters 6 are determined by minimizing the MSE [133].

3.3.2 POLYNOMIAL REGRESSION
Polynomial regression can be seen as an extension of the linear model. For a
polynomial of degree P, a feature vector is defined as,

P(x) = [1,x,x%, x%,..,x"]. (3.8)

Thus, the model is defined as,
f(x,0) = wT $(x) (3.9)

Similar to the linear model, f is a linear combination of ¢(x), despite being a nonlinear
function of x. The optimal parameters are determined by minimizing the MSE.

3.3.3 GAUSSIAN PROCESS REGRESSION

GPR is a non-parametric, flexible, Bayesian machine learning framework that
models distributions over functions. A Gaussian process (GP) is a generalization of the
Gaussian distribution. Just as distributions are associated with random variables, processes
describe the properties of functions. From a set of infinite possible functions, an assumption
about the properties and distribution of the functions, before accessing any data, is encoded
in a Gaussian prior. Figure 3.1 shows GP proper draws on the left, generated using a
radial basis function (RBF) kernel. On the right, the posterior functions are updated in
the presence of new information, that is, the data samples. A confidence interval of 20 is
indicated in gray. It collapses where the training data samples are present. The confidence
interval grows smaller as more training samples are introduced.

Gaussian process

A Gaussian process is a collection of random variables, any finite number of which
have a joint Gaussian distribution.

C. E. Rasmussen & C. K. I. Williams,
Gaussian Processes for Machine Learning, 2006
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Figure 3.1: The left image shows sample functions from the prior with an RBF kernel. On the right, the image
with the training data points shows the posterior function draws in dashed lines, with the confidence interval of
the prediction in gray.

MODEL DEFINITION
The regression problem is defined as,

y=f(x)+e, &~N(0,0%). (3.10)

The standard GPR models the noise, ¢, as a normally distributed quantity with a variance
of o2, The Gaussian process is specified as,

fx) ~ GP(pu(x), k(x,x")) (3.11)

where the mean p(x) and the covariance functions k(x,x”) are defined as,
p(x) =E[f(x)] (3.12)
k(xe,x") = E[(f(x) = pGO))(f (x") = ()] (3.13)

The covariance function dictates the smoothness of the function. In this work, the squared
exponential kernel is used. It is also known as the Radial Basis Function kernel, or the
Gaussian kernel. It is widely used for GPR as it is smooth, infinitely differentiable, and is
characterized by d + 1 parameters. It is expressed as

x/DJ2

d .
1 |x(]) _
Koex') = ohexp (—zux—x'ui) el Y T ey
=1

x1) is the j-th component of x. The kernel function k(x,x’) is used to compute the
covariance matrix Kxx. The characteristic length-scales I € R¢ are defined per input
parameter, and these and the variance o? are hyperparameters that are tuned based on
the training data. The length scales, for instance, determine the degree of correlation the
function value at x has with the function value at a neighboring point x’. The smaller the
length scale, the closer the adjacent function values become uncorrelated.

Loss FUNCTION
The hyperparameters oy and I may be fixed by the user, but an optimal value is
often inferred from the data using type-II maximum likelihood [114], wherein the negative
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log marginal likelihood is minimized with respect to the hyperparameters. The negative

log marginal likelihood is defined as,

—log p(yIX,op,1) =

1 _

5 (= HO) (K + 0* D)7 (y = p(X) (3.15)
. _

+ 510g|Kxx+021|+ %logZﬂ

The parameters of the model are determined using gradient-based optimization
functions. In this application, Limited memory Broyden-Fletcher—Goldfarb—Shanno (L-
BFGS) algorithm [134] with box constraints (L-BFGS-B) has been used.

PREDICTION
The aim is to make predictions y* on an unseen data point x*. The observations
y and prediction y* are jointly Gaussian, as shown in Equation (3.16).

[y*] ~N<[“(X)],[KXX+GZI Ko ) (3.16)

y ll(x*) Kix Ky + o’l
The joint distribution is conditioned on the observed values to get the predictive distribution
corresponding to a new input x* as,

Yy Xox" ~ N (i), 5(x")) (3.17)
fi(x™) = p(x™) + Kox(Kxx + 0 1) 7 (y — (X)) (3.18)
ﬁ:(X*) =Kyrpr — Kx*X(KXX + O'ZI)_IKXx* +o?I (3.19)

3.3.4 CHAINED GAUSSIAN PROCESSES

In the standard GPR approach, the mean of the likelihood is an x dependent
latent function while the additive noise element remains constant. For many applications,
this assumption does not hold as the noise function itself can be dependent on x. Such
processes are termed heteroscedastic. Figure 3.2 shows a schematic of GPR and Chained
Gaussian Process (CGP) on a heteroscedastic dataset, highlighting the benefit of including
heteroscedasticity in the framework. For such data, the confidence intervals are much
more reliable in the CGP case, as the assumption of heteroscedasticity is accounted for in
the model definition.

MODEL DEFINITION
A logical generalization of Equation (3.10) is to write ¢ as a function of the input
variables [135],

y=flx)+e(x), (3.20)
e~ N(0,0%(x)). (3.21)
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Figure 3.2: Figures showing the difference between the standard Gaussian process regression assuming a fixed
noise term, versus the heteroscedastic approach with chained Gaussian process regression.

A new latent function g(x) is introduced to describe the variance of the noise. Specifically,
to guarantee positive values, the variance is assigned a log-GP prior,

¥ ~ GP(f(x),e5™)) (3.22)
f(x) ~ GP(p s, ky(x,x7)) (3.23)
8(x) ~ GP(p, kg(x,x7)). (3.24)

f(x) and g(x) are independent latent processes with individual means and covariances.
Contrary to the standard GPR, the posterior is no longer analytically tractable and must
be approximated. One of the emerging approximation methods in the field of statistical
inference is variational inference (VI) [107]. In this study, CGPs [135] that use VI have
been used to solve Equation (3.20). CGPs build on the idea of generalized linear models
(GLMs), which use link functions to relate the mean function of a GP to the mean of any
other distribution from the exponential family of distributions. A major drawback of GLMs
is that the link function must be invertible, which renders the latent functions additive
Gaussian. CGPs propose a generalized framework that allows for nonlinear combinations
of any number of latent processes.

In Gaussian processes with ny.4, data points, the cost of inference is O(n?mm),
which severely limits its scalability. The CGP implementation used also includes a sparse
scheme, which reduces the computational cost to O(n;,4inI?) for I inducing points. The
inducing points are used for parametrizing the covariance matrix, and their locations are
inferred variationally. The posterior distribution to be inferred is defined as,

p(yIf.8 uy, ug)p(f.g Uy, ug)
p(y)

p(f. g upugly) = , (3.25)

where the functions f = f(x)and g = g(x) are valued u s and u, at inducing point location z.
The issue is that the marginal distribution p(y) is intractable; therefore, the exact posterior
distribution cannot be determined. It is approximated by a variational distribution g € Q
such that,

p(fog.upugly) = p(flu)p(flu)gCu)gCuy).
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Figure 3.3: A schematic of an ANN with one hidden layer.

Loss FUNCTION

The optimization problem reduces to finding the distributions q(uy) and q(u,) so
that the Kullback-Leibler (KL) divergence between the approximate and the true distribution
can be minimized. The KL divergence cannot be minimized directly, but one can minimize
a function that is equal to it up to a constant using a variational bound for the log marginal
likelihood,

log p(y) 2 / q(f)q(g)log p(y|f.g) — KL(q(up)llp(uy)) — KL(q(ug)lp(ug)),  (3.26)

where q(f) = [ p(flug)q(us)duy and g(g) = / p(glu)q(ug)duy. Saul et al. [135]
parametrize q(uy) and g(ug) as Gaussian distributions with variational parameters p¢,S¢
and p, Sy, respectively. A Gaussian prior is placed over f and g allowing g(f) and q(g) to
be computed analytically as a function of the variational parameters, which are learned
through optimization. The integral in Equation (3.26) factorizes over the data points and is
solved analytically for a Gaussian likelihood.

3.3.5 ARTIFICIAL NEURAL NETWORKS

An ANN is a commonly used term for a supervised learning algorithm to model a
complex nonlinear function between input parameter observations and the corresponding
set of output quantities. Neural networks have become the bedrock of progress that
machine learning has seen in the last few decades. They consist of input and output layers
that sandwich the so-called hidden layers. Each layer is made up of nodes, and each node is
connected to several other nodes in the adjacent layers. The nodes consist of weights and
biases, which are the unknown parameters of the function. Figure 3.3 shows a schematic
of a typical neural network architecture with one hidden layer. The nodes are shown in
circles, and the connections between them are highlighted. The first is the input layer
x € R? in this example. The activation functions are denoted by g, the weights by w, and
biases by b. The output layer is simply y € R in this case, but can be multi-dimensional.

MODEL DEFINITION
A multi-layer feed-forward neural network utilizing backpropagation is employed.
It is a fully connected architecture where the nodes in the hidden layers are connected to all
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the nodes in the adjacent layers, but not to other nodes in the same layer. At each hidden
layer, a weighted summation is performed on the incoming values from the previous layer
and passed through a nonlinear activation function. A commonly used activation function
is the rectified linear unit (ReLU), which is defined as,

0 ifx<o0
ReLU(x) = ] (3.27)
x otherwise.

In a general form, the calculations performed at every node in a forward pass in
the I'" layer, j* node are:

mli=11

l](P) (1 _[1=11(p) , 111l
wj; a; + b
; (3.28)

1 I
615 1p) _ g[l] (ZE ](p))
where al[l_ll(p)
[1

sample. wj;

is the input from the i*" node of the previous layer (I — 1) for the p*" training
is the weight assigned to the connection between the i*" node of the previous

layer and the j** node of the current layer. b ; is the bias term and g[l] is the activation
function. The neural network weights and biases are always assigned a random value to
initialize the network, usually between -1 and 1. In matrix form, the same equation is
stated as,

ZU — i gli-11 4 glA
(3.29)

Loss FUNCTION AND NETWORK TRAINING

The neural network training consists of adjusting the weights and biases such
that the error in the prediction of the network output (y) with respect to the "real” value
() is minimized. This process, known as training, is essentially an optimization task. It
aims to minimize a cost function, which quantifies the error between the predictions and
the actual values as

Ntrain

> LW, 39). (3.30)

ntram i—1

The parameters are adjusted based on the gradient of the cost function with respect to the
weights (d W) and biases (dB) using gradient descent or stochastic gradient descent. The
updated parameters are given as,

wll — wll - gawl! (331)

B! « B — gdBl!! (3.32)

where « is the learning rate, which is a tuning parameter that affects the rate of convergence
of the network. The gradients are derived using the backpropagation algorithm [136].

Several optimization algorithms are available in the literature, including Adam [137],
momentum
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3.3.6 MIXTURE DENSITY NETWORKS
MDN is a probabilistic regression method that combines Gaussian mixture models
with ANNs [138].
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'

training data = {x%,y%}, where g = 1..n Lm components

Figure 3.4: Schematic representation of MDNs.

MODEL DEFINITION
The conditional distribution of the target is represented by a mixture of Gaussian
distributions,

Py %) =Y a(ON (| p(x), o¥(x)), (3.33)

i=1

where a;(x) are the weights or coefficients assigned to the i mixture component, and
N (y | pi(x),0%(x)) is a Gaussian kernel representing the conditional density of the ith
component of the target distribution, with parameters p;(x) and o;(x).

Instead of mapping the inflow features x to the load statistics y directly, the neural
network is trained to predict the parameter vector, z € R consisting of «;, ;t; and o for
j=1l.m.

The mixing coeflicients ¢;(x) must sum up to exactly 1. A softmax function is
used to handle this constraint,

exp zj
Z;":l exp z§ ’
where z{ are the network outputs predicting the mixture coefficients. Similarly, positive

values of the standard deviation are ensured by representing them as exponential functions
of the corresponding network outputs, z{,

o = (3.34)

o; = exp(z]). (3.35)

Loss FUNCTION
The likelihood L of the dataset is given by,

£=]1pG" 1 xDp(x) (3.36)
q=1
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A very commonly used error function for probabilistic models is the negative log
of the likelihood. From (3.33) and (3.36), the error can be written as,

m
E?=—In{) ai(x )N (y | p(x), o2 (x D))}, (3.37)
i=1
where p(x9) is not included as it is constant with respect to the parameters or weights.
The derivative of the error function is calculated at the output layer and is back-propagated
to get its gradient with respect to the network weights. The hidden layers in our network
use the rectified linear unit (ReLU):

f
ReLU(x) = {x orx >0 (3.38)

0 forx<0.

The output layer of the network does not have an activation function; therefore, the outputs
are just linear combinations of the inputs from the previous layer. Finally, everything
needed to minimize the error function using gradient descent optimization is in place. In
this study, the Adam optimizer [137] is used to perform stochastic gradient descent. A
10-fold cross-validation set is performed over 600 samples at every training iteration.

ACTIVATION FUNCTIONS
The hidden layers in our network use the rectified linear unit (ReLU), defined as,

x forx>0
ReLU(x) = (3.39)
0 forx<o0
The output layer of the network does not have an activation function; therefore,
the outputs are just linear combinations of the inputs from the previous layer.

REGULARIZATION

Minimizing the error function is an ill-posed problem, as it involves a conflict
between learning a function that fits the data perfectly and remaining robust under varying
training data sets. As the network size grows, the function space increases, and the
tendency of the neural network is to overfit. Among several ways to avoid overfitting
[139], in this study, a combination of early-stopping [140] and L1 and L2 regularization
[141] is implemented.

Early stopping

The error function measured on the cross-validation dataset first decreases, then
starts increasing as the network begins over-fitting the training data. This can be avoided
by applying an early stopping mechanism that stops training as the validation loss stops
decreasing over a certain number of iterations. After experimenting with a range of early
stopping iterations, 100 was found to be sufficient for the negative log-likelihood on the
validation dataset to converge without overfitting. That is, if the validation loss did not
show any improvement after 100 iterations, the model training was stopped.

L1 and L2 regularization

L1-regularization penalizes the error function with the sum of the magnitude of
the weights,
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Ef=ET+1) |wi (3.40)

It pushes the coefficients of uninformative features towards zero, effectively prun-
ing the feature space.

Weight-decay or L2-regularization, on the other hand, penalizes the error function
with a fraction of the squared magnitude of the weights,

Ef=ET+1 ) w (3.41)

L2-regularization encourages the weights to be small. In both approaches, A is the
regularization parameter. It is a hyperparameter that controls the model’s complexity, and
the optimal value can be determined using a search algorithm. It was found that heavy
regularization with [1 and [2 values of 0.1 deteriorated the results by over-smoothing the
conditional response. On the other hand, no [2 regularization also resulted in relatively
smaller R? values for the standard deviation prediction, likely due to some degree of over-
fitting. On the basis of this hyperparameter study on one channel, a conservative value of
le—3 for both I1 and [2 was chosen.

3.3.7 CONDITIONAL GENERATIVE ADVERSARIAL NETWORKS

Generative Adversarial Networks (GANSs) [142] and Conditional Generative Ad-
versarial Networks (CGANs) [143] are types of deep generative models that have gained
immense success in the realm of generation of high-dimensional data, including synthetic
audio, images, and videos [144-146]. The fundamental assumption in GANs is that the
output is a stochastic function of the input. The 'fake’ samples generated by the GAN model
are realizations of the random variable predicted by the underlying stochastic function.
This framework can, in theory, also be applied to probabilistic regression problems, where
the CGAN can be trained to predict samples from the conditional response p(Y|X = x).

MODEL DEFINITION

A typical GAN framework consists of two players - generator (G) and discriminator
(D)- that are pitted against each other, Figure 3.5. G and D are independent differentiable
functions of their inputs and parameters with cost functions J5(0¢,0p) and Jp(6s,6p),
respectively. The generator generates new samples using random samples from a noise
distribution z ~ p,(2z) that’s passed through the learned function G. In the conditional
variant, the generator and discriminator are also given the feature vector x € R? as input.
The goal of the generator is to fool the discriminator into thinking that the synthetic
samples it generates from p,(y | x) are coming from the real data distribution p4(y | x).
The discriminator, on the other hand, needs to learn to differentiate between the samples
from the model distribution and those from the data distribution.

Loss FUNCTION
Training a GAN model consists of finding the functions G and D through a minmax
problem [142]. The minmax formulation for an unconditional GAN is given as,

V(G.D) =Eyp, () [log(D(y)] +E;-p, () [log(1 - D(G(2)))], (3.42)
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2~ pa(a) ——| IR ()
y~pa(y|x) y~pg(ylx)
Discriminator
D
D(y | x)

Figure 3.5: Schematic of a standard conditional GAN model architecture.

where V is the objective function. Maximizing the objective with respect to the discrimina-
tor means that the discriminator should assign high probabilities to the real samples, y,
in the first term of Equation (3.42), and low probabilities to the generator samples, G(z),
in the second. Minimizing the objective with respect to the generator, on the other hand,
means that the probability assigned by the discriminator to the generated samples in the
second term must be as close to 1 as possible. The conditional variant for Equation (3.42) is
given as,

m(%n max V.(D,G) (3.43)
Ve(D,G) = Ey yp () [108(DCe, Y]+ B~ (2) 2~ py(0[10g(1 = D(G(z, X)) (3.44)

In practice, the training objective is to minimize the distance between the p,
and pg such that, after the training is complete, the samples produced by the generator
are indistinguishable from the real samples. In the case of low-dimensional probabilistic
regression, this translates into inferring the underlying conditional distribution of the
response. In the standard formulation, the optimal discriminator for a fixed generator
results in minimizing the Jensen-Shannon (JS) divergence between p, and pg [142, 147].
Despite having a theoretical optimum for the training objective, determining the actual JS
divergence is not possible as it requires knowledge of the probability density functions
that are not explicitly available. Additionally, the methods used to approximate the JS
divergence are costly and do not provide useful gradients to train the generator [148]. A
promising alternative metric, called the Earth Mover’s Distance, or Wasserstein-1 distance,
has been investigated in the literature to calculate the distance between two probability
distributions in the context of training GANs [147-149]. Arjovsky et al. [148] present a
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way to approximate the Wasserstein-1 distance using the Kantorovich-Rubenstein duality
[150] as,

Wi(pa, pg) = H ;ﬁlp Ey pnf DI =Eypp,inf(W] (3.45)

where f is a set of K-Lipshitz functions that can be approximated using neural networks
(G and D). The modified objective for Wasserstein GAN:Ss is, thus, given as,

mGin max Vew(D,G) (3.46)
Vew(D,G) =Eyp,x)[D(y | )] —E-p,(»)[D(G(z | x) | x)]. (3.47)

The Lipshitz constraint on D is applied in this model by adding a gradient penalty
(GP) to the training objective to constrain the gradient of the discriminator’s output with
respect to its input, as proposed by Gulrajani et al. [149]. The penalty term is written as,

2E; o510 [ (V3D | 0)ll2 = 1)]. (3.48)

y is a linear combination of real and generated samples, y = ty+(1—1)G(z),t ~ U°(0,1).
A is another hyperparameter that must be tuned according to the dataset. This form of
GAN s has been termed WCGAN-GP. Petzka et al. [151] extended the framework from
simple weight-clipping to penalizing the violation of the Lipshitz constraint using Lipshitz
penalty (LP). The regularization term for WCGAN-LP is given as,

A p(il) [(max{0,|[V;D(5 | ©)ll2) — 1D?]. (3.49)

The penalty term is simply added to Equation (3.47) as an additional regularization term. In
this study, the WCAGN-LP formulation is implemented. The value of the penalty coefficient,
A, is set to 0.002 following the detailed hyperparameter studies on this dataset by Yap [152].
Once the CGAN model is trained, the predictor function is the generator function G(z|x).

3.4 GOODNESS OF FIT FOR PROBABILISTIC MODELS

3.4.1 WASSERSTEIN DISTANCE

The Wasserstein metric is a distance function that compares the difference be-
tween the pdfs of two random variables. It is symmetric, non-negative, and satisfies the
triangle inequality, making it a proper distance metric. In the case of 1-D distributions, the
Wasserstein-2 distance between a reference empirical measure Y and predicted measure Y,
is defined as [153-155],

. 1 1/2
Wo(Y,Y) = ( A |F1(t)—G1(t)|2dt> (3.50)

where F~! and G™! are the quantile functions of Y and Y respectively. The individual
quantile functions are obtained from the samples of the empirical distributions and then
integrated.
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The distance metric is normalized by the standard deviation of the reference
conditional distribution, Y. Therefore, a value of W,/o(Y) =1 is the distance between
a distribution with mean p(Y), scale o(Y), and a degenerate distribution with the same
mean. The global performance of the model is estimated by averaging the normalized
Wasserstein distance over Ny test samples as,

dw2 = En,y, <:(V;)> (3.51)

3.4.2 COEFFICIENT OF DETERMINATION
The coefficient of determination, also known as the R?, is a common measure of
the goodness of fit of a model. It is defined as,

Z(YZ J/t
Y (yi—y)7’

where y; is the predicted output, y; is the observed value, and y is the mean of
the observed values. R? measures the fraction of the variance in the observed data that is
explained by the model predictions. When the dataset contains a significant amount of
stochastic variability, R? cannot be reliably used to assess or compare point predictions,
as it becomes strongly influenced by irreducible noise rather than model quality. In such

R*=1- (3.52)

cases, even a surrogate model that perfectly captures the conditional distribution of the
response will not achieve R? = 1, since the reference data represent random realizations
drawn from that distribution. For this reason, in the following chapters, R? is not applied
to individual realizations of the response, but instead used to compare the predicted and
reference conditional mean (Rz) and conditional standard deviation (R%).

Let p; and o; denote the reference conditional mean and standard deviation of the
response for input x;, estimated from multiple realizations, and let ji; and 6; denote the
corresponding quantities predicted by the surrogate model. The coefficient of determination
for the conditional mean, Rf,, and the conditional standard deviation Rf, are defined as

o N;
thext (u u)z B 1 test
Ri=1- ﬁ p= > i (3.53)
2t (=) Niest i3
Ntext 2 Niest
- 1
RE=1- ZN(%'U’Z 5= o (3.54)
z test (O-l - O’) Ntest i=1

where g = ZN”“ 1 is the mean of the reference conditional means and & =

Nt st
ZN‘”‘ o is the mean of the reference conditional standard deviations.

Ntest



SURROGATE MODELING FOR FIXED
BOTTOM WIND TURBINE LOADS

In this chapter, novel probabilistic methods, including Chained Gaussian processes, mixture
density networks, and conditional generative adversarial networks, are proposed for map-
ping 10-minute average site conditions to corresponding load statistics on fixed-bottom
wind turbines. Widely used deterministic models, such as polynomial regression, artificial
neural networks, and Gaussian process regression, are also compared. The probabilistic
approach enables the modeling of uncertainty in loads as a response to stochastic inflow
conditions. The data-driven model is trained on the OpenFAST simulations of the IEA-
10MW-RWT. The various surrogates are compared in terms of accuracy, as well as practical
aspects such as ease of use, model sensitivity to changes in the dataset, and sensitivity to the
hyperparameters. It is shown that mixture density networks are reliable and robust options
for probabilistic surrogate modeling of loads. They can recover the accurate conditional
mean response in all load channels with values for the coefficient of determination (R?)
greater than 0.95 on the test dataset.

This chapter is partly based on:

[ D. Singh et al. Probabilistic surrogate modeling of offshore wind-turbine loads with chained Gaussian processes,
IOP Journal of Physics Conference Series [125].

[ D. Singh et al. Probabilistic surrogate modeling of damage equivalent loads on onshore and offshore wind turbines
using mixture density networks, Wind Energy Science [85].
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4.1 INTRODUCTION AND OBJECTIVE

The chapter introduces a probabilistic surrogate modeling approach to map 10-
minute site condition statistics to the corresponding 10-minute load statistics on the
IEA-10MW-RWT reference wind turbine [156]. The process of generating training and
validation data differs from the standard surrogate modeling approaches. To capture
variation in the loads, the training data were constructed without any seed repetitions. The
validation dataset, on the other hand, involves seed repetitions in order to characterize
the conditional pdf of the load at any point. The chapter presents information on the
OpenFAST setup used for generating the data, the parameters used in the surrogate models,
and the predictions.

4.2 NUMERICAL SETUP

4.2.1 OPENFAST MODELING APPROACH

The surrogate is modeled on the responses of an aero-hydro-servo-elastic code,
OpenFAST, which serves as the ground truth in this study. It is a state-of-the-art, multi-
physics numerical tool for modeling wind turbines. It combines analytical and empirical
formulations with conservative assumptions to simplify the code and limit the computa-
tional cost. It can model environmental conditions like stochastic waves, currents, and a
frozen wind turbulence field with randomized coherent turbulent structures superimposed
on the random, homogeneous background turbulence.

OpenFAST is used to set up a numerical model of the real-world environment and
system dynamics to produce training data for the surrogate. All simulations are performed
on the IEA-10MW-RWT [156] offshore reference wind turbine. This wind turbine was cho-
sen as it was one of the latest reference wind turbines available for OpenFAST. Additionally,
WindEurope reported the average size of offshore wind turbines to be 8.2MW in 2020, with
newer turbines averaging 8.7MW [157]. 10 MW was thought to be representative of the
near-future trends in offshore wind turbines.

TurbSim [93] simulations for inflow turbulence generation are performed with
the Kaimal turbulence spectrum[94], a grid resolution of 40 points in a 1.16D x 1.16D
domain, D being the rotor diameter. The spatial coherence is dictated by the IEC coherence
function in the streamwise direction and no coherence in the plane orthogonal to the
streamwise direction. The gradient Richardson number is set to 0. The total simulation
duration is 900s, out of which the first 300s are discarded to exclude the initial transient.
Ten-minute simulations on their own are insufficient for estimating fatigue loads. However,
the statistical variations in loads that one would expect over longer periods or multiple
seed repetitions can be potentially inferred indirectly via probabilistic surrogates based
on the variation in the quantities of interest at neighboring training samples. Therefore,
10-minute statistics are sufficient for a complete description of the load response as long as
unique turbulence and wave seeds are used for each training simulation.

The loads are calculated with the ElastoDyn module in OpenFAST, which uses the
Euler-Bernoulli beam theory to calculate the bending moments by assuming the structure
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is straight and isotropic. The ServoDyn module is used to control the wind turbine. The
controller settings differ from those used in the DTU Wind Energy controller for the HAWC2
simulations of the IEA-10MW-RWT reference document [156]. The main difference appears
at low wind speeds, where the rotor RPM is not restricted to 6, and the collective blade
pitch remains zero until the rated wind speed is reached. The OpenFAST simulation output
with these controller settings at low wind speeds may interfere with the tower’s natural
frequencies; however, modification of the controller is beyond the scope of this study. The
simulations are performed with single precision to limit file size and simulation times
without any significant impact on the accuracy of the loads.

The implementation of the IEA-10MW-RWT in OpenFAST is relatively new. As
such, there are ongoing updates to the public model based on user feedback. This study
uses the IEA-10MW-RWT as the ground truth for the surrogate modeling study. For this
purpose, it does not need to be perfectly accurate but should be representative of the
expected load response class. The machine learning methodology is expected to be easily
transferable to different wind turbine types.

4.2.2 DEFINITION AND SAMPLING OF THE INPUT FEATURES

The IEA-10MW-RWT is designed for offshore conditions. However, in this study,
it is simulated on both onshore (CASE-ONSHORE) and offshore (CASE-OFFSHORE) sites
to evaluate the additional training requirements in the offshore case against an onshore
reference.

CASE-ONSHORE

Aero-servo-elastic: The wind turbine is subjected only to aerodynamic loading.
Wind speed, power-law exponent, and turbulence intensity are selected as the input
parameters for the aerodynamic simulations as they have been shown to have the highest
impact on the load response in previous studies [45]. The variable bounds are also the same
as the ones defined in [45], listed in Table 4.1. The power-law exponent and turbulence
intensity are functions of the wind speed. R and z are the rotor radius and the hub height,
respectively. The samples are drawn from a three-dimensional Sobol sequence [158] to
ensure an even spread of points in the sample space. The random seed for turbulence
generation is not included as a training variable. Each sample is, therefore, associated
with a unique random seed, there are no repetitions. The simulation time step used in
OpenFAST is 0.01s.

CASE-OFFSHORE

Aero-servo-hydro-elastic: The offshore wind turbine is placed on a monopile
foundation at 30m water depth and is subject to both aerodynamic and hydrodynamic
loading. Along with the aerodynamic parameters of CASE-ONSHORE, there are additional
wave parameters in this case as listed in Table 4.1. For designing load surrogates suitable
for multiple sites, ideally, the Hy;— T, diagrams from several sites should be combined to
define conservative ranges for the two variables. In this study, for example, the values from
a joint Hs — T, kernel from a representative distribution are sampled. Additionally, the
minimum and maximum range of H; may also be defined as a function of wind speed in
order to sample from the joint u — H; — T}, distribution. The first-order waves are modeled
using the JONSWAP spectrum in HydroDyn. The values of the aerodynamic variables are
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the same as in CASE-ONSHORE. In particular, the Turbsim solution files are therefore
shared between CASE-ONSHORE and CASE-OFFSHORE. Similar to CASE-ONSHORE, the
wave and turbulence seeds are not included in training the model. Each sample is, therefore,
associated with a unique set of random seeds; there are no repetitions. The simulation time
step used in OpenFAST is 0.002s. This is much smaller than the time step needed to capture
the relevant frequencies. However, larger time steps resulted in numerical instability in
certain cases.

Table 4.1: List of input variables and the corresponding variable bounds for ON and OFF.

Case Variable Lower Bound Upper Bound Sampling
ON, Wind Speed (u) 4 25 Uniform, Sobol
OFF [ms™!]
ON, Turbulence 2.5 1—148(6.8 +0.75u+  Uniform, Sobol
OFF Intensity (¢i) [%] 3(%)2)
ON, Power Law 0.15— 0.22 + Uniform, Sobol
OFF Exponent (&) [—] 0.23(#mex )(1— 0.4(%)(“’"—14“")
(0.4log £)?)

OFF Significant Wave 0 6 Kernel density

Height (H;) [m] estimate,

pseudo-random

OFF Spectral Peak 1 21 Kernel density

Period (T}) [s] estimate,

pseudo-random

OFF Wave Direction -180 180 Uniform,

(Wyir) [deg] pseudo-random
ON, Turbulence —50000 50000 Uniform,
OFF Random Seed [—] pseudo-random
OFF Wave Random —50000 50000 Uniform,

Seed 1 [] pseudo-random
OFF Wave Random —50000 50000 Uniform,

Seed 2 [—] pseudo-random

4.2.3 RESPONSES

The quantities of interest are the 10-minute load statistics at the tower top and
tower bottom in the fore-aft direction and at the blade root in the edgewise and flapwise
directions. The fore-aft bending moment of the tower is typically the primary contributor
to tower fatigue and overall support-structure dynamics. Although the side-side moment
is not aerodynamically damped, it remains smaller in magnitude than the fore-aft direction.
The methodology presented here can be easily extended to other tower load channels.
Blade-root flapwise and edgewise moments are the standard channels used to characterize
blade fatigue. The statistics include the 10-minute standard deviation of the moment’s
signal and the 10-minute damage equivalent load, M,q. The modeled load channels are
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listed with their notation in Table 4.2. The model weights for each channel are calibrated
separately.

Table 4.2: List of response channels modeled by the data-driven surrogate models.

Response channel 10-minute statistics Notation
Tower bottom fore-aft moment  stddev, Meq TwrBsMyt
Tower top fore-aft moment stddev, Meq YawBrMyn
Blade root edgewise moment stddev, Mcq RootMxb1
Blade root flapwise moment stddev, Meq RootMyb1

Since the direction of the incoming flow is always aligned with the rotor, the fore-
aft direction at the tower base is defined in the local coordinate system of the inflow wind.
The time series are saved at 100Hz and 500Hz for onshore and offshore cases, respectively.
All the statistics except for M.q are calculated using the original high-frequency signal.
Meq, however, is computed using a down-sampled load signal at 1Hz. Given the large
scale of the database, this choice was made to save time, memory, and space during
preprocessing. While this lower sampling frequency captures the dominant contributors
to the fatigue, including the 1P, 3P, and lower-frequency hydrodynamic oscillations, it
limits the contribution of the higher-frequency harmonics, resulting in overall lower Meq
values compared to those obtained from higher-frequency load signals. Expert feedback
suggests that a sampling frequency in the range of 10-40 Hz would be more suitable
for capturing the full spectrum of fatigue-relevant dynamics. This frequency range is,
therefore, recommended for future studies while training the model. Nonetheless, further
analysis confirms that the surrogate model’s performance is not affected by the minor
discrepancies in the M. values arising from downsampling. The process of calculating Meq
is presented in Equation (2.5), where the stress ranges are replaced by bending moment
ranges calculated using the Rainflow counting algorithm. The Woéhler coefficient takes the
values 3.5 for the tower, 10 for blade flapwise, and 8 for blade edgewise moments.

4.2.4 TEST DATASETS

The prediction accuracy of the conditional pdf by MDNS is tested on two inde-
pendently sampled test datasets, which have not been used in the training procedure,
referred to as TEST1 and TEST2. TEST1 consists of 50 pseudo-randomly-selected points
spanning the entire sampling domain, with parameter bounds the same as in Table 4.1.
At each test point, engineering simulations with OpenFAST are repeated 300 times to get
a reference pdf by keeping the input features constant but changing the turbulence and
wave random seeds, resulting in a total of 15000 TurbSim and OpenFAST simulations. In
TEST2, only the wind speed and turbulence intensity are altered, while keeping the other
inflow parameters constant. TEST2 consists of 24 cases, each of which is repeated similarly
with 300 turbulence and wave seeds. The purpose of building a separate TEST2 dataset
was to visualize the model’s performance through two-dimensional heat maps and analyze
the integrated quantities derived from TEST1. The values of the parameters are listed in
Table 4.3.

The test and training points for CASE-OFFSHORE are shown in Figure 4.1. The
marginal distributions are shown for the training dataset. The test points for CASE-
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Table 4.3: Variables and their corresponding values in TEST2 dataset. A indicates the discretization step.

Variable parameters [Min : Max : A]

Wind Speed (u) [ms™!] [6:21: 3]
[10:40:10] foru=6

Turbulence Intensity (i) [%] [6:24: 6] foru=9
[4: 16 : 4] for u>10

Fixed parameters Value

Power Law Exponent (@) [—] 0.08

Significant Wave Height (H;) [m] 1

Spectral Peak Period (T}) [s] 7

Wave Direction (Wy;,) [deg] 0

Random seeds Value

Turbulence Random Seed [—] U (—50000,50000)

Wave Random Seed 1 [—] U (—50000,50000)

Wave Random Seed 2 [—] V' (—50000,50000)

ONSHORE are identical, but only for the turbulence inflow features, namely, u, ti, and
a.
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Figure 4.1: Pairplot of the input features for CASE-OFFSHORE showing the training samples along with the test
datasets. The marginal distribution for the training dataset is shown along the diagonal.

4.3 DATA-DRIVEN MODELING SETUP

4.3.1 PROBABILISTIC MACHINE LEARNING APPROACH

Figure 4.2 shows the basic workflow used for model calibration and load estimation.
All data generated from OpenFAST is included in the training base without any repetition
or a pre-filtering step involved.

The validation approach in probabilistic modeling differs from the standard models,
as the reference conditional distribution needs to be obtained from the simulations. This
requires repeating the simulations with multiple seeds. Here, 300 random seeds are chosen
at each validation point, which should be sufficient to capture the standard deviation and
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Figure 4.2: Schematic of the machine learning approach.

the tails of the distribution.

4.3.2 SURROGATE MODELING SETUP

The theoretical background of the surrogate models is presented in Section 3.3.
Here, the specific details of the hyperparameters are presented. The data are always scaled
before training using the standard scaler.

POLYNOMIAL REGRESSION

second and fourth-degree polynomial regression is tested on the dataset. Even
though polynomial regression is a simplistic approach, it provides a reference for the
performance of the rest, more complex models. The models are trained on 250, 500, 1500,
and 2500 samples in the convergence study.

GAUSSIAN PROCESS REGRESSION

The GPR model is trained on 250, 500, 1500, and 2500 samples to assess the
convergence of the conditional mean. Training the GPR model is fairly straightforward, as
there are only a limited number of hyperparameters to tune, namely, the initial length scale
(I). For all cases, the length is scaled per feature using automatic relevance determination
[159]. The initial value is assigned to be 0.8 for every feature.

CHAINED GAUSSIAN PROCESS REGRESSION

To ensure that positive quantities like the standard deviation of the loads or the
fatigue loads always return a positive prediction from the surrogate model by assuming
them to be log-normally distributed. This also required the data to be free from outliers,
for which a Z-score filter with a threshold of 3¢ is used for outlier detection. The CGP
model has an additional hyperparameter known as the number of inducing points. In
Section 4.4.1, the model is trained with the combinations of training samples and inducing
points listed in Table 4.4. The inducing points are calculated as centers of K-means clusters
of the training subset. The additional steps required for the CGP model are shown in the
flowchart in Figure 4.3.
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Table 4.4: The number of training samples and inducing points considered for the model’s convergence study.

Training samples

Inducing points

250
500
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2500
3500

250
250
250, 1000
250, 1000
250, 1000
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Figure 4.3: The machine learning approach for the chained Gaussian process regression model.

The kernels are separately and independently assigned to the latent functions
f(x) and g(x). For both, the squared exponential kernel described in Equation (3.14) is
used. The initial length scales are assigned to be 1 for each feature. Automatic relevance
determination [159] is used to calculate the length scales per feature independently.

ARTIFICIAL NEURAL NETWORK

The hyperparameters of the ANN models introduced in Chapter 3 are listed in
Table 4.5. CASE-ONSHORE is trained using a two-hidden-layer ANN, whereas CASE-
OFFSHORE employs three hidden layers, as this configuration was found to yield improved

predictive performance.

MIXTURE DENSITY NETWORKS

The primary hyperparameters used in this study to train the models to obtain the
results are summarized in Table 4.6. In Section 4.4.1, the performance of the MDN model is
evaluated with two two-layer network architectures.
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Table 4.5: Summary of the ANN hyperparameters.

Network hyperparameter Value

Hidden layers 2 (ON) and 3 (OFF)
Network width {layer1, layer2, layer 3} {20, 20, @ } and {20, 20, 10}
Activation function (hidden layers) ReLU

Activation function (output layer) None

Learning rate 0.001

Maximum epochs 1000

Mini-batch size 200

Optimizer Adam
Regularization

A for L2—regularization 1073
Early-stopping

Early-stopping tolerance 1074

Table 4.6: Summary of the MDN network hyperparameters.

Network hyperparameter Value
Number of mixture components 4

Hidden layers 2

Network width {layer1, layer2} {10, 10} and {30, 30}
Activation function (hidden layers) ReLU
Activation function (output layer) None
Learning rate 0.005
Maximum epochs 1000
Mini-batch size 100

Optimizer Adam
Regularization

A for L1-regularization 1073

A for L2—regularization 1073
Early-stopping

Early-stopping patience 100
Early-stopping monitor validation loss

Number of early-stopping validation samples 600

A sensitivity analysis on the regularization parameters is shown in Figure 4.4.

The conditional mean is easier to learn and less sensitive to regularization. However, the

accuracy of the conditional distribution fit reduces if the L1 parameter is increased to le—2.

L1 regularization encourages the weights of the network to go to zero. A lower accuracy
with a higher L1 means that the model is underfitting the data. A balance is found with L1
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and L2 values of 1e —3, which is used for the rest of the study.

A similar study is performed on a two-layer network with varying widths of the
hidden layers in Figure 4.5. The scale of the plots shown in Figure 4.5 is quite narrow,
supporting the robustness of the model. Predictions with large networks (>50) and small
ones (<10) show a slight reduction in the prediction accuracy of the mean and the conditional
distribution for a training sample size of 5000 points. The larger networks, containing more
than 3000 parameters, would perform better with a bigger training dataset. The smaller
networks are not sufficiently complex to capture the right behavior. The study is repeated
on a 3-layer network with similar conclusions, showing that the model predictions are not
sensitive to the depth, indicating that the two-layer network is already sufficient to capture
the complexity.

0.970 1.000
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§ § 0.925
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. a5 . Q
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Figure 4.4: CASE-OFFSHORE: Comparison of accuracy metrics for various regularization parameter values with
MDN (30, 20) trained on 5000 samples, tower bottom fore-aft standard deviation.

CGAN TRAINING

An extensive study on this dataset was performed by Yap et al. [152]. The
Wasserstein-CGAN model (WCGAN) is used in Section 4.4 with the hyperparameters listed
in Table 4.7.
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Figure 4.5: CASE-OFFSHORE: Comparison of accuracy metrics for various combinations of layer widths in a

two-layer network with MDN trained on 5000 samples, tower bottom fore-aft standard deviation, L1 = 0.001,
L2 =10.001.

Table 4.7: Summary of the WCGAN network hyperparameters.

Network hyperparameter Value
Epochs 30000
Critic learning rate 0.0001
Generator learning rate 0.0002
Batch size 200
Generator optimiser RMSProp
Critic optimizer RMSProp

Activation function (hidden layers) ReLU
Gradient penalty coefficient 0.02
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4.4 RESULTS

In this section, the accuracy of the surrogate models in predicting the conditional
load distribution on the TEST1 and TEST2 datasets, as mentioned in Section 4.2.4, is
assessed. The first part focuses on convergence studies, specifically examining the impact
of training data size on predicting the average 10-minute standard deviation of the tower
bottom fore-aft moment. The goal is to measure how the accuracy of the predictions varies
based on the hyperparameters and initialization of the optimization algorithm. Once the
network architecture and training sample size are fixed, a rigorous analysis of the model’s
performance is performed.

4.4.1 CONVERGENCE

Generally speaking, more data translates to better accuracy. However, an increase
in data after a certain point gives diminishing returns in accuracy. Given the computational
cost of generating the training database, ensuring a good model fit with as little training
data as possible is crucial. The models listed in Table 4.8 are trained on a range of training
samples to determine the rate of increase of the accuracy of the model as a function
of the number of training samples. For both CASE-ONSHORE and CASE-OFFSHORE,
the convergence study shown here is performed on the tower bottom fore-aft moment
standard deviation (TwrBsMyt [kN-m] stddev). In principle, the convergence study could
be performed on any or all of the load channels mentioned in Section 4.2.3. However,
TwrBsMyt [kN-m] stddev was chosen because it is found to have relatively the highest
average dy, value amongst all channels. Models are data-dependent, and each channel
would ideally need a separate sensitivity study in terms of the number of training samples
needed for convergence, the model architecture, and the model hyperparameters. However,
for practical purposes, it is assumed that if a model can perform well on the channel with
the poorest metrics, then it should also perform well, if not optimally, on the other load
channels with the same network architecture. Care is taken to prevent overfitting by
comparing the evolution of the negative log-likelihood on the training and test datasets
during training.

Table 4.8: Description of the models used in the convergence study.

Name Description

MDN(10,10) MDN with two hidden layers of 10 nodes each

MDN(30,30) MDN with two hidden layers of 30 nodes each

CGP M=250 CGP with 250 inducing points

CGP M=1000 CGP with 1000 inducing points
Polynomial degree 2 Second-degree polynomial fit
Polynomial degree 4 Fourth-degree polynomial fit

ANN (20,20) ANN with two hidden layers of 20 nodes each

ANN (20,20,10) ANN with three hidden layers of 20, 20 and 10 nodes

The convergence of the models with respect to the number of training samples
is investigated. For the models MDN(10, 10), MDN(30, 30), an error bar is also plotted to




64 4 SURROGATE MODELING FOR FIXED BOTTOM WIND TURBINE LOADS

12 dya
1.00 P
e .<=—b— — Py
N B e R
Bogo ¥ T T = ~
= 0.50 — S P —
=
0.80 ‘ : : : : 0.00 ‘ ‘ :
Q N D N D N N\ N D N N N N N
S N N N N N N S N N S S
SRR LS
N, train N, train
—®— MDN (10,10) —<4— CGP M=1000 —»— Polynomial degree 4
—— MDN (30,30) —A— GPR —*— ANN (20,20)

—+— CGP M=250 —4— Polynomial degree 2

Figure 4.7: Convergence of the R? value of the conditional mean and the dy of the conditional distribution of
the predicted quantities as a function of the number of samples for CASE-ONSHORE.

1 dyo
1.00 l\iN
. v 1 .
>~ 1.00 ¥\T<?—H“%
% 0.90] =
= 0.50
&S
0.80 : 0.00 : : : : : :
P Q0 QL L L P L QO L L
S & & & & S & & & Q&
NS S SN R N N S
Ntrain Ntrain
~®— MDN (10,10) —<— CGP M=1000 —»— Polynomial degree 4
—>— MDN (30,30) —A&— GPR —#—  ANN (20,20,10)

—+— CGP M=250 —— Polynomial degree 2

Figure 4.8: Convergence of the R? value of the conditional mean and the dy; of the conditional distribution of
the predicted quantities as a function of the number of samples for CASE-OFFSHORE.



4.4 RESULTS 65

highlight the deviation of the predictions as a function of the choice of the training data
subset. At every Nirain, the model training is repeated on 25 uniquely sampled subsets of
the data with 10-fold cross-validation. The GPR model predictions are similarly repeated
with 25 different samples of the training data pool at every Ny, value. The variance in
the predictions of the rest of the models due to differences in the choice of training dataset
is not included for the sake of clarity. The plots Figure 4.7 and 4.8 show the convergence of
the model in terms of predicting the R? value of the conditional mean and the normalized
2-Wasserstein distance. The metrics are averaged over the validation dataset, which is
formed by combining TEST1 and TEST2. The boxes in Figure 4.7 and Figure 4.8 extend
between the first (Q1) and third (Q3) quartiles of the data and the horizontal line across
the box indicates the median. The difference between Q1 and Q3 defines the interquartile
range (IQR). The upper whisker extends to the largest data values that are within 1.5IQR
above Q3. The lower whisker, similarly, extends to the lowest data point within 1.5IQR
below Q1. Outliers are visible as dots beyond the whisker boundaries. The MDN and GPR
models are trained on 25 different subsets at each Niy,in. Some of the key observations of
the convergence study are listed as follows:

« Comparison of the datasets: The performance of all evaluated models was consis-
tently better on the onshore wind turbine dataset compared to the offshore coun-
terpart. This difference is mainly due to the reduced complexity of the onshore
dataset—fewer influencing features result in simpler underlying functions, thereby
improving model predictability. In terms of the convergence, CASE-OFFSHORE
benefits from 1000+ training samples, whereas in CASE-ONSHORE, the model pre-
dictions are approaching near-perfect estimates of R? with as few as 500 samples.
GPR shows marginal but continuous improvements in the R? value with the number
of samples in CASE-OFFSHORE, contrary to CASE-ONSHORE. One common reason
for such behavior is the presence of redundant features combined with more noise,
which ultimately limits training. It can be observed in the values of the optimized
values of length scales derived from ARD, as seen in Figure 4.9. The extremely large
length scales of the hydrodynamic parameters indicate that they are not relevant to
the model training. Additionally, as shown in Figure 4.10, the log marginal likelihood
function is not well-defined in the hydrodynamic parameters and plateaus at rela-
tively large length scales. These figures were generated by varying the length scale
of one dimension at a time while keeping the others constant. This investigation
suggests that, in the case of fixed-bottom offshore wind turbines, fatigue even at the
tower bottom is largely driven by the wind speed-related statistics.

« Comparison of the models: One of the key advantages of GPR is its ability to achieve
the same level of accuracy as MDN while requiring fewer training samples. This is
noticeable with both datasets in the R? values at 500 samples. The main drawback of
GPR is that it has a matrix computation cost of O(N? ;) [114], making it difficult to
scale to larger datasets, if needed. To address scalability, a sparse implementation
using CGP was employed, which reduces the complexity to O(NirainM?) [160]. Still,
convergence studies for CGP were also limited due to computational costs.

The number of induction points in CGP does not seem to improve the prediction
accuracy. In fact, in the case of CGP M=1000, performance even deteriorates with
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the GPR model trained with 1500 training samples on tower bottom fore-aft moment standard deviation.

increasing values of Nipin. This behavior could be a result of the saturation of the
accuracy already with 250 induction samples. Another possible hypothesis is that the
k-means clustering algorithm is not the best choice for choosing the induction points.
An alternative could be to randomly sample a subset or use the low-discrepancy
sequences already generated for training to select a quasi-random subset. Finally,
the solution may be converging to a local minimum due to the sensitivity to the

initialization of the training or the learning rate.

The fourth-degree polynomial function, although simple, is able to capture the con-



4.4 RESULTS 67

ditional mean with good accuracy in the two cases. The disadvantage of polynomial
functions is that they are parametric. However, since they are much quicker to train
than most other approaches tested here, they are easy to experiment with and should
certainly be considered for simple setups where only the prediction of the conditional
mean is interesting.

Detailed hyperparameter studies were not performed on the ANN model. Additional
regularization and choice of a different architecture may converge to better estimates.
Still, the ANN model predicts the conditional mean on average with R? values greater
than 0.95 with a sufficiently large training dataset, indicating a good fit.

In both CASE-ONSHORE and CASE-OFFSHORE, the difference between the pre-
dictions of the two MDN architectures (10,10) and (30,30) is mainly seen in the
dw estimates of the onshore turbine. An improvement of roughly 15% in terms
of dy is seen in CASE-ONSHORE, whereas a negligible difference is observed in
CASE-OFFSHORE. As the data pool is finite, the uncertainty bounds associated
with the choice of training samples progressively decrease as the total available
samples are approached. At smaller Niy,in values, the uncertainty is also driven by
the missing information in the training data and the choice of the initial conditions
used by the stochastic gradient descent optimizer. Significantly better GPR esti-
mates of the response mean can be achieved for less than 1500 training samples,
which can be attributed to the Bayesian formulation. Beyond that point, however,
MDNs and GPR are comparable, with R* > 0.99 in CASE-ONSHORE and R* > 0.95
in CASE-OFFSHORE.

« Conditional distribution: The convergence of conditional distributions was evaluated
using the Wasserstein distance metric (dy2) for heteroscedastic models, including
MDN and CGP. Results showed that dy, values stabilized after approximately 3500
training samples. Beyond this point, additional training data did not significantly
improve the quality of the predicted distributions. dy is 50% smaller in CASE-
ONSHORE than in CASE-OFFSHORE, signifying, overall, a much better inference of
the latent pdf in the onshore conditions than offshore. This is expected, as the larger
the degrees of freedom, the larger the space between the neighboring points. The
goodness of fit of the model in terms of dy -, depends on the rate of change of the
statistics of the underlying distributions. The gradient of the standard deviation, in
particular, is much harder to infer from a cloud of points than the gradient of the
mean. The convergence plots for CASE-OFFSHORE could indicate either that this is
the best estimate of dy; achievable, given the information the model has, or that
the number of samples needed to capture the variation in the standard deviation is
even larger than the largest training sample size that was tested.

Figure 4.11 shows the training and validation losses plotted against the number
of epochs for CASE-ONSHORE. MDN overfits the data at N, = 500 because, as the
training loss decreases, the validation loss increases, indicating that the model cannot
handle previously unseen data. Figure 4.11b is well-fitted as the training and validation
losses decrease at the same rate. The plot also shows the auto-stop algorithm at work, which
halts training after 100 epochs of approximately zero-gradient loss to avoid overfitting.




68 4 SURROGATE MODELING FOR FIXED BOTTOM WIND TURBINE LOADS

Training loss Training loss

—— Validation loss

Validation loss

Loss

0 50 100 0 200 400 600
Epochs [-] Epochs []

(@) Nirain = 500 (b) Nirain = 4500

Figure 4.11: Training and validation losses for MDN (10, 10) with 500 (a) and 4500 (b) training samples, CASE-
ONSHORE.

For the remainder of this study, each model is trained on the number of samples
that best offered a subjective trade-off between the accuracy and computational effort of
training and generating the dataset. The final Ny values are listed in Table 4.9.

4.4.2 LOAD PREDICTION

In this section, the prediction of the 10-minute damage equivalent loads on the
wind turbine for CASE-ONSHORE and CASE-OFFSHORE is presented. R? values reflect
the proportion of variance in the output that is predictable from the surrogate models.
The absolute magnitude of R? is sensitive to the optimization initialization, choice of the
test samples, and the choice of the training subset, as seen in Figure 4.8. It is, therefore,
important to note that the absolute R? values do not carry much objective meaning on
their own. They are only used here for comparing the performance of models relative to
one another.

CASE-ONSHORE

First, the performance of the models on CASE-ONSHORE is discussed. The
different surrogate models are tested, and their performance is compared in Table 4.9, 4.10,
and 4.11.

Table 4.9: Comparison of the RIZJ metric for various load channels’ 10-minute damage equivalent loads in CASE-
ONSHORE.

Model Nirain  TwrBsMyt YawBrMyn RootMybl RootMxbl
MDN(10, 10) 4500 0.99 0.99 0.99 0.91
GPR 500 0.94 0.92 0.99 0.86
CGP M=250 3500 0.99 0.98 0.99 0.67
Polynomial 2 2500 0.96 0.97 0.88 0.7
Polynomial 4 2500 0.97 0.99 0.98 0.9
ANN (20,20) 4500 0.98 0.98 0.98 0.93
CGAN 5969 0.99 0.99 0.99 0.96

Discussion on the comparison of the model performance on CASE-ONSHORE:
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Table 4.10: Comparison of the R% metric for various load channels’ 10-minute standard deviation in CASE-
ONSHORE.

Model Nirain  TwrBsMyt YawBrMyn RootMybl RootMxbl

MDN(10, 10) 4500 0.94 0.96 0.91 0.86
CGP M=250 3500 0.7 0.13 0.35 -
CGAN 5969 0.9 0.94 0.91 0.91

Table 4.11: Comparison of the dy, metric for various load channels’ 10-minute standard deviation in CASE-
ONSHORE.

Model Nirain  TwrBsMyt YawBrMyn RootMybl RootMxbl
MDN(10, 10) 4500 0.44 0.65 0.76 2.8

CGP M=250 3500 0.62 0.88 0.9 0.5
CGAN 5969 0.51 0.45 0.51 24

« CGAN and MDN performance: CGAN and MDN consistently outperform the other
surrogates, in terms of conditional mean, standard deviation, and the normalized
Wasserstein distance values. The primary drawback of CGANS is the extensive
hyperparameter tuning requirements and complex model architecture..

« CGP performance: Although CGP was trained using a different process, as explained
in Section 4.3.2, all error metrics are calculated on the same test dataset as for the
other models. Given this setup difference, larger deviations from the OpenFAST
reference in CGP predictions are expected.

« Polynomial performance: The simpler, fourth-degree polynomial model outperforms
some of the more complex surrogates in predicting the conditional mean. This
suggests that the underlying dataset may not be as complex as initially assumed.

« GPR robustness: GPR is able to make good predictions of the conditional mean with
a small training set. For this kind of application, it can be regarded as a robust and
reliable approach when the dataset is limited or training must be performed on a
limited computational expense.

« Blade root edgewise moment DEL: Across all models, the blade root edgewise moment
shows notably poorer predictive performance. It is primarily a result of the presence
of on/off multiple modes in the response at high wind speeds. It is further investigated
in the following sections by analyzing the individual conditional distributions in
Figure 4.16¢. Figure 4.12 shows the predicted conditional mean and standard deviation
plots for the blade root edgewise moment DEL, against the conditional reference from
OpenFAST. The points where a disagreement exists between the various surrogates
in Figure 4.12a correspond to the points where the multi-modal response exists.
Figure 4.12b shows the ogurrogate values. It only shows a small number of points
because the multi-model response results in a very large standard deviation of the
loads compared to normal operation. On zooming in to the normal range of loads,
the performance of the other models can be compared. CGP was not trained on
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the ‘outliers’, or the points where the wind turbine was curtailed. Therefore, it is
unable to correctly extrapolate the standard deviation in Figure 4.12b, but can do it
accurately in the region where it was trained, Figure 4.12c.
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Figure 4.12: CASE-ONSHORE: Conditional mean (top left) and conditional standard deviation (top right) surrogate
predictions vs. OpenFAST reference for blade root edgewise moment DEL. Zoomed-in image of the conditional
standard deviation on the bottom.

The conditional DELs for the tower base fore-aft moment (Figure 4.13), tower
top fore-aft moment (Figure 4.14), blade root flapwise moment (Figure 4.15), and blade
root edgewise moment (Figure 4.16) are plotted at three operational conditions falling in
low, medium, and high wind speed blocks. The values of the input features are noted in
Table 4.12.

Table 4.12: Values of the input features for the pdfs in Figure 4.13 to 4.16.

Wind condition ulms™] ti[] al]
Low wind speed 6 40 0.08
Medium wind speed 12 16 0.08
High wind speed 22.70 17.28  0.07

The conditional pdfs provide a closer look at the nuances between the various
surrogate model performances. There are a few interesting things to note here:
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« High wind speed: At high wind speeds, there were some test and training simulations
when the wind turbine was partly curtailed due to high fluctuations in wind speeds,
resulting in a bimodal response. This can be seen in Figure 4.13c, 4.14c, 4.15¢c, and
4.16¢. The bimodality in the load response is primarily attributed to the behavior
of the wind turbine controller rather than to inflow-related flow physics. Modern
wind turbine controllers enforce hysteresis to ensure a smooth transition between
operating regimes [161, 162]. This is to avoid continuous switching between wind
turbine states when the wind speed is at the border of two operating regions (for
instance, below cut-out and above cut-out wind speeds). However, the transition in
this controller appears to be more abrupt. Studies in the future should investigate
the exact cause of this behavior and determine whether the controller needs to be
updated. However, it is beyond the scope of this study. It should further be noted
that while mean loads during state switching scale approximately linearly with
the fraction of time the turbine is operating or parked, the corresponding DELs
exhibit strongly nonlinear behavior. The magnitude of the DEL is dominated by
the largest load ranges. Hence, transient events during state changes govern the
fatigue response. Consequently, the sequence of operating states is relevant, and it
matters whether the turbine undergoes a restart or a shutdown within the averaging
window. All surrogate models in this study, except MDN and CGAN, don’t assume
a multi-modal response. Hence, the predicted mean is shifted with respect to the
OpenFAST reference. An alternative approach is to preprocess the training data to
actively remove outliers before fitting the surrogates. Otherwise, the dominant mode
of the bimodal response can be considered for lifetime fatigue calculations.

« Low wind speed: The probabilistic and deterministic surrogates agree well on the
conditional mean across all channels in this wind speed range. The underlying
distribution appears to be Gaussian or lognormal.

« Medium wind speed: This regime consists of more complex, nonlinear behavior in
control systems and structural dynamics. The blades are highly loaded with pitch
changes to regulate the power production. The deterministic model predictions are
generally in good agreement with the reference, but compared to the low wind speed
region, there is a wider spread of predictions. The probabilistic models capture the
underlying distribution closely.

+ CGAN performance: When examining the individual pdf, CGAN demonstrates
qualitatively strong agreement with the reference distribution.

« Non-physical response: The probabilistic surrogates can predict distributions with
tails that extend to negative values. DEL is a strictly positive quantity, but there is no
mechanism in the training process to prevent the models from predicting negative
samples. Limiting the realizations to positive values could potentially be a solution.

« Blade root edgewise moment DEL: The edgewise blade root moment has the most
drastic difference in the load values at high wind speeds as a result of intermittent
curtailment. Therefore, there is a larger disagreement with the predictions from the
reference.
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» Low wind speed resonance: It was later discovered that the controller on the refer-
ence wind turbine introduced a resonance in the structure at below-rated speeds.
Therefore, the magnitude of DEL is at times larger than the other regions. This has
been reported, and the controller has since been updated in the public repository of
the 10-MW RWT.
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(a) Low wind speed (b) Medium wind speed
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0 2 1 6
10-minute DEL [kN-m] x107
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Figure 4.13: CASE-ONSHORE: Predicted and reference (OpenFAST) conditional pdf for the tower base fore-aft
moment DEL.
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Figure 4.14: CASE-ONSHORE: Predicted and reference (OpenFAST) conditional pdf for the tower top fore-aft
moment DEL.
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Figure 4.15: CASE-ONSHORE: Predicted and reference (OpenFAST) conditional pdf for the blade root flapwise
moment DEL.
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Figure 4.16: CASE-ONSHORE: Predicted and reference (OpenFAST) conditional pdf for the blade root edgewise
moment DEL.
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CASE-OFFSHORE

The different surrogate models are compared similarly for CASE-OFFSHORE in
this section. The differences in training and prediction in this case, compared to the onshore
counterpart, are simultaneously discussed. Firstly, the performance metrics of various
models are compared in Table 4.13, 4.14, and 4.15. The standard deviation and Wasserstein
distances are only measured for the probabilistic models. The R? values that are below
zero are marked with a dash (-).

Table 4.13: Comparison of the Rf, metric for various load channels’ 10-minute damage equivalent loads in

CASE-OFFSHORE.

Model Nirain  TwrBsMyt  YawBrMyn RootMybl RootMxbl
MDN(10, 10) 4500 0.95 0.94 0.87 0.91
GPR 500 0.94 0.89 0.86 0.48
CGP M=250 3500 0.92 0.90 0.85 0.94
Polynomial 2 2500 0.89 0.92 0.79 0.55
Polynomial 4 2500 0.84 0.84 0.8 -
ANN (20,20,10) 4500 0.89 0.9 0.86 0.6
CGAN 5969 0.9 0.91 0.87 0.93

Table 4.14: Comparison of the R% metric for various load channels’ 10-minute standard deviation in CASE-

OFFSHORE.

Model Nirain  TwrBsMyt  YawBrMyn RootMybl RootMxbl
MDN(10, 10) 4500 0.78 0.94 0.79 0.85
CGP M=250 3500 0.2 - 0.35 0.64

CGAN 5969 0.7 0.83 0.79 0.91

Table 4.15: Comparison of the dy, metric for various load channels’ 10-minute standard deviation in CASE-

OFFSHORE.

Model Nirain  TwrBsMyt YawBrMyn RootMybl RootMxbl
MDN(10, 10) 4500 1.06 0.56 14 2.6
CGP M=250 3500 1.29 0.7 2 0.8

CGAN 5969 1.43 0.6 14 2

The main observations are summarized here:

« Conditional mean compared to CASE-ONSHORE: Compared to CASE-ONSHORE,
the conditional mean metrics are lower across all models. It has been shown in
Section 4.4.1 for the tower bottom fore-aft moment that adding training samples
only marginally improves the accuracy of the model. It is still possible that manual
tuning per channel can improve the overall performance. However, time is often a
limitation in an industrial context, and the time needed to perform even automated
sensitivity studies can override the benefit of using a surrogate. The result of the
lower R;Zz values can be explained by the presence of higher dimensions and more
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noise in the training data due to the presence of a new stochastic source (waves), as
discussed in Section 4.4.1.

« MDN and CGAN performance: MDN is consistent in predicting the conditional mean
with the overall highest accuracy. Neither MDN nor CGANs were specifically tuned
for the offshore case, but as shown here, the performance of CGAN drops more
drastically as the dataset is changed for the same architecture. MDN also predicts the
conditional standard deviation with a relatively good accuracy as seen in Table 4.14
and 4.15.

« Polynomial predictions: Interestingly, the fourth-degree polynomial is found to be
very sensitive to the number of training samples in the case of tower base and top
fore-aft moment DEL. Its prediction is even worse than the second-degree polynomial
case. This indicates overfitting to the noise and poor generalization.

« GPR predictions: Similar to CASE-ONSHORE, the predictions of the conditional
mean with the GPR model on this dataset, even with a small training sample, are
comparable to MDN.

« Blade root edgewise moment DEL: Similar to CASE-ONSHORE, the bad performance
of the models on this channel is attributed to the presence of multiple modes in
the conditional response during training and testing. This has been discussed in
the previous section. The discrepancy in the R?c and dy; performance is because
the Wasserstein distance integrates over the whole probability distribution and
inherently weights differences by the associated probability mass of each value,
which is not the case for standard deviation calculation.

The individual conditional distributions are shown in Figure 4.17, 4.18, 4.19, and
4.20 for selected points in the low, medium, and high wind speed regimes. The input vectors
for the three cases are listed in Table 4.16.

Table 4.16: Values of the input features for the pdfs in Figure 4.17 to 4.20.

Wind condition u[ms™] ti[-] a«[] H,[m] Ty [s]  wdir [deg]
Low wind speed 6 40 0.08 1.0 7.0 0

Medium wind speed 12 16 0.08 1.0 7.0 0

High wind speed 22.70 17.28 0.07 1.9 14.47  -48.57

Some of the key observations on the conditional pdfs in CASE-OFFSHORE are
listed below:

« Disagreement between the models Compared to CASE-ONSHORE, there is a lot more
disagreement between the deterministic models in predicting the conditional mean
across all channels. As a result of added features and noise due to some of the features
being non-informative, there is a tendency for the models to overfit or underfit the
data. Andrianakis and Challenor [163] describe two types of solutions in Gaussian
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process modeling, in particular. However, the observation is applicable to any highly
nonlinear surrogate. The first solution is where the observation noise is assumed to
be very low, causing the surrogate to fit through all the training data. This results in
overfitting as the model tries to capture all observed variation, including the noise.
The second type of solution is when the model assumes high noise and is unable to
model the true underlying function. It treats the actual patterns or structure in the
data as if they were just random noise.

+ CGAN mode separation inconsistency: It can be seen in Figure 4.19c, that if the
two modes are close to each other, CGAN does not assign a zero probability to the
space between them. One hypothesis for this is that because Wasserstein distance
measures the cost of moving probability mass from the generator distribution to the
real distribution, it doesn’t directly force zero probability in low-density regions. It
only tries to minimize the total transport cost. The failure to detect a separation
between the modes could also be a result of not reaching a convergence before the
training was stopped.

That means the generator can still put some probability mass between two modes if
doing so slightly reduces transport cost, even if the true distribution has none there

8 8
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(a) Low wind speed (b) Medium wind speed
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(c) High wind speed

Figure 4.17: CASE-OFFSHORE: Predicted and reference (OpenFAST) conditional pdf for the tower base fore-aft
moment DEL.
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Figure 4.18: CASE-OFFSHORE: Predicted and reference (OpenFAST) conditional pdf for the tower top fore-aft

moment DEL.
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Figure 4.19: CASE-OFFSHORE: Predicted and reference (OpenFAST) conditional pdf for the blade root flapwise
moment DEL.
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4.5 SUMMARY AND DISCUSSION

This chapter presents a comparison of several widely used surrogate models,
including polynomials, ANN, and GPR. Additionally, it introduces a probabilistic approach
based on MDNs, CGP, and conditional Wasserstein GANs to make efficient and flexible load
surrogates for offshore siting. The inputs constitute the variables characterizing the site,
and the output is the 10-minute damage equivalent load on the wind turbine blades and
tower. The data-driven surrogate uses aero-servo-hydro-elastic OpenFAST simulations of
the 10-MW reference wind turbine for training. The goal was to explore the hypothesis of
whether including information about uncertainty in site conditions improves the surrogate
predictions.

The surrogates are trained on two cases. The first is a wind turbine subject to
aerodynamic (CASE-ONSHORE) loads onshore, and the second is its offshore counterpart
with aero-hydrodynamic (CASE-OFFSHORE) loading. In order to reduce training costs,
no seed repetitions were performed during training. This means that the variation in the
load response due to the stochastic inflow conditions is treated as aleatoric uncertainty.
The noise, if not properly accounted for while describing the model, can result in model
sensitivity to the number of training samples and model complexity. The presence of
noise forces highly nonlinear models into two types of solutions [163]. The first is when
the noise is treated as data (overfitting), and the second is when the noise masks the
underlying function (underfitting). The probabilistic models produce resulting conditional
load distributions that reflect this aleatoric uncertainty, combined with the epistemic
uncertainty arising due to the choice of model parameters.

In this work, the performance of the deterministic model is evaluated based on the
quality of its prediction of the conditional mean. The probabilistic surrogates are evaluated
on their predictions of the conditional standard deviation and the 2-Wasserstein distance in
addition to the mean. The reference conditional distributions are generated in OpenFAST
by varying the wind and wave random seeds 300 times per test sample.

Convergence studies show that in CASE-ONSHORE, several surrogate models
achieve Ri > 0.99 for the conditional mean of the tower bottom fore—aft moment with
approximately 500-1000 training samples, whereas in CASE-OFFSHORE, Ri increases only
marginally beyond approximately 1000 training samples. For probabilistic metrics, the
normalized 2-Wasserstein distance dy stabilizes after approximately 3000-3500 training
samples in both cases, with no significant improvement observed beyond this range.

The performance of the surrogate models is consistently better in the onshore
case. The additional hydrodynamic parameters in the offshore case were found not to be as
informative in predicting the fatigue loads, resulting in more noise in the data. Combined
with a larger number of features, the surrogate model performance drops in comparison.
Across load channels and surrogate models, the conditional mean coefficient of determina-
tion Rlz, is reduced by approximately 0.05-0.10 compared to CASE-ONSHORE, while the
normalized Wasserstein distance dy, increases by approximately 50%-100%, depending
on the channel. These results indicate that increasing the number of training samples alone
does not fully compensate for the additional noise introduced by hydrodynamic loading.

Several deterministic and probabilistic models were evaluated. The simplest
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polynomial surrogate of the fourth-degree showed good agreement with the reference
in CASE-ONSHORE, achieving R,21 values above 0.97 for most load channels. In CASE-
OFFSHORE, the polynomial fit was susceptible to overfitting, with RZ values dropping below
0.90. GPR showed consistently good performance even with very limited training data,
achieving RI"; =~ 0.94-0.99 with approximately 500 training samples. The main drawback of
GPR is poor scalability; however, since performance improvements beyond approximately
1000 training samples are marginal, as observed in the convergence plots, the need for
scaling is limited in this application. ANNs demonstrate good agreement with the reference,
typically achieving RIZI > 0.95 with sufficiently large training datasets, but are prone to over-
and underfitting and require hyperparameter tuning in each case. The process of training
the CGP involved removing outliers and transforming the training data from a lognormal
to a normal distribution, which improved model accuracy and enabled the capture of
dominant modes in the conditional distribution, with dy, values of approximately 0.6-
1.3, depending on the load channel. MDNs are robust to changes in training sample size
and model parameters, maintaining R,21 > 0.99 in CASE-ONSHORE and Rﬁ =~ 0.90-0.95
in CASE-OFFSHORE, with corresponding dy, values of approximately 0.4-0.8 and 1.0-
1.4, respectively. Conditional GANs are found to be the most complex models to train
for regression in this study. Nevertheless, the results are comparable to MDN in CASE-
ONSHORE, and the conditional response is well captured.

In conclusion, incorporating uncertainty in the surrogate modeling process is
effective in improving the quality of the results. More so in complex cases, as it helps
mitigate the adverse effect of noise in the dataset. With the added benefit of not requiring
seed repetitions prior to training, it is shown that all probabilistic approaches cut down
significantly on the computational cost associated with generating the training database
without compromising prediction accuracy. Further modeling of floating wind turbines in
Chapter 6 is done using MDNs.







DATA ANALYSIS OF THE TETRASPAR
DEMONSTRATOR LOADS

The complex interaction between the structural behavior of the floating offshore wind
turbine and the stochastic site conditions is an active area of research. Characterizing the
relationship between the environmental conditions and loads may help design reduced-
order models, surrogate models, and physics-based engineering models for floating wind
turbines. This study uses data from the TetraSpar Demonstrator, which is equipped with
a 3.6 MW Siemens Gamesa wind turbine. One-to-one simulations performed using aero-
servo-hydro-elastic software are included for comparison. Various tools, including linear
correlation, MI, and feature ordering using conditional independence, are used for the
assessment. This study is also helpful in validating the engineering model for future global
sensitivity analysis using elementary effects or Sobol indices that require a rigid sampling
structure of features and can, therefore, only be calculated with simulation tools. A good
agreement is found between the measurements and the simulations. The 10-minute damage
equivalent loads on the tower show a correlation, particularly with the wind speed statistics
and the significant wave height.

This chapter is partly based on:
[ D. Singh et al. Data analysis of the TetraSpar demonstrator measurements [43].
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5.1 MOTIVATION AND BACKGROUND

FOWTs offer vast potential to extract energy from deep offshore regions with
stronger and more consistent wind resources. However, the interaction between the
floating system and the stochastic site conditions, which ultimately results in uncertainty
in the structural response, still needs to be better understood. The outputs from modeling
tools depend on a large number of input parameters, such as environmental conditions,
controller design, and the design parameters of the structure. However, not all inputs
influence FOWT loads equally, and the response of each part to changes in the environment
is unique. Moreover, in the case of floating wind turbines, the response is also a function
of the substructure type [8]. This means that the sensitivity analysis for semi-submersibles
may not be entirely relevant for the spar buoys.

It is essential to identify the correlations between the loads and site conditions, as
this information can be used to develop more effective engineering, reduced-order, and
data-driven surrogate models. Several studies in the past have focused on addressing
the sensitivity of wind turbine loads to environmental conditions [34-36, 164, 165]. The
combined effect of environmental and structural parameters has been analyzed on fixed-
bottom [38, 39] and floating wind turbines with semi-submersible platforms [41, 42]. This
study was motivated by the need to (i) validate the simulation tools against measurements
for a unique floating wind turbine substructure by performing one-to-one simulations,
(ii) identify correlations between the site conditions and the damage equivalent loads on
the wind turbine tower and blades for both simulation data and measurements. One-to-
one comparison refers to simulations where inputs are derived from time-synchronized
measurements of a wind turbine prototype. Each simulation corresponds to a single
measured realization and is used to validate the aeroelastic model’s ability to reproduce
observed load time histories.

The measurement data are obtained from the measurement campaign of the
TetraSpar demonstrator [9, 166]. It is equipped with a 3.6MW Siemens Gamesa Renewable
Energy wind turbine. An image of the platform with the wind turbine is shown in Figure 5.1.
It is a unique spar-type configuration consisting of a slender tubular steel structure with a
suspended keel. It is a promising design candidate for floating wind turbine foundations, as
it is made up of simple parts and minimizes material costs. Due to its unique configuration,
it presents an interesting test case to validate the accuracy and limits of the state-of-the-art
engineering tools used in industry. The TetraSpar Demonstrator has been installed at the
Marine Energy Test Centre, 10 km off Karmey in Norway, with a water depth of 200 m and
has been operating since July 2021 [9]. The data used for the analysis consists of 10-minute
statistics of environmental conditions and the corresponding 10-minute DELSs obtained
from the measurement campaign.

The first section of the chapter provides information about the data used in
the study, lists the various pre-processing steps and provides some background on the
simulation setup used for the numerical analysis. The results are subdivided into two
sections. The first part provides a qualitative comparison using scatter plots of the measured
and simulated damage equivalent loads as a function of the environmental features. A visual
comparison is useful in identifying key differences in the simulations and in highlighting
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the similarities and regions for improvement in the numerical setup. The second part of
the result section uses statistical approaches to investigate the quantitative correlation
between the loads and the site conditions.

Figure 5.1: Image of the TetraSpar full-scale demonstrator moored at the test site off the coast of Norway [9].

For the correlation study, CODEC and a corresponding variable selection algo-
rithm, called FOCI [132], are used. Other standard correlation metrics, including MI and
PCC, are also evaluated. A detailed description of these methods can be found in Chapter 3.

An extension of this study would be to conduct a global sensitivity analysis (GSA).
In the context of wind turbines, GSA is typically performed using either derivative-based
methods, such as elementary effects (EE), or variance-based methods, such as Sobol’s
indices. These approaches rely on structured sampling strategies and require an explicit
function to evaluate the input-output relationship, often an expensive engineering tool.
Consequently, they cannot be directly applied to randomly sampled field measurement
data. To enable GSA on field data, one approach involves fitting a surrogate model to
the observations and then sampling the responses accordingly. Alternatively, GSA can be
performed using simulations. However, a critical question arises: do the simulation results
align with observed field data? To assess the reliability of state-of-the-art engineering tools
used in the industry for such analyses, one-to-one simulations are conducted using the in-
house multi-physics tool, BHawC [167, 168], coupled with OrcaFlex [169]. An open-source
tool, such as OpenFAST, was not used in this project, as the numerical models were set up
and simulated by the commercial partners. The correlation studies are then repeated on
both measured and simulated data to evaluate consistency and validate the applicability of
these tools.
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5.2 DATA PROCESSING

5.2.1 DATA DESCRIPTION

The Tetraspar Demonstrator is heavily instrumented, with the sensors onboard
providing data to a central data acquisition system, which stores data at a frequency of
25 Hz. The turbulence intensity, wind speed at hub height, and shear profile are processed
from the nacelle-based LiDAR measurements. The LiDAR is configured only to output the
longitudinal turbulence component. The transverse and vertical turbulence components
are assumed to be 0.7 and 0.5 times the longitudinal turbulence component. The free-stream
wind conditions are measured 364 m (2.8 rotor diameter) upstream of the rotor plane. The
onboard wave radar measures the wave elevation and direction, which are then processed
to obtain values of significant wave height and peak spectral frequency. The wave radar
is located at the railings of the foundation, targeting the area directly below the wind
turbine. It is, therefore, subject to additional disturbances due to the surrounding floating
structure compared to the open ocean. A detailed study on the validity of the wave radar
measurements is performed by McCauley et al. [170]. Ocean current characteristics in
the form of current speed and direction are not measured directly at the location and are
obtained from the Norwegian Meteorological Institute’s reanalysis data. Air density is
derived from temperature and pressure measurements.

The responses are the damage equivalent loads measured at the blade root, tower
top, and tower bottom. They are listed in Table 5.2. For the tower top and bottom, the
results for the resultant loads are shown, and not specifically the fore-aft or side-side
moments. The TetraSpar, unlike a traditional spar buoy, has a hydrodynamic asymmetry,
which means its dynamic response can be directional. Therefore, it is easier to interpret
the sensitivities for the resultant loads on the tower base and top. The loads are normalized
using the minmax scaler. The input parameters considered for this study are listed in
Table 5.1. The periods of normal operation are selected and processed to remove any faulty
sensor measurements between 3 March 2022 and 31 October 2022.

Table 5.1: List of variables characterizing the environmental conditions.

Variable Source
Turbulence intensity, hub height mean wind | Nacelle-based LiDAR
speed, shear profile power law exponent

Air density Derived from temperature and pres-
sure
Platform pitch angle Inclinometer (tower top)

Significant wave height, wave elevation peak | Wave Radar
frequency, wave direction
Current speed, Current direction Meteorologisk Institut (met.no)
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Table 5.2: List of the load measurement locations and the corresponding description.

Variable [Unit] Description

Tower bottom res [-] Tower bottom resultant moment (10-minute DEL)
Tower top res [-] Tower top resultant moment (10-minute DEL)
Edgewise blade root [-] Edgewise blade root moment (10-minute DEL)
Flapwise blade root [-] Flapwise blade root moment (10-minute DEL)

5.2.2 PREPROCESSING STEPS
The filtered 10-minute measurements and simulation output are further processed
to render them suitable for our statistical analysis tools.

« Missing values: For any missing measurement channel in the dataset, all measure-
ments from that timestamp are discarded.

«+ Outlier detection: CODEC and FOCI analysis have an additional outlier detection
step. A simple metric called the z-score is used to mark any sample more than 2.5
standard deviations away from the mean as an outlier. For the i*" data sample with
value x;, the z-score value is defined as

(xi—%)

zZi = 70 (51)

where x and o are the mean and standard deviation of the feature x.

+ Acquisition frequency: Current speed, current direction, and density are recorded
every hour, and therefore, their values repeat over a period of time until the next
acquisition point. This does not introduce an issue with MI and PCC. However,
the repeated values can introduce an artificial bias in the data for CODEC, and
FOCI. Therefore, the CODEC and FOCI analyses are performed on a much smaller
dataset where the repeating values of density, current speed, and current direction
are discarded.

After outlier detection, roughly 9489 10-minute samples remain to perform MI
and PCC. The number of samples was further reduced to 1145 for CODEC and FOCI as the
samples with repeating feature values were discarded. CODEC uses nearest neighbors to
approximate the conditional dependence between variables. In this study, 10 stochastic
variables are analyzed using a total of 1145 samples, which is considered relatively limited
given the dimensionality. Because the variables are stochastic, the measurements exhibit
noise or variation—stemming from either measurement tolerances or the inherent random-
ness of the variables. Given the limited amount of noisy data to perform the analysis, some
uncertainty in the metrics is expected.

DEL (AMpg) is calculated following the procedure outlined in Chapter 2, Equa-
tion (2.5). The n,y is chosen as 600 for the 10-minute signal. m is the Wéhler exponent
with values 3.5 for the tower, 10 for blade flapwise, and 8 for blade edgewise moments.
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5.3 SIMULATION SETUP

BHawC is used to perform the numerical simulations. The aeroelastic code is
dynamically coupled with the hydrodynamic solver, OrcaFlex, which models the platform
hydrodynamic loads, mooring loads, and response. At each coupling step, BHawC calculates
the aero-servo-elastic response, providing OrcaFlex with the displacement, velocity, and
acceleration of the interface between the tower and the foundation. With these inputs,
OrcaFlex calculates the hydro-elastic response of the full structure and condenses it at
the interface location. The suspended keel and tubular structures are modeled as stacked
spar-buoy cylindrical elements under the category of six-dimensional buoys in OrcaFlex.
The mooring line dynamics are solved using a Finite Element model, where the line is
discretized into a series of lumped mass nodes connected by straight, massless segments
with axial and torsional spring dampers at each end. The total simulation duration per
simulation is set to 600 s, to match the 10-minute statistics from the TetraSpar Demonstrator
measurements. The simulations have a mean sample period of 0.01s, but the output is
logged at every fourth time step, resulting in a frequency of 25 Hz to match the sample
rate of the measurements.

The Mann model [95] is used to generate spatially coherent turbulent flow struc-
tures in the inflow. It uses a frozen-Taylor assumption (see Chapter 2) to represent a
wind time series as a spatial wind field. The turbulence box is scaled based on the wind
speed, turbulence intensity, and the shear profile values, which are obtained from the
measurement campaign. The statistical variation in the turbulent field is reproduced by
using different random seeds (ranging from 1 to 45) for the simulations.

The double-peaked Torsethaugen wave spectrum [171] is chosen to generate
stochastic waves in OrcaFlex. It represents sea states that include both swell and wind-
generated waves. An interpolated current profile is specified, based on the reanalysis data
from the Norwegian Meteorological Institute.

5.4 RESULTS

This section is divided into two parts. First, the simulation predictions are com-
pared with the measurements obtained from the TetraSpar Demonstrator using scatter
plots, MI, and PCC. The scatter plots provide a qualitative comparison of the simulated
and measured loads as a function of each environmental feature. MI and PCC provide a
quantitative assessment of the degree of correlation between the fatigue loads as a function
of the environmental conditions. Note that the variations in the response are a cumulative
effect of changes in all the parameters. However, the correlation metrics disregard any
conditional dependence between the input variables.

In the second part, the results obtained using FOCI are looked at, which takes
into account the conditional dependence between the input variables when calculating
the score. The conditional dependence coefficient is helpful in determining a subset of
interesting features that most explain the behavior of the loads.
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5.4.1 DATA VISUALIZATION AND STANDARD CORRELATION METRICS

Figure 5.2 shows the scatter plots of the 10-minute damage equivalent loads at
tower bottom, tower top, and blade root from measurements and one-to-one numerical
simulations against the standard deviation of wind speed at hub height. Firstly, the simu-
lations and measurements have a good qualitative agreement, and the statistical trends
are similar. Regarding absolute values, the blade root edgewise DELs and tower DELs
in simulations show a larger variance than the measurements. Subsequent investigation
revealed a limitation in the structural modeling of the suspension lines connecting the hull
to the keel. In simulations, these suspension lines do not remain as taut as the TetraSpar
Demonstrator, primarily due to smaller structural damping. In certain cases, it results in
artificially increased fatigue, especially in the non-damped side-side tower moment and
the edgewise blade loads.

The tower bottom moment DEL plotted against the significant wave height in
Figure 5.3 shows a slightly higher variance and, thereby, higher load magnitudes at lower
significant wave heights in the measurements. Whereas in the simulations, the correlation
is relatively linear. This could indicate that the measured loads are more wind-driven
than the simulations. Conversely, the measured tower top moment DEL shows much less
variance with respect to the site variables. Generally, the tower top loads are damped by
the aerodynamic forces and control operations, and this effect is more pronounced in the
measurements.

The plots highlight the importance of validating the simulated data against real
measurements for complex designs. Minor differences in the setup can result in unexpected
differences in behavior, particularly for quantities like fatigue, which is sensitive to dynamic
effects like resonance and platform motion.

Figure 5.4 shows the MI and PCC scores for the tower bottom moment DEL. MI
scores quantify what was qualitatively visible in the scatter plots. The measurements
show a higher correlation with wind speed statistics, whereas the simulations show a
higher correlation with the significant wave height. PCC scores follow the same pattern for
simulations as MI, since the scatter plots appear to be more linear. However, the PCC scores
for the measurements contradict MI, highlighting the limitation of using linear correlation
metrics. The measured tower top loads in Figure 5.5 display a stronger correlation with
the significant wave height as compared to BHawC simulations. Pitch and surge motion of
the structure can induce tilting and displacement of the tower top even when the wind
speed is constant. PCC and MI show a similar trend, which means that the correlations are
linear in nature. Fatigue is tied to dynamic fluctuations. The correlation with mean wind
speed seen here is a reflection of the changes in the operational states, control actions, and
rotor speed.

The blade loads show a good agreement between the simulations and the measure-
ments in terms of the correlation scores. The blade loads are mainly correlated to the wind
statistics, especially the flapwise fatigue, which is turbulence-driven, as expected. Further
investigation was conducted into how the flapwise fatigue correlates with the significant
wave height.

Figure 5.8a shows the standard deviation of the measured platform pitch angle
(measured at the tower top) plotted against the significant wave height. The color of each
point corresponds to the mean wind speed, and its size reflects the wind speed standard
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Figure 5.2: Scatter plots of tower bottom moment DEL (top-left), tower top moment DEL (top right), edgewise
blade root moment DEL (bottom left), and flapwise blade root moment DEL (bottom right) vs. standard deviation
of wind speed, comparing the measurements with the one-to-one simulations. The scales of the axes have been
removed to preserve confidentiality.

deviation. Then, in Figure 5.8b, the blade root flapwise 10-minute DEL against the platform
pitch standard deviation is shown. Here, point color represents significant wave height, and
size reflects the wind speed standard deviation. Figure 5.8a shows that higher blade root
flapwise fatigue tends to occur when the significant wave height is high, and the standard
deviation of hub height wind speed is large. The connection between significant wave
height and flapwise fatigue might be influenced by the relationship between the platform
pitch standard deviation and significant wave height, and how the platform pitch standard
deviation relates to flapwise fatigue. This illustrates that it is challenging to account for the
conditional dependence between all variables and trace a unique cause of fatigue damage.

5.4.2 FEATURE ORDERING BY CONDITIONAL INDEPENDENCE

Feature ordering is an essential pre-processing step in developing data-driven
models. Table 5.3 shows the features chosen by this algorithm to contain the most informa-
tion about the loads. The values of the conditional dependence coefficient calculated with
all the features versus those calculated with just the important features are also shown in
the table. Note that the values of the coefficient range from zero to one; therefore, the closer
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Figure 5.3: Scatter plots of tower bottom moment DEL (top-left), tower top moment DEL (top right), edgewise
blade root moment DEL (bottom left), and flapwise blade root moment DEL (bottom right) vs. significant wave
height, comparing the measurements with the one-to-one simulations. The scales of the axes have been removed
to preserve confidentiality.

the values are to unity, the higher the chances of being able to predict the loads using the
information from the values of the important parameters. The most relevant features align
with the trends seen in Section 5.4.1. Additionally, based on the values of the conditional
dependence coefficient, C, it is observed that including non-important features in the
dataset can lead to a reduction in the quality of information contained in it. Comparing
the C(Y|X(FOCI)) values for this sample set, one would expect to have more success in
training a data-driven model for predicting the blade root edgewise fatigue than the tower
top resultant fatigue, as the latter is largely unexplained by the ten environmental variables
considered in this study. It is also worth mentioning that FOCI employs the k-nearest
neighbor algorithm to rank the distances between samples in practice. If two features are
closely related in relevance, they may switch their order of importance with changes in
the dataset.
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Table 5.3: Feature ordering using FOCI on the TetraSpar measurement dataset. DEL refers to the 10-minute DEL.

Feature importance | Tower bottom | Tower top res. | Blade root | Blade root flap-
res. DEL DEL edgewise DEL | wise DEL
1 Wind speed | Sig. wave ht. Wind speed | Wind  speed
mean mean mean
2 Wind speed | Wind speed | Density Wind  speed
std. mean std.
3 Sig. wave ht. Wind speed | Sig. wave ht. -
std.
4 - Wave direction | - -
C(Y[X) 0.65 0.52 0.69 0.61
C(Y|X(FOCD) | 0.7 0.57 0.81 0.7
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Table 5.4: Feature ordering using FOCI on the TetraSpar simulation dataset. DEL refers to the 10-minute DEL.

Feature importance | Tower bottom | Tower top res. | Blade root | Blade root flap-
res. DEL DEL edgewise DEL | wise DEL
1 Sig. wave ht. Wind speed | Wind speed | Wind speed std
std. mean
2 Wind speed | Wind direction | Wind speed | Wind  speed
std. std. mean
3 Wind speed | Wave direction
mean
4 Wind direction | Wind  speed | - -
mean
C(Y|X) 0.64 0.44 0.73 0.64
C(Y|X(FOCI)) | 0.66 0.46 0.81 0.75
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5.5 CONCLUSION

This study investigated the relationship between environmental conditions and
10-minute fatigue loads on the TetraSpar floating demonstrator equipped with a 3.6 MW
Siemens Gamesa wind turbine, using measured data and numerical simulations. By com-
paring one-to-one simulations with full-scale measurements, the accuracy of engineering
tools in capturing real-world behavior and identifying the environmental variables that
affect turbine loads is assessed.

The analysis with MI and PCC showed that wind speed statistics and significant
wave height are consistently the primary factors influencing fatigue loads on both the tower
and blades. For tower bottom moments, measurements showed a stronger correlation with
wind speed mean and standard deviation (MI=0.5) than with the significant wave height
(MI=0.35). On the other hand, the simulations reflected a larger influence from the signifi-
cant wave height (MI=0.5) than the wind speed mean (MI=0.27) and wind speed standard
deviation (MI=0.4). This difference suggests the need to refine hydrodynamic modeling in
simulation tools, particularly regarding damping effects in platform components, such as
the suspended keel.

Blade root edgewise loads were mainly governed by mean wind speed, linked
to rotor rotational speed. Flapwise loads were influenced by both wind turbulence and
platform pitch motion. Current speed and direction show a negligible correlation with the
fatigue loads for this specific configuration and site. In the future, the impact of modeling
the current as measured by the wave buoy should be investigated, versus using the re-
modeled current, which introduces additional unknowns and uncertainty in the analysis.
The use of multiple correlation metrics— PCC, M, and conditional dependence analysis
through FOCI—helped confirm these findings and provide useful information for feature
selection in future surrogate model development.

It is evident from this analysis that it is very difficult to account for the conditional
dependence between all variables and trace a unique cause of fatigue damage, particularly
when the data are in a non-standard format. It is also important to validate the simulation
setup before performing a correlation analysis or a sensitivity study, as the differences in
the load response can result in differences in feature ordering. For future studies, global
sensitivity analysis tools like Elementary Effects or Sobol sensitivity indices can be explored
with simulation data.






SURROGATE MODELING FOR
FLOATING OFFSHORE WIND TURBINE
LOADS

Floating offshore wind turbines experience complex hydrodynamic and aerodynamic
loading, influenced by the type of substructure and stochastic environmental conditions.
Accurately estimating lifetime fatigue loads requires analyzing thousands of operational
scenarios, resulting in high computational costs. Moreover, choosing the right input features
that drive fatigue in floating wind systems and appropriately binning them remains an
open question. A fast probabilistic surrogate that maps site conditions to loads on the wind
turbine is presented. The probabilistic aspect allows the propagation and quantification of
statistical uncertainties from the stochastic input quantities to the resulting loads. A fast
surrogate eliminates the need to fit a distribution to the site conditions or bin the input
data. Rather, all available met-ocean data can be directly used as input, which automatically
accounts for the joint distribution in the calculations. The surrogate model in this study
uses mixture density networks to predict the conditional distribution of the 10-minute
damage equivalent loads for a 6 MW spar-type floating wind turbine. The mixture density
network model achieves high accuracy (R? > 0.99) in capturing the conditional mean of
the damage equivalent loads while efficiently propagating the statistical uncertainties.
Furthermore, the surrogate enables quick estimation of 25-year lifetime fatigue damage
across a range of potential floating wind farm sites, demonstrating its capability to facilitate
rapid decision-making during preliminary site analysis.

This chapter is partly based on:
[2 D. Singh et al. Data-driven probabilistic surrogate model for floating wind turbine lifetime damage equivalent
load prediction [86].
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6.1 INTRODUCTION

6.1.1 BACKGROUND

As explained in Chapter 1, FOWT technology has witnessed a surge in research
interest in recent years following the rapidly increasing demand for renewable power
production. The structural response of an FOWT is a crucial indicator of its performance,
safety, and reliability. During its operational lifetime, a FOWT accumulates fatigue damage
as it undergoes time-variable loading in response to the complex and stochastic offshore
environment. The nature, magnitude, and extent of fatigue are unique to the type of
floating foundation, mooring line configuration, wind turbine material, geometry, mass,
control algorithms, and site conditions.

The first step in the design load case analysis involves simulations of a type-
certified rotor-nacelle assembly with a reference tower and floating foundation. More
detailed information about the site is included later as the project progresses. Subsequently,
a site-specific tower, foundation, and mooring line configuration is defined, and a site-
specific certification study is performed.

The lifetime fatigue load assessment entails calculating the 10-minute damage
equivalent loads on multi-variate bins of typical variables characterizing the site and
scaling them to the observed probability of occurrence. Not all site variables can be
practically included in fatigue load analysis, as the required number of simulations increases
significantly with each additional variable. The choice of the variables in the offshore
environment that have the most impact on FOWT fatigue is currently an active area of
research [91]. The total computational cost of the simulations also constrains the lower limit
of the bin size. While industry-standard engineering tools are necessary for certification,
the preliminary site analysis can benefit from data-driven surrogate models to provide
quick load estimates. Data-driven surrogates can infer complex relationships from data
observations alone, without requiring prior knowledge of the underlying physics. Fatigue,
which is difficult to model using lower-fidelity physics-based approaches, can benefit
from such data-driven methods. Using surrogates that can accurately predict DELs can
potentially eliminate the need to bin the site data, fit a multivariate joint distribution to
it, or limit the total number of parameters. Once trained, surrogate models can utilize
all the available site information to quickly estimate the site-specific loads. Additionally,
probabilistic surrogates can also propagate statistical uncertainty from the stochastic input
variables to the loads.

This study focuses on using a probabilistic data-driven surrogate to map 10-minute
statistics of the environmental conditions to the corresponding conditional probability
distribution of the DEL on the floating spar buoy with a 6 MW Siemens Gamesa wind
turbine. The DEL values are calculated using the Siemens Gamesa in-house tool that
couples the aeroelastic code, BHawC [26], with the hydrodynamic solver, OrcaFlex [172].
A schematic of this mapping is shown in Figure 6.1. A highly flexible probabilistic machine
learning approach for the surrogate, MDN [138] is used in this study. The probabilistic
estimates of DELs are used to subsequently calculate the lifetime fatigue loads at various
potential floating wind sites.
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Figure 6.1: Schematic of the surrogate modeling mapping for a floating offshore wind turbine.

6.1.2 RESEARCH OBJECTIVES

The objectives of this work are threefold:

To apply and evaluate a probabilistic machine learning model for predicting short-
term fatigue loads in floating offshore wind turbines:

Not only are FOWT loads affected by the nonlinear dynamic behavior of the floating
wind turbine, but also the underlying simulations are much more complex, the
stochastic hydrodynamic loading has a bigger impact on the tower, the samples
are more noisy’ due to the additional stochastic variables, the parameter space is
larger and, thereby, the number of simulations in certain design load cases is larger.
This necessitates investigations into robust surrogates. Probabilistic data-driven
models are often validated on simpler cases. Complex cases are modeled using
deterministic approaches, or with the assumption that the response is Gaussian or
homoscedastic. Using a mixture model effectively solves many of the gaps in the
literature by propagating uncertainty, including heteroscedasticity, and modeling
higher-order moments.

To demonstrate that such a model can provide insights into probabilistic long-term
fatigue estimation, especially in high-dimensional spaces where traditional binning
approaches become computationally restrictive:

The lifetime fatigue estimation for FOWTs involves additional complexity, including
the joint distribution of metocean conditions and sensitivity to bin sizing. These
issues are exacerbated by the growth in the number of simulations with each addi-
tional dimension. A surrogate model enables the direct use of historical site condition
data, bypassing the need for parametric joint distribution assumptions.

To investigate the impact of stochastic variability in site conditions on fatigue pre-
diction over long time spans:
Four potential floating wind sites with similar water depths that use the surrogate
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model to estimate probabilistic lifetime fatigue loads are selected. The effect of ac-
counting for the stochastic variability in the 10-minute loads relative to the variation
in site conditions is investigated. It is demonstrated that due to the law of large
numbers, the influence of random seeds on long-term tower load estimation dimin-
ishes significantly over a 25-year period, even with 500 seeds (from the probabilistic
surrogate). This indicates that stochastic inflow conditions contribute minimally to
uncertainty in long-term fatigue predictions.

By addressing these points, this work contributes a validated, flexible surrogate
modeling approach that accounts for the complexities of floating wind systems, advancing
the state of probabilistic load modeling in floating offshore wind research.

The rest of the chapter is structured as follows. In Section 6.2, the floating wind
turbine model is introduced and the simulation tool described. The responses and the
relevant site features are identified and the bounds defined in Section 6.3. The details of
generating the database are described in Section 6.4. The results, presented in Section 6.5,
are divided into three sub-sections. First, the model convergence across a range of training
samples is investigated. Next, the selected MDN model’s 10-minute conditional distribution
estimates under randomly chosen environmental conditions are validated and compared
with those generated by BHawC. Finally, the probabilistic 10-minute estimates are used to
propagate the statistical uncertainty to the lifetime fatigue damage.

6.2 NUMERICAL SETUP

6.2.1 DEFINITION OF THE FLOATING WIND TURBINE

The floating wind turbine in this study is based on a modified geometry of the
Hywind Scotland spar buoy foundation [173]. It comprises a 6MW Siemens Gamesa
Renewable Energy direct drive wind turbine assembly, SWT-6.0-154, mounted on a spar
buoy. The characteristic wind turbine parameters are listed in Table 6.1. The simulations
use a tower with a larger diameter than the tower designed for the Hywind Scotland site.
It is, therefore, stiffer and has a higher natural frequency than its installed counterpart.
The geometry details of the tower and the floating platform used in the simulation are
provided in Table 6.2. The floating substructure is attached to the ocean floor using catenary
mooring lines, equally spaced at 120° in crowfoot configuration using bridle lines as shown
in Figure 6.2 [173]. The structural properties of the main mooring lines and the bridle lines
are listed in Table 6.3.

6.2.2 NUMERICAL MODEL

The damage equivalent loads are obtained through time-domain hydro-servo-
aeroelastic simulations performed using BHawC-OrcaFlex coupled implementation.
BHawC has been used for several years at Siemens Gamesa for wind turbine load calcula-
tions and is continuously validated against turbine prototypes and the entire operational
fleet. A similar analysis may be performed with OpenFAST [23, 24] coupled with OrcaFlex
[174] via FASTLink for reproducibility. Arramount et al. [172] present the mathematical
background for the software coupling. In short, the tower, the rotor nacelle assembly, and
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Table 6.1: Parameters of 6MW Siemens Gamesa wind turbine.

Parameter Property
Rated power 6000 kW
Power control Pitch
Drivetrain Direct drive
Rotor diameter 154 m

Hub height 96 m

Rated wind speed 12ms™!
Rated tip speed 89ms™!
Nacelle mass 360t

Table 6.2: Wind turbine tower and foundation properties [17, 168, 173].

Parameter Value
Tower bottom outer diameter 9.45m
Tower bottom thickness 0.08 m
Tower top outer diameter 4.89m
Tower top thickness 0.029m
Tower bottom elevation above SWL 13m
Draft 78 m
Platform top geometry — length 12m
Platform top geometry — diameter 9.4m
Platform taper length 15m

Platform bottom geometry — length 58 m
Platform bottom geometry — diameter 14.4m

Table 6.3: Catenary mooring line properties.

Parameter Value
Number of mooring lines 3
Angle between mooring lines 120°
Mooring bridle line length 50 m

Mooring bridle line mass per unit length ~ 0.348 tm™!

Mooring main line length

610 m

Mooring main line mass per unit length ~ 0.4322tm™!

Mooring line anchor radius

640 m
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Figure 6.2: Hywind Scotland spar buoy with crowfoot mooring line configuration [173].

the blade elements are dynamically modeled in BHawC. The BHawCLink module serves as
a communication channel between the dynamic link library and the OrcaFlex API. OrcaFlex
simulates the hydrodynamic response of the floater element. Time integration is performed
individually on both elements while accounting for the response of the other structure per
iteration [172].

The inflow turbulence is modeled using a spatially varying frozen wind field
based on the Mann model [95]. The tangential and axial induced velocities are calculated
on several aerodynamic nodes on the blades using the blade element momentum theory
coupled with Prandtl’s tip loss correction and thrust correction at high induction values.
Skewed and unsteady inflow is modeled using the method introduced by Bjorck et al. [175].

The structural elements are modeled using the co-rotational formulation, provid-
ing geometric nonlinearity [176]. The tower, shaft, and blade substructures are modeled
using beam elements [89].

The Torsethaugen two-peak wave spectrum generates swell and local wind-driven
waves [100]. The various elements of the OrcaFlex model are shown in Figure 6.4. A 6-
DOF rigid buoy in OrcaFlex represents the floating substructure. The mooring lines are
modeled in OrcaFlex. Each line is divided into several massless spring segments, joined
by elements with lumped properties such as mass, damping, added mass, buoyancy, and
material properties.

The simulations are initialized in BHawC with a quasi-static approach where the
environmental loads (wind) and inertial loads (gravity and buoyancy) are ramped up in small
steps. For every load step, OrcaFlex determines the mooring line static equilibrium based
on the floater position determined by BHawC. BHawC calculates the global equilibrium
position based on the stiffness matrices and interface loads provided by OrcaFlex. Once
the global equilibrium is calculated, the next load step is applied. The dynamic part of the
simulations consists of an initialization phase of 300 s to eliminate any initial transients
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Figure 6.3: A simplified representation of the structural sub-elements used in the BHawC model [26].

as the wave dynamics, turbulence, and substructure motion build up, and the artificial
structural damping is slowly ramped down. The final post-processing is performed on 600 s
dynamic simulations that follow the initialization phase. The simulations for training the
surrogate may be performed for a longer duration if necessary. For instance, to estimate
mooring line fatigue correctly due to its long natural period. The effect on the tower and
blade fatigue is shown to not change significantly with larger simulation windows, but
rather with the fatigue calculation algorithm used to account for the unclosed cycles [177].
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Figure 6.4: Schematic of the OrcaFlex simulation elements.

6.3 DEFINITION OF RELEVANT SITE FEATURES AND RESPONSES

Having a large feature space can lead to a very expensive surrogate training
process, as the number of training samples required grows rapidly with the number of
input variables due to the curse of dimensionality. 1t is, therefore, important to identify
which variables have the most significant impact on fatigue to reduce the input space
effectively.

Several studies in the past have focused on addressing the sensitivity of wind
turbine loads to environmental conditions [34-36, 43, 164]. The combined effect of envi-
ronmental and structural parameters has been analyzed on fixed-bottom [38, 39, 45] and
floating wind turbines[41-44, 178].

Wiley et al. [41] demonstrate that for the OC4-DeepCwind semi-submersible plat-
form, the standard deviation of wind speed in the inflow is the most influential parameter
affecting the fatigue and ultimate loads on the tower and blades. Secondary drivers of
fatigue on the tower bottom moment include turbulence coherence parameters as well as
wave characteristics, such as significant wave height and peak spectral period. For blade
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pitching fatigue, secondary factors include the yaw misalignment angle and geometric
features like the blade twist angle. Whereas the wind-wave misalignment and the current
speed and direction seem to have a secondary effect on the blade root bending moment
fatigue. Reddy et al. [44] perform elementary effects analysis to determine the most signifi-
cant parameters affecting tower bottom fatigue on the OC3-Hywind Spar platform and the
OC4-DeepCwind semi-submersible design. In both cases, the significant wave height is
found to be the primary driver. Current-related parameters are shown to have a strong
effect, mainly on the mooring line fatigue. Singh et al. [43] use measurement data from the
TetraSpar demonstrator to find that the tower and blade fatigue are most highly correlated
with the wind speed mean and standard deviation, and significant wave height values.

As observed, although current has a big impact on the mooring line loads, its
effect is found not to be as significant on the tower and blades in the literature. Therefore,
it is not included as a variable feature in the training of the surrogate. A variation in the
water depth was also not considered because the mooring line system must be redesigned
for any new value of water depth. Automating this process is non-trivial. Furthermore, for
slack mooring lines, Lin et al. [178] show a negligible impact on the tower fatigue with an
increase in water depth.

Table 6.4: The list of input features provided to the
surrogate model and their corresponding notation.
Table 6.5: The list of output channels that the sur-

Feature Label rogate models are trained to predict.
Wind speed [ms™!] Uset Response
Shear exponent [—] a
Turbulence Intensity [%] TI T(Zr‘zzel:ﬂ()tt(for?ofzf;’?%gf ?_[ ]
Significant wave height [m]  H; Blade rootpe dgewise DEL [—]
Spectral peak period [s] T, gew
Wave direction [*] Wi Blade root flapwise DEL [—]

Yaw error/ misalignment [°] Yaw

The targets the surrogates are trained on are listed in Table 6.5. Each target is
trained with a separate surrogate model. This study only calculates the short-term DELs
in the local coordinate system of the component. DELs result from the conversion of
the irregular load time series to a constant amplitude and frequency signal that produces
an equivalent fatigue damage. Rainflow counting [102] algorithm is used to obtain the
load ranges S; and the number of load cycles n; needed to calculate the DEL as shown in
Equation (2.5). nyt is 600 for 1 Hz DELSs over 10 minutes. m is the Wohler coefficient with
values 3.5 for the tower, 10 for blade flapwise, and 8 for blade edgewise moments. Finally,
Z-score normalization is used to scale the DEL to its dimensionless form.

6.3.1 FEATURE BOUNDS

The feature bounds are defined based on the observations of data on sites where
floating wind farms could potentially exist [179] and where data were readily available.
Table B.1 in the Appendix lists the selected sites with their location and water depth values.
The ERAS reanalysis data, produced by the European Center for Medium-Range Weather
Forecasts (ECMWF) on behalf of the European Union’s Copernicus Climate Change Service
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(C3S), is used for the analysis in this section.

AVERAGE WIND SPEED AT HUB HEIGHT
The wind speed at hub height (U,¢) is uniformly sampled between 3 and 28 ms™!
which is the operational range of the wind turbine investigated in this study.

>

SHEAR EXPONENT
The shear exponent « is defined according to the wind profile power law as,

U a
:( z ) , 6.1)
Uref Zref

where, U is the wind speed at height z, and U, is the known wind speed at height z,f. The
ERAS reanalysis data are used to obtain wind speed values at 10m and 100m for the sites
listed in Table B.1. Assuming the wind profile follows the power law, the shear exponent
is calculated using Equation (6.1). The distribution of the shear exponent is shown in
Figure 6.5a, with values primarily ranging between 0 and 0.2. It is also plotted against wind
speed in Figure 6.5b. In our database, the shear exponent is uniformly distributed in the
region corresponding to the dashed box in Figure 6.5b.
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Figure 6.5: (a) Histograms of the shear exponent « for selected sites for ERA5 reanalysis data from 1990 to 2019.
(b) Shear exponent shown as a function of wind speed, marked by a box denoting the selected sampling domain.
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Hywind Scotland (10m/s) a = 0.10 —8— Gran Canaria o = 0.08
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Figure 6.6: Examples of wind profiles on selected sites.

TURBULENCE INTENSITY

The lower range of turbulence intensity is 0.1%, and the upper limit is designed to
be 20% greater than the prescribed IEC Class C standard [87] for the Normal Turbulence
Model (NTM). The function for class C turbulence intensity (in percentage) is given by,

Le£(0.75 Vi + 5.6
T1 = 100 x € thzb ) (6.2)
u

where, L.t = 0.12 is the expected value of turbulence intensity at 15 ms™! [87]. The upper
limit of turbulence intensity for sampling is, therefore, 1.2x T1. Figure 6.7 shows the chosen
range, with the IEC class C turbulence and the measured turbulence at the FINO 3 metmast,
which is referenced in the Buchanan deep met-ocean report [173].

SIGNIFICANT WAVE HEIGHT

Waves in deep water primarily originate from two sources: wind-induced waves
and swell waves. It is useful to consider the correlation between wind speed and significant
wave height while training the surrogate to avoid including non-physical wind-wave
combinations. Figure 6.8a illustrates a scatter plot of significant wave height (H;) versus
wind speed, based on ERAS5 reanalysis data for the selected sites. The sampling domain is
also a function of wind speed, highlighted with the dashed lines.

The upper and lower ranges of sampling for the significant wave height are defined
empirically based on these observations. In this case, the functions are rather conservative
and subject to modification based on the kind of sites the user would want to use the
surrogate model on. The equations for the upper and lower limits for H; are listed in
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Figure 6.7: Chosen turbulence intensity range in dashed lines, along with the IEC class C turbulence profile for
NTM, and measured turbulence at FINO 3 (German Bight) from the met-ocean analysis report on the Hywind
Scotland project [173].
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Figure 6.8: Scatter plots of (a) the significant wave height vs. the wind speed at 100 m, and (b) peak spectral period
vs. significant wave height for the selected sites (Table B.1) based on the ERA5 reanalysis data from 1990 to 2019.

Section B.2.1. Recent studies have benchmarked various methods for generating environ-
mental contours [180]. The readers are encouraged to create contours using automated
approaches such as Kernel Density Estimate [181], IFORM [182], ISORM [183], etc., to
avoid manually defining the empirical functions.

PEAK SPECTRAL PERIOD
The empirical functions are defined for the spectral period range based on the
significant wave height. Figure 6.8b illustrates the sampling domain with dashed lines,
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overlaid on observational data from the ERAS5 reanalysis. This plot also includes H — T},
values corresponding to wind speeds below the cut-in speed and above the cut-out speed.
The functions defining this range are detailed in Section B.2.2. As with the significant wave
height, these bounding functions can be adjusted based on the region of primary interest
to the user.

WAVE DIRECTION

The wind turbine is always assumed to face the inflowing wind. Therefore, only
the wave direction is varied to introduce wind-wave misalignment. Wave direction is
considered to be an independent variable and sampled uniformly between 0° and 360°.
For asymmetric floating foundations, however, wind directions would also need to be
considered as an independent parameter.

INITIAL YAW MISALIGNMENT

The effect of the initial yaw misalignment is chosen to be evaluated at —5.6°, 0°,
and 5.6° while performing fatigue calculations. Therefore, the sampling bounds between
1.1x—5.6° and 1.1x5.6° are selected.

6.4 SURROGATE MODELING SETUP

6.4.1 TRAINING AND TESTING DATABASE GENERATION
TRAINING DATABASE

Sobol sampling [158] is used to jointly sample in seven dimensions to generate the
training dataset. The sampling is uniform in all dimensions. The samples lying outside the
aforementioned feature bounds are discarded, resulting in a total of 9041 training samples.
Alternatively, a multivariate distribution fitting the available data can be used to define
the sampling space bounds. Each sample corresponds to a unique wave seed in OrcaFlex
and a single inflow turbulence seed in BHawC. This approach is designed to emulate the
inherent stochasticity of real-world inflow variables. Note that the statistical variation in
the flow field is constrained by the BHawC implementation to only 45 turbulence seeds.
Consequently, these seeds had to be reused, and the inflow turbulence box could not be
uniquely defined for every case.

TESTING DATABASE

The values of the shear exponent, turbulence intensity, and yaw misalignment are
not randomly assigned to the test cases. Instead, they take the values commonly used while
performing fatigue design load case evaluations. The shear exponent was fixed at 0.08, with
yaw misalignment values of —5.6°, 0°, and 5.6°, and turbulence intensity corresponding to
IEC Class C values. H, T, T1, and Uyt were jointly sampled in a random manner, without
being tied to any specific location, but constrained within the defined feature bounds. For
future studies, jointly sampling the test points across all variables is recommended for a
fairer evaluation of the surrogate’s performance.

In total, nyest = 47 test samples were used in this study. Each test sample simulation
was repeated with ngeeqs = 44 random seeds for turbulence and waves to capture the
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statistical variation in the DEL values from the variation in the wind and wave fields. The
seed repetition establishes a reference conditional distribution for each sample, which is
used to compare against the probabilistic predictions of the surrogate model in Section 6.5.2.
The samples used for training and testing the surrogate models are shown in Figure 6.9.

Samples
e Train
Test

. JIIIlIlIIIIIIIIIIIIIl

0.0 0.2 0 5 10 0 10 20 0 200

10 20
u @ ti H, T, Wiir yaw

Figure 6.9: Paired scatter plots and marginal distributions of the training and testing datasets.

6.4.2 MIXTURE DENSITY NETWORK HYPERPARAMETERS

The MDN model is described in Section 3.3.6. During training, the MDN model
seemed susceptible to overfitting. In order to avoid that, a combination of early-stopping
[140] and L1 and L2 regularization [141] is used in this study.

The main hyperparameters used in this study to train the models to obtain the
results are summarized in Table 6.6. In subsequent sections, the performance of the MDN
model with various architectures is evaluated. The features and targets are scaled with the
standard scaler before training.

Once the weights are calibrated, the model can output the parameters of the
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Table 6.6: Summary of the mixture density network hyperparameters.

Network hyperparameter Value

Number of mixture components 4

Activation function (hidden layers) ReLU
Activation function (output layer) None
Learning rate 5¢3
Maximum epochs 5000
Mini-batch size 100

Optimizer Adam
Regularization

A for L1-regularization 1e”?

A for L2—regularization e
Early-stopping

Early-stopping patience 100
Early-stopping monitor validation loss
Number of early-stopping validation samples 600

Steps per epoch number of training samples / batch size

mixture model for any new site condition x*. To obtain the predicted pdf, 5000 samples
from the mixture of Gaussians are generated.

6.5 RESULTS

This section is divided into three parts. The first part presents a convergence study
on the number of training samples, highlighting the model’s robustness and demonstrating a
clear trade-off between the computational cost of data generation and the resulting accuracy.
A related hyperparameter study to determine the network architecture is presented in
Subsection 6.5.1. The second part validates the performance of the surrogate on the test
dataset. The validated model is used to make lifetime fatigue damage estimates on the
wind turbine components in response to different site conditions in the third part.

In this section, the Wasserstein distance is calculated between the conditional
distribution predicted for each sample (Y) and the conditional distribution obtained as a
reference through seed repetitions in BHawC (Y). Y consists of 5000 samples, and Y is
obtained from 44 turbulence seed repetitions. Similarly, R? is calculated for the reference
and predicted conditional pdf’s mean and standard deviation values on the test dataset.

6.5.1 CHOICE OF HYPERPARAMETERS
NUMBER OF LAYERS AND NODES

Large networks are better at capturing complex expressions in data, but are
susceptible to overfitting with a small training set. The objective of this study is first to
observe the robustness of the model relative to the number of network parameters for a
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particular training data size. And second, to choose a network architecture suitable for the
rest of the study.

A sensitivity study on the number of nodes and layers is performed in this section
for a training dataset of 8250 samples. The number of mixture parameters is four in all
cases, and the rest of the network hyperparameters are fixed to the values listed in Table 6.6.
Networks with two (Figure 6.10), three (Figure 6.11), and four (Figure 6.12) layers with
various widths are tested. The x-axis in the figures lists the combinations of widths per
layer evaluated in this study. The tower bottom fore-aft DEL channel is chosen for this
study. The figures also highlight a dashed line with a value of 0.99 for R? and dy; of 1,
indicating a threshold for goodness of fit.

1.000
0.995}
2 0.990
0.985}
0.980
ST RPN R AR AP B

Number of nodes (layerl, layer2)

R

Number of nodes (layerl, layer2)

Figure 6.10: Study on the network architecture for two-layer networks. The top image shows the R? value for the
mean of the conditional pdf of the tower bottom fore-aft DEL channel. The dashed line corresponds to an R?
value of 0.99. The bottom image plots the dy; values for the same channel with the dashed line corresponding to
dwo of 1.

The R? values of the DEL are notably good for the architectures tested, indicating
good model robustness. The main differences observed are in dy,, where the large three
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Figure 6.11: Study on the network architecture for three-layer networks. The top image shows the R? value for
the mean of the conditional pdf of the tower bottom fore-aft DEL channel. The dashed line corresponds to an R?
value of 0.99. The bottom image plots the dy; values for the same channel with the dashed line corresponding to
dwz of 1.

or four-layer networks are generally better at capturing the complete conditional pdf. For
the remainder of this study, a three-layer network with 30 nodes in the first layer, 30 nodes
in the second layer, and 50 nodes in the third layer is chosen, in combination with 8250
training samples.

NUMBER OF MIXTURE ELEMENTS

The number of Gaussian distributions in the mixture controls the complexity of
the predicted conditional pdf. However, a large number of unnecessary mixture elements
adds redundancy and increases the computational complexity of the surrogate. In this
section, 6250 and 8250 training samples are used with a three-layer architecture, width
= (30, 30, 50). The performance of 4, 12, and 20 mixture elements on the tower bottom
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Figure 6.12: Study on the network architecture for four-layer networks. The top image shows the R? value for the
mean of the conditional pdf of the tower bottom fore-aft DEL channel. The dashed line corresponds to an R?
value of 0.99. The bottom image plots the dy; values for the same channel with the dashed line corresponding to
dwo of 1.

fore-aft DEL channel is tested.
The number of components does not affect the estimation of the tower bottom

fore-aft DEL mean. A slight improvement can be seen in Figure 6.13b with four components.

The model, therefore, appears to be robust regarding the choice of the number of mixture
components. In other words, it does not necessarily benefit from a large set of mixture
components. MDN models in the remainder of the study are trained with four kernels.

CHOICE OF TRAINING DATA SIZE
This section shows the convergence study with respect to the number of training
samples for the tower bottom fore-aft DEL. It is assumed that the same architecture can be
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Figure 6.13: Sensitivity of the MDN (30, 30, 50) surrogate to the number of mixture components.

used to predict the remaining channels. Three networks for the MDNs are compared to
test the robustness of the approach, as listed in Table 6.7. The MDNs contain four mixture
elements. The rest of the hyperparameters are as specified in Table 6.6. In Figure 6.14, at
each Ny, value, the models are trained on 25 different subsets of the total training data
space to capture the sensitivity of the model’s fit to the choice of the training samples. The
boxes reflect the variation in the R? values as a result of the choice of training data points.
The boxes extend between the data’s first (Q1) and third (Q3) quartile, and the horizontal
line across the box indicates the median. The difference between Q1 and Q3 defines the
interquartile range (IQR). The upper whisker extends to the largest data values within
1.5IQR above Q3. The lower whisker, similarly, extends to the lowest data point within
1.5IQR below Q1. Outliers are visible as dots beyond the whisker boundaries. Figure 6.14a
is the R? value obtained from predicting the mean of the conditional pdf of the tower
bottom fore-aft DEL, averaged over the test dataset. The mean in the BHawC reference is
calculated using 44 realizations of the wind and wave fields. The diminishing size of the
IQR as the number of samples grows is a combination of the increasing robustness of the
model and the smaller variability in the test samples as fewer untrained samples remain in
the dataset.

Notation Number of layers Number of nodes per layer

(10, 10) 2 10
(30, 30) 2 30
(50, 50) 2 50

Table 6.7: The MDN architectures considered for the convergence study.

MDN uses a neural network framework capable of inferring extremely complex
underlying functions given sufficient data. In this case, MDN converges to consistent
values of both R? of the conditional mean and dy -, above 4250 samples. It can be seen that
MDN estimates are closer to the ground truth with larger networks of 30 or 50 nodes per
layer. The performance of MDN(30, 30) and MDN(50, 50) is almost identical in this region,
indicating good model robustness with respect to the width of the layer.

Figure 6.14b shows the normalized 2-Wasserstein distance between the predicted
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Figure 6.14: Convergence plots for the tower bottom fore-aft DEL channel. (a) Shows the convergence of the
predicted mean as a function of the number of training samples for three MDN architectures. (b) Shows the
normalized Wasserstein distance as a function of the training samples.

and reference pdf. The Wasserstein distance quantifies the similarities between the predic-
tions and the reference. It is, thus, a good indicator of whether or not the surrogate can
correctly estimate the variation in the target resulting from a combination of epistemic
and aleatoric sources. The predicted pdf is based on 5000 realizations from the estimated
Gaussian mixture in MDN. The reference is based on ngeeqs = 44 BHawC/OrcaFlex real-
izations. Since 44 samples are insufficient to characterize the reference pdf fully, there is
certainly an error associated with the dy, values; therefore, dyy, cannot be expected to be
zero in practice. Beyond 4250 samples, there is a small but marginal improvement in the
dw» values from MDN(30, 30) and MDN(50, 50).

In conclusion, the two-layered MDN surrogates — MDN(30, 30) and MDN(50, 50)
- reach a degree of convergence in terms of dyy, already at 4250 samples. However, for
subsequent sections, the MDN models will be trained with a dataset of 8250 points, as this
provides slightly better predictions with only a slight increase in model fitting cost.

The choice of the number of layers and nodes in the neural network, as well as
the number of mixture components, is based on a hyperparameter study, presented in
Section 6.5.1.

6.5.2 SURROGATE MODEL VALIDATION

In this section, the performance of the MDN model is evaluated for the load
channels listed in Table 6.5, on the selected test dataset presented in Section 6.4.1. Based
on studies in Section 6.5.1, the values of hyperparameters used in training the models, in
addition to Table 6.6, are listed in Table 6.8.

Table 6.9 provides a quantitative analysis of the model performance in terms of
the average R? and dy, values. The conditional mean is accurately captured by the MDN
model with an R? exceeding 0.99 on the test dataset. The goodness of fit on the conditional
distribution is evaluated using dw. Lower dw values indicate a smaller difference between
the predicted and reference conditional distributions across the test database. As the dy
values are normalized by the local reference standard deviation, the performance of the
models across different load channels can be compared. MDN’s performance remains
consistently good on the tower top and blade targets. The tower bottom channel shows a
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Table 6.8: List of hyperparameters used for training the MDN model for the final load prediction.

MDN hyperparameter Value
Number of hidden layers 3
Width layer 1 30
Width layer 2 30
Width layer 3 50
Number of mixture components 4
Number of training samples 8250

larger deviation in the dy, values, which is investigated further in Figure 6.15.

Table 6.9: Quantitative analysis of MDN model’s predictions using dw, and R? as evaluation metrics.

Model Tower bottom FA  Tower top FA  Blade root edgewise Blade root flapwise

dwo 0.86 0.35 0.36 0.36
Rf, 0.99 0.99 0.99 0.99

Figure 6.15 shows the statistics of the conditional distribution of the DEL variation
at the tower bottom fore-aft direction Since 44 seeds is a relatively small sample size to
determine the true mean and standard deviation of the population, a gray area is highlighted
in Figure 6.15a and Figure 6.15b to reflect the uncertainty in the reference values. For the
mean, the 95% confidence interval (CI;) is calculated with the t-distribution [184], assuming
the response is normal. It is defined as,

Oreference
\ Mseeds

where [leference 1S the mean and oieference is the standard deviation calculated from the
simulation samples. ngeeqs = 44 is the number of seeds with which the simulations were
repeated. t is the t-score for 95% confidence, given ngeeqs samples from a normally distributed
population. The bounds are similarly calculated using the y? distribution for the standard
deviation. The bounds are asymmetric as the y? distribution is skewed. y; and yr are based
on 5% and 95% tails of the )(2 distribution. The true standard deviation, o, is expected to
lie between the bounds,

Cl; = Hreference £ 1 > (63)

(Mseeds — 1) (ngeeds — 1)
%O—reference <0< %o—reffﬁrence- (64)
XL Xi

The individual pdfs are shown in Figure 6.15 for two site conditions. The reference
BHawC realizations are plotted as histograms overlayed with kernel density estimate (KDE)
plots generated from 5000 samples from the conditional pdf predicted by the surrogate
model. The estimates include two sources of uncertainty. The first is the epistemic uncer-
tainty of inferring a function from limited data. The second is due to the irreducible noise
term (aleatoric), which is a part of the observed stochastic process. The subsequent plots
assume the standard deviation of the combined uncertainty.
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Figure 6.15a shows the predicted conditional mean (ysurrogate) of the normalized
tower bottom fore-aft DEL as a function of the reference conditional mean (i ¢ ference)
derived from BHawC/Orcaflex simulations. As already indicated in Table 6.9, the R? values
are greater than 0.99 for MDN, indicating an excellent fit. Similarly, the standard devia-
tion derived from the surrogates (0surrogate) is plotted against the ground truth reference
(0 reference) in Figure 6.15b. Despite the slight overprediction of the standard deviation,
MDN is able to capture the heteroscedastic trend in the data. Figure 6.15c corresponds to
a below-rated velocity of 9.8 ms™! and a wind-wave misalignment of 105°. Under these
conditions, the BHawC reference is a short-tailed conditional pdf. Since MDN assumes a
medium-tailed Gaussian mixture conditional, there is a tendency for the surrogate model
to overestimate the standard deviation (Figure 6.15b). The reason for the tower bottom
fore-aft DELS to be restricted between a very small range, resulting in such a short-tailed
distribution, is not obvious and demands a deeper investigation into the behavior of the
tower structure and control laws, which is beyond the scope of this study. A similar pattern
is not observed in the other three load channels. Figure 6.15d corresponds to an example
of a near-rated wind speed case, where the MDN predictions show a closer match to the
reference conditional distribution.
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Figure 6.15: Load predictions using MDN for the tower bottom fore-aft DEL (normalized). Figure (a) shows the
surrogate predicted conditional mean at the test locations vs. the conditional mean calculated using BHawC.
Figure (b) shows the predicted and reference standard deviations of the conditional pdf. Figures (c) and (d) compare
the conditional pdf plots between the surrogate and the simulation at below-rated and near-rated conditions,
respectively. The values in vector x denote: [Ut, &, TI, Hs, Tp, Wyir, Y aw] with units specified in Table 6.4.

A similar analysis is performed for the tower top fore-aft DEL channel in Fig-
ure 6.16. The conditional standard deviation estimated from the MDN surrogate are within
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the error bounds of the small population assumption, indicating a very good fit.
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Figure 6.16: Load predictions using MDN for the tower top fore-aft DEL (normalized). Figure (a) shows the
surrogate predicted conditional mean at the test locations vs. the conditional mean calculated using BHawC.
Figure (b) shows the predicted and reference standard deviations of the conditional pdf. Figures (c) and (d) compare
the conditional pdf plots between the surrogate and the simulation at below-rated and near-rated conditions,
respectively. The values in vector x denote: [Ues, @, TI, Hy, Tp, Wyir, Y aw] with units specified in Table 6.4.

Figure 6.17 and Figure 6.18 show the surrogate models’ performance on the blade
root flapwise and edgewise DEL, respectively. Similar to the tower top, the standard
deviation and mean estimates from the MDN surrogate agree very well with the BHawC
reference in both blade channels.

These results indicate that the surrogate model demonstrates a good level of
reliability in accurately predicting the DELs with respect to the BHawC/OrcaFlex reference.
Consequently, it is assumed that the model can be extended to other operating conditions
without necessitating further verification.

6.5.3 LIFETIME DAMAGE EQUIVALENT LOADS

The calculation of aggregated fatigue loads in onshore wind cases consists of
binning the wind speed and scaling the loads at each bin by the probability of occurrence
of the wind speed during the operating lifetime of the wind turbine. Floating wind turbine
fatigue evaluations are more complex because, firstly, many more environmental parameters
must be considered to characterize the site. Secondly, the bins need to be defined on a joint
probability space. The process of selecting the right variables for the fatigue analysis and
the size of the bins is not yet standardized and is a topic of ongoing research [91]. With a
fast surrogate model, however, it is possible to account for every single observation in the
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Figure 6.17: Load predictions using MDN for the blade root flapwise DEL (normalized). Figure (a) shows the
surrogate predicted conditional mean at the test locations vs. the conditional mean calculated using BHawC.
Figure (b) shows the predicted and reference standard deviations of the conditional pdf.
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Figure 6.18: Load predictions using MDN for the blade root edgewise DEL (normalized). Figure (a) shows the
surrogate predicted conditional mean at the test locations vs. the conditional mean calculated using BHawC.
Figure (b) shows the predicted and reference standard deviations of the conditional pdf.

previous years, without the need to lump probabilities or limit the number of variables.
The joint probabilities of the sea states are, therefore, automatically accounted for.

In this section, the validated surrogate model from Section 6.5.2 is used to make
probabilistic estimates of the equivalent loads (M) for 10 million reference load cycles on
the floating wind turbine structure. The site data are obtained from the ERA5 database
for four sites with an approximate water depth of 100 m, namely Sud de la Bretagne II,
Emerald, Hywind Scotland, and HIP Atlantic (Table B.1). Figure 6.19 provides an overview
of the site conditions observed at the four selected sites. For simplicity, the foundation
and mooring line design are assumed to be the same across the four sites. It is assumed
that the difference in load distributions between the design in use and the site-optimized
foundation will not be significant. The ERAS5 hourly conditions are converted to 10-minute
inputs by repeating each set of values six times. An alternative approach could be to draw
the 10-minute values from a normal distribution with the hourly values as the mean and
an assumed standard deviation. The observations below the cut-in and above the cut-out
wind speed are excluded from the calculations. The site data consists of the average wind
speed at 100m, significant wave height, peak spectral period, wind-wave misalignment
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(converted to wave direction in OrcaFlex coordinates) and the shear exponent. The yaw
misalignment values are sampled from a normal distribution with zero mean and a standard
deviation of 2°. The turbulence intensity is calculated for each case based on the wind
speed, assuming the IEC 61400-1 turbulence class C classification.
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Figure 6.19: Comparison of the site conditions at the four floating wind sites considered in this study (Table B.1).

The value Meq, represents the cyclic load amplitude which produces the equivalent
lifetime damage given neq cycles of oscillation over L = 25 years. In Equation (6.5), M; is
the DEL for the i*" 10-minutes of operation, ny is the reference number of cycles per 10-
minutes, set to 600. m is the Wohler exponent, with part-specific values listed in Section 6.3.
ny, is the number of 10-minute periods in L years. The loads do not have to be scaled as the
probability of occurrence of each condition is equal. Since the surrogate has been validated
in previous sections, it is assumed here that its predictions are accurate, and each M; can
be treated as a probabilistic output from the MDN model. From each M; pdf, 500 samples
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Figure 6.20: The 25-year normalized Mcq calculated for four sites at the tower bottom fore-aft direction (top-left),
tower top fore-aft (top-right), blade root flapwise (bottom-left), and blade root edgewise (bottom-right) channels.
The mean Meq obtained at the Hywind Scotland site is used as the reference to normalize the loads at the remaining
locations.

are drawn, resulting in a probabilistic estimation of Meq. Meq is defined as,

- n 1/m
Meq = nre >ome (6.5)
eq

where neq is 10° and nyf is fixed to 600 oscillations per 10 minute period. The probabilistic
Meq value can be further used to calculate the stress reserve factor when re-designing the
tower, or to calculate the fatigue damage during the structure’s operating lifetime.

Figure 6.20 shows the kernel density estimate of the normalized M.q values from
the surrogate for the four selected sites. Meq has been normalized by the average of the
predicted M.q values at the Hywind Scotland site for every channel. Firstly, it is interesting
to note that the uncertainty in Mq at each site is very small compared to the mean. This
aligns with the law of large numbers, which states that for M; with a mean p and variance
o2, the standard deviation of the average of the distribution of (3, M;) decreases as o/ /1.
Since nj is in the order of 10°, the standard deviation becomes extremely small as we
get closer to the true mean. Even though the effect of M; being raised to the power of m
means that any variability in the sum is amplified, subsequently taking the m*" root has
the opposite, damping effect. Therefore, the effect of the outliers is essentially nullified
due to the averaging. It is important to note that this study considers only the statistical
uncertainty arising from stochastic input sources. In practice, other sources of uncertainty
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may contribute to the analysis [185]. For example, uncertainties related to the underlying
joint distribution of site conditions represent another significant source of variability.
Including these additional sources of uncertainty may introduce bias in the long-term
mean, which is reflected as an uncertainty in the aggregated statistics of the outputs.

Secondly, the loads on different channels do not scale uniformly across sites. At the
HIP Atlantic site, for instance, the cumulative tower bottom fore-aft moment is the highest,
as shown in Figure 6.20. This is primarily due to the influence of the significant wave height,
which is expected to have a larger impact on the tower bottom fatigue [8, 41, 43]. The
marginal distribution of significant wave height at this site indicates a higher probability of
larger waves compared to other locations, which supports the observed increase in tower
bottom loads.

The distributions of wind speed, turbulence intensity, and significant wave height
at the Emerald and Hywind Scotland sites (Figure 6.19) are nearly identical. This results in
comparable tower top fore-aft and blade root edgewise damage. However, there remains a
significant difference in blade root flapwise fatigue accumulation. This result is surprising,
given that the loads at this location are primarily wind-driven. Nevertheless, it underscores
the complexity of fatigue damage accumulation, which can yield different outcomes with
minor variations in site conditions, even with respect to non-dominant variables.

6.6 DISCUSSION

6.6.1 SUMMARY

This chapter presents a methodology to develop probabilistic surrogate models for
predicting floating offshore wind turbine fatigue loads for site analysis. The surrogate maps
the environmental conditions from potential farm sites to the 10-minute damage equivalent
loads experienced by a spar-type floating wind turbine. The main advantage of using
probabilistic surrogates for this application is the ability to estimate conditional statistics
with high accuracy to account for the statistical uncertainty resulting from the stochastic
site conditions while minimizing the computational cost of training by avoiding seed
repetitions. Based on the reanalysis data from the ERA5 database for several comparable
floating sites, the surrogate model is used to propagate the statistical uncertainties to the
25-year fatigue loads on the wind turbine.

In this study, the analysis is performed on a spar-buoy floating foundation based
on a modified Hywind-Scotland 6MW wind turbine. The damage equivalent loads are
considered on critical locations on the tower and blades and are calculated using a coupled
implementation of BHawC/OrcaFlex for training and validating the surrogate. The features
characterizing a floating farm site and the appropriate ranges are defined. The probabilistic
model considered in this study is the MDN, as it is flexible, robust, and interpretable, and
has performed well for fixed bottom load emulation in the literature.

Since MDN is based on a neural network parametrization, several hyperparameters
require tuning prior to training. Therefore, a hyperparameter study is conducted to
determine the optimal neural network layout and the minimum number of training samples
required to reach a high accuracy in terms of Rfl and dyw;. The conditional distribution
predicted by the chosen model is validated on a set of 47 operating conditions, each
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simulated with 44 random seeds in BHawC/Orcaflex to obtain a reference conditional
distribution for each test case. The R? value for estimating the conditional mean is > 0.99
on all channels with the surrogate, indicating an excellent fit. The standard deviation of
the conditional distribution is over-predicted by the model in the case of the tower bottom
fore-aft moment, but within the range of uncertainty bounds for the tower top and blade
root channels.

Finally, the validated surrogate model is used to make probabilistic estimates of
the 25-year equivalent damage on the tower and blades for four different sites. Since the
surrogate model is fast, load predictions can be made quickly on all observed site conditions
without lumping or binning the sea states a priori. It is demonstrated that surrogate models
can be powerful tools for site analysis, particularly for floating wind turbines, where the
choice of variables and binning methods remains an open question. Additionally, using
probabilistic surrogates like MDNs helps reduce bias in calculating the aggregate mean
fatigue, as the conditional distributions are not always normally distributed.

6.6.2 DISCUSSION AND FUTURE WORK
This section provides a critical discussion of the study’s results, along with practi-
cal considerations and limitations associated with the use of MDNSs.

10-MINUTE CONDITIONAL DEL PREDICTION

Given the stochastic nature of the site conditions, it is natural to model the 10-
minute DEL response within a probabilistic framework. MDN is demonstrated in this study
to be a reliable tool for modeling the conditional distribution of 10-minute DELs on the
spar buoy floating wind turbine’s tower and blades. MDN predictions are shown to remain
robust across different network architectures and numbers of mixture components. The
conditional means of the DELs are predicted with high accuracy, achieving an R? = 0.99.
Additionally, the Wasserstein distance between the predicted and reference conditional
distributions shows a strong match at the blade roots and tower top. However, at the tower
bottom, the conditional standard deviation of the 10-minute fore-aft DEL is consistently
over-predicted. It is corroborated by the relatively larger normalized Wasserstein distance
value, indicating a bigger difference between the reference and predicted pdfs. Two main
factors contribute to this: (i) the reference BHawC distributions are not converged at all
simulated test locations with 44 random seeds. The tails of some distributions are not
developed, resulting in short-tailed distributions that the MDN cannot easily capture; and
(ii) the tower bottom fatigue is shown in the literature to have a stronger correlation to
the hydrodynamic parameters, leading to higher noise in the data. As MDN is trained to
minimize the negative log-likelihood, it is rewarded for predicting higher variance when
there is less confidence.

PROBABILISTIC LIFETIME DEL AGGREGATION

The uncertainty in the aggregated lifetime fatigue loads due to stochastic inputs
is found to be much smaller in scale compared to the mean. This results from summing the
10-minute DELSs over a million occurrences, effectively nullifying the impact of the outliers.
The use of a probabilistic surrogate that correctly captures the conditional distribution is
still useful, as it minimizes the aggregation of error in the final response.
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NoTEs oN MDNs

MDN:s, due to their flexibility in modeling the conditional response, are well-
suited for the problem of probabilistic load estimation. One big advantage of the method is
the ease of implementation and robustness, as demonstrated in this work. Compared to
deterministic models that often assume a Gaussian response to determine the conditional
mean, mixture models can account for skewness and multimodality, and improve the
mean estimates. This is especially important for quantities like DELs, which may have
non-Gaussian, heteroscedastic variations. MDNSs scale well and are cost-effective to train
compared to models that use Bayesian inference or variational inference [107].

MDNs without regularization can result in overfitting. Therefore, in this study,
both L1 and L2 regularization are implemented. Secondly, MDNs rely on a stochastic
optimizer that is sensitive to the initialization of the model parameters. Hence, a 10-fold
cross-validation is recommended to ensure the optimizer is not stuck on a false minimum.
As seen in the tower-bottom fore-aft channel, minimizing the negative log-likelihood can
result in the over-prediction of the standard deviation of the conditional response when
the underlying distribution is short-tailed. MDNSs here are not restricted to strictly positive
values; in some cases, the tails may also extend to negative values. A potential solution is
to assume a lognormal distribution for the output. This can be done by directly predicting
the parameters of a lognormal distribution during training or by transforming the output
to a normal distribution before training.

FUTURE WORK

Future studies could use such surrogates to identify optimal methods for grouping
sea states in order to reduce the number of physics-based simulations required to achieve
the same lifetime fatigue loads as using all observed site data. This type of analysis would
be computationally impractical with an engineering tool, as it would require performing
millions of simulations to establish a baseline reference. Surrogates offer an alternative for
reducing the computational demands while maintaining accuracy. Surrogate models can
also be used in this context to isolate combinations of sea states that produce the highest
fatigue on the wind turbine structure. Furthermore, it is interesting to include other sources
of uncertainty in the analysis of loads, such as introducing an uncertainty in the parameters
defining the joint distribution of the site conditions. Once trained, probabilistic surrogate
models can be used to propagate the different uncertainty sources to the loads to study
the combined effect without additional costs. This approach opens new opportunities for
integrating reliability-based decision-making into the design process.



CONCLUSIONS AND FUTURE WORK

The chapter reflects on the principal findings, discussing their implications and summariz-
ing the research contributions. It revisits the main research objectives and summarizes the
limitations and assumptions of the various approaches. The recommendations for future
work are presented.
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7.1 MAIN OUTCOMES

The research objectives introduced in Chapter 1 are revisited in the following
section. The main research objective of the thesis is:

Research objective

RO To develop a workflow for training probabilistic surrogate models for quanti-
fying the uncertainty in the 10-minute statistics of the load response of wind
turbines for site analysis

These surrogates aim to reduce the computational costs associated with engi-
neering simulations. This process allows for the quick assessment of the suitability of a
new turbine type for a candidate offshore site, based on the environmental conditions at
the site. The RNA suitability is justified if the site-specific emulated loads are below the
certified design loads for the turbine type. In the early stages of the project, the site-specific
emulated tower loads can serve as initial loads for the initial tower design. Although it
is possible to apply scaling laws from site to site, the uncertainty may be large due to
non-linearities. Hence, the surrogate models serve as alternatives. The problem with most
interpolator objects used for siting purposes in offshore environments is the large amount
of parameters which increases the dimensionality and explodes the amount of simulations.
With surrogates, the solution space is generally sparse and broad; therefore, it can cover
all possible environmental inputs more effectively.

In this work, rather than using deterministic surrogates that map point-to-point
predictions, probabilistic surrogates are investigated. The motivation is to directly account
for the stochastic nature of the inflow to quantify model uncertainty when predicting
structural loads. Chapter 4 focuses on fixed-bottom wind turbine data and compares the
performance of several surrogate models of varying complexity. Chapter 6 extends this
methodology to floating wind turbines, where fatigue calculations typically require several
thousand simulations, resulting in more than 5000 CPU hours per site. In the fixed-bottom
case, Gaussian processes demonstrate strong capability, accurately capturing the underlying
mappings even with a relatively small training set of roughly 500 quasi-random samples
and making predictions in a matter of seconds. This reduces the total computational cost
of training and prediction to only about 250 CPU hours. The floating wind turbine loads
are mapped using MDNs trained on approximately 8000 simulations, which translates to
4000 CPU hours for generating the training data for a model that can be used on any site.
Thereby, massively reducing the computational costs without impacting the accuracy.

The subsequent research questions are addressed in the following section.

What are the leading sources of uncertainty in wind turbine load prediction?

Modeling complex structures like floating wind turbines numerically involves
various sources of uncertainty, some of which are discussed in detail in this work.
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« Stochastic environmental conditions, characterized by turbulent wind speed fluctua-
tions and wave-structure interactions, subject wind turbine components to variable-
amplitude cyclic loading, thereby inducing fatigue. In practice, load statistics are
calculated in 10-minute data blocks, where detailed inflow variations are reduced
to aggregate measures such as mean and standard deviation, introducing aleatoric
uncertainty in the loads due to the loss of high-frequency information. Chapter 2.

« Engineering models are designed with many assumptions to simplify numerical
analysis, introducing epistemic uncertainty in load calculations. Chapter 5 shows
that performing one-to-one simulation validation can be critical when dealing with
non-standard, complex wind turbine models.

« The information about certain site-specific variables, such as wind veer, detailed
wind profiles, soil stiffness, and ocean currents, is often unavailable. Data-driven
models approximate these quantities using assumed functional forms, introducing
epistemic uncertainty.

 Assumptions about controller performance and tuning can significantly affect the
conditional distributions of the predicted loads. For example, a bimodal distribution in
the 10-minuteDEL is observed for the fixed-bottom case in Chapter 4. This behavior
is attributed to the controller design, in which the wind turbine transitions between
operating states at high wind speeds. In these simulations, although the mean
wind speed provided to the simulation tool as input is within the operational range,
instantaneous wind speeds may exceed the cut-out threshold for extended periods
to trigger a change in turbine state. Such state transitions introduce additional
uncertainty in the resulting fatigue loads. Fatigue magnitude is highly nonlinear
and is governed primarily by the largest load ranges occurring within a given time
interval. Consequently, the resulting DEL depends not only on the fraction of the
time the wind turbine is operating but also on the temporal sequence of events,
specifically whether the turbine undergoes a restart or a shutdown within the 10-
minute window. Modern wind turbine controllers introduce hysteresis to encourage
smooth switching between modes to limit loads and maximize the power output.

« Fatigue and extreme loads are often estimated through extrapolation of short-term
simulations, which introduces inherent statistical (aleatoric) uncertainty, as noted
in Chapter 6. In fatigue calculations, additional epistemic uncertainty arises from
assumptions regarding the parameters of the joint distribution describing site condi-
tions, as these parameters are themselves uncertain.

« The uncertainty in the parameters of the surrogate model due to insufficient data,
stochastic optimization, and hyperparameter tuning is an important source of epis-
temic uncertainty.

When designing data-driven models, it is important to recognize the various sources of
uncertainty, as they directly affect the reliability and accuracy of load predictions (Chapter 4,
Chapter 6).
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What are the environmental conditions that most impact the fatigue loads in
offshore wind turbines?

Feature selection is an essential preprocessing step for machine learning and
data-driven modeling. A feature is any observed quantity or a derived value based on
observations, serving as an input to the data-driven model. Training a surrogate with an
extensive feature set or with redundant features can lead to increased training data needs,
data storage, and computational and measurement costs. Environmental conditions such
as wind speed, turbulence intensity, wind shear, wave height, spectral peak period, and
wind-wave misalignment have an influence on fatigue.

In Chapter 4, the offshore wind turbine loads were trained with the mean wind
speed, turbulence intensity, power law exponent, significant wave height, spectral peak
period, and wave direction. During training, it was found that the wind parameters most
affected the wind turbine DEL in this dataset. The hydrodynamic parameters for the
analyzed dataset were not highly informative for fatigue load estimation in fixed-bottom
offshore wind turbines. However, in sites with more prominent wave activity, these
parameters remain relevant. The correlation study in Chapter 5, based on measurements
from the TetraSpar demonstrator, highlighted wind speed standard deviation and significant
wave height as key drivers of 10-minute DELs.

Furthermore, it is demonstrated that fatigue in each component is affected differ-
ently by changes in site conditions, with some components showing greater sensitivity
than others. To accurately quantify these effects and account for correlations between site
variables, a deeper investigation using global sensitivity analysis is warranted.

How do probabilistic models compare in the case of onshore, fixed-bottom offshore,
and floating wind turbines?

In Chapter 4, deterministic and probabilistic surrogate modeling methods are
compared for predicting 10-minute DELs on fixed-bottom offshore wind turbines. The
results show clear differences in predictive capability, robustness, and practical utility
between the two classes of models.

Deterministic models such as polynomial regression, ANN, and GPR performed
well in predicting the conditional mean of DELs, particularly in the simpler onshore case.
In this case, high R,21 values were achieved with relatively small training datasets. How-
ever, their performance degraded in CASE-OFFSHORE, where additional hydrodynamic
parameters increased data complexity and noise. Probabilistic models, in particular, MDNs,
consistently matched or exceeded the conditional mean accuracy of deterministic models
while also accurately predicting the conditional distributions.

The deterministic models inherently assume a normally distributed response
with a deterministic relationship between site conditions and loads. This limitation arises
when the conditional load distribution is heteroscedastic and non-Gaussian. Assuming a




136 7 CONCLUSIONS AND FUTURE WORK

normal distribution introduces a bias in the predictions that can aggregate as the loads are
extrapolated to multiple years.

Probabilistic surrogate models allowed for training without seed repetitions, fil-
tering, or data transformation. This contrasts with deterministic approaches, which are
typically trained on averages over multiple seeds to account for variability in inflow
conditions. By learning conditional distributions directly, probabilistic models reduce
computational costs associated with dataset generation.

While GPR showed strong performance with small datasets, its computational
scalability is limited due to matrix inversion costs. MDNs offered a balance between
accuracy, scalability, and practical implementation effort, with relatively straightforward
hyperparameter tuning compared to CGANs and CGPs.

In Chapter 6, MDNs were used to model a 6MW floating wind turbine. MDN
predictions of the conditional mean were extremely accurate with R? = 0.99. This was an
improvement on the fixed-bottom offshore case due to a combination of a larger network
architecture, a bigger training dataset, and an advanced controller that minimized structural
resonance. The conditional distributions exhibited a good agreement with the BHawC
reference.

For offshore wind turbine site assessment and load modeling tasks where uncer-
tainty quantification is important, probabilistic surrogates provide a more comprehensive
and efficient alternative to deterministic methods. MDNs, in particular, demonstrated
reliability and ease of use across onshore, offshore, and floating offshore cases, supporting
their recommendation for future surrogate modeling tasks in offshore wind applications.

Does uncertainty matter in long-term fatigue load evaluations?

In Chapter 6, the validated surrogate model is used to make probabilistic estimates
of the 25-year equivalent damage on the tower and blades for four different sites. Since the
surrogate model is fast, load predictions can be made quickly on all observed site conditions
without lumping or binning the sea states a priori. It is found that the uncertainty in the
aggregated lifetime fatigue loads due to stochastic inputs is much smaller in scale compared
to the mean. This results from summing the 10-minute DELs over a million occurrences,
effectively nullifying the impact of the outliers. Does this mean that probabilistic surrogates
are not useful? It is demonstrated in Chapter 4 that using probabilistic surrogates provides
robustness against the presence of noise in the data and a smaller computational cost for
training. A probabilistic surrogate that accurately captures the conditional distribution
remains useful, as it minimizes the aggregation of errors in the long-term load calculations.
This is especially true when the loads are not always homoscedastic, normally distributed,
as several widely used deterministic models assume a normal distribution of noise and
model the approximate conditional mean of the response. Additionally, for floating wind
turbines, where the choice of variables and binning methods is still an open question,
surrogates provide a way to bypass the process from historical site conditions to load
predictions without having to make assumptions on the bin size or joint site distribution
parameters. Probabilistic surrogates can also help improve the process of lumping sea
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states in a way that minimizes the errors in the fatigue calculations when simulations are
later performed with numerical tools.

Quantifiable differences relative to standard approaches for calculating lifetime
fatigue loads have not yet been assessed. As a next step, a DLC 1.2 simulation set should
be generated, with loads scaled using available site data following conventional practice.
The resulting lifetime fatigue loads can then be compared against those predicted by the
surrogate model using the methodology presented in this thesis. Additionally, evaluating
the errors introduced (separately) when only the conditional mean is considered, as well
as the impact of varying the number of samples per case, and binning strategies, would
enable a more systematic quantification of these effects.

7.2 LIMITATIONS AND FUTURE WORK

The probabilistic surrogate model introduced in this work currently requires
updates for every new wind turbine or for structural modifications on the same wind
turbine. In other words, a new training dataset must be created for the model to be trained
when predictions need to be made on a new wind turbine. Future steps would include
generalizing the approach by including additional variables during training that define
the structure. For instance, the geometric parameters of the tower, of the floating or fixed
foundation, and the soil properties for fixed-bottom wind turbines. For floating wind
turbines, the water depth and current information may be included in the future.

The surrogates in this work focus solely on the tower fore-aft and blade loads.
Even though the tower side-side moment is not the biggest contributor to tower fatigue,
it should be modeled in the future, as it is not damped by the aerodynamic forces and is
more susceptible to changes in the hydrodynamic parameters.

This study considers only the statistical uncertainty arising from stochastic input
sources. In practice, other sources of uncertainty may contribute to the analysis. For exam-
ple, uncertainties related to the underlying joint distribution of site conditions represent
another significant source of variability. Including these additional sources of uncertainty
may introduce bias in the long-term mean, which is reflected as an uncertainty in the
aggregated statistics of the outputs.

Future studies should account for the effects of upstream wakes in the inflow.
Wind turbines modeled with dynamic wake inflow exhibit more realistic load predictions
and may experience higher cumulative damage. As wake control strategies such as wake
steering [186] and Helix [187] are being deployed in real wind farms, understanding their
impact on structural loads has become an important research question. Incorporating wake
information in the inflow would also enable the application of such surrogates in a wind
farm context.

MDN:s do not differentiate between epistemic and aleatoric uncertainty. In the
next steps, models that differentiate between the two should be investigated in order to
isolate the errors introduced by the surrogate. Combining the MDN output vector with
Bayesian neural networks could enable the decomposition of predictive uncertainty into
its constituent elements, as Bayesian neural networks treat the network weights as random
variables with (typically) Gaussian priors. A second drawback of MDNSs, also shown in
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Chapter 4, is that in cases where the loads are very close to zero, the tails of the predicted
conditional distributions by MDN can extend to values below zero. In the future, MDNs
with the parameters of a lognormal distribution should be investigated, or conditions on
the realizations should be introduced.

If operational data are available, similar surrogate models can be trained on SCADA
input that maps to the loads. This process allows for 10-minute DEL calculations in the
event of sensor failure based on lean measurements. Additionally, the models can be used
to obtain DELSs at critical and inaccessible locations where direct sensor placement is not
possible. Both offer long-term fatigue monitoring opportunities, justifying the feasibility
of upgrades or lifetime extension.

Instead of predicting load statistics, an extension of this study would include
modeling the real-time variation of loads as a function of environmental input, as it
provides a more comprehensive picture of the wind turbine’s response. Purely data-driven
methods generally fail in time series settings or are extremely difficult to train; therefore, a
physics-based time series approach with a data-driven correction to introduce nonlinearity
should be investigated. The time series model can be further extended to inverse problems,
such as utilizing wind turbines as sensors.
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APPENDIX A

A.1 SCATTER PLOTS OF THE LOAD CHANNELS ON THE TETRASPAR
DEMONSTRATOR
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Figure A.1: Scatter plots of tower bottom moment DEL (top-left), tower top moment DEL (top right), edgewise
blade root moment DEL (bottom left), and flapwise blade root moment DEL (bottom right) vs. mean wind speed,
comparing the measurements with the one-to-one simulations. The scales of the axes have been removed to

preserve confidentiality.
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Figure A.2: Scatter plots of tower bottom moment DEL (top-left), tower top moment DEL (top right), edgewise
blade root moment DEL (bottom left), and flapwise blade root moment DEL (bottom right) vs. the wave peak
spectral period, comparing the measurements with the one-to-one simulations. The scales of the axes have been

removed to preserve confidentiality.
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Figure A.3: Scatter plots of tower bottom moment DEL (top-left), tower top moment DEL (top right), edgewise
blade root moment DEL (bottom left), and flapwise blade root moment DEL (bottom right) vs. power law exponent,
comparing the measurements with the one-to-one simulations. The scales of the axes have been removed to

preserve confidentiality.
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Figure A.4: Scatter plots of tower bottom moment DEL (top-left), tower top moment DEL (top right), edgewise
blade root moment DEL (bottom left), and flapwise blade root moment DEL (bottom right) vs. air density,
comparing the measurements with the one-to-one simulations. The scales of the axes have been removed to

preserve confidentiality.
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Figure A.5: Scatter plots of tower bottom moment DEL (top-left), tower top moment DEL (top right), edgewise
blade root moment DEL (bottom left), and flapwise blade root moment DEL (bottom right) vs. the wind direction,
comparing the measurements with the one-to-one simulations. The scales of the axes have been removed to
preserve confidentiality.
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Figure A.6: Scatter plots of tower bottom moment DEL (top-left), tower top moment DEL (top right), edgewise
blade root moment DEL (bottom left), and flapwise blade root moment DEL (bottom right) vs. current speed,
comparing the measurements with the one-to-one simulations. The scales of the axes have been removed to

preserve confidentiality.
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Figure A.7: Scatter plots of tower bottom moment DEL (top-left), tower top moment DEL (top right), edgewise
blade root moment DEL (bottom left), and flapwise blade root moment DEL (bottom right) vs. current direction,
comparing the measurements with the one-to-one simulations. The scales of the axes have been removed to
preserve confidentiality.
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A.2 FEATURE IMPORTANCE CALCULATED USING A SURROGATE
MODEL

In this section, a surrogate-based feature analysis method is presented. The data-
driven surrogate uses XGBoost [188]. XGBoost calculates feature importance based on how
much each feature contributes to the decision-making process of the model. The feature
importance shown here is based on ’gain’, which is the average improvement in loss each
time a feature is used in a split. Gain is an indicator of how much better or worse the
predictions get when a split is made, and is defined as [189],

Gain=1[ G, Gk _ (GueGiy

— — Al
2|H,+A Hp+A Hp+Hgp+A (A1)

where y is the regularization term for the number of leaves and A is the regularization
term for leaf weights. G and H are the first and second derivatives of the loss, respectively.
The first term is the "score" on the new left leaf, the second term is the score on the new
right leaf, and the third term is the score on the original leaf. After the trees are built, the
gain for each feature is summed up across all trees. The highest gain, therefore, translates
to the highest predictive value the feature has.

Based on this understanding, the feature importance calculated by XGBoost on
the simulation and measurement values of loads is shown in the Figure A.10, Figure A.11,
Figure A.8, and Figure A.9. The outcome aligns well with what has been observed in
Section 5.4.1.
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Figure A.8: Tower bottom moment DEL list of feature importance as calculated by XGBoost.
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Figure A.9: Tower top moment DEL list of feature importance as calculated by XGBoost.
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Figure A.10: Edgewise blade moment DEL list of feature importance as calculated by XGBoost.
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Figure A.11: Flapwise blade moment DEL list of feature importance as calculated by XGBoost.
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B.1 ERA5 LOCATIONS USED FOR DEFINING FEATURE RANGES

Table B.1 lists the locations used for defining the feature ranges in Section 6.3.
The data are downloaded from the years 1979 to 2020. The database consists of the hourly
average wind speeds at 10 m and 100 m, the significant wave height, spectral peak period,
and wave direction. The shear law exponent is derived from the wind speed values,
assuming a power law profile for the atmospheric boundary layer.
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Table B.1: Description of the sites used for defining the feature ranges.

Site Location [°] ERA5 approx. location [°]
Latitude Longitude Latitude Longitude Depth [m]

Dyning [179] 58.218 17.860 58.00 17.75 141
Mareld [179] 58.161 10.575 58.25 10.50 233
Serlige Nordsjo Phase IT [179] 56.783 4.918 56.75 5.00 60
Tetraspar 59.15 5.013 59.00 5.00 200
Utsira Nord Phase I [179] 59.276 4.540 59.00 4.50 273
Buchanan Deep [190] 57.45 -1.31 57.50 —1.25 100
West of Barra [19] 56.885 —7.947 57.00 =7.75 100
Gran Canaria [19] 27.75 —15.33 27.75 —15.00 200
Morro Bay [19] 35.083 —121.5 35.5 —121.75 870
Sud de la Bretagne II [179] 47.3247  -3.6594 47 -3.7 94
Emerald [179, 191] 51.3565  -8.0761 51.5 -8 90
Moneypoint Offshore I [179, 192] 52.519 -10.276 52.5 -10.5 102
HIP Atlantic [179] 63.6325 -16.3756 63.5 -16.5 98

B.2 FEATURE BOUNDS

B.2.1 SIGNIFICANT WAVE HEIGHT

The upper and lower limits for the significant wave height are defined as functions
of the wind speed at hub height U,.

The upper limit is a quadratic function of the form:

Hy, = —0.008U% ¢ +0.45Uy 5 +5 (B.1)
The lower limit is defined as:
H, = 0.719¢0-0832Urep) _ o(0:04Urep) (B.2)

B.2.2 PEAK SPECTRAL PERIOD

The peak spectral period range is designed to be a function of the significant wave
height (which is in turn, a function of the wind speed at hub height). Scaling functions A,
B and C are defined as,

A=a +a2Hs“3 (B3)
B=b;+ bze_baHs (B4)
C=cy+cpe s (B.5)

The scaling functions are used to define the upper bound T, and lower bound
T,, as
pL <>



B.2 FEATURE BOUNDS 153

pr — e(A+0.SB) (B6)
Ty, = Tp,(1-3x J(eB—1)) (B.7)
Tpy = Tp,(1+3x J(e€ —1)) (B.8)

The coefficients used to fit the curve in this study are listed in Table B.2.

a a as by b, bs C1 C2 C3
1.3 0.57 037 0.005 0.1 043 0.005 0.75 0.6

Table B.2: Tuning coefficients for defining the range functions for the spectral wave period.
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This work explores probabilistic
machine learning methods, such
as mixture density networks, for
mapping site conditions to the

short-term and lifetime damage
equivalent loads of onshore,
fixed-bottom offshore, and
floating offshore wind turbines.




