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Abstract

To meet global climate goals, the deployment of renewable energy sources such as wind energy must
increase significantly. As wind farms grow in size and density, wake interactions between turbines
limit overall performance. Wind Farm Flow Control (WFFC) addresses this challenge with the aim
of improving overall wind farm efficiency. Wake steering is a promising control strategy, in which
upstream turbines are intentionally misaligned with the wind direction to redirect their wakes away
from downstream turbines to increase power production.

Most wake-steering studies rely on steady-state models and focus primarily on power maximization.
However, reducing the cost of wind energy also requires extending turbine lifetime, since downstream
turbines operating in wake-induced flow experience increased fatigue loading. Aeroelastic simula-
tors can capture these load dynamics, but they are too computationally expensive for control-oriented
applications. An efficient alternative is to use load surrogate models that predict fatigue loads from
simple inflow and operational quantities. At the same time, the transition from steady-state flow mod-
els to dynamic flow models enables the representation of time-varying wake evolution and provides a
more realistic environment for evaluating control strategies.

In this thesis, the dynamic wind farm model OFF is coupled with a sector-averaged load surrogate
model that predicts damage equivalent loads (DELs) from turbine operation conditions and simple
inflow quantities sampled across the rotor plane. The implementation process is described in detail,
together with the challenges and limitations encountered. This integrated framework is then used
to develop a power-load balanced control strategy that incorporates tower base fatigue loads, and is
applied in both the steady state model FLORIS and OFF to assess its performance under more realistic
conditions.

A case study with three turbines and three time-varying wind direction signals shows that the resulting
balanced controller in OFF achieves power gains of up to 12.57% and tower base load reductions of up
to 14.40% compared to the baseline. A comparison between FLORIS and OFF reveals that FLORIS
provides an upper bound on predicted power gains and load reductions. The structural differences
between steady-state and dynamic models explain the observed differences in predicted power and
load responses.
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Chapter 1

Introduction

1-1 Motivation

In 2015, the Paris Climate Agreement set the goal of keeping global warming below 1.5 °C above
the pre-industrial average by 2050. However, recent observations show that the global mean temper-
ature surpassed this limit in 2024, making it an all-time record at the time [1]. To mitigate further
temperature increase, renewable energy needs a substantial increase [2].

In 2024, wind energy accounted for 19% of the electricity consumed across the EU, with the total
installed wind power capacity reaching 231 GW [3]. Figure 1-1 illustrates the expected growth in
annual wind power installations in the EU over the period 2025 to 2030, compared to previous years.
To reach the EU’s renewable energy target of 42.5% by 2030, wind energy installations must average
36 GW a year between 2025 and 2030, based on a wind power capacity target of 425 GW [3]. As can
be seen in Figure 1-1, this is well above the expected wind power installation.

30

20

0

2018 2019 2020 2021 2022 2023 2024 2025 2026 2027 2028 2029 2030

Capacity (GW)
a

=
o

® Onshore Offshore

Figure 1-1: Expected annual wind power installations in the EU over 2025-2030 [3].

An important aspect of reaching these goals is ensuring that wind turbines and wind farms operate to
their full capacity. This can be improved by minimizing turbine downtime caused by maintenance or
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1-2 Background Information 2

flaws and by optimizing operational performance. Improved operation of the wind farm can reduce
wake losses, this is caused by upstream wind turbines that extract kinetic energy from the wind,
reducing wind speed and increasing turbulence for downstream turbines. These downstream turbines
operate in reduced or disturbed wind flow, resulting in less available energy to generate power from
and increased structural loads [4]. To illustrate, in Figure 1-2, the wakes became visible due to fog
in specific weather conditions. Operation in wake conditions increases wear and reduces the lifetime
of components, which can therefore attribute to the downtime of the wind turbine. Wind Farm Flow
Control (WFFC) addresses these challenges to achieve a farm-wide goal, such as maximizing Annual
Energy Production (AEP) or minimizing loads [4].

The primary goal of WFFC is to reduce the overall cost of wind energy, which can be achieved
by addressing a number of technical objectives. Most of the existing research focuses primarily on
increasing the power output of the wind farm [5], [6], [7]. However, the effects of this collective power
maximization on structural loads remain unclear [8]. Accurate fatigue load prediction usually requires
costly aero-servo-elastic simulations [9]. To overcome this problem, new approaches introduce load
surrogate models, which use simplified inputs to estimate loads on the turbine components in a faster
and more scalable way, as is done in [10]. For future wind farm control applications, it becomes more
important to address not only power optimization but also other aspects, such as structural loads.

Figure 1-2: Specific weather conditions with fog allow the wakes formed in an off-shore wind
farm to become visible [11].

1-2 Background Information

1-2-1 Wind Farm Flow Control Strategies

WFEFC takes a farm-level perspective aimed at reducing wake losses and improving overall efficiency.
This is achieved by going from a greedy control, where each turbine aims to optimize its own power
production, to a collaborative approach. Three widely studied strategies are wake steering, axial-
induction control, and wake mixing control.

The first strategy, wake steering or wake redirection control, is illustrated in Figure 1-3. In this
strategy, an upstream turbine is intentionally given a yaw offset or yaw misalignment angle, which
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1-2 Background Information 3

deflects its wake away from downstream turbines. By shifting from a full wake overlap, where the
entire rotor plane is covered by the wake, to a partial overlap, in which only part of the rotor plane is
affected, as visualized in Figure 1-3, the downstream turbine experiences a higher overall incoming
wind speed and thus more available kinetic energy to generate power. In addition to power gains, wake
steering can also reduce fatigue loading: turbines operating in wake conditions experience elevated
turbulence intensities, which increases fatigue loads [12]. Redirecting wakes can therefore benefit
both the fatigue life and power production of downstream turbines. However, partial wake conditions
can also result in an asymmetric loading, which could increase fatigue loads despite the increase in

power output.

The second control strategy is axial induction control, which increases downstream power produc-
tion by de-rating upstream wind turbines [13]. Figure 1-4 illustrates this approach. The axial induction
factor a describes the relationship between the free-stream wind speed and the reduced wind speed at
the rotor plane and can be lowered through adjustments of the blade pitch angle [14], [15] or genera-
tor torque [16]. Reducing a at the upstream turbine decreases its power output and the thrust force it
exerts on the flow, resulting in a higher wind speed in the wake. This preserves more kinetic energy
in the wake, increasing the potential of power generation for the downstream turbine.

The third control strategy is wake mixing control. In contrast to wake steering, which aims to redirect
the wake, wake mixing focuses on accelerating wake dissipation by enhancing mixing with the sur-
rounding flow, thereby increasing wind speeds at downstream turbines. Wake mixing can be achieved
through active blade pitch modulation, and two approaches are commonly used [17]. Pulse wake mix-
ing applies periodic collective pitch variations to induce axial thrust oscillations. Helix wake mixing
uses individual blade pitch variations to generate time-varying yaw and tilt moments, resulting in a
helicoidal wake structure [14]. Both strategies aim to enhance wake recovery and are illustrated in
Figure 1-5.

" Offidy Upwind Turbine i,’7 N_

Thrust Force

Figure 1-3: Wake steering: the upstream turbine is intentionally given a yaw offset to redirect
its wake away from the downstream turbine. This increases the overall incoming wind speed for
the downstream turbine and thereby its power production [18].

1-2-2 Control Algorithms
Control strategies are most commonly applied in open-loop, depending on steady-state wind farm
engineering models, where current flow conditions are used to look up precomputed steady-state

control solutions [20]. For each ambient condition, optimal yaw angle set points are determined in
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(b) Axial Induction Control
Figure 1-4: Axial induction control: (a) without control, the upstream turbine extracts significant
kinetic energy from the flow, leading to a large velocity deficit in its wake; (b) when the upstream
turbine is de-rated, it exerts a lower thrust force on the wind, producing less velocity deficit and
increasing the power production potential of the downstream turbine [18].

Baseline Pulse Helix
Total Mean Power: 6.1 MW Total Mean Power: 7.2 MW Total Mean Power: 8.2 MW

downstream
power

downstream
power
production

=3.0 MW

8D downstream
power
production

6D

production

=0.7 MW,

upstream upstream
power / power
production production

=5.2 MW

upstream
power
production

Figure 1-5: Wake mixing control: comparison of the baseline case (left), Pulse wake mixing
(middle), and Helix wake mixing (right) for a two-turbine configuration under full wake overlap.
Both strategies promote wake mixing, accelerating wake recovery and increasing downstream wind
speeds [19].
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advance and stored in a Look-up Table (LuT) [4]. A limitation of this approach is its inability to react
to unexpected changes in the environment or turbine behavior.

In contrast, closed-loop control takes real-time measurements from the wind farm to continuously
optimize their control set points online. This makes the strategy more flexible and resilient [21].
Figure 1-6 shows a simple representation of the fundamental difference between closed-loop and
open-loop control.

(a)Time—varying atmospheric conditions (b) Time-varying atmospheric conditions

X,

Online Offline

X,

Model &

Estimator

Figure 1-6: Overview of two distinct wind farm control strategies: (a) online closed-loop control,
and (b) open-loop control based on the LuT approach [21]. The external input corresponds to
the ambient inflow conditions, such as wind direction, turbulence intensity, and wind speed.

Another important distinction in control strategies is whether the controller relies on a surrogate
model, a simplified mathematical representation based on the physics of the wind farm [21]. Such
model-based controllers depend on accurate models to predict system behavior and optimize control
actions. The next section will go into these wind farm models in more detail.

Alternatively, control can be done through data-driven approaches, where the system is controlled
without knowing the underlying physics or having an explicit model. Instead, the controller learns the
behavior of the system directly from input and output data using machine learning techniques, such
as neural networks or reinforcement learning [22], [23]. Although model-free control can overcome
some of the weaknesses of surrogate-based approaches, such as the sensitivity to model miscalibra-
tions and under-represented dynamics, it also remains challenging. In particular, wind farms are slow
systems with a wide range of states, such as varying wind directions and speeds, and are subject to
high disturbance and turbulence. As a result, collecting enough training data for reliable control can
be very time consuming. For these reasons, model-free control is outside the scope of this thesis.

1-2-3 Wind Farm Flow Models

For wind farm control, real-world data sources such as Supervisory Control and Data Acquistion
(SCADA) and Light Detection and Ranging (LiDAR) technologies are used to monitor input and
output data. SCADA is a real-time monitoring system and collects data on turbine level such as power
output, rotor speed, blade pitch angle and yaw alignment. LiDAR is a remote sensing technology
that uses lasers to measure wind speed and direction ahead of the turbine and is able to capture the
incoming wind field. Besides using real-world data, wind tunnel experiments can be used [24]. These
setups allow investigating wake behavior, turbine interaction, and control strategies in a reproducible
environment.

However, to make the control more accessible and suitable for model-based control a model surrogate
or simulation is most commonly used. These approximate the behavior of wind turbines and their
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interactions through mathematical models of varying complexity. Wind farm simulation models can
be classified according to their level of fidelity, which gives a balance between physical accuracy and
computational efficiency [4].

Low-fidelity Models

Low-fidelity models, such as FLOw Redirection and Induction in Steady-state (FLORIS) [25], Frand-
sen [26], PyWake [27] and FOXES [28], rely on static wake solvers. These models solve simplified
parametric equations to approximate wake effects and wind turbine interactions, examples are the
Jensen model [29], which assumes a simple top-hat profile, the Gaussian wake model, by Bastankhah
et al. [30], or the double-Gaussian model by Ishihara and Qian [31]. Low-fidelity models use steady-
state assumptions to estimate wake behavior, such as velocity deficit and wake deflection, based on
a reduced set of inputs. Although these models lack the ability to capture dynamic flow phenomena,
their speed and simplicity make them more suitable for tasks that require a large number of simula-
tions, such as optimizing the wind farm layout and estimation of the AEP.

High-fidelity Models

To accurately capture the full flow behavior of a wake, the three-dimensional unsteady Navier-Stokes
equations must be solved. However, without making significant assumptions, it is not possible to
solve these equations [13]. Instead, Computational Fluid Dynamics (CFD) methods use numerical
analysis and algorithms to solve the Navier-Stokes equations. Large Eddy Simulation (LES) was
developed to resolve these partial differential equations by simulating the large turbulent motions and
approximating the smaller ones with simplified models [32]. Most high-fidelity models rely on LES
to provide the most detailed and accurate description of the complex aerodynamic interactions within
a wind farm. While this makes them particularly suitable for validation studies and understanding
flow physics, their high computational cost makes them too demanding for model based control. An
example of a commonly used open-source tool based on LES developed by the National Renewable
Energy Laboratory (NREL) is Simulator for Offshore Wind Farm Applications (SOWFA) [33]. Other
examples are UTD Wind Farm (UTDWF) developed at UT Dallas [34], and SP-wind by Meyers and
Meneveau [35].

Medium-fidelity Models

To bridge the gap between low- and high-fidelity approaches, medium-fidelity models have been de-
veloped. These models aim to capture the critical dynamics and accuracy of high-fidelity formulations
while preserving the simplifications and computational efficiency of low-fidelity models. By doing so,
they enable the use of closed-loop control methods and account for model uncertainties [36]. These
medium-fidelity models include simplified representations of the flow and turbines, without solving
the full turbulence structure. Medium-fidelity models cover a wide spectrum. At the lower end of
the fidelity range, quasi-dynamic wind farm simulators, such as FLOw Redirection and Induction
Dynamics (FLORIDyn) [37] and PossPow [38] use low-fidelity rotors and wake profiles in a time-
stepping simulation [39]. These models can either implement their own wake representations or be
coupled with existing simplified steady-state wake models, such as PyWake or FLORIS. This makes
them suitable for real-time feedback control and other possible wind farm operations [4].
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Closer to high-fidelity models are more computationally demanding models that consider a two-
dimensional space to approximate the Navier-Stokes equations [13]. Examples include models based
on the 2-D Ainslie [40] and 2-D dynamic wake meandering (DWM) [41] model, such as WFSim [36]
and HAWC2Farm. The last model combines a DWM model with HAWC?2, an aeroelastic wind turbine
simulator. This allows them to capture the essential load dynamics across turbines while maintaining
manageable computational cost [39]. Simulations from such aeroelastic wind farm simulators, such
as FAST.Farm [42], can provide data for training or calibrating of data-informed surrogate models.
They are also used for validation of optimized control settings for power or structural loads, especially
when higher-fidelity LES simulations would require higher computational cost [43].

Table A-1 in Appendix A summarizes the main properties of wind farm models based on their fidelity.
This table was constructed and discussed during the literature review conducted prior to this thesis
[44].

1-3 Problem Statement and Gaps

WFFEC aims to reduce the overall cost of wind energy. In addition to increasing power production,
extending turbine lifetime and lowering maintenance costs also contribute to this objective. Wake
steering is a control strategy with the potential to do both. By intentionally applying a yaw misalign-
ment angle at upstream turbines, the wake can be redirected from downstream turbines, increasing
their power production potential. Since wakes significantly increase turbulence intensity (TI) and
thereby fatigue loads, redirecting the wake can also reduce structural loading. However, this must be
applied carefully, as partial wake overlap can result in asymmetric loading and potentially increase
fatigue.

Existing wind farm models range from low-fidelity to high-fidelity. Low-fidelity wake models are
widely used for layout and AEP optimization, but they are too simplified for accurate load predic-
tions. Higher-fidelity aeroelastic wind farm simulators are able to capture load dynamics, but their
high computational cost makes them unsuitable for model-based control. A promising solution is to
use data from aeroelastic wind farm simulators to train load surrogate models [9]. These surrogate
models map simple inflow quantities to load predictions, allowing load estimations within lower-
fidelity control-oriented models.

The shift from steady-state, low-fidelity models to medium-fidelity models capable of capturing more
dynamic behavior is an actively researched area. These dynamic models maintain computational
efficiency while providing a more realistic description of wind farm dynamics and enabling more
advanced control that accounts for model uncertainties and unforeseen circumstances. Steady-state
models assume that changes in operating conditions of an upstream turbine immediately affect the
downstream turbine. In reality, there is a delay, as the wake needs time to propagate downstream.
Recent studies have shown that dynamic wake descriptions result in improved performance, such as
better correlation and lower normalized root-mean-squared-error (RMSE) when comparing the sim-
ulated and measured power signals [4]. These findings highlight the need for dynamic modeling in
control-oriented applications, particularly under more realistic changing inflow and operating condi-
tions.
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Identified Research Gaps

Most wake steering studies still rely on steady-state models, even though dynamic wake propagation
has been shown to be important for more realistic predictions. Moreover, load surrogate models have
been presented and validated very promisingly, with the advantage that they can be transferred across
frameworks as long as the required inputs can be extracted. However, limited work has investigated
their performance across different wake models and particularly within dynamic wind farm simula-
tions. Consequently, it remains unclear what the potential of a load surrogate model is in a dynamic
simulation and how time-varying flow dynamics affect surrogate accuracy and controller performance.

1-4 Thesis Objective

Based on the problem statement and gaps identified in the literature, the following research objective
was formulated.

( Research Objective w

""The objective of this thesis is to develop and evaluate a power-load balanced wake steer-
ing control strategy that couples a dynamic flow model with a load surrogate model, aim-
ing to achieve both power gain and load reduction."

This objective requires three main components:

1. a dynamic wind farm flow model,
2. aload surrogate model, and

3. acontroller.

In the literature research prior to this thesis [44], several load surrogate models and dynamic wind
farm flow models were investigated. They were evaluated based on how well the required inflow
inputs of the surrogate model and the wind farm framework align. The dynamic models were further
assessed with a focus on their control-oriented performance and potential. Based on this evaluation,
the dynamic framework OFF by Becker et al. [45] was selected as the most suitable choice for this
thesis, together with the sector-averaged load surrogate model by Guilloré et al. [8]. In this thesis,
these components are combined, together with a controller that includes the predicted fatigue loads.

To achieve the objective, the thesis is structured around two main research questions. These research
questions are divided into sub-questions to allow for a systematic approach in answering the main
questions.

( Research Question 1 )

""What is the role and performance of a load surrogate model when applied within a

dynamic wind farm flow modeling framework?"'
\ J

1.1 How does the load surrogate model perform when coupled with OFF?
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1.2 How do modeling inconsistencies between OFF and the surrogate training framework affect
load prediction accuracy?

1.3 To what extent can the prediction accuracy of the load surrogate model be improved, and what
limitations constrain further reductions in the root mean squared percentage error (RMSPE)?

1.4 How does the choice of sampling time affect the trade-off between computational cost and
relative damage accuracy?

( Research Question 2 w

""What power-load trade-offs arise when fatigue loads are included in a wake steering
control strategy under dynamic flow conditions?"'

2.1 How does the inclusion of fatigue loads in the control objective affect optimal yaw misalignment
behavior?

2.2 What is the trade-off between power gain and fatigue damage for different power-load weight-
ings?

2.3 How does a power-load balanced wake steering controller perform compared to a baseline and
power-only strategy in a three-turbine case study?

2.4 How do dynamic wake effects influence predicted power and load responses compared to
steady-state predictions?

1-5 Contribution and Outline

Contributions

The main contributions of this thesis are the following:

C.1 Extension of the dynamic wind farm flow model OFF with the sector-averaged load surrogate
model to predict damage equivalent loads (DELs) on individual turbines within a wind farm.

C.2 Development of a LuT-based wake steering control strategy that balances power maximization
and tower base fatigue load minimization using weighting factors.

C.3 Evaluation of the proposed controllers in a three-turbine case study using three 40-minutes wind
direction signals.

C.4 Analysis of how tower base load reduction is achieved by the controller and where the trade-off
between power gain and load reduction occurs.

C.5 Comparison between steady-state and dynamic model behavior to explain observed differences
in predicted power gains and load reductions.
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Outline and Roadmap

This thesis is structured as follows, providing a roadmap for addressing the main research questions
and their sub-questions. First, Chapter 2 introduces the OFF framework, which combines the steady-
state FLORIS model [25] with the dynamic wake advection principles of FLORIDyn [37].

Chapter 3 addresses Research Question 1 and describes the integration of the load surrogate model
within OFF. Section 3-1 presents the sector-averaged load surrogate model by Guilloré er al. [8],
including its required inputs. Section 3-2 explains how the required inputs are extracted from OFF,
evaluates the accuracy of the predicted DELs, identifies the limitations, and outlines the steps taken
to improve prediction accuracy. Moreover, it investigates how the choice of sampling time influences
the trade-off between computational cost and relative damage accuracy.

Chapter 4 introduces the control strategy developed in this thesis and addresses Sub-questions 2.1
and 2.2. Section 4-1 describes the dead-band LuT-based yaw controller implemented in OFF, while
Section 4-2 presents the formulation of a power-load balanced objective function and motivates the
inclusion of tower base fatigue loads. The chapter also discusses the resulting optimal yaw misalign-
ment behavior, which is explained through the observed trends in tower-base loading.

Chapter 5 applies and evaluates the developed control strategy in a three-turbine case study. Section
5-1 presents the simulation setup, including the wind direction time series and the selected controller
parameters in OFF. Section 5-2 presents the predicted power gains and load reductions for several
power-load weightings and motivates the selection of an optimal weighting for further analysis of
the balanced controller. Section 5-3 discusses the resulting power-load trade-offs by comparing the
balanced controller with the power-only and baseline strategies. Section 5-5 examines how dynamic
wake behavior considered in OFF influences power and load predictions compared to the steady-state
assumptions present in FLORIS. Through these analyses, Chapter 5 addresses Research Question 2.

Finally, Chapter 6 summarizes the main findings of the thesis and discusses its limitations, along with
recommendations for future work.

Master of Science Thesis H. Gielen



Chapter 2

Dynamic Wind Farm Model OFF

This chapter introduces the dynamic wake modeling framework OFF, developed by Becker et al.
[4]. OFF is an open-source, unified toolbox that allows evaluation and comparison between different
control approaches. It interfaces with established steady-state models such as FLORIS [25] or PyWake
[27], and supports the development and testing of control-oriented dynamic Wind Farm Flow Control
(WFFC) strategies at low computational cost.

2-1 The OFF Framework

The framework OFF [4], an abbreviation based on OnWARDS [46], FLORIDyn and FLORIS, com-
bines dynamic flow representations with steady-state wake evaluations. Its structure, illustrated in
Figure 2-1, follows the FLORIDyn principles to model state dynamics such as wake advection, and
employs FLORIS as the underlying steady-state wake model.

OFF FLORIDyn FLORIS

Interface +  State dynamics . Wake model
Data I/O ambient, wake, and turbine states

Dynamic to steady-state
approximation

Wake superposition
Power calculation
etc.

Controller
Correction

Figure 2-1: Overview of the OFF framework used in this thesis. OFF provides the interface
between the wake solvers and the controller. FLORIDyn models the dynamic evolution of the
flow, while FLORIS provides steady-state wake evaluations at the turbine locations [4].

Within OFF, the instantaneous flow field of the wind farm is evaluated by the underlying steady-state
wake model FLORIS, while the evolution of the wake dynamics is modeled using the FLORIDyn
principles. The following sections describe both components and their integration within OFF.
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2-2 Underlying Models

2-2-1 Steady-state Model: FLORIS

A wake model in FLORIS is made up of four components that together constitute a wake. In this
thesis, the Gaussian wake formulation following Bastankhah and Porté-agel [30] and Niayifar and
Porté-agel [47] is used. The underlying models are: the Jimenez deflection model [48], the Crespo-
Hernandez turbulence model [49], the Gaussian velocity deficit model [50] and, finally, the Sum
of Squares Freestream Superposition (SOSFS) method is used for combining wakes to capture the
coupled effects.

Velocity Deficit

The Gaussian model represents the velocity deficit as a Gaussian distribution in the spanwise direction.
The wake region is divided into a near-wake zone and a far-wake zone, with the transition occurring
after approximately two rotor diameters downstream of the turbine [47].

Before the introduction of the Gaussian model, simpler top-hat models, such as the Jensen model [29],
were commonly used. These models assume a uniform velocity deficit across the wake, typically
underestimating the deficit near the wake center and overestimating it near the edge of the wake [50].
Figure 2-2 illustrates the difference between the traditional top-hat and Gaussian profiles.

x x

Figure 2-2: Velocity and velocity deficit profiles of a wind turbine assuming a top-hat (a) and
Gaussian (b) distribution [50]. U.. represents the incoming wind velocity and Uy the wake velocity
in the streamwise direction.

Several studies have shown that the normalized velocity deficit in turbine wakes follows a self-similar
Gaussian distribution [50, 47]. As a result, the Gaussian model improves accuracy of wake predictions
in both full- and partial-wake conditions.

An analytical expression for the velocity deficit behind a turbine in the far wake can be derived from
the simplified Navier—Stokes equations. It is formulated by Bastankhah and Porté-Agel [50] as:

2 2
@—U: - 1—% xexp | — ! 2{(Zd7’h> +<;) } . @D
- 8 (k' +e) 2 (ke +e) 0 0
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where AU = U, — Uy, k" denotes the wake growth rate, x,y,z are the streamwise, spanwise, and
vertical coordinates, z;, is the hub height, dy the rotor diameter, and € a correction term depending on
the thrust coefficient Cr.

The total thrust force and generated power are defined as:

1 1
T = 5chAoUo%,, P=3 PAU; Cp, (2-2)

where p is the air density, Ag the rotor area, Uy the streamwise wind speed, and Cp the power coeffi-
cient, which represent the turbine’s efficiency in extracting energy from the wind.

The thrust and power coefficient follow the cosine-loss model, which describes the reduction in thrust
and power as the turbine yaws away from the incoming wind direction.

Cr =~ 4a(1 —a)cosy, Cp ~ 4a(1 —a)*(cosy)", (2-3)
where a is the axial induction factor, describing how strongly the flow is decelerated by the turbine,
and P, is the cosine loss exponent, determining the power loss due to yaw misalignment.

In FLORIS, to run a model requires providing the turbine’s Cr and Cp curves as functions of wind
speed. The Cy and Cp curves are derived from turbine operational curves obtained through higher
fidelity simulations or experimental measurements.

Turbulence Intensity
Turbine wakes increase the local turbulence intensity (TI), compared to the ambient TI. In FLORIS,
the TI is modeled following the Crespo-Hernandez formulation [49]:

2-4)

where [y is the ambient TI, and I;T the added TI from upstream turbine j.

In practice, FLORIS uses the maximum contribution:

I=max/(I7)2+1, (2-5)
J

based on the findings of Niayifar and Porté-Agel [50], who found that the local TI is dominated by
the nearest upstream turbine. This assumption avoids overestimating the TI in overlapping wakes.

Each I;F term depends on the turbine’s induction factor a;, the ambient TI /p, and the normalized

downstream distance (x/dp):
£\ 032
+ _ 0.870.1
Ij —onerlap (O-Saj I(()) (d()> )7 (2'6)

where A,yeriqp represents the downstream rotor area influenced by the wake of turbine j. In the
Gaussian wake model used in FLORIS, the added turbulence considers all turbines within a distance
of 15 rotor diameters upstream and 2 in spanwise direction.
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Wake Deflection

The wake models in FLORIS include wake deflection models that approximate the lateral displace-
ment of the wake resulting from yaw misalignment of the turbine. Two wake deflection models are
defined, of which the Jiménez model [48] is used.

The angle at the wake centerline is defined as:

2

~ init 27
1 2 .
Einit(a,y) = ECOS ysinyCr, (2-8)

where & is the initial skew angle from the wake centerline and k; is a tunable deflection parameter.

The total lateral displacement & (x) of the wake centerline is obtained by integrating the deflection
angle along the streamwise direction and is approximated by applying a second-order Taylor series
approximation as demonstrated in [51]:

5() = [ an&(x)dx =
0
4
init [ 15 ( 2% 41 i
6(x) - g t |: < o + > +§1n1t:| B éinitdo (15 +§i%1it) (2_10)
~ N 5 30k, '
2K =KaX
do ( do )

Wake Combination

Individual wake velocity deficits are combined using the SOSFS method proposed by Katic et al.
[52]. In this approach, the combined velocity is obtained using a sum of squares of the individual

velocities:
2 2 2
U Ui U,
< Um) < Um> +< Uw>’ @-10)

where U is the free-stream velocity and U; and U, are the wake velocities from the individual tur-
bines.

The models described above are modular in FLORIS. In [53], Annoni et al. provide an analysis of the
various model options available in FLORIS. The specific model settings used in this thesis are those
described here.

2-2-2 Dynamic Model: FLORIDyn
The dynamic component of OFF is based on the simplified wake dynamics implemented in FLORIDyn
[37]. Instead of assuming steady-state conditions, it models the advection of wake states over time

using Observation Points (OPs) that propagate downstream.
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Each OP follows the wake centerline, representing the core of the wake, where the wind speed deficit
and turbulence effects are the largest. New OPs are created at every time step and carry states from
the rotor plane downstream with the free-stream wind speed along the main wind direction. Each OP
maintains the following information:

 Turbine states x7 (such as the yaw angle or axial induction)
* Flow field states xyr (such as the wind speed, direction and ambient turbulence intensity)

* Its own positional states xpp

The FLORIDyn framework uses two separate coordinate systems, K| presents the wake coordinate
system and Ky presents the world coordinate system as illustrated in Figure 2-3. The downwind step
is calculated in the wake coordinate system K and translated to the world coordinate system K using
the rotation matrix Ryy, as expressed in [37]:

Xogo(k-i- 1) = xOpﬁo(k) +R01 (xWF’¢)[x0p71(k+ 1) —xogl(k)], (2—12)

where xpp = [xop,o,xop,l]T denotes the positional state of the OP, with xpp in the world coordinate
system and xpp; in the wake coordinate system. xwrg refers to the wind field state in the wind
direction @.

The update of the positional states xpp in the wake coordinate is calculated with the following equa-
tion:

xop1x(k+1) =xop1 x(k) + Atxwr,,, (2-13)

x0P1yz(k+1) = 8 (X0p1 x(k+1) 7 xwr) > (2-14)

where At is the simulation time step, xwr,, the free-stream wind speed. The lateral and vertical loca-
tions are described by the deflection function &, which results from the turbine’s yaw misalignment
and rotor tilt angle.

The definitions of turbine states xy and wind field states xyr depend on the underlying parametric
wake description. The turbine state x7 includes all turbine-specific states that are required to calcu-
late the wake shape. The wind field states xyr include all states necessary for the propagation and
calculation of the wake.

2-2-3 Integration within OFF

In OFF, the states are updated through three consecutive steps: prediction (Equation 2-15), correction
(Equation 2-16) and control (Equation 2-17).

[XT (k)axamb (k) » XOP (k)] = fprediction(XT (k - 1)7Xamb (k - 1)7XOP (k - 1),C), (2-15)
[XT (k) » Xamb (k) , XOP (k)] = feorrection (XT (k) , Xamb (k) , XOP (k) , m(k) s C) , (2-16)
Xr (k) = fcontrol (XT (k) , Xamb (k) , XOP (k) ) m(k) ) C) s (2-17)

where ¢ represents a set of parameters, k the time step, and m a set of measurements.
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Figure 2-3: Visualization of the coordinate systems K; and Kj and the propagation of the OPs
downstream, following the centerline [37].

* The prediction step advances the model state by only using information from the previous time
step, propagating the system forward based on its internal dynamics.

* The correction step integrates current measurements to refine the predicted states.

* Finally, the control step computes the control actions the turbine takes based on the current
state and measurements.

OFF uses the concept of a Temporary Wind Farm (TWF) to approximate local ambient and wake
conditions at a given turbine location. The TWF maps the current dynamic state to the steady-state
wake model FLORIS for evaluation. These TWFs represent the static wake behavior within a het-
erogeneous flow field and allow the dynamic framework to operate independently of the underlying
steady-state wake model, FLORIS.

Figure 2-4 illustrates this process for a three-turbine example. Turbines T1 and T2 operate in free-
stream conditions, while T3 is subject to their wakes. T1 and T2 receive wind field input, add their
own states, and generate the first OP, which adds its own states and propagates downstream. For
each impacting wake, one OP is interpolated from the two closest OPs in that wake, minimizing the
distance to T3. This interpolation process is illustrated in more detail in Figure 2-5. Its state is a
distance-based interpolation of the two parent OPs. The resulting OPs approximate the environment
of T3.

The resulting TWF is then passed on to FLORIS for evaluation. This returns predicted measurements
such as the effective wind speed, TI, and the generated power.

Master of Science Thesis H. Gielen



2-2 Underlying Models 17

Kl El== K=

k+1

W Tamb mﬂ: :l|= |1==
Wind '
field Interp. —
L1}
Wind

F s field .
Zamb ™
Ambient states - ﬁ' e '
— [ ] OoP [ 1] _ .

B Turbine state => Wake Model &

m OP state .ﬁ
m
Propagation OP

k+19

o e o e S e

k+1

Figure 2-4: Turbines T1 and T2 operate in free-stream conditions and generate OPs that
propagate downstream. For the downstream turbine T3, the inflow conditions are reconstructed
by interpolating the two closest OPs per impacting wake, providing an approximation of the local
flow environment at T3. The resulting TWF is passed to FLORIS for evaluation, yielding predicted
measurements such as the effective wind speed, Tl, and power output [4].

Figure 2-5: Interpolation of the two closest OPs to calculate OP* and the position of Iy [37].
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Chapter 3

Load Surrogate Integration

This chapter presents the integration of a load surrogate model into the OFF framework and outlines
the main contributions:

* Implementation of the sector-averaged load surrogate model in OFF, including a clear procedure
to extract the required inputs.

* Identification of the challenges in transferring surrogate models between wind farm frame-
works, caused by inconsistencies in wake modeling and turbulence definitions.

¢ Recommendation of a methodological approach to improve the accuracy of surrogate load pre-
dictions across modeling frameworks.

* Demonstration of how the choice of DEL sampling time affects the trade-off between capturing
load fluctuations and maintaining computational efficiency in dynamic simulations.

This chapter thereby addresses Research Question 1 and all associated sub-questions.

Section 3-1 introduces the sector-averaged load surrogate model proposed by Guillore et al. [8].
Section 3-2 provides a step by step description of the model’s implementation within the OFF frame-
work, evaluates its performance on a three-turbine test case, and describes its application in dynamic
simulations. Finally, Section 3-3 provides a summary of the main findings of this chapter.

3-1 Sector-Averaged Load Surrogate Model

Estimating structural loads in wind farms relies on computationally demanding aero-servo-elastic
simulations, making them less suitable for optimization and control. This motivated the development
of control-oriented load surrogate models that can approximate structural fatigue loads under varying
operating conditions without the need for full-scale simulations [9].

Load surrogate methods can differ in the required inputs, the chosen functional mapping methods
and the creation of high-fidelity training data [9]. Basic models often use mean wind speed and
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3-1 Sector-Averaged Load Surrogate Model 19

turbulence intensity to estimate fatigue loads, as is done in [54]. However, predicting loads caused by
complicated spatial variations from one or more partial wakes remains challenging. To overcome this,
the lateral and vertical shear are considered in [55]. Other approaches use properties of the wind farm
itself, including turbine spacing, wind incident angles, and number of upstream turbines influencing a
given rotor, as inputs to the surrogate model [56]. A practical method for load modeling is based on
gridding, where simulations are performed for a wide range of possible conditions. These simulations
are used to construct a LuT with the fatigue and extreme loads on all components of interest [57].

In this thesis, the focus is on the sector-averaged load surrogate model, developed by Guilloré at the
Technical University of Miinchen (TUM) [8], which is based on sector-averaged mean wind speeds
and turbulence intensities across the rotor plane. The model is used to estimate the damage equivalent
loads (DELs) of a wind turbine under various control actions. These represent a single, constant-
amplitude fatigue load that would produce equivalent damage over a limited time period [58].

The focus is on this model because it represents a state-of-the-art, control-oriented approach that
includes wake steering applications. By dividing the rotor plane into multiple sectors, it can capture
both full and partial wake overlap. It predicts the DELs using only simple, local inflow quantities and
the operational state of the wind turbine. This simple input structure makes the model very suitable
for integration into simplified wake models. Despite its simplified representation of the complex
flow interactions and controller dynamics, the model has been shown to accurately characterize the
DELs. These properties make the model particularly suitable for load-aware wind farm control and
optimization strategies.

This section will go into the details of this model. The three main choices that are necessary to build
a load surrogate model are the following.

1. Choice of dataset source
2. Choice of inputs to the surrogate

3. Choice of surrogate function

In addition to these, decisions must be made about the number of input cases, the number of turbulent
seeds, the ambient conditions, and which wind farm control actions are included. A general approach
to developing a load surrogate model is illustrated in Figure 3-1.

The model is location-agnostic, this means that the surrogate model can be used for all wind turbines
in the farm, regardless of their position. Although the surrogate can be applied to any new wind farm
set up, it can only be applied to the same wind turbines that match the type used during training of the
surrogate, IEA 3.4MW [59] or IEA 22MW [60] in this case. Moreover, there is a limit to the inflows,
the model cannot be used for wind speeds and turbulence intensities (TLs) that fall outside the training
range of the model. The TUM model is control-oriented, which means that it captures the effects
of different wind farm control strategies on fatigue loading. This model includes wake steering, by
yaw misalignment and also curtailment, which involves deliberately limiting power generation. An
overview of the model is given in Table 3-1.

3-1-1 Synthetic Data Generation

Panel (a) in Figure 3-1 can be seen as the synthetic data generation. To accurately capture structural
loading, data from aero-servo-elastic simulations including dynamic wake effects is necessary; the
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Figure 3-1: A general approach of load surrogate modeling [8].

Table 3-1: Overview of the sector-average load surrogate model [9].

Simulation code FAST.Farm

Turbine model IEA 3.4MW [59], IEA 22MW [60]

Number of turbines in training | 3

simulations

Surrogate inputs Sector-averaged wind speeds (SAWS), sector-averaged tur-

bulence intensities (SATIs), blade pitch angle, rotor speed,
yaw misalignment

Surrogate function Shallow Artificial Neural Network (ANN)
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3-1 Sector-Averaged Load Surrogate Model 21

TUM model uses FAST.Farm [42] to compute local inflow and structural loading for each turbine in
a farm. This framework integrates individual turbine simulations with OpenFAST [61] and utilizes
the dynamic wake meandering (DWM) model [41] to compute wake interactions. The requirement
of panel (a) is to get 10-minute DELs measurements and local inflow characterization from the aero-
servo-elastic simulation.

3-1-2 Damage Equivalent Loads

The considered load channels are the following:

* Blade root DEL: blade root in-plane and out-of-plane bending moments

Shaft DEL: shaft out-of-plane and yaw bending moments.
* Yaw bearings DEL: tower top fore-aft and side-side bending moments

* Tower base DEL: tower bottom fore-aft and side-side bending moments.

The considered components are shown in Appendix A, Figure A-1, together with the corresponding
orientations of the bending moments in Figure A-2 and Figure A-3. For each time series, the 10-
minute DEL is computed using the formula:

Z(niL;")> " 3-1)

Ney

where n; is the number of load cycles of amplitude L;, N, is the equivalent number of cycles (taken as
per convention at 2 x 10% cycles over a lifetime of 20 years), and m is the Wohler exponent of the S-N
curve of the material (m=10 for the polymer material of the blades and m = 4 for the steel material
of the main shaft and tower) [9]. For each load location, and at each time step, the two orthogonal
load components are combined and projected onto all possible directions, with an angular step of 10
degrees. For each 10° section, this produces a time series of the directional load magnitudes, from
which the corresponding DELs are computed using (3-1) [8]. The section with the maximum value is
then taken as the representative fatigue load for that condition.

DEL:<

3-1-3 Inputs to the Surrogate

A consideration in the design process of a surrogate model is the selection of local inflow character-
istics that are complex enough to capture the variation of fatigue loads across the wind farm, while
being simple enough to be accessible for use in real-time and fast-response applications. Panel (b)
in Figure 3-1 can be seen as post-processing the time series of the channels into quantities relevant
for the surrogate model. For the TUM model these are the Sector-averaged wind speeds (SAWS) and
Sector-averaged turbulence intensities (SATIs) across the rotor disk. Dividing the rotor plane into four
sectors with their corresponding SAWS and SATIs (Figure 3-2) was found to be sufficient to achieve
a desired level of accuracy.

In addition to the local inflow quantities, yaw misalignment is included as an input to account for
the effects of wake steering. To capture the effect of curtailment, rotor speed and blade pitch angle
are also incorporated. Altogether, the surrogate model uses 11 inputs: 4 SAWS, 4 Sector-averaged
turbulence intensitiess (SATIs), yaw misalignment, rotor speed and blade pitch angle.

Master of Science Thesis H. Gielen



3-2 Load Surrogate Model Implementation in OFF 22

) v
S =
£ =
[7,) w
=

E =
= N

Figure 3-2: Processing the wind speeds and turbulence intensity into SAWS and SATIs [9].

3-1-4 Surrogate Function

After the dataset is constructed, it is randomly shuffled and split into a training and testing set. Panel
(c) in Figure 3-1 can then be replaced by a fitting surrogate function. In the sector-averaged load
surrogate model, this is a shallow Artificial Neural Network (ANN). For each load channel, a separate
ANN is trained, consisting of one layer with 30 neurons. Once trained, each network can be evalu-
ated as a simple mathematical function in fractions of a second, enabling complex optimization- and
control-based applications.

3-2 Load Surrogate Model Implementation in OFF

This section describes the step-by-step implementation of the load surrogate model in the OFF frame-
work. The inputs required for the sector-averaged load surrogate model can be reduced to nine for
the purpose of wake-steering: four SAWS, four SATIs, and the turbine’s yaw misalignment. Chapter
2 explained how in the OFF framework, the wind farm is evaluated by FLORIS at each time step;
this means that the surrogate model is also indirectly implemented in NREL’s FLORIS model [25].
A wake model in FLORIS is made up of four components that together constitute a wake; the Gaus-
sian velocity deficit model [50], the Jimenez deflection model [48], the Crespo-Hernandez turbulence
model [49] and, finally, the Sum of Squares Freestream Superposition (SOSFS) method is used for
combining wakes to capture the coupled effects. These models were described in detail in Chapter 2.

Extracting the inputs is done in 3 steps:

1. Create the rotor plane. The rotor grid is created by defining a polar mesh with the radius
of the rotor plane and azimuth angles from 0 to 27, which is then converted into a 3D Carte-
sian grid that rotates with the yaw misalignment of the turbine. Although more advanced point
distributions could be used to capture local variations in inflow, the uniform polar grid is com-
putationally efficient and sufficient for this surrogate model.

2. Sample the wind speed and the turbulence intensity across the rotor plane. For each point
on the rotor grid, the wind speed is obtained with the FLORIS function sample_flow_at_points.
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To sample the turbulence intensity (TI), a similar function was developed that computes the full
turbulence field and samples values at specified coordinates.

3. Average the wind speed and the turbulence intensity into four sectors. To compute the
SAWS and SATIs, the rotor plane is divided into four sectors. Next, the wind speed and tur-
bulence intensity are averaged for all grid points within each sector; this process is shown in
Figure 3-6.

Example: Three-turbine case

To demonstrate the implementation, a test case with three (IEA 3.4MW [59]) turbines in a straight row
layout is considered. The turbines are spaced six rotor diameters apart, and the inflow wind direction
is aligned with the turbine row. The ambient TI is set to 6% and the inflow wind speed to 10m/s.
In this setup, the most upstream turbine (TO) operates in free flow under ambient conditions, while
T1 operates in the wake of TO, and T2 operates in the wakes of both TO and T1. The first turbine
is intentionally yawed by 30° to deflect the wake and make the resulting changes in the downstream
flow field visible. Figure 3-3 illustrates the resulting flow field and wake deflection for this set-up. As
described in subsection 3-1-1, Synthetic data generation, a FAST.Farm dataset of 30 783 simulation
cases was created from this three-turbine setup. For each operating point, the input variables to the
load surrogate model are the SAWS, the SATIs and the turbine’s yaw misalignment. The correspond-
ing outputs are the DELs on the four load channels, mentioned in the previous section. This dataset
was then used to train the load surrogate model and therefore serves as a reference for subsequent

analysis.
10
! 8

Distance [y/D]
Wind speed [m/s]

Distance [x/D] i2

Figure 3-3: Horizontal plane at hub height (110 m) of the wind speed field for the three-turbine
simulation case, where the first turbine (T0) is yawed by 30°. The inflow wind direction is aligned
with the turbine row, and the turbine spacing is six rotor diameters. The wake deflection, caused
by the yawed upstream turbine, and its impact on the downstream turbines are clearly visible.

The resulting wind speed and TI distributions over the rotor planes are shown in Figure 3-4. The TI
shows a uniform distribution across the rotor cross-sections with sharp boundaries, consistent with
the Crespo—Hernandez model [49], which assumes uniform turbulence intensity in the wake cross-
section, as can be seen in Figure 3-5. In the final step, the rotor plane is divided into four sectors and
the values are averaged to obtain the SAWS and SATIs (see Figure 3-6 for the wind speed; the same
procedure is applied for the TI). A challenge encountered during the sampling process was that the
rotor plane partially rotates into its own created wake when a yaw misalignment angle is applied. This
effect is visible for TO in Figure 3-3. Appendix B discusses several possible solutions to avoid this.
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Figure 3-4: Top row: wind speed sampled across the rotor planes of TO (3-4a), T1 (3-4b),
and T2 (3-4c) for the case in Figure 3-3. Bottom row: turbulence intensity distributions for the
corresponding turbines (3-4d, 3-4e, 3-4f).
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Figure 3-5: Added turbulence intensity field according to the Crespo-Hernandez model [49]. The

model shows the spatial growth of turbulence intensity downstream of the turbine, assuming a
uniform distribution across the wake cross-section.
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Figure 3-6: From the sampled wind speed field (3-6a) across the rotor plane of T1, the rotor
plane is divided into four sectors, and the SAWS are computed (3-6b). The SAWS values per
sector are 9.4 m/s (left), 9.2 m/s (up), 8.0 m/s (down), and 7.1 m/s (right). The same procedure
is applied to compute the SATIs.

Load Surrogate Model Performance in OFF

To evaluate the performance of the load surrogate model functions in OFF, the predicted DELs were
compared against the reference values from FAST.Farm, demonstrated in Figure 3-7. In the figure,
the solid lines represent the reference DELs from the FAST.Farm dataset, while the dashed lines show
the corresponding surrogate predictions for all three turbines. The surrogate somewhat captures the
trends in wind direction and yaw misalignment, but the accuracy was not yet sufficient for application
of the load surrogate model.

To better understand where these differences come from, the surrogate inputs, the SAWS and SATIs
computed in OFF, were compared with the input values from the FAST.Farm training dataset. The
SAWS showed a good match in both values and trends, whereas the SATIs deviated significantly.

These deviations can be explained by fundamental differences in underlying submodels that make up
wake models. Different wake models use different modelling approaches for aspects such as velocity
deficit, wake deflection, TI and the wake structure. As a result, running the same wind farm simulation
in different wind farm models can give different flow characteristics.

In this case, the largest error in the inflow quantities comes from differences in the turbulence models.
FAST.Farm applies an Ishihara-based model developed by Ishihara et al. [62], which relies on a
double-Gaussian wake description, as shown in Figure 3-8. In this model, the wake velocity deficit
is represented by two Gaussian profiles that correspond to the shear layers on either side of the wake
centerline. This formulation produces a more detailed spatial distribution of TI and defines it locally,
normalized by the local mean wind speed at hub height. In contrast, the Crespo-Hernandez model
[49], used in OFF, adopts a more global definition of turbulence intensity, resulting in lower values in
the wake.

These lower TI values lead to an underestimation of the computed DELs. Figure 3-9 illustrates
this effect by comparing the DEL predictions of the load surrogate model functions, trained on
the FAST.Farm dataset, when applied to inputs from OFF against when applied to inputs from the
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Figure 3-7: Surrogate-predicted DELs trends for all turbines compared with the reference DELs
from the FAST.Farm training dataset.

Figure 3-8: The double-Gaussian wake model in the Ishihara model [62]. The black solid line
represents the resulting double-Gaussian velocity deficit profile, with the single-Gaussian function
as gray dashed lines. The blue dashed lines represent the Gaussian extrema and the orange dashed
lines the wake boundary.
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FAST.Farm dataset itself. Since curtailment is outside the scope of this thesis, the dataset was reduced
to 8 289 cases with a power demand of 100%. The x-axis represents the surrogate predicted DELSs
using the FAST.Farm inputs, while the y-axis represents the predictions using the corresponding OFF
inputs. The result, clustered by rotor-averaged incoming wind speed, shows an underestimation of
the predicted DELSs on the OFF inputs, which can be explained by the lower TI values resulting from
the Crespo-Hernandez model [49]. To quantify the performance, the root mean squared percentage
error (RMSPE) was calculated for each load channel.
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Figure 3-9: Baseline performance: FAST.Farm-trained surrogate model functions evaluated on
OFF inputs for 8 289 simulation cases across the four load channels, clustered by rotor averaged

wind speed.

Rescaling the TI Field

To improve agreement and correct for the underestimation, the entire TI field in OFF was rescaled by
the ratio of the ambient to the local wind speed,

I =1x%

Uambient

Ulocal

which increases the TI in wake regions where the local wind speed is reduced.

Master of Science Thesis

(3-2)

H. Gielen



3-2 Load Surrogate Model Implementation in OFF 28

The motivation for this correction comes from the normalization approach used in the Ishihara model
[50], where the TI is defined relative to the mean wind speed at hub height U, [31].

= (3-3)

where o, is de turbulence standard deviation.

In contrast, the Crespo-Hernandez model [49] defines the total TI as the combination of the initial
ambient turbulence Iy and the sum of the added turbulence, I~ from upstream turbines:

(3-4)

where the equation for Ij+ is given in Equation 2-6.

By applying this rescaling, the TI shifts from a global to a more local formulation, since the normal-
ization now depends on the local wind speed rather than the ambient inflow. This adjustment increases
the SATIs within the wake, where the local wind speeds are reduced, and therefore produces a more
realistic spatial distribution of TI across the rotor plane. The effect of this correction can be seen in
Figure 3-10, where the RMSPE decreases for all load channels.

The correction reduces the RMSPE per channel. However, the vertical clusters of points, already
visible in Figure 3-9, remain. These cases correspond to high wind speeds with small turbine spacing,
where downstream turbines operate in stronger wakes. Under these conditions, wake models, designed
primarily for far-wake regions, struggle to accurately represent the complex turbulence of near-wake
interactions. As a result, differences in how the velocity deficit and turbulence intensity are modeled
lead to larger deviations in the inflow quantities. After applying the rescaling, the TI in these regions
increases, further amplifying the vertical spread of these clusters in Figure 3-10.

Retraining the Load Surrogate Model

Since this adjustment did not provide sufficient accuracy, two further steps were considered: (i) ex-
tending OFF with the Ishihara model to better match the flow characteristics in FAST.Farm, or (ii)
retraining the load surrogate model using inputs generated by OFF with the DEL outputs from the
FAST.Farm dataset. The second option was chosen to ensure consistency between the training and
application environment.

Retraining the load surrogate model on OFF-generated inputs further reduced the RMSPE across
all load channels, as shown in Figure 3-11. This retraining was performed externally, therefore the
training procedure itself could not be adjusted. Consequently, possible improvements, such as us-
ing higher-order neural networks or more advanced architectures, could not be explored. Moreover,
retraining still combines inputs from OFF with outputs from FAST.Farm and while this improves
consistency at the input level, it does not fully eliminate the underlying differences between the two
modeling frameworks. However, this final performance provides a consistent and reliable basis for
use in the subsequent case studies and control strategies presented throughout this thesis.
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Figure 3-10: Performance after rescaling the TI field: FAST.Farm-trained surrogate model
functions evaluated on OFF inputs for 8 289 simulation cases after rescaling the TI field, across
the four load channels clustered by rotor averaged wind speed.
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3-2-1 The Effect of Sampling Time

After validating the sector-averaged load surrogate model in steady-state conditions, it can be applied
in a dynamic simulation. The load surrogate model was trained on dynamic simulations in which
the inflow, ambient conditions, and turbine operation setpoints were kept constant within each case,
so that the predicted DELSs represent the 10-minute equivalent loads associated with those fixed con-
ditions. Consequently, the model is designed for static use, and Guilloré ef al. [8] do not provide
a methodology for applying it in dynamic simulations. In dynamic simulations, where the inflow
conditions and turbine control setpoints continuously vary, the inflow quantities fluctuate over time.
There are several possible approaches for applying the load surrogate model in dynamic cases, such
as averaging the inflow quantities over a given time window and using these mean values as inputs to
the surrogate, or computing the DELs over discrete time intervals. The latter approach was considered
to be the most suitable, as it better captures transient load variations and can be integrated into fast-
updating control strategies. This choice makes the sampling interval an important design parameter.
A shorter sampling interval allows the surrogate to capture fast load fluctuations more accurately but
increases computational cost, as the flow field must be solved more frequently. In contrast, a longer
sampling time reduces computational time, but risks missing relevant load dynamics.

To investigate this trade-off, a one-hour simulation with a varying wind direction was performed using
a DEL output sampling time of Ar = 2s. The resulting instantaneous DEL signals for the one-hour
simulation were segmented into six ten-minute intervals. The DEL time series in each segment were
then downsampled from the original 2s resolution up to 20s resolution, in order to illustrate how load
fluctuations are missed when using a larger DEL sampling time.

This analysis focuses solely on the yaw-bearing channels of turbines T1 and T2, as they exhibit strong
variability and clear fluctuations in instantaneous DEL values because they operate in waked condi-
tions.

Figure 3-12 shows the yaw-bearing channel of turbine T1 during the third segment for several down-
sampled DEL outputs. The reference case with a sampling time of At = 2s is shown in black. As the
sampling interval increases, high-frequency fluctuations in the instantaneous DEL output are increas-
ingly missed, showing the loss of dynamic fidelity.

To quantify this trade-off between accuracy and computational efficiency, a Pareto-type curve was
constructed. To evaluate how well the different sampling times capture the trends and fluctuations of
the DELs, the fatigue damage rate was calculated based on the formulation in [63].

First, the per-step damage was calculated as
dj; = DEL]; At, (3-5)

where j = 1,2 denotes the turbine index and m = 4 is the Wohler exponent for the yaw-bearing
channel. The cumulative fatigue damage per turbine is then obtained by

D;=Ydj. (3-6)
t
and the fatigue damage rate is defined as

D
Damage rate = —-. (3-7)

Lsim
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Figure 3-12: Qutput time series of instantaneous computed DEL for the yaw-bearing channel of
T1 for different DEL sampling times during the third segment of the one-hour simulation. Larger
sampling intervals increasingly miss dynamic load fluctuations.

The computed fatigue damage values and simulation times were normalized with respect to the base-
line case with Ar = 2s. The resulting trade-off curve is shown in Figure 3-13. Each color represents a
sampling time, and the six points per color correspond to the six ten-minute segments. The points for
each sampling time are vertically aligned because the simulation time was measured once per DEL
sampling interval.

The result shows that sampling times up to approximately 8-10 seconds provide a computational time
reduction of approximately 54-57% with only a small loss in accuracy, while larger intervals lead to a
rapid increase in fatigue damage error. A trade-off can therefore be made depending on the use case.
Since the control strategy considered in the case study does not require a high computational speed
and the analysis focuses on comparing achievable load reductions over relatively short time periods,
a DEL sampling time of 5s is selected to prioritize accurately capturing all load fluctuations.

3-3 Summary

This chapter presented the implementation and validation of the sector-averaged load surrogate model
within the OFF framework, thereby addressing Research Question 1 and its sub-questions. The
required sector-averaged inflow quantities (SAIQs) were successfully extracted, but the evaluation
showed clear discrepancies between FAST.Farm and OFF that were caused by fundamental differ-
ences in wake modeling definitions. These inconsistencies led to mismatches in SATI values and,
consequently, significant deviations in the predicted DELSs.

To reduce these discrepancies, normalizing the TI field in OFF by the local wind speed improved
the spatial TI distribution across the rotor plane and partially mitigated the underestimation of the
predicted DELs. Retraining the surrogate model using SAIQs extracted from OFF further improved
prediction accuracy. The scatterplots in Figure 3-11 show that the retrained surrogate achieved both
lower RMSPE values and better trend agreement. The reduction in RMSPE across all evaluated
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Figure 3-13: Pareto curve illustrating the trade-off between computational speed and fatigue
damage accuracy as a function of the DEL sampling time. Results are shown for the yaw-bearing
channel of turbines T1 and T2. Both axes are normalized to a sampling time of Ar =2.

improvement steps shows that rescaling the TI field reduced the error relative to the baseline, while
retraining the surrogate on OFF extracted inputs provided the largest improvement. These findings
address Sub-question 1.3 and are summarized in the bar chart in Figure 3-14.
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BN OFF retrained
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Figure 3-14: RMSPE per load channel between predicted and reference DELs (evaluated on the
same OFF inputs) for all 8 289 cases. The bar chart shows that rescaling the TI field reduced the
RMSPE, but retraining the load surrogate functions using SAIQs extracted from OFF led to the
largest improvement.

Finally, Sub-question 1.4 was addressed by analyzing how the choice of DEL sampling time influences
the trade-off between computational efficiency and relative damage accuracy. Shorter sampling times
capture load fluctuations more accurately but increase computational cost, while longer sampling
times smooth out the signal and fail to capture important load variations. A sampling time of Ss is
selected in this thesis, as it prioritizes damage accuracy while still providing sufficient computational
efficiency.
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Overall, this chapter established the role and capabilities of the load surrogate model within OFF and
demonstrated both the potential and challenges of transferring surrogate models across different wind
farm frameworks.
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Chapter 4

A Balanced Power-Load Control
Strategy

In this chapter, the three main components of this thesis come together:

1. a dynamic wind farm flow model,
2. aload surrogate model, and

3. acontroller.

This chapter addresses Research Question 2, in particular Sub-questions 2.1 and 2.2. The contribu-
tions and outline are as follows. Section 4-1 describes the dead-band Look-up Table (LuT)-based yaw
controller implemented OFF and its required inputs. Section 4-2 then presents the formulation of a
power-load balanced objective function for LuT generation in FLORIS and motivates the inclusion of
tower base fatigue loads in the control objective. Finally, the trends in tower base fatigue loads are
analyzed to explain the corresponding optimal yaw misalignment behavior of the controller.

4-1 Yaw Steering Dead-Band Control in OFF

The primary objective of this thesis is to integrate and evaluate the sector-averaged load surrogate
model within a dynamic wind farm flow model, and to demonstrate how this implementation can be
used to make load-aware yaw control decisions. To evaluate this objective, a LuT-based control strat-
egy is developed and applied. This approach can be applied in both the steady-state model FLORIS
and the dynamic model OFF, allowing a transparent comparison between the two and making the
effect of added flow dynamics clearly observable. It also provides a straightforward way to verify
whether control decisions designed in a steady-state context remain effective in a dynamic frame-
work. By avoiding the added complexity of more advanced control strategies, the LuT-based control
method allows a clear assessment of the trade-off between power maximization and fatigue-load re-
duction. More advanced model-based and load-aware control remains important future work, making
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the controller more robust to inflow uncertainty, disturbances, and modeling inaccuracies, once the
behavior of the load surrogate in a dynamic environment has been investigated.

The LuT-based yaw steering dead-band controller in OFF is described by Becker et al. in [4], who
based their design on the work by Kanev in [64]. The controller maintains an estimate of the wind
direction @, which is used to evaluate the LuT and determine the yaw misalignment setpoints.

The estimate ¢ is updated based on its current value and the wind direction input signal. An update
occurs when either the difference between the estimate and wind direction input exceeds a prede-
fined dead-band limit, or when a smaller difference persists over multiple time steps such that the
accumulated difference, scaled by a predefined integration coefficient, exceeds the same limit. The
controller’s behavior is described by the following equation from [4]:

) = or(k),  if[@r(k) = ®(K)| > im or ki [ @r (1) = 9(k)| > Pim @
@(k—1), otherwise

Y(k) = frur (@(K)), (4-2)

where 7 denotes the time step of the last update of ¢ (k), @y(k) represents the wind direction signal at
time step k, @y, is the dead-band width, and ; is the integration coefficient determining the sensitivity
to persistent small deviations. y(k) is the optimal yaw misalignment for the wind direction estimate,
obtained from the LuT.

The controller needs four elements; the wind direction signal ¢;(k), the dead-band width ¢;,, the
integration coefficient k;, and the LuT f;,7. Section 4-2 describes how the LuT is generated, while
Chapter 5 discusses the wind direction signal ¢ (k) and the motivation behind the selection of @iy,
and k;.

In [4], Becker et al. conducted a study for 81 combinations of dead-band and integration coefficient
values. The performance of these combinations was evaluated using a Pareto curve, illustrating the
trade-off between the gain in farm energy and the corresponding increase in yaw travel.

4-2 Formulation of the Objective Function

The first step is to incorporate the predicted DELs into the optimization framework. Several ap-
proaches exist to do this. For example, Liew ef al. [10] formulate the problem using the predicted
DELs as constraints. Alternatively, DELs can be translated into other metrics, such as estimated
turbine lifetime or maintenance costs, which can then be included in the objective function.

Here, the objective function is formulated following the "load-balance" approach of Anand et al. [65]:

P L , (4-3)
YiPini max;DE LZZ

where i denotes the turbine index. P;(y) is the power of turbine i under the yaw misalignment y. The
load term represents the tower base DEL of the most heavily loaded turbine in the farm. By penalizing
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only the maximum load, the formulation aims to reduce the farm-wide maximum fatigue load. This
allows turbines with larger available load budget to be used more, while turbines experiencing higher
loads are relieved, resulting in a more balanced load distribution across the farm [65]. The weight-
ing coefficients Wp and W, determine the balance between power maximization and tower base load
reduction, and therefore set the relative priority between the two objectives.

The optimization is performed by the Serial Refine (SR) algorithm in FLORIS [66], which conducts
a grid search over the yaw angles by evaluating a coarse grid across the allowed yaw range. This
process is performed sequentially for each turbine, proceeding from upstream to downstream. The
turbines were permitted a yaw misalignment of +25°, while the third turbine (T2) was constrained to
0°, which means it is aligned with the wind direction at all times. To derive the LuT, the TI was fixed
at 6%, the wind speed at 8 m/s, and the wind direction discretized into 1° bins. For each discrete wind
direction, the yaw misalignment set y that maximizes J(y) is selected. This procedure yields a LuT
that provides optimal yaw setpoints for every wind direction. The conditions were selected to match
the case study in Chapter 5.

Motivation for Including Tower Base Loads

The motivation for including tower base loads in the objective was made through an analysis using a
sinusoidal wind direction signal applied to the three-turbine case. For each turbine and load channel,
the relative increase in DELs was computed with respect to turbine TO under the baseline controller.
TO was chosen as the reference because it operates in the ’ideal’ situation, unaffected by wakes from
upstream turbines. The results show that the tower base loads experience the largest relative increase
when turbines operate under waked conditions, exceeding 100% for T1 and T2. This indicates that
tower base loads are the most sensitive to wake-influenced inflow, making the tower base DEL a
suitable load metric to include in the objective function, as it represents a channel where wake steering
has a great potential to reduce fatigue loads. Figure 4-1 presents the distributions of relative DEL
changes during a sinusoidal wind direction signal for two control strategies; the baseline case, where
all turbines align with the wind, and a wake-steering case, where a yaw misalignment is applied
to increase farm power. These boxplots illustrate the sensitivity of all considered load channels to
operating in waked conditions.

Furthermore, Thedin et al. [67] state that the tower base channel, among others, provides a solid
basis to draw conclusions from because it directly affects the main components of the turbine. They
also observed that, under aligned flow, any yaw misalignment introduced by a LuT-based controller
leads to an increase in tower base loads. This effect was also observed throughout this thesis and is
supported by Figure C-2 in Appendix C, where the DEL response of a turbine operating without wake
interaction shows that yaw misalignment introduced by the LuT-based controller increases DEL com-
pared to the baseline controller. The increase in DEL resulting from wake steering further supports
the decision to include the tower base channel in the balanced power-load control.

Influence of Power-Load Weighting on Optimal Yaw Misalignment Behavior
For generating the LuTs, six different power-load weighting balances are considered, ranging from
the traditional power-only optimization (1:0) to a load-only optimization (0:1). Table 4-1 summarizes

all configurations with a brief description.
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Figure 4-1: Distributions of relative DEL changes obtained from a sinusoidal wind direction
signal for two control strategies; the baseline case, where all turbines align with the wind, and a
wake-steering case, where yaw misalignment is applied to increase power generation. The boxplots
highlight the sensitivity of the load channels to operating in waked conditions. All DEL changes
are relative to the baseline of T0, which represents the ideal, unwaked case. The highest relative
increase in tower base loads motivated the inclusion of this load channel in the objective function.

Table 4-1: Power—load (Wp — W) weighting configurations used for generating the LuTs.

Power-load balance Description

1:0 Power-only optimization
1:0.3 Power-oriented optimization
1:0.8 Balanced optimization
0.7:1 Load-oriented optimization
0.5:1 Load-biased optimization
0:1 Load-only optimization
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When examining the generated LuTs, the influence of the power-load weighting on the optimal yaw
misalignment behavior in the three-turbine case becomes apparent. Two interesting observations can
be made.

* When loads are included in the objective function, the wind direction range in which yaw mis-
alignment angles are applied increases compared to a power-only optimization.

» Second, around the critical 270° wind direction, when all turbines are aligned with the incoming
flow, yaw misalignment is not applied and the controller instead follows the wind direction,
similar to the baseline controller.

The first observation can be attributed to the fact that the TI field extends over a broader lateral dis-
tance that the wind speed deficit field. For instance, at a wind direction of 258°, the power-only
(1:0) optimization does not apply any yaw misalignment. However, when loads are considered in the
optimization, yaw misalignment angles are applied. This occurs because, although the wind speed
deficit no longer overlaps with the downstream rotor plane, the wake-induced TI region still partially
overlaps. Consequently, yaw misalignment is applied to steer the increased TI region away from
downstream turbines. The difference in lateral extent of the velocity deficit and the TI field is illus-
trated in Figure 4-2. This observation raises the question of whether the TI modeling in FLORIS is
realistic, given that the TI field appears to span more laterally than the velocity deficit.

However, wind tunnel experiments by Linkhan and Buxtion [68] showed that wake width, whether
defined by TI or velocity deficit, expands linearly with downstream distance but at different rates. In
particular, the wake width based on TI grows faster, resulting in a larger spanwise area than that of
the velocity deficit. These findings support the observation that the region of elevated TI can extend
farther laterally than the velocity deficit in FLORIS.

The second effect can be explained in two ways. First, when a turbine produces less power, it typi-
cally experiences lower loads. Therefore, for the load-only controller (0:1), it is reasonable that the
controller follows the wind direction, leading to full wake overlap, reduced power production, and
lower DELs. A second explanation is that full wake overlap is preferred over partial overlap. Partial
overlap leads to asymmetric loading on the turbine, increasing fatigue and structural imbalances [69].

To investigate the influence of full and partial wake overlap on the tower base (TB) loads, Figure 4-3
presents a case with a constant 270° wind direction, where TO is yawed +25°. Figure 4-3b shows
the tower base DEL for TO, indicating that for a turbine that does not operate in a wake, any yaw
misalignment results in an increase in DEL, which is consistent with the findings by Thedin et al.
[67]. Figure 4-3a shows the tower base DEL on T1 as a function of the yaw misalignment of TO, while
its own yaw misalignment is kept constant at 0°. The figure demonstrates that large yaw misalignment
angles of the upstream turbine, which causes partial wake overlap for T1, increases its DELs.

Together, Figure 4-3a and Figure 4-3b demonstrate the fact that when loads are weighted more heavily
relative to the power, the LuT tends to follow the baseline controller around the fully aligned wind
direction region.
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Figure 4-2: Comparison of the wind speed and Tl fields at a wind direction of 258°. The TI
field exhibits a larger lateral extent than the wind speed deficit, leading to partial overlap with
downstream turbines in terms of TI.
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Figure 4-3: Relation between yaw misalignment and tower base DEL simulated for a 270° wind
direction. Figure (a) shows the DEL response of T1 as a function of the yaw misalignment angle
of TO, illustrating that a full wake overlap is preferred over a partial overlap for the downstream
turbine. Figure (b) shows the DEL response of TO resulting from its own yaw misalignment
without wake-induced flow, demonstrating that any yaw misalignment with the incoming wind
direction increases the tower base fatigue loading.
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4-3 Summary

This chapter introduced the balanced power-load yaw control strategy. First, the LuT-based dead-
band yaw controller implemented in OFF was described, including its update logic and required in-
puts. Next, a methodology for generating LuTs with a balanced power-load objective was presented,
in which the tower base was selected as the representative load channel in the objective because it
exhibited the largest increase in fatigue loading under wake-induced inflow compared to the other
channels.

Sub-questions 2.1 and 2.2 were addressed by demonstrating how different power-load weightings
influence the optimal yaw misalignment behavior. When loads are weighted more heavily, the range
of wind direction over which wake steering is applied increases because the wake-induced TI region
has a greater lateral extent than the velocity deficit. Around the critical 270° wind direction, however,
the controller instead aligns with the inflow, similar to the baseline strategy. The analysis of tower
base DEL as a function of yaw misalignment further showed that any misalignment increases fatigue
loading and that partial wake overlap leads to higher tower base fatigue loads than full wake overlap.

In the next chapter, the developed controller is applied in a case study using both the steady-state
model FLORIS and the dynamic model OFF, to evaluate its performance and to assess the influence
of time-varying wake dynamics on the resulting power and load predictions.
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Chapter 5

Case Study

This chapter addresses Research Question 2 by evaluating the performance of the controllers devel-
oped in the previous chapter when applied to the three-turbine reference case shown in Figure 3-3.
One of the objectives of this thesis is to determine whether the controllers designed under steady-state
conditions maintain their effectiveness in a dynamic flow environment. Therefore, the chapter also
compares the controller performance in OFF and FLORIS to assess the influence of dynamic wake
behavior on the resulting power and load responses.

The main contributions of this chapter, together with its outline, are as follows:

* Section 5-1 describes the setup for the three-turbine case study, including the considered wind
direction time series, ambient conditions, and the tuning of the dead-band yaw controller in
OFF.

* Section 5-2 evaluates the performance of the controllers generated with different power-load
weightings in terms of power gain and tower base load reduction. Based on these results,
it identifies the most suitable power-load balance for further analysis across the three wind
direction signals.

» Section 5-4 translates the predicted DELs into a relative tower base lifetime index to assess the
impact of different control strategies.

* Section 5-3 compares the behavior of the power-only and balanced controllers relative to the
baseline controller.

* Section 5-5 compares the steady-state and dynamic simulations to assess whether the designed
controllers remain effective when time-varying wake dynamics are introduced in OFF. This sec-
tion also analyzes the underlying dynamics that explain differences in predicted power output
and load responses between the two modeling frameworks.

Finally, Section 5-6 summarizes the main findings of this chapter.
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5-1 Case Study Setup

This section outlines the simulation setup for the three-turbine study case. As described in Section 4-1,
four elements have to be provided to the dead-band LuT-based yaw controller in OFF: the wind di-
rection signal @y (k), the dead-band width ¢;,,, the integration coefficient k;, and the LuT fj,,. Section
4-2 described how the LuTs were generated for several power-load weighting balances.

For the wind direction signals, the dataset created by Becker et al. in [4] was used. They obtained
24-hour wind direction data, recorded by a vertical ZephIR wind LiDAR at the HKN site [70]. To
recover the underlying wind direction variations, they processed the signal using a zero-phase, fourth-
order Butterworth low-pass filter with a cut-off frequency of 1/600 Hz [71]. This results in a smooth,
noise-free signal as shown in Figure 5-1.

From this time series, three segments were selected to use for the simulations to analyze the con-
trollers. A wind direction of 270° is considered the critical wind direction, as this is the direction in
which all three turbines are aligned with the incoming flow and the controller switches the sign of yaw
misalignment angles. Around this point, the wake steering controllers are actively applied. Therefore,
for Segments 2 and 3, the wind direction medians were shifted to 270° to evaluate the controller’s per-
formances with realistic wind direction variation and waked conditions. The three resulting segments
are shown in more detail in Figure 5-2.

Following [4], a constant ambient wind speed of 8 m/s is assumed, which lies below the turbine’s
rated wind speed, where wake steering provides the largest potential for power gains. Variations
in wind speed are not considered because the incoming wind direction range overlaps with that of
a neighboring wind farm near the LiDAR location, which may have influenced the measured wind
speeds through wake effects.
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Figure 5-1: Wind direction time series measured by a vertical ZephIR wind LiDAR at the HKN
site [70], filtered with a zero-phase, fourth-order Butterworth low-pass filter [71]. The shaded
regions indicate the three selected segments to use during simulations to further evaluate the
controllers. Segments 2 and 3 are shifted to 270° to evaluate the controller’'s performance in
conditions where wake steering is active.

Master of Science Thesis H. Gielen



Wind direction [°]

275

270

265

260

5-1 Case Study Setup 45

285

A A
|V

N
N
a

N
N
r=}

Wind direction [°]

0 200 400 600 800 1000 1200 1400 1600 1800 2000 2200 2400 0 200 400 600 800 1000 1200 1400 1600 1800 2000 2200 2400
Time [sec] Time [sec]

(a) Segment 1 (b) Segment 2

277.5

275.0

272.5 1

270.0

267.5

Wind direction [°]

265.0

262.5 1

0 200 400 600 800 1000 1200 1400 1600 1800 2000 2200 2400
Time [sec]

(c) Segment 3

Figure 5-2: The three wind direction segments used to evaluate the controllers, indicated by
the shaded regions in Figure 5-1. Segments 2 and 3 where shifted to 270° to evaluate controller
performance under waked conditions. Segment 1 contains more wind direction fluctuations with
multiple crossings of the critical 270° wind direction, whereas Segments 2 and 3 show smaller
variations.
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5-1-1 Dead-Band Limit Study

To select an appropriate dead-band width ¢y;,,, a small parameter study was conducted. The integra-
tion coefficient was fixed at k; = 0.01, which is considered small and therefore results in relatively few
integration-triggered updates of the wind direction estimate, as shown in [4]. This choice isolates the
effect of the exceeded dead-band and allows the analysis to focus on a single varying parameter. To
illustrate how the dead-band width affects the controller’s wind direction estimate ¢ in Equation 4-1,
Figure 5-3 presents ¢ for Segment 1 for dead-band limits of 4° and 2°. The figure clearly shows that
with a smaller dead-band of 2°, the controller updates its estimate more frequently, leading to more
regular yaw angle updates from the LuT.
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Figure 5-3: Influence of the dead-band limit on the controller's wind direction estimate ¢. A
smaller dead-band (b) results in more frequent updates of the estimate, leading to more regular
yaw adjustments compared to the 4° limit shown in (a).

This increased update frequency resulted in a power gain of 7.39% for the 2° dead-band, compared
to 5.09% for 4° and 5.38% for 3°. However, the 2° dead-band caused 34 yaw activations (one trig-
gered by the integrator), whereas the 3° and 4° dead-band limits resulted in 22 and 17 activations (all
direction triggered).

Since minimizing yaw activations or total yaw travel is not the focus, a dead-band of 2° was selected.
Nevertheless, it should be mentioned that a higher number of yaw activations leads to a more frequent
braking and activating of the yaw mechanism, which in practice contributes to mechanical wear and
tear on the system [72]. This study was conducted over a short simulation period, where the wind
direction varies significantly and frequently crosses the critical 270 degree wind direction. Therefore,
the results may not be fully representative of a realistic 24-hour simulation. In [4], Becker et al.
conducted a more comprehensive analysis.

For the case study setup, three IEA 3.4 MW [59] turbines were used, aligned in a row with a spacing
of six rotor diameters, a TI of 6% and a shear coefficient of 0.2. Based on the DEL sampling time
analysis in Subsection 3-2-1, a sampling time of At = 5s is used. This sampling time was chosen, as
capturing all load fluctuations is prioritized over computational speed in this case study.

5-2 Control Performance Evaluation

The generated LuTs in FLORIS, as described in Section 4-2, were applied to the three wind direction
signals introduced previously. Their performance was first evaluated in FLORIS to verify whether
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the objective function in Equation 4-2 performs as intended. The analysis focuses on power gain and
tower base load reduction relative to the baseline. The results for FLORIS, shown in blue in Figure 5-
4, follow the expected trend: increasing the load weighting factor Wy, relative to the power weighting
factor Wp led to greater load reduction but smaller power gains compared to the baseline.

Next, the transition to the dynamic simulations in OFF was made. For each segment shown in Fig-
ure 5-2, an additional 300 s of simulation time was included prior to the segment to ensure that wake
steering was already active and the flow field fully developed at the start of each segment. Table
5-1 summarizes all the previously mentioned parameters required for the dead-band LuT-based yaw
controller in OFF.

Table 5-1: Simulation parameters in OFF.

Parameter Value / Description
Turbine IEA 3.4 MW [59]
Wind shear exponent 0.2 (IEC standard)
Wind speed 8 m/s

Turbulence intensity 6%

Dead-band width ¢y, 2°
Integration coefficient k;  0.01

Time step 5s
DEL sampling time 5s
Simulation duration 2700 s

Data used for analysis Last 2400 s

During the simulations in OFF, the results achieved were not as pronounced as those obtained in
FLORIS. Figure 5-4 shows, for each segment and for all power-load weightings, the tower base
load reduction averaged over the three turbines together with the corresponding power gain relative
to the baseline controller. The figure shows that the FLORIS trajectory consistently forms the outer-
most boundary of achievable performance, with all OFF results remaining inside this range. FLORIS
therefore defines the upper bound for both the predicted power gain and load reduction. Part of this
behavior comes from the fact that the optimization is performed based on FLORIS, which means that
the time-varying dynamics present in OFF are not accounted for in the optimization. Section 5-5
provides a deeper analysis of the origins of these differences.

Although the trend in OFF is not as distinct as in FLORIS, the same overall behavior is observed,
allowing a similar optimal weighting to be selected depending on the desired trade-off. Beyond a
certain point, it becomes difficult to achieve further load reduction, while the power gain continues to
decrease toward the baseline. This behavior is consistent with the earlier observation that heavier load
weightings cause the controller to more closely follow the baseline controller around the 270° wind
direction.

For further analysis, the power-load weighting of 1:0.8 was selected as the optimal balanced con-
troller, as it prioritizes power maximization while still achieving a significant load reduction. This
configuration maintains a primary focus on power production while still achieving a reduction in TB
loads, as shown in Figure 5-4. In Segment 2 in particular, this point corresponds with the so-called
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knee point, the location where the Pareto curve shows the strongest curvature and the trade-off be-
tween the two objectives is most balanced. In the remainder of this thesis, this configuration will be
referred to as the balanced controller. The performance of the balanced controller in OFF, in terms of
power gain and tower base load change for all segments, is summarized in Figure 5-5, together with
the power-only controller. To analyze its behavior, it is compared with the power-only (1:0) controller
and the baseline case in the next section.

Segment 1 Segment 2 Segment 3

—e— FLORIS | ]| —e— FLORIS
—e— OFF —e— OFF

T
0.0

T T T T T T T T T T T T T T T T T T T T T T T
-25 -50 -7.5 -10.0 -12.5 -15.0 -17.5 -20.0 00 -25 -50 -7.5 -10.0 -12.5 -15.0 -17.5 -20.0 00 -25 -5.0 -7.5 -10.0 -12.5 -15.0 —-17.5 -20.0

Load change on TB (%) Load change on TB (%) Load change on TB (%)

Figure 5-4: Predicted tower base load change, averaged over all three turbines, and power gain for
each segment and for all LuTs generated with different power-load weightings, comparing results
from FLORIS and OFF. The figure shows that FLORIS consistently forms the upper bound in
both predicted power gain and predicted load reduction. The power-load weighting 1:0.8 was
selected as the optimal balanced controller.

5-3 Controller Performance: Comparison and Discussion

For Segment 2 in OFF, the balanced controller achieved a power gain of 6.24% and a TB load reduc-
tion of 14.24% compared to the baseline case. This load reduction is distributed among the turbines:
TO experienced a TB load increase of 14.36%, while T1 and T2 showed reductions of 20.50% and
21.86%, respectively.

These results clearly demonstrate the intended behavior of the objective function in Equation 4-2,
which aims to achieve a more balanced load distribution across the wind farm. In practice, this allows
turbines with a larger available load budget to be used more intensively, while turbines experiencing
higher loads are relieved, resulting in a more balanced load distribution across the farm.

To illustrate this load redistribution, the absolute mean DEL values for the balanced, power-only and
baseline controllers in Segment 2 are provided in Table 5-2. The table shows that TO has a significantly
lower mean absolute TB DEL than T1 and T2 in the baseline case, leaving margin for TO to increase
its load contribution under the balanced controller while reducing the loads on the other turbines.

This behavior is consistently observed across all segments and controllers. Figure C-1 in Appendix C
shows how the results in Figure 5-4 are distributed among the three turbines for all cases in both OFF
and FLORIS.
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Figure 5-5: Predicted power gain and TB load reduction for the balanced and power-only
controllers across all segments as obtained in OFF. The hatched bars represent the power-only
controller, showing a higher power gain but smaller TB load reduction, as expected.

Table 5-2: Mean absolute TB DEL values for each turbine and for the total, together with the
relative change to the baseline, obtained in OFF for the power-only and balanced controllers for
Segment 2. The results illustrate how TO, which has a larger load budget, experiences an increase

in loads, while T1 and T2 show reductions, leading to a more balanced load distribution.

TO T1 T2 Total
Baseline controller
Mean TB DEL [kNm] 7090 14657 14583 12110
Power-only controller
Mean TB DEL [kNm] 7700 14049 13635 11795
TB load change [%] 8.60 -415 -6.50 -2.60
Balanced controller
Mean TB DEL [kNm] 8108 11652 11395 10385
TB load change [%] 14.36 -20.50 -21.86 -14.24
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Figure 5-6 shows the yaw misalignment trajectories for Segment 2 for the three turbines in OFF under

the balanced and power-only controller. The trajectories clearly illustrate the effect of the dead-band:

every time the controller updates its wind direction estimate, the corresponding yaw misalignment

angles are adjusted according to the LuT. This results in the sawtooth pattern observed in the curves.
The corresponding controller’s wind direction estimate can be observed in Figure 5-7.

30 Turbine 0 Turbine 1 Turbine 2

204

—— Balanced controller
—— Power-only controller

Figure 5-6: Yaw misalignment angles for the three turbines in OFF using the balanced and power-
only controller for Segment 2. The sawtooth pattern results from the dead-band: whenever the
controller updates its wind direction estimate, the corresponding yaw misalignment angles are
adjusted according to the LuT.
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Figure 5-7: Controller wind direction estimate for Segment 2. The estimate shows step-wise
behavior due to the dead-band: the controller updates when the deviation, or a small deviation
that persists over time, exceeds 2° threshold following Equation 4-1.

The bar chart in Figure 5-5 shows that, for Segment 2, a reduction of only 0.76 percentage points
in power gain results in an additional 11.64 percentage points of TB load reduction when using the
balanced controller.

The generated farm power over time for the simulation of Segment 2 in OFF, comparing the bal-
anced, power-only, and baseline controllers, is shown in Figure 5-8. The balanced and power-only
controllers closely follow one another, with periods where wake steering results in higher power out-
put relative to the baseline.

To identify where the load reductions occur compared to the baseline and power-only controller,
Figure 5-9 shows the absolute TB DEL output over time for the balanced, power-only, and baseline
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Figure 5-8: Total power generated by all three turbines during the simulation in Segment 2 for
the baseline, balanced and power-only controllers.

controllers. The red vertical dashed lines at + = 600s and t = 2110s indicate times when large load
reductions occur compared to the baseline.
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Figure 5-9: Absolute TB DEL over time for the balanced, power-only and baseline controllers
in Segment 2. The red vertical dashed lines indicate timestamps at which large load reductions
occur and are used for further analysis.

At the time of the first red line (r = 600s), the balanced controller achieves load reduction compared to
both the power-only and baseline controller. This moment corresponds to a controller estimated wind
direction of approximately 281°, as shown in Figure 5-7. As explained in Section 4-2, incorporating
loads into the objective function increases the range over which yaw misalignment angles are applied.
Consequently, the power-only controller follows the baseline controller at a wind direction of 281°,
whereas the balanced controller already introduces yaw misalignment angles of approximately 12°
for both TO and T1, which can also be observed in Figure 5-6 at t = 600s. The corresponding flow
field snapshots for all three controllers are shown in Figure 5-10. In the baseline case, no wake overlap
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is present in terms of velocity deficit. Consequently, the power-only controller does not apply yaw
misalignment to increase power production, since power scales with P o< Uy,. However, as illustrated
in Figure 4-2b, the wake-induced TI field spreads farther laterally than the velocity deficit region.
For this reason, the balanced controller introduces yaw misalignment angles to clear the downstream
rotor planes from the elevated TI region.

Baseline controller
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Figure 5-10: Snapshots of the flow field at r = 600s for the baseline, power-only and balanced
controllers in Segment 2. At this moment, turbines T1 and T2 experience substantially lower
TB loading under the balanced controller. The corresponding wind direction estimate is ap-
proximately 281°, at which the balanced controller, unlike the power-only controller, applies yaw
misalignment angles to TO and T1. This misalignment redirects the wake-induced TI region away
from downstream turbines, which spreads farther laterally than the velocity deficit region shown
in the figure.

In Figure 5-8, almost no difference in generated power is visible between the balanced and power-
only controller at t = 600s. At this moment, the wind direction estimate is approximately 281°, which
does not produce wake overlap for the downstream turbines in terms of the velocity deficit field, as
shown in Figure 5-10. Because power scales with P o< UV3V, and none of the rotor planes experience a
velocity deficit overlap under any of the controllers, almost no difference in power production occurs.
The slight reduction observed for the balanced controller is caused by the applied yaw misalignment,
which lowers the power production of the turbine. This follows from the dependence of the power
coefficient Cp on the yaw misalignment angle through the cosine-loss model used in FLORIS.

At the time of the second red vertical dashed line at ¢+ = 2110s, both the power-only and balanced
controller exhibit a reduction in TB loads relative to the baseline, while the difference in total farm
power generation remains small for all controllers. This moment corresponds to an estimated wind
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direction of 261°, as shown in Figure 5-7, where both controllers apply yaw misalignment angles. To
further investigate this moment, instant flow field snapshots at this time are shown in Figure 5-11.

For the baseline controller, where all turbines are aligned with the inflow direction, turbines T1 and
T2 operate under a very small wake-overlap. The power-only controller mitigates this by applying
yaw misalignment angles of approximately 9° for both TO and T1. Consequently, its power curve at
t = 2110s lies slightly above that of the baseline. The balanced controller, on the other hand, applies
larger yaw misalignment angles, approximately 21° for TO and 13° for T1, which reduces their own
power generation. Figure C-4 in Appendix C shows how the power generation is distributed over
all three turbines in OFF, where a power sacrifice for TO can be observed at t = 2110s. This loss in
power is not compensated for by the downstream turbines, resulting in slightly lower total farm power
compared to the baseline.

However, the balanced controller applies slightly larger yaw misalignment to fully steer the region of
elevated TI away from the downstream turbines. The observed reduction in TB loads for the balanced
controller relative to the power-only controller can therefore be attributed to completely clearing the
downstream rotor plane of elevated TI. This effect is illustrated in Figure 5-12, which shows the
TI distribution across the rotor plane of T1 for all three controllers. For the balanced controller, no
overlap in elevated TI is observed; the red region corresponds to the ambient TI of 0.06. The power-
only controller shows a slight overlap, while the baseline exhibits a significant overlap. Additionally,
this comparison highlights the influence of TI on TB fatigue loading.

Another observation that supports the trend in TB loading is that just before 1400 s, where the power-
only and balanced controllers show a drop in power production, the TB load for T1 also shows a drop.
Around that moment the wake shifts from one side of T1 to the other, bringing the turbine temporarily
into full wake overlap. As shown earlier in Figure 4-3a, downstream turbines experience lower fatigue
loading under full wake overlap than under partial overlap. Wake steering, however, deliberately
redirects the wake from the downstream rotor plane to increase power production. Around the critical
270° wind direction, the controllers therefore balance power gain against increased loading.

5-4 Relative Lifetime Index

To evaluate the effect of the control strategies on structural fatigue, the procedure from [63] is fol-
lowed. This approach is specifically designed for situations where only instantaneous DEL output is
available and design data, such as SN-curves, shape factors, and safety margins, are not.

The load surrogate model provides an instantaneous tower base DEL every 5 seconds. Each DEL
represents the 10-minute equivalent load, computed using a reference of 600 cycles, corresponding to
a 1 Hz sampling over a 600 s period. To obtain the fatigue damage associated with each 5 s interval,
the per-step fatigue damage is computed as

drpjo = SDEL}Y,, (5-1)

where j = 1,2,3 denotes the turbines, ¢ the time steps, and mrp = 4 is the Wholer exponent for the
tower base.

Typically, fatigue damage is evaluated using the Miner’s rule [73], which expresses the cumulative
damage as a fraction of 1, with a value of 1 indicating failure of the component. The calculation
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Figure 5-11: Snapshots of the flow field at t =2110s for the balanced, power-only and baseline
controllers in Segment 2. This moment corresponds to an estimated wind direction of approx-
imately 261°. The balanced controller redirects the wake farther away from the downstream
turbines than the power-only controller, steering not only the velocity deficit region but also the
elevated Tl away. As no velocity-deficit overlap occurs in both cases, this reduces their TB loads
without sacrificing power.

Turbulence Intensity [-]

(a) Balanced (b) Power-only (c) Baseline

Figure 5-12: TI distribution across the rotor plane of T1 at t =2110 s, corresponding to the
snapshots in Figure 5-11 for the three controllers. The figure shows that the power-only controller
redirects most of the elevated Tl region away, reducing TB loading compared to the baseline,
whereas the balanced controller completely clears the rotor plane of T1 from elevated TI, further
reducing the fatigue loading.

Master of Science Thesis H. Gielen



Accumulated Tower Base Damage [-]
w

o

o
s

w

IS
L

N
L

-
L

5-4 Relative Lifetime Index 55

requires the number of cycles to failure for the component, which depends on design specific param-
eters such as the Safety Factor (SF). However, here these constants from the Miner’s rule are omitted,
which is allowed when comparing control strategies on the same turbine design.

The cumulative tower base fatigue damage for turbine j over the time series is therefore defined as

Drpj =Y drs, (5-2)
t

and the corresponding accumulated curves for the three turbines in Segment 2 are shown in Figure 5-
13.

120 Turbine 0 Turbine 1 Turbine 2
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—— Power-only
—— Balanced
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Figure 5-13: Accumulated tower base damage for the three turbines in Segment 2 as obtained
from OFF.

To compare control strategies, a fatigue budget is defined as

greedy greedy
By = mj;lxDTB7j . (5-3)

This is the highest cumulative tower base damage observed in the baseline (greedy) case across all
turbines and serves as a design-level normalization constant. This budget depends on specific layout
and inflow conditions, making the comparison layout-dependent.

For each control strategy, the normalized fatigue consumption is

D .
Dith = =2 (5-4)
TB
The relative lifetime index for the tower base, introduced in [63], is then computed as
L ;= (1-Dif ;) +1. (5-5)

The relative lifetime index does not represent an absolute lifetime value. Instead, it serves as an
indicator of fatigue consumption for the TB component and should be interpreted qualitatively rather
than as a deterministic failure prediction. The metric assumes that differences arise only from the
applied control strategy, excluding effects of material variability, installation quality, construction
deficits, or other factors that strongly influence the actual lifetime of the components.
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The same procedure for computing the relative lifetime indices is applied to the blade root, yaw
bearing, and shaft channels, which results in the relative lifetime values shown in Table 5-3, where
a value of 1 corresponds to the baseline. For the tower base component, TO shows a decrease of
2%, this is expected as this turbine had a relatively large fatigue load budget in the baseline case. T1
shows a relative lifetime extension of the tower base channel of approximately 11% for the power-only
controller and 41% for the balanced controller. For T2, these values are 21% and 49%, respectively.
The relative lifetime values for the tower base in Segments 1 and 3 as obtained in OFF can be found
in Appendix D, Table D-1.

The tower base channel was the only component included in the objective function, and its trends and
behavior were discussed in detail throughout the thesis. Nevertheless, relative lifetime indices for the
other channels are also included in the final results. Summarizing the main observations, the blade
root channel shows only small relative lifetime changes, with reductions for T1 and T2. The blade
root is particularly sensitive to the sign of its yaw misalignment angle, which determines whether the
blades rotate with or against the vertical wind shear [74]. In addition, the yaw bearing channel shows
results most similar to those of the tower base, likely because both channels consider the same bending
moment orientations, as illustrated in Appendix A, Figures A-1 and A-3. Additional observations and
results for the remaining load channels across all segments are provided Appendix D.

It is important to emphasize that these results are based on only 40-minute simulations, during which
the wind direction remains close to the critical 270° inflow direction. As shown in Figure 5-1, this
is only the case for a short period within the 24-hour LiDAR measurements. The resulting lifetime
extensions therefore reflect a worst-case, strongly waked scenario and likely overestimate the values
that would result from a realistic 24-hour simulation.

Table 5-3: Relative lifetime indices for the tower base, blade root, yaw bearings, and shaft
channels for each turbine in Segment 2, obtained in OFF and computed following the approach
in [63]. All values are expressed relative to the baseline case, which corresponds to an index of 1.

Component  Turbine Power-only controller Balanced controller

Tower base TO 0.99 0.98
T1 1.11 1.41
T2 1.21 1.49
Blade root TO 0.97 1.01
T1 0.92 0.93
T2 0.95 0.92
Yaw bearings TO 1.01 1.02
T1 1.09 1.26
T2 1.22 1.38
Shaft TO 1.00 1.00
T1 0.82 1.08
T2 1.06 1.25

5-5 Model Performance: Comparison and Discussion

This section investigates the differences between the steady-state simulation in FLORIS and the dy-
namic simulation in OFF.
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Segment 1 is used for this comparison because it exhibits large differences in predicted power gain and
load reduction between FLORIS and OFF, which can be seen in Figure 5-4. The balanced controller
achieves a 12.65% power gain and 7.87% reduction in TB loading relative to the baseline, while in
OFF the corresponding values are 4.60% and 2.76%, respectively. Segment 1, shown in Figure 5-
2a, shows stronger fluctuations and more frequent crossings of the critical 270° wind direction than
the other segments. To further understand the behavior in Segment 1, Figure 5-14 illustrates the
yaw misalignment angle trajectories of the three turbines during the simulations in FLORIS (in blue)
and OFF (in red). It is clearly visible that the turbines in OFF struggle to follow the optimal yaw
misalignment angles prescribed by the LuT, where FLORIS can apply these at every timestep.

Turbine 0 Turbine 1 Turbine 2
£ | —— OFF (balanced)
—— FLORIS (balanced)
270° crossing
4 s W} ‘I 1
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U ‘& l T A YW~
1
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Figure 5-14: Yaw misalignment trajectories for all three turbines in FLORIS and OFF during
the simulation in Segment 1 for the balanced controller. The dashed vertical lines indicate the
timestamps where the wind direction crosses 270°.

Around the 270° wind direction, the optimal yaw misalignment angles switch abruptly from negative
to positive values of approximately 25° in order to steer the wake from one side of the downstream
turbine to the other. Because FLORIS does not model yaw rate dynamics, it applies a 50° change
in yaw misalignment instantaneously. OFF, in contrast, includes realistic yaw rate limitations and
therefore applies this adjustment gradually rather than in a single time step. Moreover, because of the
dead-band limit, the optimal yaw misalignment angles are not updated at every timestep; the wind
direction update behavior of the dead-band is visible in Figure 5-15. Together, these effects cause the
turbines in OFF to remain in waked conditions for a longer period during the transition in which the
wake shifts from one side to the other, resulting in reduced power production.

Furthermore, the transient flow in OFF causes the impact of yaw adjustments to propagate downstream
after some time, by which point the flow field may already have shifted. As a result, the controller
continuously lags behind the changing flow conditions. Since Segment 1 crosses the critical 270°
wind direction multiple times, the resulting differences in predicted power gain and load reduction
between FLORIS and OFF become particularly pronounced.

Figure 5-16 compares the generated farm power over time for the balanced controller in Segment 1
for both OFF and FLORIS. In the power curve from FLORIS, the power drops are shorter than those
observed in OFF. This behavior is expected, as the yaw misalignment angles are 0° only briefly at this
point, placing the downstream turbines in full waked conditions. In OFF, the transition takes longer,
resulting in longer lasting drops. The peaks, in contrast, are higher and wider in FLORIS than in OFF.
A delay is also visible, as the power drops in FLORIS align exactly with the 270° crossings, whereas
in OFF they occur later.

Figure 5-14 has already demonstrated that, in OFF, the yaw misalignment angles lag behind the op-
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Figure 5-15: Controller estimated wind direction over time for Segment 1. The dead-band limit
prevents the estimate from being updated at every timestep.

timal values because of both the yaw-rate limit and the dead-band. OFF also shows a delay in power
generation caused by transient wake propagation. Analyzing the 270° crossing around 1000 seconds
highlights how wake propagation, together with the yaw-rate limit and the dead-band, introduces a
delay in the power response. In OFF, the corresponding power drop appears around 1110 seconds
(indicated by the green vertical line in Figure 5-16), approximately 110 seconds later. The delay is
consistent with the wake propagation, as the Observation Points (OPs) travel with the ambient wind
speed of 8 m/s and the turbines are spaced 6 rotor diameters apart (= 780 m).
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Figure 5-16: Generated farm power for Segment 1 using the balanced controller in OFF (red)

and FLORIS (blue). The dashed vertical lines mark the moments when the wind direction crosses
270°. The green line indicates a specific timestamp (1110s) used for further analysis.

To analyze this transition more closely, the flow fields in OFF and FLORIS are compared at these
three timestamps:

* t = 980s, just before the 270° crossing,
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* t = 1010s, directly after the crossing,

e t = 1110s, where OFF shows a power drop while FLORIS is at a peak.

The corresponding flow field snapshots for OFF are shown in Figure 5-17, and those for FLORIS in
Figure 5-18.

In OFF the flow field plots appear "tiled" because one tile is generated per turbine. Each tile visualizes
a local linearized approximation of the wake that is only valid at the turbine where it is computed. As
a result, the plot shows both the wake generated by the upstream turbine and the wake received by
the downstream turbine at the same simulation time. This approach is computationally efficient, since
these linearized wake fields are already available from the FLORIS turbine evaluations. Between 980
and 1010 seconds, the wind direction crosses 270°, causing the optimal yaw misalignment angles
for the balanced controller to switch from negative to positive values. In FLORIS, this 4 change in
yaw misalignment angles of TO and T1 is directly visible. However, at t = 1010s, the upstream rotor
planes in OFF are still negatively yawed, which is also observed in yaw misalignment trajectories in
Figure 5-14 at that timestamp.

Att = 1110s in OFF, the upstream turbines are already steering their wakes in the new positive direc-
tion, while the downstream turbines still receive the previously generated wake. This delayed wake
reaches them frontally at that moment, placing the downstream turbines in full waked conditions. This
explains the drop in power and why it occurs some time after the actual 270° crossing. In FLORIS, all
turbines operate in free-stream wind flow at = 1110s, which explains why the wind farm experiences
a power peak.

However, as shown in Figure 5-1, realistic 24-hour wind direction data do not stay near a single
value for a longer period of time. Therefore, this segment is not considered representative of realistic
long-term behavior.
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Figure 5-17: Flow field snapshot in OFF at 980, 1010 and 1110 seconds in Segment 1. One tile
is created per turbine, each containing a wake field that is only valid at the turbine’s location.
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Figure 5-18: Flow field snapshots in FLORIS at 980, 1010 and 1110 seconds in Segment 1,
showing the instantaneous application of optimal yaw misalignment.
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5-6 Summary

In this chapter, a case study was performed for a three-turbine wind farm in which all building blocks
of this thesis were applied in practice: the dynamic flow model OFF with the implemented load surro-
gate model and the controller. Section 5-1 described the setup used for the case study and summarized
the inputs required for the simulation in OFF in Table 5-1, with extra attention given to the dead-band
limit and the corresponding trade-off between generated power and yaw activations.

In Section 5-2, all generated controllers with their respective power-load configurations were tested
using three different wind direction signals and evaluated in terms of predicted power gain and TB
load reduction. This resulted in the Pareto curves shown in Figure 5-4, from which the configuration
of 1:0.8 was selected as the optimal balance. This configuration maintains priority on the traditional
power gain objective while still achieving load reduction, and was referred to as the balanced con-
troller.

For Segment 2, the simulation in OFF using the balanced controller achieved a power gain of 6.24%
and a TB load reduction of 14.24%, compared to 7.03% and 2.60%, respectively, for the power-only
controller. The load reduction resulted in a relative tower base lifetime reduction of 2% for TO and
lifetime extensions of 41% and 49% for T1 and T2, respectively. These values reflect only the effect
of the change in controller strategy for this specific wind direction signal and wind farm layout.

Section 5-3 addressed Sub-question 2.3 by comparing and discussing the behavior of the balanced
controller and the power-only controller. The analysis showed that much of the load reduction
achieved by the balanced controller results from applying yaw misalignment to redirect not only
the velocity deficit wake away from the downstream rotor plane, but also the wake-induced TI. This
is done because the TI field has a larger lateral extent. Steering the elevated TI region away leads to a
small power decrease for the yawing turbine but yields a large load reduction for the downstream tur-
bine that is cleared from wake-induced T1. Note that this behavior partially depends on the underlying
model assumptions, which is discussed in more detail in the limitations in Subsection 6-3-3.

Subsequently, to answer Sub-question 2.4, the steady-state simulation in FLORIS was compared with
the dynamic simulation in OFF for Segment 1. This segment resulted in the largest differences be-
tween the two models; FLORIS predicted a power gain and load reduction of 12.65% and 7.87%,
respectively, while OFF obtained 4.60% and 2.76%. Segment 1 is characterized by strong wind direc-
tion fluctuations, including multiple crossing of 270°. Based on the analysis performed in this section,
four reasons were identified that explain the obtained differences in OFF and FLORIS:

1. The yaw rate limit of the turbines, which can be modeled in OFF, prevents rapid changes in yaw
misalignment angles.

2. The dead-band limit within the controller in OFF causes the yaw misalignment angles to be
updated less frequently.

3. The wake created by an upstream turbine advects downstream, which means that the down-
stream turbine encounters the impact of the yaw misalignment only after a propagation delay.

4. FLORIS was found to represent the upper bound for achievable power gain and load reduction.
This is expected, as the optimization is performed based on FLORIS, which does not model
the time-varying dynamics and OP-based propagation present in OFF. As a result, the yaw
misalignment angles obtained from the optimization are optimal for the steady-state behavior
of FLORIS, but not necessarily for OFF.
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Together, these factors explain the lower and delayed power generation observed in OFF. They also
clarify why, in Figure 5-4, FLORIS consistently forms the upper bound across all segments and all
controllers for both power gain and TB load reduction.
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Chapter 6

Conclusion

This chapter begins by repeating the main objective of the thesis and summarizing the main results.
Sections 6-2 and 6-3 then reflect on the findings, insights, and limitations associated with the two
main research questions. Finally, Section 6-4 provides recommendations for future work.

6-1 Overall Thesis Conclusion

( Research Objective w

""The objective of this thesis is to develop and evaluate a power-load balanced wake steer-
ing control strategy that couples a dynamic flow model with a load surrogate model, aim-
ing to achieve both power gain and load reduction."

The main objective of this thesis has been successfully achieved. The sector-averaged load surrogate
model was implemented in OFF, after which the tower base loads were included into a dynamic LuT-
based dead-band controller. An objective function was formulated that allows a balance between
power production and load change based on a predefined weighting. This controller was evaluated
on three different wind direction signals. The resulting balanced controller achieved both power gain
and TB load reduction relative to the baseline in all segments, as shown in Figure 5-5.

With this, the overall goal of the thesis was met. The process showed several insights and limitations,
which are discussed in the following sections for each of the two main research questions.
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6-2 Research Question 1

( Research Question 1 W

""What is the role and performance of a load surrogate model when applied within a
dynamic wind farm flow modeling framework?"

6-2-1 Result

The sector-averaged load surrogate model was successfully implemented in OFF to predict DELs on
individual turbines within a wind farm. The required sector-averaged inflow quantities (SAIQs) were
extracted in OFF by creating a rotor sampling plane, after which the effective wind speed could be
sampled at all points across the rotor plane. A similar function for the TI was developed as part of
this thesis, enabling the extraction of TI at arbitrary coordinates. The rotor plane was then divided
into four sectors, and the wind speeds and turbulence intensities within each sector were averaged to
compute the SAWS and SATIs, as illustrated in Figure 3-6.

The achieved RMSPE between the surrogate predictions in OFF and the reference DELs from FAST.Farm
for all load channel are:

2.89% for the blade root,

6.60% for the shaft,

6.51% for the yaw bearings, and

9.50% for the tower base.

Although the accuracy is not yet optimal, the performance gap was substantially reduced during the
implementation process, and the resulting surrogate accuracy was considered sufficient for deploy-
ment in the case study.

During dynamic simulations, the load surrogate was applied to provide instantaneous DEL estimates
at discrete time steps. A sampling time of 5 seconds was selected to prioritize capturing relevant load
fluctuations while still maintaining computational efficiency.

6-2-2 Insights

The process of implementing the load surrogate model in OFF gave several important insights. When
comparing the SAIQs between OFF and FAST.Farm, the SAWS matched reasonably well, however,
the SATIs did not match in both trends and magnitude. This mismatch is primarily caused by dif-
ferences in the underlying turbulence models. The Crespo-Hernandez model in FLORIS assumes a
uniform cross-section, whereas in FAST.Farm the TI formulation depends on the local wind speed,
which uses a double-Gaussian formulation. To mitigate this difference, the TI field in FLORIS was
normalized using the local wind speed as formulated in Equation 2-16. This reduced the RMSPE for
all load channels but not sufficiently for utilization. Finally, the load surrogate model was retrained

Master of Science Thesis H. Gielen



6-3 Research Question 2 65

using SAIQs extracted from OFF as input and the DELs from FAST.Farm as output. The model’s
performance, shown in Figure 3-11, was sufficient for practical use.

This process showed that simply extracting the required inputs is not sufficient to apply a load sur-
rogate model across different wake models with varying underlying flow models. Therefore, the
predicted DELs must be validated, and retraining the surrogate model using data from the framework
where the load surrogate model is to be utilized proved to be the most reliable approach.

6-2-3 Limitations

Despite the successful implementation, several limitations remain. The remaining performance gap
in the predicted DELs can be caused by the following factors:

* The training data set was reduced from 30.783 to 8.289 cases after excluding curtailment, as
this control strategy was outside the scope of this thesis. Since this reduced data set was then
split into training and testing subsets, the training data became even smaller. This limits the
surrogate’s ability to fully learn the mapping between the input and output.

* Retraining the surrogate improves consistency between OFF input and FAST.Farm output but
does not remove the underlying differences between the two modeling frameworks.

* Because retraining was performed externally, there was no control over the training procedure.
Possible improvements, such as using higher-order neural networks or more advanced architec-
tures, could not be explored.

Overall, the final performance is consistent and reliable enough for the case study and control strate-
gies presented in this thesis. Nevertheless, the limitations discussed should be taken into account
when interpreting the results.

6-3 Research Question 2

( Research Question 2 w

""What power-load trade-offs arise when fatigue loads are included in a wake steering
control strategy under dynamic flow conditions?"'

6-3-1 Result

The overall performance of the balanced controller in terms of power gain and load reduction is
summarized in Figure 5-5. For Segment 2, the controller reduced the tower base lifetime of TO by
approximately 2% relative to the baseline, while extending tower base lifetime of T1 and T2 by 41%
and 49% respectively over this 40-minute time series.

A LuT-based control strategy was selected because it can be applied in both steady-state and dynamic
simulations, ensuring a fair comparison. The LuTs were generated using an objective function that
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balances power gain and load reduction using predefined weights. Tower base loads were included be-
cause this channel showed the largest increase in fatigue loading under operation in waked conditions,
making it a channel where wake steering has the potential to make significant reductions.

The LuTs were evaluated for three wind direction signals centered around 270°, the region in which
wake steering is active for this wind farm layout. In FLORIS, the behavior was consistent with
expected design trends: increasing the relative load weighting reduced tower base loads at the cost
of power gain. Similar trends were observed in OFF, but were less pronounced. Across all wind
direction signals and power-load configurations, FLORIS consistently represented the upper bound
in both achievable load reduction and power gain. Both the performance of the controllers and the
differences between FLORIS and OFF are illustrated in Figure 5-4. The trends and differences are
explained in more detail in the subsequent Insights section.

The objective function successfully produced a more balanced load distribution throughout the wind
farm by reducing tower base loads on the heavily loaded turbines T1 and T2 and slightly increasing
the load on TO, with a higher available fatigue budget in the baseline case.

6-3-2 Insights
» Two trends in tower base loading were observed:

1. Tower base loading is lower in full wake overlap than in partial wake overlap (Figure 4-
3a).

2. Tower base DEL increases when yaw misalignment angles are applied (Figure 4-3b).

* The balanced controller achieved TB load reductions compared to the power-only controller
for the three-turbine setup primarily for two reasons:

1. A broader range of wind directions in which yaw misalignment is applied
The power-only controller introduces yaw misalignment only when the downstream tur-
bines experience a velocity deficit wake. However, because the wake-induced TI extends
farther laterally, the downstream turbines may still experience elevated TI overlap in wind
direction regions where no velocity-deficit overlap occurs, leading to increased loads. The
balanced controller steers the TI region away at a small power and load cost for the up-
stream turbine, while significantly reducing tower base loads downstream.

2. The behavior around the critical 270° wind direction
In the critical wind direction region, around 270° for the layout in this case study, the
turbines are fully aligned with the inflow. Here, the power-only controller redirects the
wake to maximize power production, resulting in a partial wake overlap that increases
tower base loads. The load-aware controllers instead make a trade-off between power gain
and load reduction around 270°. The stronger the load weighting, the more the controller
favors full wake overlap to reduce TB loading, at the cost of power gain.

* The results from FLORIS formed the upper bound for the predicted power gain and tower base
load reductions. This can be explained by several factors:

1. The LuTs were optimized based on FLORIS, which does not consider the dynamic be-
havior present in OFF.
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2. OFF considers yaw rate limits, which prevent the turbines from following the large yaw
misalignment adjustments at each time step.

3. The dead-band in OFF reduces the frequency of yaw angle updates, which means that the
turbines do not adopt the optimal yaw misalignment angles at each timestep.

4. Because the wake propagates downstream, the downstream turbines experience the effects
of a yaw misalignment only after a delay. By the time this delayed wake reaches them,
the wind direction has already shifted from the value that triggered the adjustment. As
a result, the controller effectively operates with a delay relative to the evolving inflow
conditions.

6-3-3 Limitations
The following limitations were identified when addressing the second research question.

* Part of the predicted load reduction is model dependent and is therefore uncertain. In particular,
the Crespo-Hernandez TI model used in FLORIS is highly simplified, and it is questionable
whether it correctly represents the lateral spreading of wake-induced TI. Although experiments
have shown that the TI formulated wake-width grows faster than the velocity deficit wake [68],
assuming an uniform profile is not physically realistic. In reality, wake-induced TI tends to
be elevated in the shear layer region and lower near the wake center. This raises questions
about the physical accuracy of the TI model. Steady-state models have focused primarily on
accurately capturing the velocity deficit, since power production scales with P o Uv3v and con-
sequently determines AEP. As a result, low-fidelity models have prioritized advanced velocity
deficit models over accurate TI models. However, TI strongly effects fatigue loading, making
the accuracy of the TI field particularly important for load mitigation studies. As the use of
load surrogate models and their coupling with lower-fidelity models is a continuously growing
research topic, the need for more advanced TI formulations within these lower-fidelity frame-
works is becoming increasingly evident. Models such as the Ishihara formulation [31], which
compute TI in the wake based on a double-Gaussian distribution rather than a uniform profile,
would likely provide a more reliable basis to predict fatigue loads.

* The lifetime extension indices computed for the load channels require several important con-
siderations:

1. The index is a relative metric. It does not provide absolute lifetime values but reflects only
the relative change resulting from the use of different control strategies.

2. The computed lifetime extensions apply to the individual components and not to the tur-
bine as a whole.

3. The approach is design-dependent and should be interpreted specifically for the present
setup and inflow conditions.

4. The results are based on 40-minutes simulations in which the median of the wind direction
is fixed around 270°, causing the downstream turbines to operate in waked conditions.
In a realistic 24-hour wind direction time series, this situation would occur only for a
small period. The lifetime extensions therefore likely overestimate the gains that would
be achieved over longer, more representative simulations.
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* The tower base channel showed the highest RMSPE in DEL prediction (Figure 3-11), which
may limit the reliability of the absolute predicted DEL values. Moreover, outliers may have led
the optimization to select yaw misalignment angles that would not be optimal in reality.

* No validation has been performed in a higher-fidelity model that includes aeroelastic simula-
tions, such as FAST.Farm, which is needed to confirm whether the observed trends in load
reduction and power gain hold under more accurate flow descriptions. Ultimately, field experi-
ments at an operating wind farm would be required to fully verify the results.

6-4 Recommendations for Future Work

This thesis focused on the integration of a load surrogate model within a dynamic wind farm simu-
lation and demonstrated how it can be used in a simple control strategy. Future work can take three
main directions: improving the implementation and further reducing the performance gap in the pre-
dicted loads, validating the results in more realistic and higher-fidelity settings, and exploiting the
load surrogate model within more advanced control approaches. The following points provide several
concrete recommendations for future work.

 Validation using a higher-fidelity model is recommended to determine whether the designed
yaw trajectories lead to similar power and load predictions.

* The simplified Crespo-Hernandez TI formulation, which assumes a uniform cross-sectional
distribution, was a limiting factor in this thesis. Implementing more advanced T1 models, such
as the Ishihara formulation, where TI follows a double-Gaussian shape in the wake, would
increase the reliability of load predictions for load-focused wind farm control studies in general.

* The results were based on 40-minute time series around 270° inflow direction, correspond-
ing to a worst-case wake interaction scenario. Performing a longer and more realistic simu-
lation would provide more representative power gain and load reduction results, and conse-
quently indices that more accurately represent the component’s relative lifetime over operational
timescales.

* Future work could focus on translating the results into metrics that incorporate additional
design-specific factors, such as SN-curves, material constants, installation effects, and other
structural properties, to make statements about absolute lifetime, maintenance costs, or overall
reliability.

* Future work could explore more advanced closed-loop control strategies that explicitly lever-
age the dynamic behavior present in OFF. Although the current LuT-based controller is applied
within a dynamic environment, the LuT itself is generated using steady-state optimization in
FLORIS. As a result, the optimization does not account for transient wake development, evolv-
ing inflow and operating conditions, or the influence of past system states. A more advanced
closed-loop control framework in OFF, such as model-predictive control (MPC) or a controller
that incorporates the predicted DELs as feedback signals or constraints to make control deci-
sions, could make more effective use of the load surrogate model. Such approaches can improve
robustness to disturbances and modeling inaccuracies, and reduce sensitivity to outliers in the
predicted DELs.
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* In this thesis, only tower base loads were considered in the objective function. Including ad-
ditional load channels would enable the controller to achieve reductions for all components or
make balanced trade-offs between them, and would offer a more complete view of the structural
loading across the turbine.

* Applying the current surrogate model to a larger wind farm case study must be done with
caution. The load surrogate was trained on a three-turbine configuration. Therefore, the range
of inflow quantities in the training set is limited. Using it for much larger farms would likely
result in inaccurate DEL predictions.
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Appendix A

Additional Background Information

This appendix provides additional background information. The sector-averaged load surrogate esti-
mates the damage equivalent load (DEL) for the following load channels:

Blade root DEL: blade root in-plane and out-of-plane bending moments.

Shaft DEL: shaft out-of-plane and yaw bending moments.
* Yaw bearings DEL: tower top fore-aft and side-side bending moments.

* Tower base DEL: tower bottom fore-aft and side-side bending moments.

The corresponding turbine components are shown in Figure A-1. The orientation of the bending
moments associated with these channels is illustrated in Figure A-2 and Figure A-3.
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Figure A-1: Structural components of a wind turbine [75].
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Figure A-2: Bending moments: out-of-plane versus in-plane orientations [76].
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Figure A-3: Fore-aft and side-side tower bending moment orientations [77]

The literature review conducted prior to this thesis included a comparison of existing wind farm flow
models, categorized by their level of fidelity. A structured overview of these models is presented in

Table A-1.
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Table A-1: Overview of wind farm flow model characteristics by fidelity level, with representative

model examples.

Low-Fidelity Models

Medium-Fidelity
Models

High-Fidelity Models

Model FLORIS, PyWake, DWM, FLORIDyn, SOWFA, UTDWEF,
examples Frandsen, FOXES WESim, PossPOW SP-wind
Accuracy Simplified, based on Captures Detailed turbulent
parametric equations, | time-dependent flow representation
captures general dynamics based on the
trends but lacks detail Navier-Stoke
equations
Computational Fast (order of seconds | Moderate Slow (order of days
Speed on a desktop PC [13]) on a cluster of 102
CPUs [13])
Steady-State vs | Steady-state Dynamic Dynamic
Dynamic
Suitability Limited, good for Suitable for online Too slow for real-time
Control open-loop control closed-loop control closed-loop control
Strengths Best for optimization, | Balance between High accuracy for
fast computation fidelity and speed. turbulence-resolving,
Suited for real-time used for verification of
control other models
Limitations Possibly Requires tuning and Computationally
oversimplifying calibration and larger | expensive
interactions, less computational
suitable for demand
closed-loop control
Typical wake steering, layout | Online closed-loop Verification,
use-cases optimization wake steering high-accuracy studies,

turbulence flow
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Appendix B

Sampling of the Inflow Quantities

Section 3-2 described how the wind speed and turbulence intensity were sampled across the rotor
plane. The rotor plane is created and rotated with the yaw misalignment angle. However, when the
rotor plane yaws, part of it rotates into its own wake, as illustrated in Figure B-1a. This effect becomes
visible when the wind speed is sampled over the rotor plane, shown in Figure B-1b, where a sharp
vertical edge appears at the location where the rotor plane intersects with its own wake.

Although the rotor plane rotates, the deflection angle of the wake at the rotor plane remains almost
zero in the flow field. As a result, not rotating the rotor sampling plane and placing it several meters
upstream avoided the wake intersection. This produced almost identical values for the computed
SAWS and SATIs. Nevertheless, to completely eliminate the possibility for the rotor sampling plane
to rotate in its wake, a more robust solution is to set the velocity deficit for its own created wake to 0
around the rotor. This modification is visualized in Figure B-2.

Planar grid, turbine 0

Wind speed [m/s]

Distance [m]

0 50 100
Distance [m]

(a) (b)

Figure B-1: Rotor plane rotating in its own wake and the wind speed sampled over the corre-
sponding turbine's rotor plane. Figure (a) shows the rotor plane with a yaw misalignment angle
to partially rotate into its own wake, while Figure (b) shows the wind speed sampled over the
yawed rotor plane. The sharp vertical edge shows where the rotor intersects its own wake.
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Figure B-2: Rotor plane with a yaw misalignment angle after removing the rotor's own created
wake by setting the local velocity deficit to zero within a small spherical region around the rotor.
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Appendix C

Additional Controller Performance

The Pareto plot in Figure 5-4 presents the predicted power gain and tower base load reduction, aver-
aged over the three turbines, for all power-load controllers across the three segments. This averaged
result can be decomposed into the individual tower base load contributions of each turbine, as shown
in Figure C-1. Similar to the total farm results, FLORIS (dashed line) again provides the upper bound
on the predicted power gain compared to OFF (solid line). The figure also clearly illustrates the inten-
tion behind the objective function, which was designed to achieve a more balanced load distribution
across the wind farm. In practice, this led to TO, having the highest available load budget in the
baseline case, increasing its tower base loading, allowing T1 and T2 to reduce their fatigue loading.
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Figure C-1: Tower base load change distributed across the three turbines for all power-load
controllers across the three segments, comparing results from FLORIS (dashed line) and OFF
(solid line). The figure illustrates how turbine TO sacrifices part of its tower base load budget to

reduce the loads on downstream turbines T1 and T2.
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Figure C-2: Tower base DEL output for turbine TO, which operates without wake influence in
the three-turbine setup. Under aligned inflow conditions, the yaw misalignment introduced by the
LuT controller increases tower base loads compared to the baseline controller.
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Figure C-3: TB DEL output for Segment 1 under the balanced controller for the three turbines
in OFF (red) and FLORIS (blue), corresponding to the analysis in Section 5-5 comparing the
two models. The peaks and drops follow broadly similar trends, though OFF exhibits a delay,
consistent with the factors discussed in Section 5-5.

Section 5-3 provided a detailed comparison of the controllers in Segment 2, with Figure 5-8 showing
the total farm power for the balanced, power-only and balanced controllers. Figure C-4 presents
the corresponding power output per turbine. The red dashed vertical line marks t = 2110 s, a moment
where both wake steering controllers achieve a substantial load reduction, with the balanced controller
achieving slightly more. At this time, the power-only controller applies a misalignment for TO and T1.
This results in a small power loss for the yawing turbines, but redirects the wakes from downstream
turbines, increasing their power production and reducing TB loading on T1 and T2. The balanced
controller applies a slightly larger misalignment for TO, which leads to a slightly lower power output
for TO, visible as the blue line slightly below the brown line in the TO plot, but achieves an additional
reduction in TB loading for downstream turbines.
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Figure C-4: Power generation per turbine in OFF for Segment 2. The red dashed line marks
t =2110s, the timestamp examined in more detail in Section 5-3. At this moment, the balanced
controller applies a slightly larger yaw misalignment angle to TO than the power-only controller,
resulting in lower power production under the balanced controller. This is visible for TO, where
the blue line lies slightly below the brown line.
Yaw Travel

Since yaw motion contributes to mechanical wear and fatigue of the yaw mechanism [72], it is relevant
to compare the yaw travel of the balanced controller with that of the power-only controller and the
baseline. The yaw travel was calculated in degrees, based on the nacelle orientation of each turbine.
Figure C-5 shows the nacelle orientation exhibited under both controllers for Segment 2. It can be
observed that the power-only controller results in larger nacelle travel for TO and T1. Since T2 is
restricted from applying yaw misalignment, its orientation follows the wind direction estimate for all
controllers.

Across all segments, both wake steering controllers resulted in an increase in total yaw travel com-
pared to the baseline. However, the balanced controller resulted in lower total yaw travel than the
power-only controller. The yaw travel values across all segments and controllers are summarized in
Table C-1.

Table C-1: Wake steering increases total yaw travel relative to the baseline. The balanced
controller showed a smaller increase in yaw travel than the power-only controller.

Segment  Baseline [°] Balanced [°] Power-only [°] Increase vs. Baseline [ %]

Segment 1 220.55 592.54 675.26 +169/+206
Segment 2 99.33 213.17 274.88 +115/+177
Segment 3 63.84 121.56 193.65 +90/+203
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Figure C-5: Nacelle orientation of the turbines for the balanced, power-only and baseline con-

trollers. The power-only controller results in the larger yaw travel in degrees than the balanced
controller.
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Appendix D

Response of the Remaining Load
Channels

In this thesis, only the tower base load channel was included in the objective function. However,
the sector-averaged load surrogate model also provides DEL output on the blade root, shaft and yaw
bearing channels. The response of these additional channels was not used in the optimization and their
behavior was not further analyzed in this thesis. Figures D-1, D-2, and D-3 show their responses for
Segments 1, 2, and 3, respectively, in OFF. The results are presented as boxplots that display the 90th-
percentile range: the vertical lines indicate the spread, the orange horizontal line marks the median,
and the dashed line shows the mean.

Although their behavior is not analyzed in detail, several observations can be made. For Segment 1,
the relative changes in the mean DEL for all channels remain small, similar to the results observed for
the tower base channel. As described in Section 5-5, this is mainly due to the wind direction trajectory
in Segment 1, which contains large fluctuations and frequent crossings of the critical 270° direction,
where all three turbines are aligned with the inflow direction and the applied yaw misalignment angle
changes sign.

The blade root channel shows a clear trend: it is less sensitive to wake-induced flow conditions but
exhibits strong response to its own direction of yaw misalignment angle. In the process of this thesis,
it was observed that the blade root preferred positive yaw misalignment angles. This trend is also
supported in literature [78]. Blade root fatigue loads are strongly influenced by vertical wind shear.
The yaw misalignment direction determines whether the blades rotate with or against this shear, which
reduces or increases the loading, respectively [74]. This is also observed in the figures, where turbine
TO shows the largest range in experienced DELs compared to the other channels. Across all Segments,
however, the yaw misalignment angles switch between positive and negative angles due to the wind
direction crossing of 270°, causing the mean to stay close to a relative value of 0.

Finally, the yaw bearing channel shows a mean load reduction most similar to that of the tower base
channel. This is likely because both channels consider the same bending moment orientations and
therefore exhibit similar trends under wake-induced flow and yaw misalignment angles.
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Figure D-1: DEL change for the remaining load channels for Segment 1 in OFF, comparing the
power-only and balanced controllers relative to the baseline.
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Figure D-2: DEL change for the remaining load channels for Segment 2 in OFF,

power-only and balanced controllers relative to the baseline.
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Figure D-3: DEL change for the remaining load channels for Segment 3 in OFF, comparing the
power-only and balanced controllers relative to the baseline.

D-0-1 Relative Lifetime Indices

Section 5-4 presented the relative lifetime indices for all load channels for Segment 2 in OFF. These
indices are used to illustrate the effect of applying different control strategies relative to the baseline.
This section shows the relative lifetime indices obtained for the remaining segments in OFF, without
further analysis. Table D-1 summarizes the resulting values.
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Table D-1: Relative lifetime indices for the tower base, blade root, yaw bearings, and shaft
channels for each turbine, obtained in OFF and computed following the approach in [63]. Results
are shown for Segment 1 and Segment 3. All values are expressed relative to the baseline case,
which corresponds to an index of 1.

Component  Turbine Segment 1 Segment 3
Power-only Balanced Power-only Balanced
Tower base TO 0.99 0.98 0.99 0.98
T1 1.13 1.19 1.25 1.41
T2 1.04 1.07 1.26 1.27
Blade root TO 1.07 1.04 1.03 1.01
T1 1.06 1.10 1.10 0.96
T2 1.15 1.16 0.83 0.90
Yaw bearings TO 1.01 1.01 1.01 1.02
T1 1.02 1.07 1.14 1.21
T2 1.07 1.08 1.39 1.42
Shaft TO 1.00 1.00 1.00 1.01
T1 0.94 0.98 1.00 1.10
T2 0.98 1.02 1.18 1.29
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Appendix E

Results for Segment 3

Segments 1 and 2 were analyzed in detail in this thesis. This Appendix chapter presents selected
results for Segment 3, with a few brief observations. For Segment 3, the balanced controller in OFF
achieved a power gain of 12.57% and a load reduction of 6.78% relative to the baseline. The difference
compared to the power-only controller, which achieved 14.73% power gain and 4.59% load reduction,
is small in this segment.

Figure E-1 shows the predicted farm power for all three controllers obtained in OFF for Segment 3.

Figure E-2 shows the instantaneous TB DEL output across all turbines. Turbine T1 exhibits a drop in
TB loading after the 270° wind direction crossing. This corresponds to the moment when the wake
transitions from one side of T1 to the other, bringing the turbine temporarily into full wake overlap.
Under the power-only controller, this load drop occurs slightly earlier than under the balanced con-
troller. In Figure E-3, the yaw misalignment angle of TO switches from negative to positive earlier for
the power-only controller. Because the wake is directed to the other side sooner, T1 experiences full
wake overlap earlier, resulting in the earlier drop in TB loading.

Between approximately 1600 and 2000 seconds, both controllers achieve a load reduction with almost
no difference in generated power compared to the baseline. This period corresponds to a controller
wind direction estimate of around 278° (see Figure E-4). During this period, both controllers apply
yaw misalignment to TO and T1 (see Figure E-3) to clear the downstream turbines from wake overlap.
The balanced controller, however, applies a slightly larger yaw misalignment, to clear the downstream
rotor planes not only from velocity deficit but also from the elevated TI region, which has a larger
spanwise wake-width. This behavior is similar to what was observed in Segment 2 at t = 2110s and
is discussed in more detail in Section 5-3, with additional support from Figure 5-11.

Master of Science Thesis H. Gielen



Tower base DEL [kNm]

84

6.0 -
i
i
5.5 A
5.0 1
— 4.5
=
£
» 4.0+
[
g
Q- 35 4
3.0 4 -
Baseline
—— Power-only controller
2.5 9 — Balanced controller
---- 270° crossing '
1
2.0 T T T T T L T T T T T
0 200 400 600 800 1000 1200 1400 1600 1800 2000 2200 2400

Time [sec]

Figure E-1: Predicted generated farm power in Segment 3 for the power-only, balanced, and
baseline controllers in OFF.

Turbine 0 Turbine 1 Turbine 2
18000 - Baseline 1 T
—— Power-only controller
16000 —— Balanced controller 1 4
-==- 270° crossing
14000 - B B
12000 b B
10000 - 9 4
soo0 | T\ Dﬁ@—/\"’” ] ]
0 400 800 1200 1600 2000 2400 O 400 800 1200 1600 2000 2400 0 400 800 1200 1600 2000 2400

Time [sec] Time [sec] Time [sec]

Figure E-2: Instant TB DEL output for Segment 3 in OFF for the power-only, balanced, and
baseline controllers.
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LuT
MPC
LES
AEP
SCADA
LiDAR
FLORIS
FLORIDyn
SOWFA
NREL
CFD
LES
TUM
ANN
SAWS
SATI
DEL
DWM
0]
TWF
RMSE
MPC
UTDWF

Wind Farm Flow Control

Look-up Table

Model Predictive Control

Large Eddy Simulation

Annual Energy Production

Supervisory Control and Data Acquistion
Light Detection and Ranging

FLOw Redirection and Induction in Steady-state
FLOw Redirection and Induction Dynamics
Simulator for Offshore Wind Farm Applications
National Renewable Energy Laboratory
Computational Fluid Dynamics

Large Eddy Simulation

Technical University of Miinchen

Artificial Neural Network

Sector-averaged wind speeds
Sector-averaged turbulence intensities
damage equivalent load

dynamic wake meandering

Observation Point

Temporary Wind Farm
root-mean-squared-error

model-predictive control

UTD Wind Farm
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TI
RMSPE
SAIQs
SR
SOSFS
HKN
TB

turbulence intensity

root mean squared percentage error
sector-averaged inflow quantities

Serial Refine

Sum of Squares Freestream Superposition
Hollandse Kust Noord

tower base
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