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Abstract

To optimize the power production of wind farms, the wakes can be manipulated and their adverse effects
mitigated. A promising wake deflection method is yaw misalignment. By deflecting the wake away from
downwind turbines, the yaw-based approach seeks to increase the collective power production of the grouped
wind turbines by sacrificing some power output of the upwind turbine in yaw. Using an artificial neural network
(ANN), specifically a feedforward neural network, this work aims to develop an active yaw control (AYC)
scheme for a two-turbine wind farm. To aid in the development of the AYC, FAST.Farm is utilized, which
is a newly developed midfidelty tool by the National Renewable Energy Laboratory (NREL). FAST.Farm is
calibrated by comparing several of its predicted wake properties to results of a Large-Eddy Simulation (LES) for
which a 1D actuator disk method is used. Subsequently, with the purpose of gathering data to train an ANN,
the wind farm is simulated in a multitude of operating conditions. Specifically, the operating conditions are
combinations of various turbulence intensities, wind shear exponents, and yaw angles for the upwind turbine.
The ANN is then used to predict total power production in the wind farm, which informs the decisions of the
AYC. It is shown that, when the turbulence intensity (TI) is low (5 %), the AYC increases wind farm power
production by 5-6 %, depending on the wind shear exponent (a smaller wind shear exponent yields a larger
gain in power production). As the TI increases, the gain in power production goes to zero. Moreover, it is
shown that the AYC increases the structural loads (up to 20 %) on both the upwind turbine and downwind
turbine with respect to the blade root out-of-plane bending moment and tower base fore-aft moment. With
respect to the yaw bearing moment, the AYC greatly increases it for the upwind turbine (up to 7 times) and
slightly lowers it for the downwind turbine (roughly 5 %).
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Nomenclature

Abbrevations

ABL Atmospheric Boundary Layer

ADM Actuator Disc Model

ANN Artificial Neural Network

AYC Active Yaw Control

BEM Blade Element Momentum theory

BNN Biological Neural Network

CFD Computational Fluid Dynamics

DEL Damage Equivalent Load

DNS Direct Numerical Simulation

DWM Dynamic Wake Meandering

FAST Fatigue, Aerodynamics, Structures and Turbulence

FFNN Feedforward Neural Network

HAWT Horizontal Axis Wind Turbine

LES Large-Eddy Simulation

MSE Mean Squared Error

NREL National Renewable Energy Laboratory

SGS Subgrid-Scale

TI Turbulence Intensity

TKE Turbulent Kinetic Energy

Greek letters

� Wind shear exponent, angle of attack

� Pitch angle

�Vr Radial velocity deficit

�Vx Axial velocity deficit

� Spatial filter width

� Wake width

�sim Calibration error

�ij Kronecker’s delta

‘ Layer index

� Dissipation rate of turbulent kinetic energy

� Lapse rate


 Yaw misalignment angle, adiabatic index

�a Adiabatic lapse rate

� Eddy wavenumber

�K Turbulence scale parameter of velocity component K

�wake Mean radial wake displacement

� Kinematic viscosity
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�SGS Subgrid-scale eddy viscosity

�t Eddy viscosity


 Rotational blade speed

! Rotational blade angle

� Flow angle

� Wake skew angle, arbitrary quantity

� Density

�� Potential density

�wake Standard deviation of radial wake displacement

�K Standard deviation of velocity component K

�ij Subgrid stress tensor component

� Potential temperature, azimuthal angle

Other symbols

:0 Fluctuating quantity

�: Spatially filtered quantity

h:i Temporally averaged quantity

Roman letters

_m Mass flow rate

a0 Tangential induction factor

A Area

a Axial induction factor, activation output, recursion coefficient

b Neural network bias, recursion coefficient

Btuu Streamwise autocorrelation

C Cost function

c Chord length

cmeander FAST.Farm wake parameter

CS Smagorinsky constant

CD Drag coefficient

CL Lift coefficient

CP Power coefficient

cp Constant pressure specific heat capacity

CT Thrust coefficient

cv Constant volume specific heat capacity

D Rotor diameter

E Spectral energy, AYC threshold parameter

f Eddy frequency, probability density function

f eq Damage equivalent load equivalent frequency

fc Cutoff frequency

FD Drag force

FL Lift force

Fn Axial force

fV ; fG; fB Wake tracking functions

G Convolution kernel
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g Activation function

k Turbulent kinetic energy, wake growth rate parameter

Lint Integral length scale

LK Turbulent length scale of velocity component K

m Wöhler coefficient, wake plane index

MODmeander FAST.Farm wake parameter

n Fourier node number, radial node index, sample index

P Wind turbine power output

p Pressure

r Radius

SK Velocity power spectrum of velocity component K

sij Strain-rate tensor component

T Temperature, elapsed time

Tint Integral time scale

u; v; w Streamwise, lateral and vertical velocity components

u! Blade tangential velocity component

u� Rotor plane-lateral velocity component

ubulk Bulk streamwise velocity

uref Reference streamwise velocity

Urel Relative velocity

ui Velocity component in the i:th direction

un Rotor plane-normal velocity component

w Neural network weight

wn Wake plane weight

x; y; z Streamwise, lateral, and vertical coordinate components

xwake; ywake; zwake Wake centre coordinate components

xi Coordinate component in the i:th direction

zref Reference height

Vectors

x̂; r̂; �̂ Cylindrical unit vectors

x̂; ŷ; ẑ Carteesian unit vectors

ŷ Output vector

r Location vector

v Velocity vector

V Dist Disturbed wind field

V Plane Wake plane field

v1 Free stream velocity vector

x Input vector, location vector

y Desired output vector

�v Velocity deficit vector

v
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1 Introduction

Fossil energy has been paramount to societal prosperity since the dawn of the industrial age [1]. However, due
to climate change, which is largely driven by the greenhouse gas emissions associated with the use of fossil fuels,
it is clear that a desired level of prosperity can not be sustained with fossil energy for long without large scale
environmental degradation [2, 3]. To escape the self-reinforcing fossil fuel dependency of the modern world [4],
countries are taking measures to transition to more sustainable energy systems. To reach its national climate
goal of net-zero greenhouse gas emission, Sweden is expected to increase its electrical power production by
at least 70 % by 2040 [5]. To meet this large demand for electrical energy, wind power is expected to play a
crucial role, owing to its low costs, low emissions, and short installation times.

It has been reported that the economically feasible potential of o�shore wind power along the long coast of
Sweden is 300 TWh of annual electricity production [6], which far exceeds the country's current electricity usage.
However, should current economical constraints be overcome, the potential can be increased tenfold. To reduce
the associated costs (such as for maintenance and deployment of the turbine and the accompanying electrical
grid), wind turbines can be grouped together in so-called wind farms. However, a downside of grouping turbines
together is the wake e�ect [7, 8]. The wake of an upwind turbine can adversely a�ect the generated power and
the structural loads of downwind machines, due to the lower wind speed and intensi�ed turbulence accompanied
by the wake, respectively. The increase in structural loads decreases the expected lifetime of the wind turbines,
thus costs are increased. Compared to onshore wind farms, the wake e�ect is more prominent for o�shore wind
farms, as the length scale for the wake recovery (where free stream conditions are retained) is larger [9].

The wake e�ect can be mitigated. By yawing an upwind turbine such that the normal of its rotor plane is
horizontally misaligned with the mean wind direction, the wake can be de�ected away from downwind turbines.
This method of wake steering is considered a promising approach to wind farm performance optimization [10].
By sacri�cing some performance of the individual upwind turbine in yaw, the collective power output of the
grouped wind turbines can be maximized. The focus of this work lies in developing a yaw control protocol for a
variety of wind farm operating conditions, with the purpose of maximizing wind farm power production.

1.1 Literature review

The study of wind turbine wakes dates back to the 1970s. Among the early work is that of Lissaman [11, 12] and
Faxen [13]. In their work, two distinct wake regions are established, a near-wake region and a far-wake region.
In these regions, di�erent mechanisms dictate the wake evolution. In the near-wake region, the turbulence is
chie�y generated by the shear layer and viscous e�ects of the rotor, which di�uses the initially uniform velocity
de�cit of the wake. In contrast, in the far-wake region, the growth and decay of the wake is governed, to a
large degree, by ambient turbulence and the velocity de�cit pro�le is roughly Gaussian.

In 1988, Ainslie [14] observed that the measured velocity de�cit in the wakes did not match contemporary
theoretical predictions, and he ascribed this discrepancy to something that is called wake meandering, which is
the chaotic motion of the wake due to the variability of the ambient wind. He developed an eddy viscosity model
for the waked velocity �eld in the far-wake region, and thus successfully corrected for the wake meandering.

In 2003, Vermeer et al. [15] conducted a large meta study of the wind turbine wake research. The then-
current understanding of the near- and far-wake regions was mapped extensively. The study ended by noting
that the wake meandering was not yet satisfactorily modelled. In 2008, this was addressed by Larsen et al. [16],
who developed a Dynamic Wake Meandering (DWM) model. The underlying assumption of the model was
that the wake is advected passively by turbulent eddies larger than two rotor diameters and di�used by the
smaller eddies. Since then, many other wake models have been developed [8], and there is a strong agreement
within the wind energy community that large scale eddies govern the meandering phenomenon [17].

There have been numerous studies exploring the wake e�ect. Church�eld et al. [9] showed that unstable
ambient conditions and high surface roughnesses are bene�cial for the power output of wind farms. Moreover,
Barthelmie et al. [18, 19] quanti�ed the power losses and turbulence increases in a wind farm from �eld
measurement. They found that, for an o�shore wind farm near Copenhagen, the wakes caused power losses of
approximately 10 %. There is also early research demonstrating the increases structural loads for wind turbines
operating in wakes, e.g. by Volund [20].

Medici and Alfredsson [21] are probably the �rst to explore the potential of wake steering by yaw misalignment.
In 2005, they conducted wind tunnel experiments and found that the wake can be de�ected by yawing a turbine.
Following their work, the wake of yawed turbines was researched further [7, 22�25]. It has been shown that the
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shape of the wake changes due to yawing [26�29], and atmospheric conditions have been observed to in�uence
the de�ection of the wake. In unstable conditions, the wake is di�cult to control [8, 30], due to the exaggerated
wake meandering. However, this problem is less pronounced in more stable conditions, thus the prospects of
increasing wind farm performance by wake steering lead to suggestions for optimal yaw con�gurations. Using
a high �delity solver, Fleming et al. [10] found that, for two turbines in a row, putting the upwind turbine
in a misaligned yaw can increase the power production of the wind farm by several percentages. Numerous
subsequent work [31�37] gave results which support the numerical �ndings of Fleming et al. [10]. Owing to the
growing knowledge in yaw-based control schemes, the traditional �greedy� approach of optimizing wind farms
with respect solely to individual wind turbine performance is challenged as the optimal wind farm control
scheme [34]. In contrast, with active yaw control (AYC), wind farms can be optimized in a holistic approach.
By now, there are a multitude of proposed yaw control algorithms, see e.g. [38�40]. Of special interest to this
work is an algorithm developed by Gebraad et al. [41], which �nds optimal yaw misalignments by utilizing a
parametric model to predict power output of a wind farm. A similar algorithm is deployed for this work, but
the parametric model is swapped for an arti�cial neural network.

In 2021, the National Renewable Energy Laboratory (NREL) released the FAST.Farm tool, which is a
mid-�delity tool for estimating the power performance and structural loads in wind farms. It was developed
to facilitate wind farm design [42]. It features a DWM model which extends and addresses shortcomings of
previous models. Moreover, it features a super controller module which allows for the development of e.g.
active yaw control schemes. The performance of FAST.Farm has been explored in previous studies [43, 44]. Of
special note are two studies by Shaler et al. [45] and Doubrawa et al. [46] in which a discretization sensitivity
study was conducted and the process of calibrating FAST.Farm is explained, respectively.

The novelty of this work lies in utilizing FAST.Farm to generate data for training an arti�cial neural (ANN)
network which, in turn, can inform the decisions of an AYC scheme. This approach is made feasible by the
development of computationally cheap tools such as FAST.Farm, which facilitates the simulation of a great
number of wind farm operating conditions.

1.2 Aim

This thesis aims to draw conclusions about how the yaw of the wind turbines should be controlled for a given
wind farm in a multitude of operating conditions. By utilizing the software FAST.Farm, the power performance
and fatigue loading on the wind turbines will be analysed in cases with and without an Active Yaw Control
(AYC) protocol. Machine learning will be employed to develop the AYC. The main objective of this thesis is
to investigate how to actively control the yaw of individual wind turbines, within wind farms, such that the
overall power of the wind farm is maximized.

For this work, a number of issues are to be resolved, which include:

ˆ Calibrate the FAST.Farm tool. FAST.Farm have numerous wake dynamics parameters which should be
tuned using a high-�delity simulation.

ˆ Understand and implement an active yaw control model within FAST.Farm. This is done in the following
steps:

� For a single wind turbine, implement the control strategy.

� Examine the developed active yaw control model for a two-turbine wind farm.

ˆ Utilize machine learning to further develop the AYC. Speci�cally, use a Feed-forward Neural Network
(FfNN) which can predict the wind farm power output in di�erent operating conditions.

1.3 Limitations

This work is made under a set of limitations which include:

ˆ The simulated wind farm is restricted to two turbines, seven rotor diameters (882 m) apart from each
other. The two turbines are lined up with the mean wind direction.

ˆ The simulated operating conditions of the wind farm are restricted to combinations of the yaw misalignment
angle of the upwind turbine (
 1), the ambient turbulence intensity ( TI ) and the wind shear exponent (� ).
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ˆ The AYC is developed to predict optimal yaw misalignments only for the upwind turbine.

ˆ To simulate the various operating conditions of the wind farm, no other tool than FAST.Farm is utilized.
As an exception, a single Large-Eddy Simulation (LES) is conducted in STAR-CCM+ (a computational
�uid dynamics solver) for the purpose of calibration.

ˆ For developing the AYC, only unsteady, turbulent in�ow is considered.

ˆ NREL's TurbSim [47] is utilized exclusively for generating synthetic wind.

ˆ Only horizontal axis wind turbines are studied.

ˆ The NREL reference5 MW wind turbine [48] is used in all simulations.

ˆ The yaw misalignment may not exceed� 30° with respect to the mean wind direction.

ˆ No other mean wind speed than8 m s� 1 is simulated.

ˆ The simulation time with FAST.Farm will not exceed 40 minutes because of existing computational
resources.

ˆ Only the neutral atmospheric boundary layer is considered as the dominant atmospheric strati�cation
during the day.
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2 Theory

In the following section, relevant theory for this work is presented. The topics at hand include the atmospheric
boundary layer, computational �uid dynamics, wind turbine modelling, wake dynamics, FAST.Farm, and
arti�cial neural networks.

2.1 Atmospheric Boundary Layer

The troposphere, which extends to roughly11km above the surface of Earth [49], can be decomposed into
di�erent sections, as illustrated in Fig. 2.1. At the bottom of the troposphere resides the Atmospheric Boundary
Layer (ABL), in which the �ow is turbulent and is in�uenced by the heating, cooling and geometry of Earth's
surface [50]. The ABL thickness can vary dramatically depending on location and time. It is common that the
ABL occupies around 10-20 % of the troposphere, but it can range from tens of meters to4km [49], depending
on stability, which is discussed in Section 2.1.1. Above the ABL, there is a region una�ected by turbulence,
which is known as the free atmosphere. Between the ABL and the free atmosphere there is a transition region,
which features a so-called capping inversion, as shown in Fig. 2.1. As opposed to a boundary layer above a �at
plate which grows proportionally to the square root of downstream distance, the ABL thickness is constrained
by the height of the capping inversion [50]. The capping inversion is characterized by a positive temperature
gradient. Turbulent motion is inhibited above the capping inversion due to buoyant e�ects; upwards moving
cold air is quickly pushed down again. This e�ectively traps turbulence within the ABL, and also gives an
upper bound on the turbulent eddy length scales within an ABL, which do not exceed the ABL thickness.
The eddy length scales which a�ect wind turbine and farm performance can range from the Kolmogorov scale
(order of millimetres) to the ABL integral length scale (order of kilometres). In simulations and modelling, it is
challenging to account for this large range of scales [17].

The atmospheric boundary layer can be decomposed into three vertical layers, as shown in Fig. 2.1. Closest
to the surface of Earth is the laminar bottom layer, which have a characteristic length called the roughness
length (z0) which can vary between a millimetre to several meters depending on the type of terrain [50, 51].
For instance, the open sea have a very low roughness length, while cities or sparse forests typically have higher
roughness lengths. Above the laminar layer is the Prandtl layer (or surface layer) and it usually occupies5 to
10 % of the ABL [49]. This region is characterized by large gradients. There is a wind velocity gradient because
of the no-slip condition at the surface. The evaporation and heat �ux from surface-to-air can also give rise to
signi�cant humidity and temperature gradients. Moreover, the turbulence is fully developed in the Prandtl
layer. The Ekman layer constitutes the topmost and occupies the largest share of the ABL. In it, the Coriolis
e�ect becomes signi�cant, which modulates the wind [17, 52].

Figure 2.1: Schematic representation of the troposphere (left) and its di�erent regions. Turbulent eddies are
indicated by swirls. The three bottommost regions, which together constitute the atmospheric boundary layer,
are shown to the right. The ( ) graph is a typical temperature pro�le in the ABL during daytime. Figure
inspired by Stull [50].
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2.1.1 Atmospheric Stability

As has been mentioned, the length scales of the ABL can vary greatly depending on its stability, which can be
described as the tendency of �uid elements to resist turbulent vertical motion [53]. The ABL can be either
unstable, stable or neutral. As rules of thumb, unstable conditions are associated with sunny days when the
ground is hotter than the air above it, or when cold air advects over warm surfaces [50]. In unstable conditions,
turbulence is enhanced and the ABL is thick. Stable conditions are characterized by the ground being cooler
than the air, and are typically achieved during night or in light winds. In stable conditions, turbulence is
suppressed and the ABL is shallow (20-500 m). In neutral stability, the heat �ux from the surface is negligible,
and shear forces dominate [52]. Medium to strong winds are typical of a neutrally stable ABL [50]. The reason
the stability of the ABL changes throughout the day is due to diurnal cycle of solar heating.

The stability of an ABL can be de�ned mathematically. The potential temperature ( � ) denotes the
temperature attained by a �uid element brought adiabatically to a standard pressure (p0). The derivate of �
with respect to the height (z) can be expressed as [54]:

T
�

d�
dz

= � � � a ; (2.1)

where T, � , and � a denotes the temperature, lapse rate and adiabatic lapse rate, respectively. The adiabatic
lapse rate is the rate at which temperature can decrease in an isentropic atmosphere without causing instability,
and is typically � 10°C km� 1 in Earth's atmosphere [54]. Hence, the ABL is stable, unstable, or neutrally
stable if the gradient of � is positive, negative, or zero, respectively. Another useful property is the potential
density (� � ) which is the density attained by a �uid element brought isentropically to p0. Its derivative with
respect to height is

�
1
� �

d� �

dz
=

1
�

d�
dz

=
� � � a

T
; (2.2)

where Eq. (2.1) was used in a step of the derivation. By the same logic as for the potential temperature,
it is understood that the ABL is stable, unstable, or neutrally stable if d� � =dz is negative, positive or zero,
respectively. For full derivations of Eqs. (2.1) and (2.2), see Section B.1.

By studying a �uid element, Eq. (2.2) can help explain why turbulence is attenuated or ampli�ed, depending
on the atmospheric stability. In stable conditions, if the �uid element is isentropically displaced upwards, before
reaching equilibrium, it is surrounded by other �uid elements more dense than it. Buoyant forces thus push it
downwards to its original position. This suppresses turbulent motion. In contrast, for unstable conditions, any
upward displacement is ampli�ed by a lifting buoyant force. This enhances turbulent motion. In neutrally
stable conditions, buoyancy neither attenuates nor ampli�es turbulent motion [54, 55].

Depending on the atmospheric stability and the surface roughness length (z0) the wind pro�le in the surface
layer is typically sheared to various degrees [52], as shown in Fig. 2.2. In stable conditions, the wind pro�le is
notably sheared over a large distance above ground. In contrast, in unstable conditions, the wind pro�le is
quite sheared close to the ground, but is almost uniform at greater heights. A quantity which can be used to
describe the shear (at least locally within the Prandtl layer) is the shear exponent (� ), which is used in the
empirical power law de�ned as

u(z) = uref

�
z

zref

� �

; (2.3)

where u is the streamwise velocity component. The subscriptref refers to a reference height, e.g. the hub
height of a wind turbine.

2.2 Computational Fluid Dynamics

Constitutive assumptions (for viscous forces and heat conduction) together with conservation principles for
mass, energy and momentum yields equations which can be solved to predict �uid �ow [54]. However, in most
cases, the complexity of such equations renders analytical solutions di�cult to obtain. In fact, gaining further
understanding of the Navier-Stokes equations (which govern continuum �uid motion) is one of the Millennium
Problems selected by the Clay Mathematics Institute [56], which include six important unsolved problems in
mathematics, spanning a wide range of topics. To cope with the absence of analytical solutions, the �eld of
Computational Fluid Dynamics (CFD) emerged in the late 1950s [54], thanks to the development of computers.
CFD is the method of �nding numerical solutions to the equations which govern �uid �ow. Today, CFD is an
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Figure 2.2: Typical wind pro�les in di�erent atmospheric stabilities. Figure modi�ed from [52].

integral tool for analysis and design processes involving �uid �ows, heat transfer and turbulence. It is utilized
in a variety of industries, including the biomedical, automotive, aerospace, and HVAC industries.

2.2.1 Governing Equations

The �ow in an atmospheric boundary layer is governed, in part, by the Navier-Stokes equations, which express
the conservation of momentum for a Newtonian �uid [55]. For a neutrally stable ABL, as is studied in this work,
the energy equation can be omitted from the governing equations, because the energy transfer is assumed to be
negligible. Moreover, wind speeds within the ABL are typically low enough to treat the �ow as incompressible.
For an incompressible �ow with constant viscosity, the Navier-Stokes equations are given as

@ui
@t

+
@uj ui

@xj
= �

1
�

@p
@xi

+ �
�

@2ui

@xj 2

�
+ f i ; (2.4)

where ui , x i , � , p, � , and f i denotes the velocity, the spatial coordinate, the kinematic viscosity, the pressure,
the density, and an external force, respectively. The external force acting on the �uid element can be e.g.
gravity. The Navier-Stokes equations are coupled with the continuity equation, which states that mass is
conserved. For an incompressible �ow, it is de�ned as

@ui
@xi

= 0 : (2.5)

2.2.2 Large-Eddy Simulations

In a Direct Numerical Simulation (DNS), the Navier-Stokes equations are solved for the instantaneous �eld at
all temporal and spatial scales. DNS is often prohibitive expensive in terms of computational resources. For
wind farms, the range of scales needed to be resolved is too large for DNS to be a feasible approach. Instead,
to reduce computational requirements and still yield accurate results, a Large-Eddy Simulation (LES) can be
viable an option.

In CFD, a common approach to solve the Navier-Stokes equations is by decomposing quantities in two
parts, an averaged part and a �uctuating part. In LES, the �eld quantities are �ltered such that the e�ect of
the large eddies is resolved, and the e�ect of the smaller eddies is modelled [15, 55]. Generally, small eddies
behave isotropically, in contrast to large eddies, which behave anisotropically. Hence, smaller eddies are easier
to model.

A spatially �ltered quantity can be expressed as the convolution of the quantity multiplied with a �lter
convolution kernel (G) [55]. Mathematically, the �ltered quantity is found as

�� (x) =
Z 1

�1
G(x � r )� (r ) dr ; (2.6)

where � = �� + � 0 for which the bar and the prime denote a spatially �ltered part and a sub�ltered part,
respectively. x and r are location vectors. In �nite volume methods, a box �lter is always utilized [55], for
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which the convolution kernel (G) have the following properties:

G(r ) =

(
1
� , jr j � �

2

0, jr j > �
2

; (2.7)

where � is the box side length. With the box �lter, the �ltered quantity is simply a cell volume average, and
the sub�ltered quantity is a subgrid-scale (SGS) part which corresponds to eddies of length scales smaller than
the box.

The eddy wavenumber (� ) is inversely proportional to the eddy length scale. Eddies of wavenumbers higher
than the cuto� wavenumber � c = �= � are modelled, while eddies with smaller wavenumbers are resolved.
Hence the LES can be understood as a way of low-pass �ltering the Navier-Stokes equations. In Fig. 2.3 the
spectrum of turbulent kinetic energy is shown, where the area under the graph corresponds to the turbulent
kinetic energy (k). In the �gure, three regions are indicated as I, II, and III. Region I contains large anisotropic
eddies which carry a large share of the energy, and they extract kinetic energy from the mean �ow. In region
II, called the inertial subrange, energy is transported from larger eddies to smaller eddies in a process called
the energy cascade. In this region, the eddies are isotropic. The dissipation subrange, region III, contains small
isotropic eddies. These eddies are largely responsible for the dissipation of turbulent kinetic energy (TKE),
such that TKE is converted to thermal energy at a rate of dissipation (� ) [55].

Figure 2.3: The spectral energy (E) as a function of wavenumber (� ). The area under the curve corresponds
to the turbulent kinetic energy ( k) of the �ow. Figure inspired by [55].

By �ltering the incompressible Navier-Stokes equations, the corresponding equations which are solved for in
LES are given as [55]:

@�ui

@xi
= 0 ; (2.8)

and
@�ui

@t
+

@�uj �ui

@xj
= �

1
�

@�p
@xi

+ �
@2 �ui

@xj @xj
�

@�ij
@xj

; (2.9)

where Eqs. (2.8) and (2.9) express the conservation of mass and momentum, respectively. The subgrid stress
tensor (� ij ) is de�ned as

� ij = ui uj � �ui �uj ; (2.10)

and can be modelled, with e.g. the Smagorinsky SGS model, which is an eddy viscosity model, such that

� ij �
1
3

� ij = � � SGS

�
@�ui

@xj
+

@�uj

@xi

�
= � 2� SGS �sij ; (2.11)
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where � ij , � SGS and �sij is the Kronecker delta, the subgrid-scale eddy viscosity and the spatially �ltered
strain-rate tensor, respectively. Further, � SGS can be de�ned as

� SGS = ( CS�) 2 j �sij j ; (2.12)

where CS is the Smagorinsky constant. It is a �ow dependent coe�cient, commonly on the order of 0.1.

2.2.3 Synthetic Turbulence

To generate turbulent �ows or turbulent boundary conditions without restrictive computational costs, synthetic
turbulence is an option to e.g. precursor large-eddy simulations. The main idea is to produce stochastic time
series of velocity �elds which share known characteristics of real turbulence, such as the slope of the curve in
region II of the energy spectrum shown in Fig. 2.3. To do this, the velocity �uctuations (v 0) are described in
wavenumber space as Fourier series, such that [55]:

v 0 = 2
NX

n =1

ûn cos (� n � x +  n ) � n ; (2.13)

where n, N , � , x ,  , � , û is the Fourier node number, number of such nodes, the wavenumber vector, position
vector, the phase angle, direction in wave number space, and amplitude respectively. The phase angles are
generated randomly, while the amplitude is modelled as a function of frequency (f ) or wavenumber (� ). There
is a relation between wavenumber and frequency, de�ned mathematically as

f =
2�
�

: (2.14)

A model for the power spectrum of the velocity components is the IEC Kaimal model [47, 57], which is
suitable for a neutrally stable ABL. For a velocity component K = u; v; w, the spectrum is de�ned as

SK (f ) =
4� 2

k L K =hui hub

(1 + 6 fL K =hui hub )5=3
; (2.15)

where S(f ), � , hui hub , denotes the spectrum, the standard deviation of the velocity componentK , and the
mean velocity at hub height 1, respectively. L K is an integral scale parameter, which is found as

L k =

8
><

>:

8:1� u ; K = u
2:7� u ; K = v
0:66� u ; K = w

; (2.16)

where � u is a turbulence scale parameter de�ned as

� u = 0 :7 � min(30 m; zhub ); (2.17)

where zhub is the hub height. Lastly, the model produce anisotropic turbulence such that

� v = 0 :8� u (2.18)

� w = 0 :5� u ; (2.19)

where � u denote the standard deviation of the streamwise velocity component.
By using synthetic turbulence, turbulent wind �elds can be generated at low computational costs. By

generating time series of synthetically turbulent wind in a plane, a full three-dimensional wind �eld can be
constructed by propagating those planes with the mean wind. The underlying assumption of this approach is
Taylor's frozen turbulence hypothesis, which states that turbulent properties (e.g. turbulent �uctuations of the
velocity �eld) are transported by the mean �ow [55]. The hypothesis holds better for low turbulence intensities.
Turbulence intensity ( T I ) is a way of quantifying the level of turbulence in a �ow and it is a central quantity
for this work. Here, it is de�ned as

T I =
� u

hui
: (2.20)

1 In this work, the notation for a temporally averaged quantity is h� i , where � is an arbitrary quantity.
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2.3 Wind Turbine Modelling

The presence of a wind turbine a�ects the surrounding �ow. Kinetic energy of the wind is extracted by the
turbine and converted to rotational energy and subsequently to electrical power by a generator. Hence, the
wind speed must decrease downstream of the turbine. In this section, methods to predict the power output,
aerodynamic forces, and structural loads are presented. Speci�cally, the actuator disc model, the blade element
momentum theory, the damage equivalent load and various properties of the reference wind turbine studied in
this work are described.

2.3.1 Actuator Disc Model

The Actuator Disc Model (ADM) is a useful model for understanding the energy extraction process of Horizontal
Axis Wind Turbines (HAWTs). The model treats the rotor of the HAWT as an in�nitesimal thin disc. There
are a number of assumptions accompanied by the model: the �ow immersing the disc is incompressible; the
�ow is steady and uniform upwind of the disc; the disc exerts no torque on the �ow; the �ow can be contained
in a stream tube [58]. Figure 2.4a show the actuator disc and its surrounding stream tube. In the �gure, the
far upwind and far downwind quantities are denoted by the subscripts1 and �1 , respectively.

The mass �ow rate is constant in the stream tube and is de�ned mathematically as

_m = �A 1 u1 = �A D uD = �A �1 u�1 ; (2.21)

where A and u denotes the cross-section area and streamwise velocity, respectively. TheD subscript relates to
the disc. Because the disc extracts kinetic energy from the �ow, the downwind streamwise velocity (u�1 ) must
be lower than its upwind counterpart (u1 ). Due to the constant mass �ow rate and the decrease inu, the
cross-section area of the stream tube must increase along the streamwise direction. HenceA �1 > A 1 .

In Appendix B.2 the so-called Betz limit is derived using ADM theory. The power coe�cient ( CP ) is the
ratio of extracted power (P) and available kinetic energy in the wind (P0). Betz limit expresses a theoretical
maximum of CP , such that

CP = P=P0 = 4�a(1 � �a)2; (2.22)

where �a is the axial induction factor, de�ned as

�a = ( u1 � uD )=u1 : (2.23)

The power coe�cient takes a maximum value of CP;max = 16=27 when �a = 1 =3 [58], which suggests that a
wind turbine can not extract more than 59 % of the kinetic power available in the wind.

The axial force exerted on the disc by the �uid (Fn ) can be expressed as

Fn = AD (p+
D � p�

D ) =
1
2

�A D u2
1 �a (1 � �a) ; (2.24)

where p�
D denote the pressure upwind and downwind of the disc, respectively, as seen in Fig. 2.4b. Similarly to

the power coe�cient, the thrust coe�cient ( CT ) can be de�ned as the ratio of axial force (Fn ) exerted on the
disc and the dynamic pressure at the disc (in unperturbed �ow) [58]:

CT =
Fn

1=2�A D u2
1

= 4�a(1 � �a); (2.25)

which has a maximum of unity at �a = 1=2, at which point the downwind velocity becomes zero, i.e. the �ow
is stopped completely downwind of the disc (as is understood from Eqs.(B.15) and (2.23)). For �a < 1=2, an
increase inCT decreases the downwind velocity (u�1 ) thus the area A �1 must increase, due to the conservation
of mass. Hence, an increase inCT expands the wake [15].

2.3.2 Blade Element Momentum Theory

The blade element theory is a method to derive expressions for the aerodynamic forces exerted on a radial blade
element of in�nitesimal radial length [59]. The blade element momentum theory (BEM) combines momentum
theory (conservation of linear and angular momentum) and the blade element theory. It is a widely used
method to analyse wind turbine rotor behaviour and rotor design [53]. For instance, it is used in one of
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(a) A stream tube containing the actuator disc and the �ow passing through it

(b) Qualitative velocity and pressure pro�les along the stream tube. The pressure
drops discontinuously across the disc, but recovers to ambient levels further down-
stream.

Figure 2.4: Associated velocity and pressure pro�les of the actuator disc model (bottom), along with the
encompassing stream tube (top)

FAST.Farm submodules, AeroDyn, which calculates the aerodynamic forces exerted on the rotor. For the
ADM, it assumed that the wake is irrotational downwind of the rotor. This is not the case for the BEM, in
which the torque exerted on the �ow is accounted for. Moreover, for the BEM, the axial �ow induction factor
(a) varies with radial distance. For the ADM, it was taken as a mean value (�a) along the blade. Figure 2.5a
illustrate the location of a blade element situated betweenr and r + d r from the rotor centre. Figure 2.5b
displays the relevant forces acting on that blade element. It can be shown that the lift and drag force are
de�ned mathematically as

FL =
�c
2

U2
rel CL (� ) (2.26)

FD =
�c
2

U2
rel CD (� ); (2.27)

where c, � , Urel , CD , CD is the chord length, angle of attack, �ow velocity in the blade element's moving frame
of reference, lift coe�cient and drag coe�cient, respectively.

The angle of attack can be found with trigonometry (see Fig. 2.5b) such that

� = � � �; (2.28)

where � and � is the local blade pitch angle and the angle between the relative velocity direction and the
blade element tangential direction, respectively. With velocity components directed as in Fig. 2.5b, the relative
velocity is found as

Urel =
p

(u! + 
 r )2 + u2
n ; (2.29)

where 
 , u! , and un is the rotational speed of the blade (such that
 = _! ), the tangential and the rotor
plane-normal �ow velocity components, respectively. The blade element momentum theory revolves around
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�nding the blade forces through an iterative process of �nding a correct pair of a and a0 [58], where the latter
is the tangential �ow induction factor.

(a) Annular ring of width dr and inner radius r (b) Relevant angles, forces and velocity components in
the frame of reference of a blade element

Figure 2.5: Schematic of the discretization of the rotor in the blade element theory with the annular ring
(left), which comprises the rotor, and a corresponding blade element at radiusr (right). Figure inspired by
Kleusberg [60].

2.3.3 Damage Equivalent Load

A standard metric of fatigue damage is the short term damage equivalent load (DEL). It is de�ned mathematically
as

DEL =

 
1

T f eq

X

i =1

ni (� Fi )m

! (1=m )

; (2.30)

where T, f eq, and m denote the elapsed time of the load time series, the DEL equivalent frequency (e.g. the
time series sampling frequency), and the Wöhler coe�cient, respectively. ni and � Fi refer to the number
of load cycles and the corresponding load range, respectively [61]. Regarding the Wöhler coe�cient, it is a
material constant and is taken asm = 3 for the steel tower and the yaw bearing. For the composite material
of the blades, it is taken asm = 10 [62]. The DEL represents the constant-amplitude sinusoidal load that
produces the same fatigue damage as the original load sequence [40].

2.3.4 Reference Wind Turbine

For this work, only one type of wind turbine is studied, namely the reference wind turbine de�ned by National
Renewable Laboratory (NREL). A few of its properties are de�ned in Tab. 2.1. The rated properties of the
turbine are achieved in wind conditions for which the maximal generated power is achieved. The cut-in and
cut-out wind speeds de�nes an interval within which the turbine can extract energy from the wind. The shaft
tilt of the turbine means that its rotor plane meets the horizontal wind obliquely.

In Fig. 2.6 various steady state responses of the reference wind turbine are shown as functions of the wind
speed. In a steady state, the generator torque increases quadratically until rated conditions are achieved, where
it stagnates. To achieve a high energy extraction e�ciency in Region 2, the tip speed is held constant while
the rotor speed increases up to its rated speed. The blade pitch angle is controlled above rated, Region 3, as
to keep the generator torque constant and limit the structural loads on the blades. For this work, the most
relevant properties are those corresponding to a wind speed of8 m s� 1.
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Table 2.1: Properties of the NREL 5 MW reference wind turbine [48]

Rating 5 MW
Rotor orientation, con�guration Upwind, 3 blades
Control Variable Speed, Collective Pitch
Rotor, Hub Diameter 126 m, 3 m
Hub Height 90 m
Cut-In, Rated, Cut-Out Wind Speed 3 m s� 1, 11:4 m s� 1, 25 m s� 1

Cut-In, Rated Rotor Speed 6:9 rpm, 12:1 rpm
Maximal Chord Length 4:7 m
Maximal Natural Frequency 2:9 Hz
Rated Tip Speed 80 m s� 1

Overhang, Shaft Tilt, Precone 5 m, 5°, 2:5°

Figure 2.6: Steady state behaviour of NREL's 5 MW reference wind turbine. Figure taken from [48].

2.4 Wake Dynamics

In the following section, some aspects of the relevant wake dynamics are covered, namely the wake regions,
wake-turbulence interaction, and wake de�ection.

2.4.1 Wake Regions

As mentioned in Section 1.1, the wind turbine wake can be divided into two distinct regions, namely the near-
and far-wake region [17]. Their locations are marked schematically in Fig. 2.4b. The near-wake region typically
stretches 2-4 rotor diameters downstream of the wind turbine, in which the wind turbine speci�c properties has
a large impact on the complex �ow behaviour. The near-wake is in�uenced by blade, nacelle and hub geometry
[17], and large pressure gradients [14, 16]. In this region, the wake centreline velocity de�cit reaches a minimum
and the �ow features helical vortex structures [17].

Downstream of the near-wake region is the far-wake region, in which the �ow is less complex, where the
pressure gradients have relaxed, and the wake pro�le is approximately Gaussian [14]. The �ow characteristics
in this region are not dictated by the speci�c wind turbine properties, rather general parameters such as the
thrust and power coe�cients and the in�ow wind conditions are su�cient for predicting the far-wake region
�ow [17]. In most wind farms, the wind turbine spacing is 3 to 10 rotor diameters, meaning most wake e�ects
are within the far-wake region. Thus, understanding the far-wake region is crucial for modelling and predicting
the performance of waked turbines.
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Figure 2.7: Forces and velocity components relevant for wake de�ection caused by the turbine with a yaw
misalignment angle (
 ). The wake skew angle (� ) can be estimated at the rotor and in the far-wake region.

2.4.2 Wake-Turbulence Interaction

The turbulence in the ambient �ow dictates much of the behaviour of the wake, e.g. how it moves, expands,
and decays. There is an annular shear layer between the ambient �ow and the wake. In the shear layer,
turbulence is generated which, together with the ambient turbulence, di�uses and expands the wake [14, 16].
Moreover, the shear-generated turbulence interacts with the core of wake, in�uencing its velocity de�cit and
thus recovery to ambient wind conditions. At the wake centreline, in the far wake region, the velocity de�cit
decays monotonically and at a rate depending on the ambient turbulence intensity.

As opposed to in a typical wind tunnel, the atmospheric boundary layer features a wide range of turbulent
eddy length scales. Because of this, the instantaneous wake centreline meanders, as shown in Fig. 2.7. This
is said to be due to the large scale eddies. Larsen et al. [16] modelled the wake meandering phenomenon
as a velocity de�cit being advected by the mean wind and displaced in a plane perpendicular to the mean
wind direction by the large eddies. The length scales of the eddies responsible for the wake meandering are
comparable to the wake diameter which often, prior to wake expansion, is equal to the rotor diameter [16].
Due to the importance of turbulence for wake meandering, the atmospheric stability in�uences the tendency of
wake meandering, with unstable conditions enhancing it [30].

2.4.3 Wake De�ection

Figure 2.7 shows a wind turbine with a yaw misalignment angle (
 ), such that the normal of its rotor plane
is no longer horizontally aligned with the mean wind direction. Thus, it exerts a mean thrust force (F ) on
the �ow such that a cross wind component is induced, which de�ects the mean wake centreline away from the
streamwise direction (the x-axis). By the actuator disc theory introduced in Section 2.3.1, the streamwise and
lateral components of the thrust forceF can be expressed as

Fx = � CT �Au 2
n cos
 (2.31)

Fy = � CT �Au 2
n sin 
 (2.32)

where A, � , u1 is the swept area of the rotor blades, the density of air, and the free stream velocity respectively.
The lateral force (Fy ) induces the cross wind velocity component, which causes the wake de�ection. Its de�nition
suggests that the thrust coe�cient ( CT ) plays a crucial role in de�ecting the wake. Indeed, Jiménez, et al. [7]
developed an analytical tool for predicting the wake skew angle (� ) which increases linearly with the thrust
coe�cient. The skew angle is indicated in Fig. 2.7 and is de�ned mathematically as

� =
�

D
�

� 2 CT

2
cos2 (
 ) sin(
 ); (2.33)
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where � is the wake width and grows with downwind distance (x). It can be approximated as [7]:

� = D + kx; (2.34)

where k is a wake growth parameter, typically within the range 0.09 to 0.125 [7].
The skew angle as de�ned in Eq.(2.33) suggest that de�ection is symmetrically dependent on the yaw angle.

However, in practice this is rarely the case, due to the rotation of the blades [37]. As will be shown here, the
angle of attack (� ) depends on the yaw angle (
 ) and the angle of rotation (! ), as de�ned in Fig. 2.5a. From
Fig. 2.7, it is clear that the normal and lateral velocity components of the rotor plane can be expressed as,

un = u1 cos
 (2.35)

u� = � u1 sin 
; (2.36)

respectively. The blade tangential velocity (u! ) can be expressed as a function of the rotor plane-lateral velocity
(u� ), such that

u! = � u� cos!: (2.37)

If u! is positive (it is negative in Fig. 2.5b), it is clear to see that the �ow angle (� ) is

tan � =
un

r 
 � u!
: (2.38)

Combining Eqs. (2.36) and (2.37),� can instead be expressed as

tan � =
u1 cos



 r � u1 sin 
 cos!
: (2.39)

An expression for the angle of attack is found by combining Eqs. (2.28) and (2.39), such that

� = arctan
�

u1 cos


 r � u1 sin 
 cos!

�
� �: (2.40)

In a uniform in�ow, such that u1 is constant across the rotor, the angle of attack (averaged over a full rotation
of the blades) has a symmetric dependence on
 . However, in the more realistic case of a sheared in�ow, the
average� has an asymmetric dependence on the yaw angle. As a consequence, the thrust coe�cient also gets
an asymmetric dependence on
 , hence, the wake should de�ect di�erently, depending on whether
 is positive
or negative.

2.5 FAST.Farm

FAST.Farm is a nonlinear time-domain multi-physics engineering tool composed of multiple submodules, which
represent di�erent physics domains of a wind farm [42]. It is an open-source mid-�delity tool for predicting
the power production and structural loads on wind turbines in wind farms. It is developed by the National
Renewable Energy Laboratory (NREL) and is an extension of the software OpenFAST, which solves the
aero-hydro-servo-elasto dynamics of individual turbines. The submodule hierarchy of FAST.Farm is illustrated
in Fig. 2.8. It is shown that it has four submodules: The Super Controller module which allows for farm-wide
logic to be employed, such as active yaw control; OpenFAST; Wake-Dynamics which models the advection,
de�ection, meandering and of the wakes; Ambient wind and wake merging are submodels of the Ambient Wind
and Array E�ects (AWAE) model. For each wind turbine included in a FAST.Farm simulation, there is one
instance of the OpenFAST and Wake-Dynamics modules.

It must be emphasized that FAST.Farm is not a CFD tool, it does not resolve the governing equations
for the �ow. Rather, it inputs time-series of an already established wind �eld and superimposes the e�ect
of the wind turbine wake upon that �eld. The input wind �eld may be generated with CFD, or by e.g.
synthetic methods. This approach of superimposing wakes on wind �elds renders FAST.Farm computationally
inexpensive. However, it also means that FAST.Farm should preferably be calibrated on a case-by-case basis,
using high-�delity simulations, such as a LES. FAST.Farm has twenty tunable wake dynamics parameters. In
this work, two of them will be calibrated, namely cmeander and MOD meander which in�uence the de�ection and
meandering properties of the wakes.
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Figure 2.8: The hierarchy modules associated to FAST.Farm. Figure taken from [42].

2.5.1 Wake Dynamics Modelling

The wake dynamics model in FAST.Farm features a Dynamic Wake Meander (DWM) model which builds on
previous models [42]. It addresses limitations of the previous DWM models, for example: wake de�cit pro�le
not being distorted by skewed in�ow to the rotor; lack of de�ection due to yaw misalignment; wake merging not
accounted for; wakes not allowed to meander axially, to name a few. Figure 2.9 illustrate several key features
of the wake dynamics in FAST.Farm. The blue lines in parallel with the corresponding rotor plane indicate
the wake planes in which wake properties are solved. The blue dots and arrows show the wake centres and
orientations, respectively. The grey lines indicate the wake centrelines. In areas of wake plane overlap, the
wake merging is accounted for by summing their weighted contributed velocity de�cits, which in turn a�ects
individual wake behaviour (e.g. their advection speed). As in the DWM model developed by Larsen et al. [16],
FAST.Farm models the wake meandering by treating the velocity de�cit as a passive tracer, which is a�ected
by eddies larger than two wake diameters [42]. The smaller eddies (less than two wake diameters) a�ect the
evolution of the wake velocity de�cit.

In the far-wake region, the so-called thin shear-layer approximation can be utilized, which is based on the
Reynolds-Averaged Navier-Stokes equations2 under quasi-steady-state and axisymmetric conditions. Under the
assumption that radial velocity gradients are much larger than their axial counterparts, and that e�ects of
pressure gradients and viscosity can be neglected, the Navier-Stokes equations can be expressed as:

Vx
@Vx
@x

+ Vr
@Vx
@r

=
1
r

@
@r

�
r� T

@Vx
@r

�
; (2.41)

2The Reynolds-Averaged Navier-Stokes equations are time averaged Navier-Stokes equations with quantities (such as velocity
and pressure) decomposed into a temporally averaged part and a �uctuating part. The so-called Reynolds decomposition leads to
a closure problem involving the symmetric Reynolds stress tensor, which introduces six additional unknown variables. Various
turbulence models handle the closure problem di�erently [55].
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Figure 2.9: Schematic representation of the wake dynamics in FAST.Farm. The blue straight lines, dots and
arrows represent radial wake planes, wake centres, and wake direction, respectively. The in�ow wind pro�le is
shown in red. The upwind turbine feels a skewed in�ow due to its yaw angle. Figure taken from [42].

and
@Vx
@x

+
1
r

@(rVr )
@r

= 0 ; (2.42)

where Eqs. (2.41) and (2.42) represent the conservation of momentum and conservation of mass, respectively
[42]. Vx , Vr , and � t is the axial and radial velocity components, and the eddy viscosity, respectively. In
FAST.Farm, the eddy viscosity increases linearly with the ambient turbulence intensity. That implies that a
highly turbulent ambient wind di�uses the wake to free stream conditions more rapidly than a low turbulent
wind. In FAST.Farm, the momentum and mass conservation equations are solved in a �nite di�erence approach.

The (blue) wake planes displayed in Fig. 2.9 indicate axisymmetric cross-sections of the wake, with properties
de�ned at discrete radial nodes (n). The velocity of a wake planem (V Plane

m ) is taken as a weighted sum of the
local disturbed wind (V Dist ), which depends on the ambient wind and velocity de�cits introduced by the wakes.
Mathematically, it is de�ned as

V Plane
m =

P
n wn V Dist

nP
n wn

; (2.43)

where wn is a weight de�ned as

wn =

8
><

>:

1 if MOD meander = 1 ;
jinc ( r n

cmeander � ) if MOD meander = 2 ;

jinc ( r n
cmeander � )jinc ( r n

2cmeander � ) if MOD meander = 3

(2.44)

where MOD meander and cmeander are wake dynamics parameters in FAST.Farm. The wake width is denoted by
� . The jinc function is de�ned as

jinc (r ) =
2 � J1(�r )

r
; (2.45)

where J1 is a Bessel function of the �rst kind [42]. Figure 2.10 displays the weight function (wn ) for various
values ofcmeander and MOD meander . For cmeander , an increase means that a larger area of the disturbed wind
�eld will be weighted into the calculation of V Plane

m . Hence, the e�ect of increasingcmeander is a wake plane
which moves more similarly to the ambient wind, which means that the wake will not meander and de�ect
as easily. In contrast, for low cmeander , the movement of the wake plane is to a larger degree dictated by the
velocity �eld close to the core of the wake, meaning that wake de�ecting and meandering tendencies of the
wake are intensi�ed. By the same reasoning, forMOD meander = 2 , the weight is less concentrated near the
wake centre, as compared to forMOD meander = 3 , hence a lowerMOD meander should yield less exaggerated
wake meandering and de�ection.
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(a) The radial dependence of wn for MOD meander = 2 (b) The radial dependence of wn for MOD meander = 3

Figure 2.10: Curves for the weight wn as a function of the two wake parametersMOD meander and cmeander ,
and the radial distance from the wake plane centre (r n ). The subscript n denotes the radial node number. The
dots ( ) indicate the points of truncation for wn , which corresponds to1:21967cmeander � and 2:23313cmeander �
for MOD meander = 2 and MOD meander = 3 , respectively. Note that r n is shown as continuous here, while it is
discrete in FAST.Farm.

2.6 Arti�cial Neural Networks

The 1011 neurons in our brains are connected in tree-like networks. Each neuron is connected with hundreds
to thousands of other neurons by synapses [63]. Despite a single neuron performing computations around a
million times slower than a silicon semiconductor, due to the complex connections of the brain, it is able to
perform complicated tasks much faster rate than any computer can. For a biological neural network (BNN),
e.g. the human brain, complex tasks such as locomotion and face recognition are quickly executed in a greatly
parallelized manner, a feature which is enabled by the architecture of the network [64], i.e. the ways in which
the synapses connect di�erent neurons.

Arti�cial neural networks (ANNs) are mathematical structures which are inspired by their biological
counterparts and are able to approximate any function [65]. With simpli�ed abstractions of the neurons (nodes)
and synapses (weights) in a biological neural network, the ANN seeks to mimic certain aspects of the BNN,
namely their parallelized computing, robustness, �exibility, and ability to generalize [64, 66]. An obstacle to
overcome when constructing an ANN is �nding a suitable structure of nodes and weights which can represent
the function at hand.

An early model of the neuron is the McCulloch-Pitts neuron. They described the state of the neuron as
binary. It is either �ring or not �ring, depending on inputs from other neurons and their mutual synapse
strength. A generalization of the model is shown schematically in Fig. 2.11. The output (ai ) of neuron i is
de�ned mathematically as [64]:

ai = g

0

@
X

j

wij aj + bi

1

A ; (2.46)

where wij , aj , bi , t denotes the weight (synapse strength) between node (neuron)i and j , the output of node j ,
the bias of nodei , respectively. g is the activation function, of which there are many, but a commonly used one
is the Hyperbolic tangent, de�ned as:

g(x) = tanh ( x) =
ex � e� x

ex + e� x : (2.47)

In the generalized case, the state of the neuron is no longer necessarily binary, rather it is continuous.
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Figure 2.11: The generalized McCulloch-Pitts model of neuroni

2.6.1 Feedforward Neural Network

There are many types of ANNs, and they di�er in how the outputs of neurons are handled. The type most
commonly used is the Feedforward Neural Network (FFNN), in which information propagates only forward,
from the input nodes to the output nodes [63]. The FFNN usually consists of layers of neurons, which are
categorized in three types. As seen in Fig. 2.12, there is an input layer and an output layer. Between them,
there can be any number of hidden layers. Each layer consist of a varying amount of neurons, each of which
operate as the generalized McCulloch-Pitts neuron shown in Fig. 2.11.

Given an input vector (x), the output of an FFNN with L layers (̂y ), excluding the input layer, can be
found as the function composition [66]:

ŷ = gL (W L gL � 1(W L � 1 � � � g2(W 2g1(W 1x + b1) + b2) � � � + bL � 1) + bL ); (2.48)

where W l , b, and gl denotes a matrix of weights between layerl � 1 and l, a vector of biases to each neuron in
layer l , the activation function at layer l , respectively. A key point to understand from Eq. (2.48) is that the
output of any layer is used as input in the next layer. Information is fed forward.

2.6.2 Backpropagation

To construct the ANN such that it approximates a given function su�ciently well, the strength of its synapses
(weights) have to be adjusted such that the ANN produces the desired outputs for a given input. The process
of adjusting the weights and biases in the neural network is called training, a process in which the ANN learns
how it should best handle inputs. One category of learning is called supervised learning. In supervised learning,
for any input vector ( x) the ANN is given a desired output vector (y ) [63]. Hence, the weights of the ANN can
be optimized such that its outputs (ŷ ) are as close toy as possible. To optimize the weights, some measure to
evaluate the ANN is needed. This is the role of the cost function (C). There are various cost functions, but the
one used in this work is the mean squared error (MSE), de�ned mathematically as:

C(y m ;ŷ m ) =
1

M

X

m

(y m � ŷ m )2 ; (2.49)

where M is the number of input-output pairs xm , y m and m = 1 ; 2; :::; M � 1; M . To train the ANN is to
minimize C. By studying the gradient of C with respect to the weights, the optimal weights can be found
e.g. by gradient descent optimization algorithm. The backpropagation method exploits the chain rule to
avoid duplicate calculations, thus speeding up the training of the neural network considerably. The weight
optimization is done iteratively and incrementally at some learning rate. Each such iteration is called an epoch.
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Figure 2.12: A feedforward neural network with two hidden layers. The �rst layer has 5 neurons, the second
layer has 3 neurons. Each neuron operate as a generalized McCulloch-Pitts neuron, shown in Fig. 2.11. The
last elements of the weights matricesW l (l = 1 ; 2; 3) are marked. Likewise, the last elements of the bias vectors
(b l ), corresponding to each layer, are shown. All other elements are implied by solid and dotted arrows for the
weights and biases, respectively.
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3 Method

In the following sections, descriptions are given for the methodology of calibrating FAST.Farm, training the
Arti�cial Neural Network (ANN), and developing the Active Yaw Control (AYC). Figure 3.1 shows the general
work�ow of the project. First, a calibration of FAST.Farm is conducted using results from a Large-Eddy
Simulation (LES). In this stage, only LES data is used for generating wind �elds in FAST.Farm. In the later
stages, only synthetic ambient wind is utilized.

Figure 3.1: Project work �ow chart. Large-Eddy Simulation data is used for the calibration of FAST.Farm.
Synthetic turbulence generated with TurbSim is used for all other steps of the work.

3.1 FAST.Farm Computational Domain

For all FAST.Farm simulations, the discretization and choice of domain dimensions are informed by the
guidelines given by the FAST.Farm manual [42] and a discretization sensitivity study by Shaler et al. [45].
Figure 3.2 illustrates both a FAST.Farm domain and a 3D structured grid which represents its discretization.
The blue-tinted zones indicate high-resolution domains which encompass the two turbines, which are situated
a distance ofl2 = 7 D away from each other. Both high resolution domains have the same dimensions. The
low-resolution domain and the high-resolution domains are discretized as three-dimensional structured grids,
shown schematically in Fig. 3.2. The subscripts �low� and �high� and denote properties of the low- and
high-resolution domains, respectively. The values of the dimensional parameters shown in Fig. 3.2 are indicated

Figure 3.2: Schematic view of the FAST.Farm domain (left) and its discretization (right)

in Tab. 3.1. It should be noted that the listed values are the desired values and can di�er slightly from what is
actually implemented, as the lengths have to coincide with the number of nodes and discretization, i.e. the
dimensional parameters are taken as integer multiples of the discretization lengths (e.g. dx low and dyhigh ).
Moreover, most parameters are set to constants for the FAST.Farm simulations. However, some of them varies,
e.g. the streamwise discretization length (dx low ) which depends on the in�ow, which is described in more detail
in Section 3.2.
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Table 3.1: Dimensional and discretization parameter values. The turbine rotor diameter is denoted by
D = 126 m.

Property Expression Value
dt low cmeander D=(10hui hub ) -
dthigh 1=(2f max ) 0:1 s
` low 25D 3150 m
wlow 6D 756 m
hlow 2:233cmeander D -
`high , whigh , hhigh 1:4D 180 m
l1 3D 378 m
l2 7D 882 m
dx low Vadvect dt low -
dylow , dzlow 2cmax 10 m
dxhigh dx low =cmax -
dyhigh , dzhigh cmax 5 m

3.2 TurbSim

TurbSim is a tool developed by NREL which can be used to generate time series of 2D wind �elds. Using
Taylor's frozen turbulence hypothesis, those 2D planes can be advected at a mean wind speed (Vadvect ). This
e�ectively creates a 3D wind �eld, as illustrated in Fig. 3.3. Turning 2D wind �elds into 3D �elds is done in
FAST.Farm through a submodule called In�owWind.

The generated wind �elds are 1200 slong, and their dimensions match the FAST.Farm lateral and vertical
dimensions, i.e.6D � 2:233cmeander D. The time length of the TurbSim-generated �ows (20min) is chosen as to
let the wake fully develop and be at least long enough to capture correlated turbulent patterns. An account of
the relevant turbulent length and time scales for the Atmospheric Boundary Layer (ABL) is discussed further
in Appendix A.2.2. The spatial resolution of the turbulent planes is 10 m� 10 m. The temporal resolution is
0:1 s, matching dthigh in FAST.Farm.

Figure 3.3: TurbSim-generated 2D planes of turbulent wind �elds propagating at an advection speed (Vadvect )
in a FAST.Farm domain. In one time step (dt) the plane travels a distance ofdt � Vadvect .

3.3 Calibration

In this section, the method of calibrating FAST.Farm is described, for which a set of derived quantities is
compared from the results of a LES and twenty FAST.Farm simulations, each with a unique combination of
parameters. The topics at hand include the de�nition of the wake quantities and how to identify and track the
wake in planes downwind of the turbines.

FAST.Farm can be calibrated to high-�delity simulations, such as large-eddy simulations. For this purpose,
FAST.Farm have 20 adjustable parameters which control the wake dynamics. Default values for these parameters
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have been found by Doubrawa et al. [46], who performed numerous large-eddy simulations in an extensive
calibration process. However, as the wind farm conditions for this study di�er slightly from those in the work
by Doubrawa et al., a new calibration is performed here. Two parameters are optimized in a grid search, namely
cmeander and MOD meander , which a�ect the meandering and de�ected behaviour of the wake [42], as discussed
in Section 2.5.1. These two parameters are calibrated because the wake de�ection is crucial for wake steering,
which is what the active yaw control is designed to do. The considered values for these parameters are shown
in Tab. 3.2. The thrust and torque for both turbines for the FAST.Farm and LES results are also compared, as

Table 3.2: All the parameter values for the calibration. n denotes the number of values tested and implies
what those values are, as the respective parameter values are equally spaced.

Parameter [min, max] n
cmeander [1.2, 2.1] 10
MOD meander [2, 3] 2

to not sacri�ce accuracy in other turbine responses in favour of wake prediction.
The LES is made by Dr. Hamidreza Abedi, using 1D actuator disc models for the two wind turbines,

situated on a row, 7D apart. Instantaneous wind velocity data is extracted in planes at the same distances
(relative to the turbines) as in the FAST.Farm simulations, as shown in Fig. 3.4. The speci�ed in�ow conditions
for the LES are listed in Tab. 3.3.

Table 3.3: In�ow conditions for the Large-Eddy Simulation

Property Symbol Value
Turbulence intensity T I 10 %
Wind shear exponent � 0.109
Mean wind speed at hub height hui hub 8 m s� 1

As indicated by Tab. 3.2, twenty FAST.Farm simulations are made, each with a unique combination
of cmeander and MOD meander . Extracted wind velocity �eld from the LES is used to generate in�ows for
FAST.Farm. To ful�l the FAST.Farm discretization guidelines [42], three di�erent in�ows are generated. One
for the low-resolution domain, and two for the turbine-encompassing high-resolution domains. The three wind
�elds are spatio-temporally synchronized. Using numerous in�ows is done to alleviate computational constraints.
It is computationally costly to generate an in�ow which ful�ls the high-resolution discretization requirements for
the whole low-resolution domain. As a solution, the low- and high-resolution in�ows are discretized di�erently.

3.3.1 Wake Quantities

The calibration is done by �nding the set of values for cmeander and MOD meander which yields the lowest
calibration error ( � sim ). The error depends on a set of derived wake quantities which are listed here:

ˆ h�V x (r; x )i - temporal mean of axial velocity de�cit.

ˆ h�V r (r; x )i - temporal mean of radial velocity de�cit.

ˆ � wake (x) - temporal mean of the wake centre's radial displacement.

ˆ � wake (x) - standard deviation of the wake centre's radial displacement.

A central quantity is the velocity de�cit ( � v ), which is de�ned here as:

� v (t; x; y; z ) = v(t; x; y; z ) � v1 (z); (3.1)

wherev(t; x; y; z ) and v1 (z) is the instantaneous wind velocity �eld and a free stream velocity �eld, respectively.
The latter is estimated using the power law de�ned in Eq. (2.3) for � = 0 :109 and uref = hui hub = 8 m s� 1 and
zref = zhub = 90 m. Using � v , the relevant velocity de�cits ( h�V x i and h�V r i ) can be calculated. Note that both
h�V r i and h�V x i have a radial dependence, which is with respect to the wake centre. This is discussed in more
detail in Section 3.3.3

The four quantities listed above are readily available outputs from FAST.Farm. However, for LES, they
have to be derived by �rst identifying the wake and its centre. In this work, the wake is tracked in 10 so-called
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Figure 3.4: Waked velocity magnitude �eld in the FAST.Farm domain. Blue and red regions indicate low and
high velocity areas, respectively. Positions of the data extraction planes are shown by the bold dashed lines.
White areas highlight the high resolution domains.

data extraction planes, which are indicated by the bold dashed lines in Fig. 3.4. Once the derived quantities
are found from the LES wind �elds, the calibration error ( � sim ) can be calculated as [46]:

� sim = � h�V r i + � h�V x i + � � wake + � � wake (3.2)

� h�V r i =
2TX

1T

6DX

2D

�
kh�V r i FF (r; x ) � h �V r i LES (r; x )k

kh�V r i LES (r; x )k

�
(3.3)

� h�V x i =
2TX

1T

6DX

2D

�
kh�V i x; FF (r; x ) � h �V x i LES (r; x )k

kh�V x i LES (r; x )k

�
(3.4)

� � wake =
2TX

1T

6DX

2D

�
k� wake,FF (x) � � wake,LES (x)k

k� wake,LES (x)k

�
(3.5)

� � wake =
2TX

1T

6DX

2D

�
k� wake,FF (x) � � wake,LES (x)k

k� wake,LES (x)k

�
(3.6)

where the subscriptsLES and FF denotes the wake quantities from the LES and the FAST.Farm simulations,
respectively. T and D denotes the wind turbine and downstream distance from said turbine, respectively. That
is to say, � sim is the sum of normalized errors in 5 planes downwind of both wind turbines. A reason why data
extraction planes closer to the turbines are excluded (e.g. at1D downwind of any turbine) is that the wake
behaviour is expected to be inaccurate in the very near-wake region [44]. The norms in Eqs.(3.3)-(3.6) are
Frobenius norms, de�ned mathematically as [67]

kAkF =

vu
u
t

mX

i =1

nX

j =1

jaij j2; (3.7)

where A is a matrix and aij its element in row i and column j .

3.3.2 Wake Tracking Methods

The lateral and vertical position of the wake centre (denoted byywake and zwake , respectively) in the data
extraction planes shown in Fig. 3.4 can be found by wake tracking techniques. To identify the wake, the
Simulated And Measured Wake Identi�cation and CHaracterization (SAMWICH) toolbox [68] is utilized, which
has been used in previous studies by NREL [46, 69]. For later comparisons, three di�erent wake tracking
techniques are utilized to identify the wake and calculate the wake quantities described in Section 3.3.1. In
this work, the three techniques are referred to as �Vollmer�, �Gaussian�, and �Bastankhah�. They are shown
together in Fig. 3.5. At each time step, the di�erent methods try to �nd a region in the data extraction plane
which best match an expected waked velocity �eld. The rest of this section is devoted to explaining how the
individual methods work.
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The method called Vollmer is based on the work by Vollmer et al. [30]. It attempts to �nd an area in
the waked �ow equal in size to the rotor-swept area (�D 2=4) which corresponds to the minimum available
mean speci�c power of a hypothetical downwind turbine. Mathematically, it can be de�ned as minimizing the
function f V under certain constraints, speci�cally:

f V =
1
2

Z y2

y1

Z z2

z1

u3dy0dz0; (3.8)

where y0 and z0 are dummy variables under the constraint

(y0 � ywake )2 + ( z0 � zwake )2 � (D=2)2 : (3.9)

Hence, the coordinate pairywake ; zwake which minimizes Eq. (3.8) under the constraint given by Eq. (3.9) is
said to be the centre of the wake.

The Gaussian method is quite straightforward. It attempts to �t (in a least-square sense) the following
function ( f G ) to the axial velocity de�cit �eld ( �V x ):

f G = � ua exp
�
�

1
2

4
D 2

�
(y � ywake )2 + ( z � zwake )2�

�
; (3.10)

where ua is the minimum velocity de�cit at the current time step [68]. The pair ywake ; zwake which provides the
�t with the lowest least square error is taken as the wake centre.

The technique named Bastankhah is based on the work by Bastankhah et al. [70]. It is similar to the
Gaussian method, but attempts to account for the expansion of the wake with downwind distance (and among
the three methods, it is the only one to do so). As in the case of the Gaussian methods, a pair ofywake ; zwake

is searched for, such that a function (f B ) is �tted to the axial velocity de�cit �eld in a least-square sense.
Mathematically is is de�ned as

f B = � ua

 

1 �

s

1 �
CT

8� 2

!

exp
�
�

1
2� 2

1
D 2

�
(y � ywake )2 + ( z � zwake )2�

�
; (3.11)

where
� = k � x=D +

p
�= 5 (3.12)

where k = 0 :03 and x denotes a wake growth parameter and the downwind distance, respectively.� is a
function of the thrust coe�cient ( CT ), such that

� =
1 +

p
1 � CT

2
p

(1 � CT )
: (3.13)

The Gaussian and Bastankhah methods will always �t their respective functions to the waked velocity �eld
and thus �nd a wake centre, regardless of validity. This is not the case for the Vollmer method, which may fail,
and in fact does so quite often. This is a perk of the Vollmer method.

3.3.3 Radial Dependence of Velocity De�cits

In FAST.Farm, the wakes are treated as axisymmetric. To compare the results of the LES and the FAST.Farm
simulations, the LES-derived velocity de�cits have to be calculated in a cylindrical coordinate system with its
origin at the wake centre (ywake ; zwake ). The following coordinate transformation is used for this purpose:

2

4
x̂
ŷ
ẑ

3

5 =

2

4
1 0 0
0 � sin � � cos�
0 cos� � sin �

3

5

2

4
x̂
r̂
�̂

3

5 ; (3.14)

where �̂ and r̂ denotes the azimuthal and radial unit vectors, respectively. x̂ , ŷ and ẑ denotes the streamwise,
lateral, and vertical unit vectors (in a Cartesian coordinate system), respectively. The radius from the wake
centre (r ) is de�ned as

r =
p

(z � zwake )2 + ( y � ywake )2 (3.15)
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Figure 3.5: Three wake tracking methods at the plane 4D downstream of the upwind turbine (WT1), which
is represented by the black blades. The contours indicate the axial velocity de�cit �eld. The circle contours
denote the predicted wake regions, and the cross markings the wake centres. The lengths of the lines between
the turbine hub and wake centres indicate the radial displacement of the wake centre.

and � is the polar angle de�ned as

� = arctan
�

� (y � ywake )
z � zwake

�
: (3.16)

A vector �eld ( A ) can be described in both a Cartesian and a polar coordinate system, such that the
following relation holds,

A = Ax x̂ + A r r̂ + A � �̂ = Ax x̂ + Ay ŷ + Az ẑ; (3.17)

where the A i denotes the vector component in the direction. By applying the coordinate transformation de�ned
in (3.14) to the right-hand side of Eq. (3.17), an expression for the radial component can be found as:

A r = � Ay sin � + Az cos�: (3.18)

Hence the radial velocity de�cit is determined from the Cartesian velocity de�cit components such that

�V r (t; x; r; � ) = � �v sin � + �w cos�; (3.19)

where �v and �w are the lateral and vertical velocity de�cit components of � v , which is given by Eq. (3.1).
In FAST.Farm, the velocity de�cits have no azimuthal dependence, only radial, hence the LES derived

velocity de�cits are azimuthally averaged. This averaging is done by sampling the velocity de�cit at 40
equidistant radial positions, for 12 di�erent values of � , and then averaging with respect to� . The sampling
points can be viewed superimposed on a waked velocity �eld in Fig. A.1.

3.4 Arti�cial Neural Network

In this section, the method of selecting a suitable Arti�cal Neural Network (ANN) and training it to data is
described. The purpose of the neural network is to predict the mean wind farm power production (hPi tot ),
given the turbulence intensity (T I ), wind shear exponent (� ) and the yaw angle of the upstream wind turbine
(
 1).
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When training the ANN, the mean squared error (MSE) is used as a loss function, as de�ned in Eq.(2.49).
The Adam algorithm is chosen as the optimizer, which is a stochastic gradient descent algorithm with a unique
and adaptive learning rate for each parameter (weights and biases) [71]. PyTorch [72] is used as framework to
build and train the ANN.

3.4.1 FAST.Farm Simulations

To produce data to be used in training the neural network, 504 FAST.Farm simulations are made. For each
such simulation, a combination of the operating conditions listed in Tab. 3.4 is selected. There are 72 possible
combinations. For each combination, 6 turbulent realization are made (TurbSim is run with 6 di�erent random
seeds). For all operating conditions, the in�ow is such that hui hub = 8 m s� 1

Table 3.4: All operating conditions for training the ANN. n denotes the number of values tested and implies
what those values are, as the respective parameter values are equally spaced.

Variable [min, max] n Unit

 1 [-15, 30] 7 deg
� [0.1, 0.2] 3 -
TI [5, 20] 4 %

3.4.2 Hyperparameters Grid Search

To make a neural network generalize well (i.e. to adequately predict correct outputs for unseen inputs), a
common approach is to split the measurement data into a training set and a validation set, a method which is
called hold-out validation. The optimization of the weights in the neural network is done with respect to the
training set, but its performance is evaluated using the validation set. This approach can prevent over�tting,
which is when the ANN �ts to the noise in measurements and thus fails to capture the trends in the data,
which is what is generally desired [63]. An ANN which performs well on a validation set does not necessarily
generalize well, e.g. because the ANN can perform well by chance. A remedy to this problem is K-Fold cross
validation, which is a technique used to evaluate the performance of a particular ANN architecture in a robust
way [73]. The K-fold procedure is illustrated in Fig. 3.6 for K = 5 . The dataset is split into �ve subsets (�folds�)
of approximately equal size. In a process which is repeated 5 times, one fold is chosen as the validation set, and
the remaining four folds are taken as training sets. The performance of the model is measured as the mean
across all the validation sets. If an ANN performs well in a K-Fold cross validation, it is thought to generalize
well.

Figure 3.6: Schematic representation of the K-Fold cross validation process

A hyperparameter is a parameter used to control the ANN learning process. Examples of hyperparameters
include: the number of hidden layers (the depth); the number of nodes (the width); the type of layer activation
function (g` ); the number of epochs; and the learning rate. An optimal ANN architecture can be found through
a process of hyperparameter tuning [74]. To determine apt hyperparameters for this work, a grid search is
done, such that all possible combinations of the hyperparameter values listed in Tab. 3.5 are explored. Details
of the procedure are given in Section A.2.3. The optimal hyperparameters are found as Width = 3, Depth = 3,
Number of epochs = 40000. The ANN architecture ultimately used is shown schematically in Fig. 3.7.
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Table 3.5: The di�erent ranges of hyperparameters changed for the neural network in a grid search for optimal
parameters.

Hyperparameter Values
Width 3,4,5
Depth 1,2,3
Number of epochs 20000, 40000, 80000

Figure 3.7: The architecture for the chosen neural network

3.5 Active Yaw Control

The Active Yaw Control (AYC) is the logic implemented into FAST.Farm's super controller module. It aims to
increase the mean wind farm power production (hPi tot ) by dynamically yaw misaligning the upwind turbine.
Thus, the power output of the upwind turbine is decreased, but by wake de�ection the loss of power output
can be more than compensated by the increase in power output of the downwind turbine. To evaluate the
AYC, a number of FAST.Farm simulations are made with and without the AYC for later comparisons of the
wind farm performance (e.g. wind farm power production). Each of the 12 unique combinations of� and T I
listed in Tab. 3.4 are simulated for 6 turbulent realizations. Furthermore, to evaluate the AYC in operating
conditions for which the ANN has not been trained, 6 turbulent realization of an interpolated case (� = 0 :12
and T I = 8 %) and an extrapolated case (� = 0 :17 and T I = 25 %) are simulated in FAST.Farm. Thus, a total
of 6 � (12 + 2) = 84 FAST.Farm simulations are conducted with the AYC enabled.

3.5.1 Control Algorithm

To increasehPi tot , the arti�cial neural network is used to predict the wind farm power production for random
yaw angles (for the upwind wind turbine). In each calling of the control algorithm, the wind farm power is
predicted at the current operating condition (given the turbulence intensity, wind shear exponent, and the
yaw angle). If a random yaw angle (
 �

1 ) is found such that the corresponding predicted total power exceeds
the power output at the current operating condition, the upwind turbine is given instructions to change its
yaw angle to 
 �

1 . Only positive yaw angles are searched for due to the negative angles being associated with
higher loads and hence increased costs [24]. Pseudocode for the algorithm is shown below in Algorithm 1. The
control scheme is loosely based on the work by Gebraad et al. [41], who uses a parametric model to predict
steady state power production and to optimize the yaw angles of six wind turbines comprising a wind farm.
In contrast, the control strategy for this study revolves around the arti�cial neural network predicting wind
farm power outputs. Opting for the game-theoretic approach of Algorithm 1 has two apparent perks. It is
straight-forward to implement, and due to its stochastic nature, its search for an optimum will not get stuck by
�nding a local optima.

3.5.2 Low-Pass Filter

Because the ANN is trained with temporally averaged data, there is a need to �lter the input signals to the
ANN during runtime, as the instantaneous data �uctuates. This need is met by using a four-stage cascaded
recursive low-pass �lter. Mathematically, the �lter is de�ned as [75]:

yn = a0xn + b1yn � 1 + b2yn � 2 + b3yn � 3 + b4yn � 4; (3.20)
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Algorithm 1 Pseudocode for the yaw control algorithm. The algorithm uses the arti�cial neural network
to predict the mean wind farm power production at the estimated current operating condition (T I , � , 
 1)
and at a potentially better operating condition ( T I , � , 
 �

1 ). The E parameter dictates how often to use the
optimization algorithm. k denotes the number of random yaw angles to try. The random values are picked
from uniform distributions.

loop
t  t + � t
r  random value 2 [0; 1]
Estimate current turbulence intensity, T I
Estimate current wind shear exponent, �
Estimate current yaw angle of upwind turbine, 
 1

if r < E then
Predict actual power production, hPi tot = ANN(
 1; T I; � )
loop

k  k + 1

 �

1  random value, 2 [0� ; 30� ]
Predict power production at 
 �

1 , hPi �
tot = ANN(
 �

1 ; T I; � )
if hPi �

tot > hPi tot then
Move upwind turbine towards yaw angle 
 �

1
end if

end loop
end if

end loop

Table 3.6: The coe�cients in the four stage cascaded low pass �lter. The parameter s is de�ned as
s = exp ( � f c� t), where f c = 0 :01 Hz and � t = 21:6 s, respectively.

Coe�cient Expression Value
a0 (1 � s)4 1:4 � 10� 3

b1 4s 3:2
b2 � 6s2 � 3:9
b3 4s3 2:1
b4 � s4 � 4:2 � 10� 1

where y, x, and n denotes the output signal, input signal, and sample index, respectively. The coe�cientsa0

and bi are called recursion coe�cients and their values are listed in Tab. 3.6. Typical �lter responses are shown
in Appendix A.1.2.
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4 Results

In this chapter, the results are presented and discussed. First, the results from the calibration are addressed,
where the aim is to tune the FAST.Farm solver such that it mimics the results of a Large-Eddy Simulation
(LES). Afterwards, results from FAST.Farm are given for a steady and uniform �ow, showing the potential of
wake steering in ideal conditions. For the Arti�cial Neural Network (ANN), results from several FAST.Farm
simulations are treated, mainly regarding the structural loads and wind farm total power output. These results
are then used to train the ANN, and that process is described. Further, the success and challenges of using the
ANN in Active Yaw Control (AYC) is demonstrated. An error analysis regarding all results is given as a �nal
remark.

In all �gures, the error bars signify a standard deviation with respect to a quantity measured in six turbulent
realizations. The upwind turbine and the downwind turbine are referred to as WT1 and WT2, respectively.

4.1 Calibration

In this section, the results from twenty FAST.Farm simulations with varied parameters are systematically
compared to the results from LES. The preferred wake tracking method is chosen and the optimal set of
parameters are identi�ed. Chie�y, FAST.Farm's ability to mimic the LES predicted wake behaviour is prioritized.
However, two structural responses are analysed as well, namely the torque and thrust exerted on the two wind
turbines by the air.

4.1.1 Wake Tracking Methods

The three di�erent wake tracking methods described in Section 3.3.2 are discussed here. Figure 4.1 displays the
mean radial wake centre displacement (� wake ) with respect to the hub position of the upstream wind turbine
(WT1). For all three methods, it is shown that the radial displacement increases with downwind distance (x)
with respect to the nearest upwind turbine. The increase in� wake is most likely due to the wake meandering,
the wake centre position oscillates with time.

By comparing � wake at positions which di�er 7D in distance (equal to the distance between WT1 and WT2),
e.g. x = 2D and x = 9D, it is clear that the mean radial wake centre displacement is greater downwind of
WT2 than of WT1. A possible explanation for this is the merging of the two wakes. The zone of the greatest
velocity de�cits downwind of WT2 is in�uenced by the wake of WT1.

Regarding the three models, they predict similar results, however, Vollmer's technique consistently predicts
the lowest displacements. The fact that its predicted displacement is lower than that of the Gaussian method is
consistent with the �ndings by Vollmer et al. [30]. Bastankhah's model predicts almost an identical displacement
as Vollmer's model for the wake between WT1 and WT2 (x 2 [0D; 7D ]). However, downwind of WT2 (x > 7D),
it predicts a greater � wake than any of the other models. This may be due to how the model is used. The
magnitude of estimated velocity de�cit according to the model decreases withx [70]. This distance is taken
with respect to WT1. A more accurate use of the model may be to use the distance to the nearest upwind
turbine.

Ultimately, the chosen wake tracking method is the Gaussian model, justi�ed by the time series of the radial
wake displacement (results omitted here). For Vollmer's and Bastankhah's respective model, the radial wake
displacement �uctuates unrealistically. The position of the wake centre is expected to change continuously.
Compared to the other models, this is captured to a greater degree by the Gaussian model, hence it is the
preferred wake tracking method.

4.1.2 Calibration Error and Optimal Parameters

The wake quantities described in Section 3.3.1 are calculated for the LES, with the Gaussian wake tracking
method, and given directly as outputs by FAST.Farm. As previously described, a calibration error� sim is
calculated for the 20 di�erent sets of parameters listed in Tab. 3.2. As shown in Fig. 4.2, the set of parameters
which correspond to the lowest� sim is MOD meander = 3 and cmeander = 1 :2. The value of MOD meander

corresponds to FAST.Farm's default value. However, thecmeander value is quite low as compared to the default
value of 1.9. Lowering thecmeander increases the wake meandering e�ect in FAST.Farm.
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Figure 4.1: The temporally averaged radial displacement of the wake centre with respect to the upstream
wind turbine's hub position, as predicted by the three di�erent wake tracking methods. ( ) Position and
radial blade span of wind turbines (WT) 1 and 2; ( ): Bastankhah; ( ): Vollmer; ( ): Gaussian.

As mentioned previously, the default parameter values in FAST.Farm have been derived from an extensive
calibration procedure by Doubrawa et al. [46], for which the wake downwind of one wind turbine was studied.
Compared to their study, the magnitude of � sim in this work is roughly twice as high. One explanation for this
discrepancy is the use of more extraction planes in this work.

Figure 4.2: The calibration error ( � sim ) as a function of the FAST.Farm parameterscmeander and MOD meander

which a�ect the wake dynamics calculations

Returning to the rather low value of cmeander , the discrepancy of it and the default value may be attributed
to the wake merging downwind of WT2. As illustrated by LES results in Fig. 4.1, the wake merging seem to
yield a positive o�set in � wake . To account for this, cmeander can be lowered (orMOD meander can be increased),
as that will yield an increase in wake meandering and thus increase the radial wake centre displacement.

By excluding data downwind of WT2 and using data only from the planes at 2D � x � 6D , i.e. the region
where only WT1 a�ects the wake, the optimal cmeander becomes1:6, as shown in Fig. A.3a. This further
suggests that it is the wake merging which cause the low value ofcmeander .

4.1.3 Thrust and Torque Comparisons

As to not sacri�ce FAST.Farm's ability to predict other important quantities, in favour of accurately predicting
wake behaviour, the temporally averaged torque and thrust exerted on the two wind turbines are compared to
the LES results. As shown in Tab. 4.1, for both turbines, the thrust matches well for FAST.Farm and the
LES. FAST.Farm predicts a slightly higher thrust, around 2 % and 3 % higher for WT1 and WT2, respectively.
In contrast, there is substantial di�erence in predicted torque by FAST.Farm and the LES. According to
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FAST.Farm, the torque is 9 % and 16 % higher than the LES results, for WT1 and WT2, respectively. This
inconsistency may be, in part, due to the actuator disk model used in the LES. For both actuator disks, a
constant rotor rotational speed is assumed, corresponding to a wind speed of8 m s� 1. For the upwind turbine,
this assumption is most likely valid. However, averaged over the WT2 rotor, the wind speed is lower, due to the
wake. This leads to an erroneous estimation of the power coe�cient (thus also the torque) and may contribute
to the inconsistency observed between the LES and FAST.Farm results.

Table 4.1: The thrust and torque extracted from the LES and the FAST.Farm simulations. Turbine no. 1
and 2 denotes the upstream and downstream wind turbine, respectively.

Turbine no. Solver Torque (kN m) Thrust ( kN)

1
LES 1711 3624
FAST.Farm 1864 3699

2
LES 1183 2824
FAST.Farm 1375 2920

4.1.4 Evolution of Wake Quantities

The following is a description of the di�erences and similarities in how FAST.Farm and the LES predicts the
wake quantities h�V x (x; r )i , h�V r (x; r )i , � wake , and � wake . For the LES results, the Gaussian wake tracking
method is used exclusively.

Figure 4.3 illustrates the downwind evolution of the Probability Density Function (PDF) of the wake centre
radial displacement, f (rwake ). From it, the mean and standard deviation of radial displacement (� wake and
� wake , respectively) can be understood. As the downwind distance increases, so does� wake . This is exactly
what was shown in Fig. 4.1. Likewise,� wake increases withx, as is understood from the widening of the �tted
normal distributions. What is interesting to note is how well the FAST.Farm and LES results match. For
the extraction planes at 2D � x � 6D , the results are similar. However, for the planes downstream of WT2,
(x � 7D), the predictions match poorly. There are two possible causes for the di�erences. First, the Gaussian
wake tracking method might not be suitable for tracking merged wakes. For the Gaussian method, assumptions
are made with regard to wake width and velocity de�cits. These assumptions may have to be revised for the
merged wake. Second, FAST.Farm may have some limitations in how the wake merging is modelled. As of
writing, the wake merging is accounted for by adding velocity de�cits in zones of wake overlaps [42]. Although
velocity de�cits are accounted for, it seems as if the wake centre position is not a�ected to a great degree by
the wake merging.

Figure 4.3: Streamwise evolution of �tted histograms of the radial wake centre displacement, relative to the
hub position of WT1. ( ): LES; ( ): FAST.Farm; ( ): Wind turbine positions and radial blade span.

In Fig. 4.4 the evolution of mean axial velocity de�cit ( h�V x i ) is displayed. It is shown that the velocity
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de�cit is large near the centre of the wake (r=D = 0 ) and tapers o� towards the edges of the wake (r=D � 1).
Quantitatively, the FAST.Farm results seem to match fairly well with the LES results. However, there is a
qualitative di�erence in how FAST.Farm predicts an o�-centre peak in axial velocity de�cit. Near the turbines
(x=D 2 f 2; 3; 9; 10g) FAST.Farm predicts a peak in axial velocity de�cit outside the wake centre, at around
r=D = 0 :3. In contrast, for the LES results, the largest de�cit is consistently found at the wake centre. In
previous work with an actuator line model, it has been shown that there is indeed a peak inh�V x i o�-centre
in the near wake region [9, 46], consistent with the FAST.Farm results. This is supported by the work of
Martínez-Tossas et al. [29], who additionally show that the location of peak velocity de�cit is o�-centre for an
actuator line model but not for an actuator disk model. This suggests that the LES axial velocity de�cit pro�le
would be more similar to the FAST.Farm pro�le, had an actuator line modelled been used, in favour of the
utilized actuator disk model.

Regarding the velocity de�cit at the wake centre, for the LES results, it decreases monotonically with
downwind distance (with respect to the nearest upstream turbine) at all measured planes. However, for
FAST.Farm, it increases and reaches peak values at5D downwind of both turbines. By contrast, it is expected
that the velocity de�cit assumes peak values at roughly2D downwind of both turbines [14]. The LES results
agrees with this, but not the FAST.Farm results.

Figure 4.4: Streamwise evolution of the mean axial velocity de�cit h�V x i . The radial distance (r ) is with
respect to the wake centre (ywake ; zwake ). ( ): LES; ( ): FAST.Farm; ( ): Wind turbine positions and
radial blade span.

Figure 4.5 illustrates the downwind evolution of the radial velocity de�cit. The FAST.Farm-predicted h�V r i
shows clear patterns. There are peaks in the radial velocity de�cit nearr=D = 0 :6 which decrease in magnitude
with downwind distance (with respect to the nearest upstream turbine). Close to the turbines, the radial
velocity de�cit is positive near the wake centre. The FAST.Farm results are consistent with previous work
by Doubrawa et al. [46]. The LES results are similar qualitatively. However, quantitatively, they are quite
di�erent, especially in the near-wake regions. The LES-predicted peaks are considerably larger than the peaks
predicted by FAST.Farm. Moreover, the location of the peaks di�er slightly for the two solvers. The accuracy
of the LES results is limited by the wake tracking technique. The radial velocity de�cit is with respect to an
identi�ed wake centre. If this centre is predicted erroneously,h�V r i will be less accurate. If it is the case that
the LES results are less reliable (with respect toh�V r i ), it is of interest to know how the optimal parameters
would change by excludingh�V r i from the calibration procedure. The calibration errors shown in Fig. 4.2
would be substantially lowered for all parameter combinations, as shown in Fig. A.3b, but the optimal pair of
cmeander and MOD meander would remain unchanged.

4.2 Steady Uniform In�ow

What follows is an account of the power production in the two turbine case when the wind is steady and
uniform, such that @v=@t= 0 and � = 0 (no wind shear). The wind speed at hub height is8 m s� 1. Without

32



Figure 4.5: Streamwise evolution of the mean radial velocity de�cit h�V r i . The radial distance (r ) is with
respect to the wake centre (ywake ; zwake ). ( ): LES; ( ): FAST.Farm; ( ): Wind turbine positions and
radial blade span.

any ambient turbulence to decay the velocity de�cit of the wake or meander the wake, this wind condition
should be ideal for wake steering and thus serve as an illustrative case for the potential of an active yaw
controller. The results are from 13 FAST.Farm simulations, with WT1 in di�erent yaw misalignments. As
shown in Fig. 4.6a, the generated power by the individual wind turbines WT1 and WT2 depends on the
yaw con�guration of the upwind turbine. As the yaw angle of WT1 ( 
 1) takes non-zero values, the power
production of WT1 ( P1) decreases. The reason for this is, in part, that the swept area of the rotor decreases.
As P1 decreases,P2 increases due to a smaller wake overlap with the WT2 rotor. Asj
 1j & 15°, P2 stagnates,
which likely means that the wake is completely de�ected, as indicated by Fig. 4.7. Because of the stagnation in
P2 and continued decline inP1, there is a peak wind farm power production (Ptot = P1 + P2) to be gained
by balancing the sacri�ce in P1 in favour of P2. Making such decisions is the main purpose of an active yaw
control scheme. The ratio ofPtot at its peaks and at 
 1 = 0° is roughly 9 %, which represents a potential gain
in power production to be had from an AYC strategy.

In previous studies, it has been observed that the power coe�cient (CP ) of a non-waked turbine depends on
its yaw angle (
 ) such that:

CP (
 ) = CP (
 = 0 °)(cos
 1)n ; (4.1)

where it is shown in Fig. 4.6b that n = 2 :84 �ts the normalized power curve for WT1. The value of n
corresponds fairly well with previous studies, which report exponents between1:8 � n � 3 [28, 41, 76].

4.3 Arti�cial Neural Network

The section below describes the results related to the Arti�cial Neural Network (ANN). The results are from
504 FAST.Farm simulations of di�erent combinations of wind shear exponents, turbulence intensities, and WT1
yaw misalignments, using the calibrated parameters found in Section 4.1.2. First, the structural loads on the
upwind wind turbine are presented. Second, the wind farm power production data which is used to train the
neural network is shown. Finally, ANN predictions of optimal yaw angles and peak wind farm power production
is presented. Results concerning the training of the neural network are covered in Sections A.2.4 and A.2.5.

4.3.1 Structural loads

Figures 4.8, 4.9, and 4.10 display the Damage Equivalent Load (DEL) for the blade root Out-Of-Plane (OOP)
bending moment, yaw bearing moment, and tower base fore-aft bending moment, respectively, for the upwind
turbine. In all �gures, the error bars denote the standard deviation in DEL, using the results from 6 di�erent
turbulent realizations of each combination of � , T I , and 
 1. For all load signals, it is shown that both the
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