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Abstract

Wake interactions in wind farms create strong coupling between turbines. Coordinated, farm-
level control is therefore required to meet power-tracking objectives and to reduce losses.
Model predictive control (MPC) has been shown to be a promising approach to achieve coor-
dinated control, since it can leverage a model to predict wake interactions over the prediction
period. However, existing approaches either rely on low-fidelity models with steady-state
simplifications that fail to capture transient wake dynamics, or on high-fidelity dynamic flow
models that can be computationally prohibitive. This thesis addresses the gap between pre-
dictive control performance and real-time optimisation in MPC from a model perspective, by
investigating model approximations; and from a control perspective, by designing distributed
MPC approaches.

Core to the proposed approach is the use of FLORIDyn as a prediction model, a dynamic
wind-farm flow model that captures nonlinear wake propagation and turbine interactions,
offering a middle ground between low-fidelity steady-state models and computationally inten-
sive high-fidelity models. Different levels of approximation within the MPC prediction model
are investigated. A centralised MPC controller is developed as a baseline and, motivated
by scalability of the approach, two distributed MPC approaches are designed: a full-farm
distributed model predictive control (DMPC) scheme that retains farm-wide dynamics in
each subproblem, and a subset DMPC architecture that restricts explicit wake modelling to
locally interacting turbines, both using the nonlinear prediction model.

Results indicate that prediction-model approximations can speed up the optimisation, at the
cost of introducing significant tracking error, highlighting a trade-off between computational
effort and control performance. Both the centralised and distributed MPC controllers reduce
tracking error significantly compared with the state-of-the-art mixed-integer quadratically-
constrained quadratic program (MIQCQP) approach. The subset DMPC architecture pro-
vides the best overall trade-off compared to the other proposed approaches, combining high
tracking performance with fast and predictable computation times as farm size increases.
The subset-based DMPC approach is therefore a promising candidate for high-performance
real-time farm-level control.
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Chapter 1

Introduction

1-1 Wind farm control

The share of wind energy in the global electricity production has increased rapidly over the
past decades, driven by the need for sustainable and low-carbon energy sources [31]. As the
share of wind energy increases, the wind-farm sector is evolving to match the growing demand,
with developments in turbine technology and farm layout design improving potential energy
output [31]. Most notably, the overall size and scale of wind farms is increasing as large-scale
wind farms offer increased energy supply with efficient use of space, benefiting from reduced
costs due to a common infrastructure [19].

This growth in the scale of wind farms leads to a new technical challenge, managing the wake
effect [33, 34]. When a wind turbine extracts energy from the wind, it creates a region of
reduced wind speed and increased turbulence downstream, known as the wake. As shown
in Figure 1-1, turbines operating in the wake of upstream turbines are exposed to slower,
more turbulent air, which leads to lower power output and increased mechanical stress. As
a consequence, the total power production of a wind farm is often significantly lower than
that which is theoretically possible based on the free wind speeds. This reduction in effi-
ciency, together with increased mechanical stress, can lead to higher maintenance demands
and reduced economic benefit of the wind farm [4, 34].

Traditionally, wind turbine control strategies have focused on optimising the performance of
individual turbines [2]. However, as wind farms have expanded and become more densely
packed, the turbulent wakes from one turbine increasingly interact with others downstream.
Consequently, the operation of a single turbine directly affects the quality and speed of the
wind reaching its neighbours, making farm-level control a critical field of research. To achieve
high performance control, a wind farm must therefore be considered a single, strongly coupled
dynamical system rather than a collection of independent units [2, 34]. Coordinating the
operation of all turbines becomes essential to mitigate these wake-induced energy losses and
to optimise the total power output of the entire farm. Indeed, wind farm flow control is
regarded as one of the grand challenges in wind energy [47].
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2 Introduction

Figure 1-1: Schematic representation of the wake effect between two wind turbines, aligned with
the free-stream wind. Adapted from [31].

Model predictive control (MPC) [38] has emerged as a promising strategy to address the
challenges of the wake effect within wind-farm flow control. MPC is an optimisation-based
approach that predicts the system’s future behaviour over a finite time horizon using a pre-
diction model, computing a sequence of optimal control inputs, of which only the first is
implemented before the process repeats at the next time step. Its suitability for wind-farm
flow control comes from the ability to capture wake interactions between turbines via a wind-
farm flow model. These interactions are accounted for during prediction to optimise the
control inputs and improve overall power output. MPC also treats operational constraints
explicitly, which is another advantage in this application. From an optimisation standpoint,
MPC requires solving a problem in real-time at each step. This creates a trade-off: the
prediction model must be accurate enough to represent the relevant dynamics yet computa-
tionally tractable so the optimisation can be solved within the available time. Wind-farm
flow dynamics are highly nonlinear and tightly coupled, featuring wake propagation, wake
recovery, and cumulative wake effects that are difficult to capture with simple models [4, 31].
The wind-farm flow model used within the MPC framework must therefore be sufficiently
accurate to make reliable predictions; oversimplified linear or static models are often not
sufficient. Consequently, for large-scale wind farms the resulting MPC formulation becomes
a high-dimensional nonlinear optimisation problem whose computational cost grows rapidly
with the number of turbines.

Two possible solutions to this tension between model fidelity and computational tractabil-
ity are distributed model predictive control (DMPC) and model-simplification strategies. In
DMPC framework, the global optimisation problem is decomposed into smaller subproblems
solved locally by individual turbines or groups of turbines, with coordination between turbines
or subgroups to achieve cooperative performance. This decomposition lowers problem com-
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1-2 Contributions 3

plexity and can shorten computation time, though typically at the cost of reduced (global)
performance. Model simplifications can further reduce computational demand, but they in-
troduce approximation error that may reduce control performance. The key consideration
in MPC for wind-farm flow control is the trade-off between computational tractability and
control performance. This thesis therefore investigates the following research question:

For a model predictive control framework using a dynamic engineering wind-farm flow
model, how can model simplifications and distributed control be used to balance
computational tractability and control performance for large-scale wind farms?

1-2 Contributions

The primary scientific contributions of this thesis are summarised as follows:

1. The first use of FLORIDyn as a prediction model in closed-loop MPC, showing that a
dynamic engineering model can explicitly capture wake effects within MPC.

2. The design of a distributed MPC scheme leveraging FLORIDyn as prediction model,
yielding a favourable trade-off between tracking performance and computation time
compared with a centralised controller.

3. An extension of the distributed MPC framework through a subset DMPC architecture,
designed to significantly enhance its scalability for large-scale wind farms.

4. An analysis of the trade-off between computation time and tracking performance for a
range of prediction-model approximations in closed-loop MPC.

1-3 Organisation of the report

The rest of this report is structured as follows. Chapter 2 consists of the background and
related literature on wind-farm flow control and describes the wind-farm flow model used
in this thesis. Chapter 3 presents the theoretical framework, covering prediction models,
and the nonlinear centralised and distributed MPC formulations. Chapter 4 reports the
case study results, examines model approximations and the performance of the centralised
model predictive control (CMPC) and DMPC approaches, and benchmarks these against the
state-of-the-art approach. Finally, Chapter 5 summarises the main findings and discusses
limitations and recommendations for future work.
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Chapter 2

Background and relevant literature

This chapter provides background on wind-farm flow control and reviews relevant literature
for the approaches proposed in this work. The first section gives an introduction to the field
of wind-farm flow control, followed by a section on wind-farm flow models, including the
theoretical details of the model used in this research. The third section discusses relevant
work on model predictive control for wind-farm flow control, followed by a brief summary of
this chapter.

2-1 Introduction to wind-farm flow control

In conventional wind farm control, wind turbines are typically operated on an individual
basis, each aiming to maximise its own local power output. This ‘greedy’ control strategy can
be effective at the turbine level, but in the wind farm case, where multiple turbines operate
in close proximity, the approach neglects the wake interactions that occur between turbines.
As wind farms increase in size and density, the cumulative wake effects become more severe.
This can lead to substantial power losses and higher structural loads. Therefore, to effectively
manage these interactions, a wind farm must be considered a single, strongly coupled system
rather than a collection of individual units. To address these challenges, control strategies
that operate at the wind farm level have been developed [2, 34]. The primary aim of wind
farm control is to improve the collective performance of the farm by explicitly accounting for
wake effects when making control strategies.

There are multiple strategies to reduce wake effects within wind farms, including axial induc-
tion control, wake steering, strategic turbine positioning and wake mixing [2, 31, 34]. In this
work, we only consider control of existing wind farms and refrain from discussing other strate-
gies than axial induction control and wake steering. Axial induction control acts on the axial
induction factor, which describes how much the rotor slows the wind as it passes through.
A higher axial induction factor means the turbine takes more momentum from the flow and
experiences greater thrust, whereas a lower axial induction factor reduces the turbine’s resis-
tance, lowers thrust, and weakens the wake it generates. Figure 2-1 illustrates this principle:
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6 Background and relevant literature

the upstream turbine is de-rated to reduce the thrust force on the flow, which lessens the wake
deficit and raises the mean inflow speed at the downstream turbine. Although this reduces
power at the front of the farm, the milder wakes can improve conditions for downstream tur-
bines and can lead to a net gain in total farm production. Complementary to axial induction,
which adjusts the magnitude of thrust, wake steering alters its direction. In this strategy the
upstream turbine is deliberately yawed away from the wind by adjusting its yaw angle, that
is, rotating the direction the turbine faces, which redirects the wake laterally and causes it to
bend downstream. Also called yaw misalignment, wake redirection, or wake deflection, the
aim is to steer the wake away from downstream turbines. Figure 2-2 illustrates the concept:
turbine 1 operates with a yaw offset, the wake is deflected, and turbine 2 is exposed to faster,
less disturbed inflow. As with axial induction, this reduces power at the front of the farm, as
the turbine is no longer facing directly into the wind and thus captures less energy. However,
the improved inflow for downstream turbines can raise total farm output.

Figure 2-1: Schematic illustration of axial induction control as a wake-mitigation strategy. The
upstream turbine (Turbine 1) is de-rated to reduce the thrust force it exerts on the wind, thereby
lowering the energy extracted and weakening the generated wake. As a result, the mean wake
velocity at the downstream turbine (Turbine 2) increases, improving its inflow conditions and
potentially the total power output of the farm. Adapted from [31].

An important consideration in wind-farm flow control is the control objective. Typical con-
trol objectives are power maximisation, (power) reference tracking, and mechanical load or
fatigue mitigation [2, 34]. Power maximisation is typically applied when wind conditions al-
low turbines to operate below their maximum capacity. In this regime, control actions such
as wake steering or axial induction control are used to redistribute flow and increase the total
energy extracted by the farm, often by benefiting downstream turbines at the expense of
slight curtailment upstream [3, 20, 21, 23, 35, 37]. Power reference tracking becomes relevant
in operational settings where the wind farm is connected to the electrical grid and must follow
a schedule determined by the transmission system operator (TSO). In such cases, the farm
is not tasked with producing the maximum possible power, but with delivering a specific
power level that may vary over time depending on market participation, ancillary service
provision, or grid stability requirements [40, 44, 46]. Achieving this requires coordination
among turbines to dynamically allocate generation while maintaining overall reliability. In
practice, this is often achieved by de-rating selected turbines, meaning they are operated
below their maximum power capacity to create wiggle room for upward adjustments. Alter-
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2-1 Introduction to wind-farm flow control 7

Figure 2-2: Schematic illustration of wake steering as a wake-mitigation strategy. The upstream
turbine (Turbine 1) is intentionally yawed away from the wind direction, creating a yaw offset
that deflects the wake laterally. This exposes the downstream turbine (Turbine 2) to higher
inflow speeds and reduced wake losses. Adapted from [31].

natively, the power output can be redistributed across turbines to balance tracking accuracy
and mechanical wear [40, 46]. Load and fatigue mitigation focuses on reducing mechanical
stress to extend the operational lifetime of turbines. Wind turbines are subjected to fluc-
tuating loads caused by turbulence, wake interactions, and electrical disturbances. Control
strategies that reduce fatigue can increase the lifetime of individual turbines or the entire wind
farm, thereby providing an economic incentive by lowering maintenance costs and improving
long-term availability. In most wind farm control cases, the control strategy aims either to
maximise the total power output of the wind farm, or to track a power reference. Load and
fatigue mitigation is less commonly the main objective and more often appears as a secondary
consideration or constraint.

Existing control strategies can be broadly grouped according to how they incorporate feed-
back and whether they employ optimisation. We distinguish three classes: open-loop control,
non-optimisation-based feedback control and optimisation-based feedback control. Open-loop
control approaches apply predetermined control inputs, which are calculated offline and do
not adapt to the current state of the system [3, 20, 21]. Despite being computationally
efficient, open-loop approaches tend to underperform in realistic changing flow conditions.
Non-optimisation-based feedback control approaches adjust control actions using fixed rules
and simple state-feedback controllers based on real-time measurements [37, 46]. These ap-
proaches offer simplicity and robustness compared to open-loop control approaches, reacting
effectively to disturbances without requiring detailed prediction models. However, they lack
explicit coordination and do not optimise flow interactions, leading to suboptimal perfor-
mance. Optimisation-based feedback control, for example model predictive control (MPC),
determines the control input by solving an optimisation problem at each time step, typically
using a (prediction) model of the wind farm [23, 35, 40, 44]. This control strategy offers more
advanced performance by combining feedback with (flow-aware) prediction models. How-
ever, their computational complexity often limits their real-time feasibility. This introduces
a gap between high-fidelity, flow-aware MPC formulations that are too computationally de-
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8 Background and relevant literature

manding for practical implementation and simplified approaches that neglect essential wake
interactions. Resolving this fundamental tension between prediction fidelity and computa-
tional tractability is therefore the primary challenge for effective, real-time wind-farm flow
control.

2-2 Wind-farm flow model

In this section we review the existing literature on wind-farm flow models and provide theo-
retical background on the model leveraged in this work. Wind-farm flow models describe the
aerodynamic interactions between wind turbines and their surrounding airflow. These mod-
els are distinct from wind-turbine models, which describe the dynamic response of individual
turbines to control inputs such as blade pitch and generator torque. One use of wind-farm
flow models is as a prediction model within model-based controllers, such as MPC. They
can also serve as simulators that emulate the behaviour of real wind farms. Depending on
the intended use, a trade-off must be made between computational complexity and accuracy;
for example, for simulation purposes accuracy is preferred, whereas for control applications a
balance is required to ensure real-time feasibility.

2-2-1 Overview of wind-farm flow models

Wind-farm flow models are typically categorised by their fidelity into low-, medium-, and
high-fidelity models. Table 2-1 provides an overview of the specific models discussed in this
section. The table categorises each model by its fidelity, time-dependency, and its primary
purpose.
Low-fidelity models, often termed engineering models, are the simplest and most computa-
tionally efficient wind-farm flow models. They rely on empirical formulas and simplified wake
assumptions to capture wake effects and interactions between turbines. Classic examples of
engineering models include the Jensen model [28], later extended to the Park model [30].
More recent implementations, developed with a focus on controller design, include FLOw
Redirection and Induction in Steady State (FLORIS) [22], used as a prediction model in [6],
and toolboxes such as SimWindFarm [24], applied in [18, 40, 42]. These engineering models
typically represent wakes as steady shapes and use static superposition rules. While these
simplifications make them fast and convenient, they fail to capture the time-varying charac-
ter of real wake fields and can overlook cumulative and evolving interactions across the farm
[3, 7, 20]. To bridge this gap, FLOw Redirection and Induction Dynamics (FLORIDyn) is
developed as an extension of these principles [8, 9, 22]. Although it retains the computational
efficiency of engineering models, it distinguishes itself by explicitly modelling wake advection
and time delays, thereby capturing the dynamic wake propagation that steady-state models
neglect.
Medium-fidelity models combine reduced-order physics with empirical corrections to improve
accuracy relative to engineering models, while maintaining lower computational costs com-
pared with high-fidelity models. An example is WFSim [11], which solves a two-dimensional
form of the Navier–Stokes equations along a horizontal plane. While these models offer im-
proved realism, their practical use in control remains limited due to computational demands
and the dominance of faster engineering models in early-stage control design.
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2-2 Wind-farm flow model 9

High-fidelity models, such as Simulator for Wind Farm Applications (SOWFA) [17], and
Sustainable Power-Wind (SP-Wind) [1], are based on computational fluid dynamics (CFD)
and solve the Navier–Stokes equations to capture complex flow phenomena including turbu-
lence, flow separation, and wake merging. Implemented in specialised simulation tools, these
dynamic models provide a physically realistic environment for testing and validating control
strategies [21, 46]. Their high computational cost, however, makes them unsuitable for online
optimisation or real-time control [35].

In summary, high-fidelity models capture aerodynamic complexity but are too computation-
ally intensive for real-time use, whereas engineering models are fast but miss important tran-
sient dynamics. This trade-off between accuracy and applicability motivates the development
of intermediate approaches. FLORIDyn [9], while built upon low-fidelity parameterised wake
equations, offers this ‘middle ground’ solution. It achieves this by integrating a crucial dy-
namic feature: the model explicitly captures transient wake advection. This combination of
a parameterised wake and dynamic transport is best described as a quasi-dynamic represen-
tation. It allows the model to capture wake propagation and recovery, unlike fast, steady-
state engineering models, without incurring the cost of computationally intensive CFD. This
favourable compromise between predictive accuracy and computational tractability makes
FLORIDyn a promising candidate for MPC.

Table 2-1: Overview of wind farm flow models used for prediction or simulation purposes, ordered
from low to high fidelity. SOWFA and SP-Wind are comparable in terms of their fidelity.

Model Fidelity Time-dependency Main Purpose/Use

Jensen-Park Low Steady Prediction
SimWindFarm Low Steady Simulation
FLORIS Low Steady Prediction / Simulation
FLORIDyn Low–Medium Quasi-dynamic Prediction / Simulation
WFSim Medium Quasi-dynamic Simulation
SOWFA High Dynamic Simulation
SP-Wind High Dynamic Simulation

2-2-2 The FLORIDyn model

This section provides a brief explanation on the FLORIDyn model as described in [9], with
minor adaptations as described in [44], since this model is adopted for the control framework
in this thesis. FLORIDyn explicitly simulates basic flow dynamics, in contrast to steady
engineering models such as FLORIS. Its key idea is to represent the wake field with discrete
observation points (OPs) that are created at the rotor plane of every turbine at every time
step and then advected downstream. On creation an OP stores the current turbine state (yaw
angle γ and axial induction factor a) and, as it moves with the incoming flow, it samples the
local wake reduction, taking into account wake interactions. Chains of OPs transport state
changes through the farm with a finite delay. By aggregating OPs over the rotor plane the
model obtains the rotor-effective wind speed that drives thrust and power.
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10 Background and relevant literature

Gaussian wake

FLORIDyn uses the Gaussian wake description presented in [5] as its local deficit model.
This model describes the wake as a deficit, which is strongest at the center and fades towards
the edges according to a Gaussian distribution. Figure 2-3 provides a schematic of this wake
structure. As wind flows from left to right, the wake propagates downwind, evolving through
distinct regions. Close to the rotor, the potential core (blue) and near wake (green) represent
the initial formation. Further downstream, the far wake (purple) begins to broaden and mix
with the ambient flow, gradually recovering its speed. To formalise this, the model operates
in a wake-aligned coordinate frame, K1 = {x1, y1, z1}, where the origin is at the turbine
and the x1-axis is aligned with the local inflow (downwind). In this frame, x1 denotes the
downwind distance, y1 the lateral (crosswind) distance, and z1 the vertical distance. The
mean streamwise velocity, v(x1, y1, z1), at any point within this frame is then expressed as
the free-stream velocity, V∞, with a deficit;

v(x1, y1, z1) = V∞
[

1 − ∆x1 exp
(

− 1
2

(y1−δ)2

σ2
y

− 1
2

z2
1

σ2
z

)]
, (2-1)

where V∞ is the ambient, free-wind speed, which is constant across the farm. The exponen-
tial term represents the Gaussian deficit, whose shape is determined by several key variables
visible in Figure 2-3. The term δ represents the wake deflection, which is the lateral shift of
the wake’s centerline caused by turbine yaw γ. The potential-core width and length are wy,pc
and xc. The wake spreads, σy and σz, define the width and height of the wake, which broaden
with increasing downwind distance x1. These wake shape variables are not static; they are
calculated individually for each OP based on its inherited parameters (e.g., aOP, γOP), its
downwind position x1, and the ambient turbulence intensity I. The specific parametrisa-
tion follows [9], these detailed formulas are omitted from this chapter and are presented in
Appendix A. While turbulence intensity is a critical input for these equations (primarily gov-
erning the wake recovery rate ), it is treated as a static, known parameter. This reflects a
fundamental design choice of the FLORIDyn model, which simulates the advection of the
mean wake deficit and does not capture dynamic turbulent wind speed fluctuations.

The deficit amplitude, ∆x1 , determines the maximum speed reduction at the center of the
wake at a distance x1. This amplitude is not constant; it diminishes as the wake recovers and
is calculated based on the turbine’s current yaw angle γ and thrust coefficient CT. Following
[5], a compact expression is given by

∆x1 = 1 −
√

1 − CT cos2γ

8 (σy/D) (σz/D) , (2-2)

with D being the rotor diameter. This calculation links the deficit amplitude directly to
thrust coefficient, CT (later defined in Eq. 2-9), and the wake’s current spread relative to the
rotor size.

Finally, the model employs two coordinate frames for its calculations. While the wake physics
are resolved in the local, wake-aligned frame K1, the overall farm layout is fixed in a global
world frame, K0 = {x0, y0, z0}. The model maps positions and velocities between these frames
using a rotation, R01(θ), which is defined by the measured wind direction θ.
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2-2 Wind-farm flow model 11

Figure 2-3: Schematic of a yawed-turbine Gaussian wake, adapted from [9]. The wake is
partitioned into the potential core (blue), near wake (green) and far wake (purple). Variables
x1, y1 and γ denote the downwind, crosswind and yaw-angle directions in the local frame. The
potential-core width and length are wy,pc and xc; δ is the yaw-induced deflection; and σy, σz are
lateral and vertical spreads.

Observation points

Figure 2-4 illustrates the core mechanism of FLORIDyn: the propagation of discrete OPs
through the wind farm. At k = 1, a new OP (blue) is created at the rotor plane of Turbine 1
and convected downstream with the wind. As time advances (k = 9 and k = 11), this OP
transports flow and turbine-state information, specifically the yaw angle γ and axial induction
factor a inherited from its turbine upon creation, through the domain. It eventually reaches
the rotor of Turbine 2, where its influence is accounted for in the downstream wind evaluation.
In this way, chains of OPs transmit state changes through the farm with a finite delay,
providing a computationally efficient representation of the dynamic memory of upstream
actions. For clarity only one chain is shown in Figure 2-4.

While Figure 2-4 shows a single chain, in practice many OPs are generated on the rotor plane
each time step to cover the region where wake effects are most pronounced. The number of
chains per turbine Nc and the number of OPs per chain NOP are key design parameters that
define the spatial resolution of the model; a higher number provides a finer, more accurate
discretisation at a greater computational cost. The OPs are positioned on the rotor plane
according to a sunflower distribution [48], which yields an even, radially balanced spread over
the rotor and near-wake cross-section without requiring a dense grid. Each new OP receives
fixed, non-dimensional crosswind coordinates (νy, νz) from the sunflower pattern and inherits
the current turbine settings (γ, a). These non-dimensional coordinates define the OP’s relative
lane within the wake. As new OPs are generated in these lanes at subsequent time steps,
and the existing ones propagate downstream, they form distinct chains that trace the wake’s
evolution. The parameter NOP explicitly defines the maximum length of each chain. When
a new OP is generated, pushing the chain length beyond this limit, the oldest OP (the one
furthest downstream) is simply discarded from the model dynamics. The non-dimensional
crosswind coordinates (νy, νz) are mapped to the local wake frame K1 by scaling with the
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Figure 2-4: Propagation of observation points in time and space. For simplicity, only one chain
of observation points is shown. At k = 1, a new observation point (blue) is generated at the
rotor plane of Turbine 1 and is convected downstream with the wind. As time advances (k = 9
and k = 11), this observation point carries flow and turbine information through the domain
and eventually reaches the rotor plane of Turbine 2, where its influence is accounted for in the
downstream turbine’s evaluation.

wake’s current widths and including the yaw-induced deflection δ:

y1 = νy (6σy + wy,pc) + δ, z1 = νz (6σz + wz,pc), (2-3)

where σy, σz, δ, wy,pc, wz,pc correspond to the geometric quantities introduced in Figure 2-
3. The factor 6σ provides a ±3σ coverage of the Gaussian extent, ensuring sampling over
the main velocity-deficit region. The model separates the OP’s downwind motion from its
crosswind position. The downwind motion in the wake frame is modelled as a simple advection
step, which updates only the x1 coordinate:

x+
1 = x1 + vadv ∆t, (2-4)

with vadv the advection speed and ∆t the model time step. The propagation in the y1 and
z1 directions is handled differently. It is not a stepwise advection but a re-calculation using
Eq. 2-3 at the new x+

1 position. As the OP moves downwind, the wake itself expands (i.e.,
σy and σz increase) and deflects (i.e., δ changes). After re-evaluating these wake variables
parameters (Appendix A), the OP’s crosswind coordinates are updated (2-3) to their correct
position within this evolved wake structure.

Finally, this full 3D propagation is mapped back to the global farm layout. The world-frame
position is updated by rotating with the current wind direction θ,

r+
0 = r0 + R01(θ) (r+

1 − r1). (2-5)
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Here, r0, and r1 are the OP’s (x,y,z) position vectors in the world and wake-aligned frames,
respectively. This equation combines the downwind step (2-4) and the new crosswind position
(2-3), both contained within r+

1 , to calculate the OP’s new global (x,y,z) coordinates. Con-
sistent with the frozen-turbulence assumption, vadv is taken equal to V∞, which avoids chain
crossing and maintains numerical robustness [45]. In practice this means that OPs travel
downstream with the free wind speed.

Turbine wake interactions

The final step in the FLORIDyn formulation concerns how the information carried by the OPs
is used to estimate the flow conditions experienced by downstream turbines. The effective
wind speed seen by an OP, v, is computed by multiplying the free-stream wind speed V∞ with
the remaining fractions after all wake reductions have been applied. Using a multiplicative
superposition of deficits, the OP inflow becomes

v = V∞ (1 − r) rf = V∞ (1 − r)
∏
j∈U

(
1 − rj

)
, (2-6)

where r is the reduction due to the own (generating) turbine, and rf is the resulting foreign
reduction factor at the OP location. Each OP has a single reduction factor, r. This value
is used consistently, whether it is defining its own wake deficit or acting as a foreign-wake
contribution to another OP. The foreign reduction factor is the product of all contributing
upstream wakes, U . This set of contributors is determined by a proximity search; a foreign
OP is typically included if its distance is less than one-quarter of the generating turbine’s
diameter [9].

The reduction factor r of every OP is linked to the Gaussian wake formulation. Its calculation
depends on the OP’s location within its own wake, as depicted in Figure 2-3. An OP is
identified as being inside this region Ccore by a geometric check against the potential core
boundaries, which are defined in Appendix A. Inside the potential core, the reduction is
treated as constant and maximal, based only on the turbine’s thrust CT (2-9). This constant
reduction factor, rcore, is given by:

rcore = 1 −
√

1 − CT. (2-7)

Outside the core, in the near wake and far wake regions, the reduction decays from the center
according to the Gaussian field. This reduction-factor field is defined as

r = 1 − v(x1, y1, z1)
V∞

= ∆x1 exp
(

− 1
2

(y1−δ)2

σ2
y

− 1
2

z2
1

σ2
z

)
, (2-8)

which is a recasting of Eq. 2-1. This calculation is directly driven by the deficit amplitude
∆x1 (2-2), which in turn is computed from the thrust coefficient CT, computed using the
inherited γOP, aOP:

CT = 4aOP(1 − aOP cos γOP). (2-9)

While Eq. 2-6 gives the effective wind speed at the OP’s location, the calculation of the wind
speed at the turbine rotor is handled separately. To compute the inflow conditions at each
rotor, the OPs that lie within the rotor disc (that have not yet been propagated downstream)
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are projected onto the full rotor plane (x1 = 0). For a given yaw angle γ, the coordinates of
these OPs are

y1 = νy D cos γ, z1 = νz D, x1 = 0, (2-10)

where (νy, νz) are the non-dimensional sunflower coordinates and D is the rotor diameter.
The rotor-effective wind speed of turbine i, vi, is then obtained by averaging the OP inflow
velocities, weighting each by its associated area w. This weighting is necessary because the
OPs are not uniformly spaced across the rotor disc; each weight in the vector w corresponds to
the specific portion of the total rotor area that a single OP represents. These area weights w
are computed using a Voronoi tessellation [49] over the rotor plane, ensuring the integral over
the rotor area is accurately approximated by a weighted sum. This step must only include
the influence of upstream wakes, as the turbine’s own wake develops downstream of the rotor
and does not reduce its own inflow. Therefore the free-stream wind V∞ is reduced only by
the foreign reduction factor rf :

vi = w⊤(
rf ◦ V∞

)
. (2-11)

Finally, this rotor-effective velocity vi is used to determine power extraction, which is a
function of the turbine’s control inputs (ai, γi). This coefficients are defined as

CP = κ 4ai(1 − ai)2 cospγi, (2-12)

where κ is an empirical efficiency correction and p an exponent describing yaw-related power
losses [44]. Combining these relations yields the per-turbine mechanical power:

Pi = η 1
2ρA v3

T,i CP = η 1
2ρπD2

4 v3
T,i CP, (2-13)

with air density ρ, rotor area A, and total efficiency factor η. Through this chain of relations,
FLORIDyn links the Gaussian wake description to a dynamic, reduction-factor-based model
that efficiently captures how turbine operating states and ambient wind conditions shape the
evolving flow field across the farm. All symbols introduced are summarised in Table2-2.

FLORIDyn Summary and Limitations

The FLORIDyn model is designed for control-oriented applications, prioritising computa-
tional efficiency over high-fidelity flow resolution. Its primary advantage is that it functions
as a quasi-dynamic model, capturing the essential transient effects of wake advection and
propagation (as seen in Figure 2-4). This offers a practical compromise between compu-
tationally intensive CFD models and overly simplistic steady-state engineering models (e.g.
FLORIS). This dynamic behaviour is achieved by executing a sequence of calculations at
each discrete time step. A procedural summary of one such step, which links each operation
to the defining equations introduced above, is provided in Algorithm 1. In Section 3-1, we
reformulate the above model concisely into a state-space model suitable for prediction in an
MPC scheme.

The model’s predictive accuracy is constrained by several simplifying assumptions, each intro-
ducing specific deviations from real-world fluid dynamics. First, the wake is approximated by
a symmetric Gaussian velocity-deficit profile (2-1) with a uniform potential core, a geometric
simplification that neglects the complex, asymmetric vortical structures and near-wake mixing
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Table 2-2: Symbols used in the FLORIDyn formulation.

Symbol Meaning Units

V∞ Free-stream wind speed m s−1

θ Wind direction (world frame) rad or deg
I Ambient turbulence %
v(x1, y1, z1) Local mean velocity (wake frame) m s−1

∆x1 Gaussian deficit amplitude –
σy, σz Lateral/vertical wake spreads m
δ Lateral wake deflection m
D Rotor diameter m
r Reduction factor –
v OP effective wind speed m s−1

vi Rotor-effective wind speed (turbine i) m s−1

νy, νz Non-dimensional cross coordinates (sunflower) –
y1, z1 OP cross coordinates (wake frame) m
x1 OP downstream coordinate (wake frame) m
vadv OP advection speed m s−1

∆t Model time step s
r0, r1 OP position in world/wake frames m
R01(θ) Rotation from wake to world frame –
U Upstream contributors set –
rf Foreign-wake combined fraction at OP –
w Normalised OP area weights (rotor) –
γi Turbine yaw angle rad or deg
ai Axial induction factor –
γOP Inherited OP yaw angle rad or deg
aOP Inherited OP axial induction factor –
CT Thrust coefficient –
CP Power coefficient –
ρ Air density kg m−3

A Rotor area m2

η Efficiency factor –
wy,pc, wz,pc Potential-core widths m
xc Potential-core length m
Pi Turbine power W

present in actual flows. This approximation extends to the wake evolution, where broadening
is parameterised through fixed spreads σy and σz rather than solved fluid dynamics, and
aerodynamic coefficients CT and CP are treated as quasi-steady, thereby failing to capture
transient dynamic inflow effects. A critical deviation arises from Taylor’s frozen-turbulence
hypothesis, which convects OPs at the uniform free-stream speed V∞ (2-4). This decouples
the information transport speed from the local flow velocity, assuming turbulent structures
remain unchanged during advection. Furthermore, the interaction of multiple wakes is mod-
elled via a simple multiplicative superposition (2-6) based on a proximity threshold, which
overlooks the non-linear fluid mixing and turbulence enhancement that occur in dense arrays.
Finally, discretising a continuous flow field into a finite number of OPs introduces resolution-
dependent errors, where insufficient spatial density or chain length can smooth out sharp
gradients and under-represent the physical extent of wake propagation.
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Algorithm 1 One FLORIDyn Step
1: Receive current measured ambient conditions V∞, θ, I.
2: Receive current measured outputs y (e.g., vi, Pi).
3: Receive control inputs ui = [γi ai] for every turbine i, aiming to track Pref .

4: Plant Update (Propagation):
5: Apply new control ui to all turbines.
6: for each turbine i = 1 . . . NT do
7: Create new OPs at rotor i, storing the turbine’s input {γi, ai} as {γop, aop}.
8: end for
9: Compute thrust coefficient CT for all OPs using γop, aop and Eq. 2-9.

10: Compute wake shape variables σy, σz, δ, wy,pc, wz,pc for all OPs using x1, CT, γop, I and
Appendix A.

11: Compute OP crosswind positions y1, z1 using νy, νz, σy, σz, δ, wy,pc, wz,pc and Eq. 2-3.
12: Identify potential core set Ccore using x1, γop, aop, I and Appendix A.

13: – Calculate OP own Reduction r –
14: For OPs in Ccore, compute r using CT and Eq. 2-7.
15: For OPs not in Ccore (i.e., in near/far wake):
16: Compute deficit amplitude ∆x1 using CT and Eq. 2-2.
17: Compute r using ∆x1 and the Gaussian field in Eq. 2-8.

18: – Calculate Foreign Reduction –
19: Find set of foreign neighbors U for each OP (e.g., within D/4 distance).
20: Compute foreign reduction factor rf using U , rj and Eq. 2-6.

21: – Calculate Turbine Wind Speed –
22: Project rotor-plane OPs and get area weights w using Eq. 2-10 .
23: Compute rotor-effective speed vi using w, rf , V∞ and Eq. 2-11.
24: Compute power coefficient CP using γi, ai and Eq. 2-12.
25: Compute turbine power Pi using vi, CP and Eq. 2-13.

26: – Propagate OPs for next step –
27: Compute effective OP speed v using V∞, r, rf and Eq. 2-6.
28: Compute new downwind position x+

1 using x1, vadv and Eq. 2-4.
29: Compute wake shape variables σy, σz, δ, wy,pc, wz,pc using x+

1 , CT, γop, I and Appendix A.
30: Compute new wake-frame positions y+

1 , z+
1 (r+

1 ) using νy, νz, σy, σz, δ, wy,pc, wz,pc and
Eq. 2-3.

31: Compute new world-frame position r+
0 using R01(θ), r+

1 , r1 and Eq. 2-5.

2-3 Model predictive control for wind-farm flow control

This section reviews existing literature on the use of model predictive control in wind farm
control. First the fundamental principles of MPC are covered, before examining both cen-
tralised and non-centralised control architectures and their limitations.
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MPC is an optimisation-based feedback strategy in which a dynamic model is used to predict
the system behaviour over a finite prediction horizon and an optimiser computes a sequence
of future control inputs that minimises a chosen cost subject to constraints. The core of
this strategy is the receding-horizon implementation, which is illustrated in Figure 2-5. At

Figure 2-5: Schematic representation of the Model Predictive Control (MPC) principle. At each
time step k, the controller uses a model of the system to predict its future behaviour over a finite
prediction horizon Np. The predicted output (light blue) is optimised to follow the reference
trajectory (red) by computing a sequence of control inputs. Only the first control input in the
sequence (green) is applied to the system before the optimisation is repeated at the next time
step. The measured output (dark blue) represents the system response up to the current time,
while the remaining predictions indicate the future evolution under the computed inputs.

the current time step k, the controller has access to the system’s history, represented by the
measured output (dark blue line) and past control inputs. Using this information, it looks
ahead over a finite Prediction horizon of Np steps. The controller uses a dynamic model of
the system to forecast a predicted output (light blue line) that it aims to steer as close as
possible to a desired reference trajectory (red line). To achieve this, it solves an optimisation
problem to compute an entire sequence of optimal predicted control inputs (green line) for
the whole horizon. Crucially, only the first element of this optimal control sequence (the
control input at time k) is actually applied to the system. At the next time step, k + 1, the
horizon ‘recedes’ (shifts one step forward). The controller takes a new measurement from
the system, and the entire optimisation process is repeated to find a new optimal control
sequence. This receding-horizon implementation allows MPC to use feedback to continuously
correct for model mismatch and unmeasured disturbances [38].

A general nonlinear MPC optimisation problem solved at each time step k is stated in Eq. 2-
14. A predicted variable at time step n of the MPC prediction, solved at time step k, is
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denoted as x(n|k).

min
U

J =
k+Np−1∑

n=k

l
(
x(n|k), u(n|k)

)
+ F

(
x(k + Np|k)

)
(2-14a)

s.t. for n = k, . . . , k + Np − 1,

x(k|k) = x(k), (2-14b)
x(n+1|k) = f

(
x(n|k), u(n|k), d(k)

)
, (2-14c)

u(n|k) ∈ U , (2-14d)
x(n|k) ∈ X , (2-14e)
x(k + Np|k) ∈ Xf (2-14f)

The controller’s objective is to minimise the cost function J (2-14a), which is typically a sum
of the stage cost, l(·) (e.g., penalising tracking error at each step), and a terminal cost, F (·)
(penalising the final predicted state). This optimisation is subject to several constraints. The
initial condition (2-14b) enforces that the prediction must start from the measured output
x(k) from Figure 2-5. The nonlinear dynamic model f(·) (2-14c) defines how the controller
predicts the future states. Constraints on the dynamics, such as safety limits, are enforced on
the control inputs (2-14d) and system states (2-14e). A terminal constraint Xf (2-14f) may
also be applied to ensure stability.

When designing an MPC controller, design choices such as the model complexity, horizon
length, cost weights and constraint formulation, incur trade-offs between prediction accuracy,
control performance and online computational cost. Sometimes the effects are unclear, e.g.
the effects of constraints and cost terms on computation is very hard to predict [38]. In
the context of wind farm control, a primary design choice that dictates these trade-offs is
control architecture, which is broadly divided into centralised and non-centralised schemes.
The following subsection presents centralised MPC approaches for wind-farm flow control,
followed by a subsection that discusses non-centralised approaches and their main advantages
and disadvantages.

2-3-1 Centralised MPC for wind-farm flow control

The standard approach is to formulate the MPC problem in a centralised way, having a
single optimiser finding the optimal control sequence for all elements of the system. For wind
farm control, this means a single optimiser computes the control inputs for the whole farm
jointly. This centralised MPC formulation is theoretically optimal, as it is the only approach
capable of finding the true global optimum. This is because the optimiser can simultaneously
account for all aerodynamic coupling and exploit wake-steering and induction trade-offs to
meet farm-level objectives.

However, this approach can be computationally demanding for large, networked systems. Op-
timisation over all turbines simultaneously, quickly becomes expensive as farm size or model
fidelity grows, which limits horizon length, model complexity, and achievable sampling rates
in real time. Therefore, in wind farm control literature, this control architecture is typically
used in specific contexts that manage this complexity, for example by using a reduced-order
prediction model [44]. In other MPC frameworks, the computational challenge is bypassed
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by using a prediction model that does not take the coupled effects between turbines into ac-
count [40]. Less commonly, it is used as a high-fidelity benchmark to explore the theoretical
potential of coordinated control, without the constraint of real-time computation [35].

Of particular relevance to the approach presented in this work is [44], which present a cen-
tralised MPC controller that explicitly models wake transport dynamics using observation
points together with Gaussian wake parametrisations, inspired by FLORIDyn [9]. The re-
sulting finite-horizon nonlinear problem is formulated into a mixed-integer quadratically-
constrained quadratic program (MIQCQP) using approximation and reformulation tech-
niques. The optimisation problem is solved online to obtain yaw and axial induction inputs
to track a prescribed farm power reference. The case study demonstrates proper tracking
performance, even power sharing among turbines, and solver times below the sampling time
which underlines the real-time potential of this approach.
However, the reported solver times are already on the same order of magnitude as the sam-
pling interval, indicating that even moderate increases in model complexity or farm size
could quickly make the approach computationally infeasible for real-time use. This limitation
highlights the potential need for non-centralised control strategies to reduce computational
demands. Furthermore, the fundamental proposition that reformulating the original nonlin-
ear problem into a MIQCQP reduces computational burden is not supported by an ablation
study. In fact, whether such a simplification yields a net benefit is highly case-dependent and
may not generalise. Additionally, mixed-integer problems are known to scale exponentially
with problem size, posing a major drawback as the number of turbines increases [50].

2-3-2 Non-centralised MPC for wind-farm flow control

Given the computational drawbacks of a purely centralised approach, it can be beneficial to
consider a non-centralised control architecture for large, networked systems. This category
covers a range of architectures, which are often tailored to the specific characteristics of the
system [41]. The main structures include decentralised, distributed, and hierarchical control.

In a decentralised control scheme, the system is divided into several parts, such as individual
turbines or subsystems of multiple turbines. Each part is governed by its own local MPC reg-
ulator, which operates independently without communication or negotiation with the others
[15]. A decentralised approach assumes the subsystems are decoupled, or that their interac-
tions can be deliberately neglected. In contrast, distributed control allows for communication
among the local controllers [15]. This enables them to negotiate or coordinate, sharing infor-
mation about shared variables or constraints to work towards a common goal. Additionally,
hierarchical control layers can be added to the architecture. These layers can operate at dif-
ferent time scales or ensure consistency across shared variables [41]. In practice, many control
schemes combine elements from these different structures to create intermediate approaches.
For the remainder of this section, we make the general distinction between decentralised and
distributed MPC approaches as they apply to wind farm (flow) control.

Decentralised MPC for wind-farm flow control

In the context of wind farm control, decentralised MPC can be interpreted in two distinct
ways. The simplest, and less common, approach treats turbines as truly individual entities.
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In these studies, turbines are controlled independently, and the coupling through wakes is
deliberately neglected or not modelled [26, 27]. This formulation does not require a farm-
level view and does not treat the wind farm as a strongly coupled system.

However, most decentralised MPC schemes in the wind farm literature emerge from parti-
tioning strategies, which do begin with a farm-level view [10, 14, 18, 32, 42]. These strategies
divide a wind farm into subsystems with the explicit goal of creating groups that have strong
coupling within the subsystem but weak coupling between subsystems [16]. These subsys-
tems, which can be grouped based on aerodynamic or electrical coupling, are then controlled
independently . This approach relies on the assumption that inter-subsystem coupling is neg-
ligible and that wake effects are sufficiently contained within each subsystem’s boundaries. A
key limitation of this method is that, in almost all mentioned cases, the partitioning is treated
as fixed during operation [10, 14, 18, 32]. These static partitions can become suboptimal in
dynamic environments with changing wind conditions. Only in [42], this issue is explicitly
addressed, where multiple partitionings are precomputed for different wind directions and
then selected from a lookup table during control.

Overall, decentralised control reduces computational load and supports modular implemen-
tation by controlling subsystems or individual turbines without communication or shared
optimisation, making it suitable for large systems. Decentralisation appears mostly at the
subsystem level and is typically justified by assuming limited interaction between subsystems
and stable wind conditions. The main advantage of decentralised control approaches is its
scalability as distinct subsystems can be solved in parallel, but this comes at the cost of coor-
dination. Without communication across subsystems, global objectives such as load balancing
or wake mitigation cannot be fully addressed. As a result, the control strategy may perform
well locally but will not achieve the same overall performance as a centralised approach. This
limitation becomes more critical under variable wind conditions or in tightly spaced farms,
where coupling effects are stronger.

Distributed MPC for wind-farm flow control

In contrast to decentralised control, distributed control introduces a notion of communication
or cooperation between subsystems or individual turbines. Distributed control approaches
can be classified in multiple ways. A key distinction lies in how and when coordination oc-
curs. Some distributed control algorithms allow for repeated rounds of communication and
negotiation within each control interval or sampling time [26, 25, 27, 43, 51]. These are known
as iterative algorithms. In contrast, non-iterative algorithms perform only a single round of
communication before each control action is applied [6, 36]. Next to that, distributed control
strategies can either be independent [6], where each controller optimises its own objective
without considering others, or cooperative [26, 25, 27, 36, 43, 51], where controllers jointly
pursue a shared global objective. This predominance of cooperative strategies is expected:
wind farms are intrinsically coupled systems through wake interactions, so coordinating ac-
tions toward a common objective (for example power maximisation or reference tracking)
naturally improves collective performance compared with local decisions.

Iterative distributed MPC schemes, such as those using alternating direction method of mul-
tipliers (ADMM) or dual decomposition with fast gradient (DDFG), have been shown to con-
verge to the centralised optimum [25, 43]. However, this convergence is only guaranteed for
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convex optimisation problems. This limits the complexity of the models used within the op-
timisation framework, which are often restricted to linearised (turbine) models [43]. Further-
more, full convergence is rarely achieved in practice due to real-time constraints, introducing
a trade-off between optimality and computational cost. While residual-based stopping crite-
ria [25] or fixed iteration counts [51] improve computational tractability, scalability remains
an issue, as convergence rates degrade with farm size. To reduce communication overhead,
most schemes avoid fully connected topologies. The choice of local information exchange im-
proves scalability, but it may slow convergence, especially in larger wind farms where tighter
coupling and longer communication paths increase the number of iterations required to reach
agreement. Overall, iterative distributed control offers a promising alternative to centralised
schemes. However, it introduces a trade-off between the desirable convergence properties of it-
erative optimisation and the computational and communication cost of performing iterations.
This trade-off is addressed differently in the non-iterative methods discussed next.

Non-iterative distributed approaches reduce computational and communication burden by
avoiding repeated updates, making them attractive for real-time and large-scale applications.
However, this comes at the cost of limited coordination and reduced optimality, as each sub-
system or turbine solves its problem independently with only partial information. These
schemes can be structured with either sequential [39] or parallel [52] solving within a single
time step. A sequential structure involves a pre-defined order of computation, where subsys-
tem i must compute and pass its solution to subsystem i+1. This allows for faster information
propagation and tighter coordination within that single step (as i + 1 gets the most current
information from i), but the total computational time increases with the number of subsys-
tems, creating a bottleneck. A parallel structure, where all subsystems compute their solution
simultaneously, is highly scalable and avoids this latency, as the total computation time is
only that of the slowest subsystem. The drawback is that all subsystems solve using ‘stale’
information (from the previous time step k), which can limit the quality of coordination. The
studies by [6] and [36] both employ a parallel non-iterative structure. In [6], all turbines solve
their local MPC problem simultaneously, enabling local wake-aware control, but lacking any
mechanism to ensure fair or optimal power distribution across the farm. Similarly, in [36],
all turbines within a cluster update their consensus value in parallel, which improves scala-
bility but means that this value remains approximate during transients. The communication
topologies for both non-iterative studies are sparse, supporting modularity and robustness.
Overall, the non-iterative distributed control schemes prioritise feasibility over optimality,
making them suitable when full convergence or central oversight is impractical.

2-3-3 Limitations in model predictive control of wind farms

A central challenge in MPC literature is the fundamental trade-off between computational
scalability and prediction accuracy, which becomes especially pronounced when considering
wake interactions. A centralised model predictive control (CMPC) formulation, which solves
for all turbines at once, can explicitly account for all aerodynamic couplings and find a
global optimum. However, this approach prioritises prediction accuracy at the expense of
scalability, becoming computationally prohibitive for large farms. In contrast, decentralised
MPC prioritises scalability by dividing the problem, but this efficiency is typically achieved by
neglecting wake interactions entirely and treating each turbine as an independent system. This
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leads to a lack of coordination and suboptimal farm-level performance. Distributed model
predictive control (DMPC) architectures are therefore investigated as a promising middle
ground, as they have the potential to be both scalable and flow-aware. However, a central
limitation of distributed approaches is that they fail to achieve both. In practice, to remain
computationally tractable, wake effects are frequently not modelled explicitly. Many schemes
treat the effective wind speed as an external, locally measured input, thus operating with
limited awareness of farm-scale coupling. Consequently, the predictive capability of MPC
is not leveraged to account for how upstream control decisions will dynamically affect the
inflow, and thus the performance, of downstream turbines. This limitation appears by design
choice in the model or control structure. Some studies include wakes only implicitly through
short prediction horizons or static effective-speed estimates [43, 51], while others omit wake
interactions entirely [25, 26, 27, 36]. Even partitioning methods that are designed to account
for farm structure often leave the MPC loop free of direct wake dynamics [18, 42].

This creates a significant gap between the need for scalable, high-performance control and
the lack of controllers that successfully leverage dynamic wake models in a computationally
tractable way. The few exceptions that attempt to fill this gap [6, 44] typically rely on low-
fidelity models or approximations. This thesis aims to address this specific gap by developing
a distributed MPC framework that is both scalable and explicitly considers dynamic wake
coupling through its choice of model and distributed control scheme.

2-4 Summary

This chapter provides a background on wind-farm flow control and reviews the literature on
wind-farm flow models and control strategies. The review of wind-farm flow models identifies
a continuum from steady, low-fidelity engineering models to high-fidelity models. FLORIDyn
is positioned as a key ‘middle-ground’ approach, as it explicitly models wake advection with
observation points while remaining compact enough for use in receding-horizon control.

Similarly, MPC is identified as the natural control paradigm for handling farm-level objectives
and constraints. As established in Section 2-3-3, the central challenge is the trade-off between
prediction accuracy and computational scalability, which leaves a gap in existing literature.
This gap directly motivates the thesis question, which investigates how FLORIDyn-based pre-
diction models and distributed MPC can be combined to balance computational tractability
and control performance.
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Chapter 3

Nonlinear model predictive control for
wind-farm flow control

This chapter presents the main theory and methodology of the thesis. First the FLORIDyn
model is formalised, defining it in terms of its states and inputs for model predictive con-
trol (MPC) prediction. The chapter then discusses the prediction model formulation and ap-
proximations. Next, the centralised MPC formulation is presented, leveraging this proposed
prediction model. Finally, to address the computational burden, two distributed variants are
proposed. The chapter ends with a short summary.

3-1 FLORIDyn in control framework

To apply MPC, we formalise the FLOw Redirection and Induction Dynamics (FLORIDyn)
model described in Chapter 2 as a discrete-time nonlinear state-space system. This system
takes the general form:

X(k + 1) = f
(
X(k), U(k), d(k)

)
(3-1)

Y(k) = g
(
X(k), U(k), d(k)

)
(3-2)

where k is the time index, X is the full system state, U is the control input matrix, d is
the measurable disturbance vector, and Y is the system output matrix. For clarity, the
explicit time index (k) will be omitted from the equations in the remainder of this chapter.
States, inputs and outputs are organised in matrices for notational simplicity. Furthermore,
a notational convention is adopted where variables with a single subscript i are associated
with turbine i, while variables with three subscripts i, j, l are associated with the observation
point (OP) of the i-th turbine, the j-th chain, and the l-th observation point in that chain.

The control input matrix U contains the set of actions for all turbines at a single time step,
where each column represents the input vector ui of a single turbine, containing its yaw angle
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24 Nonlinear model predictive control for wind-farm flow control

γi and axial induction factor ai:

U =
[
u1 u2 . . . uNT

]
=

[
γ1 γ2 . . . γNT

a1 a2 . . . aNT

]
∈ R2×NT . (3-3)

The measurable disturbances d are external variables that affect the system. This vector in-
cludes the free-stream wind speed V∞, the global wind direction θ and the ambient turbulence
intensity I:

d =
[
V∞ θ I

]⊤
. (3-4)

The disturbances are assumed to be constant over the wind farm. The system state X
represents the complete dynamic state of the wind farm. In FLORIDyn, this state is stored
in the OPs advecting downstream from each turbine. We define a fixed-size state by assigning
each turbine i a set of Nc chains, and each chain j a fixed length of NOP OPs. The total state
X is the aggregation of the individual state matrices for each of the NT,

X =
[
X1 · · · XNT

]
∈ R(6×Nc)×(NOP×NT). (3-5)

The state for a single turbine i, Xi, is the collection of its Nc chains, formed by vertically
stacking all its individual chain matrices:

Xi =


Xi,1
Xi,2

...
Xi,Nc

 ∈ R(6×Nc)×NOP . (3-6)

The state for a single chain j of turbine i, Xi,j , is a matrix where each column l is the state
vector for a single OP:

Xi,j =
[
xi,j,1 xi,j,2 . . . xi,j,NOP

]
∈ R6×NOP . (3-7)

The state vector for a single OP l on chain j of turbine i is:

xi,j,l =
[
xi,j,l yi,j,l zi,j,l ϕi,j,l γOP

i,j,l aOP
i,j,l

]⊤
∈ R6×1. (3-8)

The coordinates [xi,j,l yi,j,l zi,j,l]⊤ are the OP’s global world frame position (in K0). The
coordinate ϕi,j,l is the OP’s local downwind coordinate. To avoid notational confusion, this
variable is introduced to represent the position along the x1-axis, which was previously referred
to as x1 in Section 2-2-2 and Figure 2-3. The yaw angle γOP

i,j,l and axial induction factor aOP
i,j,l

are the inherited control inputs from the turbine that each OP inherits on creation and
carries for later calculations. This structure creates a total state vector X with a dimension
of (6 × Nc) × (NOP × NT) states. Hence, the state dimension scales with the number of
turbines NT and the per turbine resolution (Nc × NOP).

The state update function f (3-1) describes the OP propagation, which is intuitively visualised
as a matrix column shift. For each state matrix Xi,j (3-7) representing a single chain, the
data in each column is advected and shifted one position to the right at every time step.
The oldest OP (in the final column) is discarded, and a new OP (in the first column) is
created. At the start of a simulation (k = 0), these matrices are initialised as zero matrices,
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3-1 FLORIDyn in control framework 25

Xi,j(0) = 06×NOP , and subsequently fill up from the first column as the simulation proceeds.
This update operation can be expressed concisely using block matrix notation:

X+
i,j =

[
xnew Advect(Xi,j [:, 1 : NOP − 1], d)

]
. (3-9)

Here, Xi,j [:, 1 : NOP − 1] is the 6 × (NOP − 1) submatrix containing all but the last (oldest)
OP column. The Advect(·) function is applied column-wise to this submatrix: it updates
the ϕi,j,l and position coordinate states according to their dynamics, while the 2 × (NOP − 1)
matrix of inherited parameters [γOP

i,j,l aOP
i,j,l]⊤ is simply copied. The final column Xi,j [:, NOP]

is discarded as it is shifted out of the fixed-size matrix. The new 6 × 1 state vector, xnew, is
created from the turbine’s current position and control inputs:

xnew(k) =
[
xi,j,l yi,j,l zi,j,l 0 γi ai

]⊤
. (3-10)

where [xi,j,l yi,j,l zi,j,l]⊤ is the position of OP i, j, l upon creation at the rotor plane of
turbine i. The downwind position ϕi,j,l is initialised to 0, and the OP inherits the current
control inputs γi and ai of turbine i. For l ∈ [2, NOP], the new state is updated using
ϕ+

i,j,l = ϕi,j,l−1 + vadv ∆t (Eq. 2-4). The global position states xi,j,l, yi,j,l, zi,j,l are updated
according to Eq. (2-5), which depends on the current wind direction θ. This process involves
computing the new wake shape variables (σy(xi,j,l), σz(xi,j,l), wy,pc(xi,j,l), wz,pc(xi,j,l), δ(xi,j,l))
as detailed in Appendix A to determine the new local coordinates in the wake frame K1, which
are then rotated back to the world frame K0 using θ. Together, these update rules for the
creation (3-10), advection (2-4), (2-5), and shifting (3-9) of all OPs in all chains define the
complete state update function f(X(k), U(k), d(k)) (3-1), for every OP’s state xi,j,l.

The output Y of the system contains the rotor-effective wind speed vi and power Pi, with
every column corresponding to a turbine i:

Y =
[

v1 v2 . . . vNT

P1 P2 . . . PNT

]
∈ R2×NT . (3-11)

The output function g (3-2) contains all the calculations that translate the current states,
inputs, and disturbances into the final output matrix. This function g translates the state X
into measurable outputs by executing a defined sequence of algebraic equations (from Chapter
2) across every OP. First, all internal reduction factors are computed. The thrust coefficient
CT is found from the states [γOP

i,j,l, aOP
i,j,l]⊤ (2-9). This CT is used to find the deficit amplitude

∆ϕ (2-2):

∆ϕ(xi,j,l) = 1 −

√√√√ 1 −
CT(xi,j,l) cos2γOP

i,j,l

8 (σy(xi,j,l)/D) (σz(xi,j,l)/D) . (3-12)

The OP’s own reduction factor ri,j,l is then found using ∆ϕ(xi,j,l) (2-8). All foreign reduction
factors rf

i,j,l are found by applying the superposition (2-6):

rf
i,j,l =

∏
(i′,j′,l′)∈Ui,j,l

(
1 − ri′,j′,l′

)
. (3-13)

Here, Ui,j,l is the set of all foreign OPs that influence the OP i, j, l. The indices i′, j′, l′ are
used to denote each neighbour OP in the set, and ri′,j′,l′ is the own reduction factor of that
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26 Nonlinear model predictive control for wind-farm flow control

specific neighbour OP. Second, g calculates the rotor-effective wind speeds vi (2-11), using
the foreign reduction factors rf

i,j,l (3-13) of the OPs at the rotor plane:

vi = w⊤(
rf

i,j,l ◦ V∞
)
. (3-14)

Third, g calculates the turbine powers Pi. It uses the current control input ui to find the
power coefficient CP,i (2-12):

CP,i(ui) = κ 4ai(1 − ai)2 cospγi. (3-15)

The turbine power Pi (2-13) is then calculated using vi (3-14) and CP,i(ui) (3-15):

Pi = η 1
2ρπD2

4 v3
i CP,i(ui). (3-16)

Collectively, these equations constitute the complete discrete-time nonlinear state-space for-
mulation f, g required for MPC design.

3-2 Prediction models

In this work, we propose to use the nonlinear state-space model defined by Eqs. (3-1) and
(3-2) as the prediction model within an MPC framework. We propose to employ the nonlinear
dynamics directly, avoiding the linearisation or reformulation strategies used in approaches
such as [44]. This choice is motivated by the premise that sufficient computational speed can
be achieved without these simplifications, thereby avoiding the modelling errors that degrade
the prediction of strongly nonlinear wake interactions.

A foundational assumption for this control framework is that all ambient conditions are
treated as static over the prediction horizon. This means that the free-stream wind speed
V∞, wind direction θ, and turbulence intensity I are assumed to remain constant at their
currently measured values for all steps within the prediction window. This assumption not
only simplifies the prediction problem but is also a critical prerequisite for the distributed
model predictive control (DMPC) structures proposed later, as their fixed sequential solution
order and static subsets are only valid for a dominant, unchanging flow direction. The validity
and limitations of this assumption are discussed in Section 5-2.

The MPC controller requires the current state X(k) to start its prediction. While the full
state X(k), which contains all OP data, is not directly measurable, the outputs Y(k), control
inputs U(k) and disturbances d(k) are. The controller therefore maintains an internal esti-
mate of the state, X̃(k), by running the model dynamics from the previous step, effectively
using the prediction model as an open-loop observer. This provides the necessary initial
state X̃(k|k) = X̃(k) for the optimisation. Future research could investigate more advanced
closed-loop estimation techniques, such as moving horizon estimation (MHE) or Luenberger
observers, to better address model-plant mismatch.

A practical consideration in MPC is the tractability of solving the optimisation problem for a
given prediction model. The total state dimension of X(k), which is (Nc × 6) × (NT × NOP),
scales with farm size NT and with the per-turbine discretisation Nc and NOP. This large state
can make the optimisation computationally prohibitive for real-time application. To enable
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3-2 Prediction models 27

real-time decision-making, we therefore propose to employ a reduced-order prediction model.
The state-space for the prediction model is :

X̃(k + 1) = f̃(X̃(k), U(k), d(k)) (3-17)
Ỹ(k) = g̃(X̃(k), U(k), d(k)) (3-18)

The approximation is achieved by reducing the state dimension of X̃ compared to X. Within
the dynamics defined in Eq. (3-1), two important tunable parameters are the number of OPs
per chain, NOP, and the number of chains per turbine, Nc. The prediction model f̃ uses a
coarser state discretisation than the true model f by reducing NOP, and optionally reducing
Nc. This reduces the total dimension of X̃, making the optimisation problem less complex
and faster to solve. The full state X has the dimension of NOP and Nc that best match reality.
The specific design choices for the prediction model reduction are discussed in the subsequent
subsections. For the number of chains, Nc, a comparison between different values is made.

3-2-1 Number of observation points per chain

The number of OPs within one chain, NOP, defines the length of a chain and thus, sets how
far wake information is transported in the streamwise direction. In other words, chain length
fixes the downstream reach of the wake signal that the model can represent. In order to
reduce the state dimension and render the MPC optimisation problem less computationally
intensive, we propose to deliberately limit this downstream reach by using shorter chains
than in the full-complexity model. The aim is to keep enough information to predict the key
interactions, while removing resolution that adds a large computational burden for limited
gain. Specifically, chains in the prediction model are chosen long enough such that OPs created
at an upstream turbine pass slightly beyond the rotor of the first downstream turbine. This
gives the prediction model the ability to estimate the rotor-effective wind speed vi of the first
downstream turbine with the upstream influence included. This difference is illustrated in
Figure 3-1: the reduced-length chain (blue) terminates shortly past each downstream rotor,
whereas the full-length chain (grey) continues further downstream. In practice, this means
wake information from Turbine 1 does not reach Turbine 3 in the reduced-length case, but it
does in the full-length case.

The physical distance covered by a chain depends on the number of OPs a chain consists of.
To determine a sufficient NOP, we first calculate the minimum number of OPs required to
span the physical distance between adjacent turbines.The distance ∆s an OP advects in a
single time step ∆t is defined by the advection speed vadv, which is defined as the free wind
speed V∞, the model time step ∆t, and the wind angle θ:

∆s = V∞ ∆t cos(θ). (3-19)

The minimum number of intermediate OPs needed to span the streamwise distance Lx be-
tween adjacent upstream-downstream turbines, which we denote Nspan, is therefore

Nspan =
⌈

Lx

∆s

⌉
=

⌈
Lx

V∞ ∆t cos(θ)

⌉
. (3-20)

The chosen chain length for the prediction model, NOP, must be large enough to contain this
span (i.e., NOP ≥ Nspan). This choice must therefore account for the farm layout and turbine
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28 Nonlinear model predictive control for wind-farm flow control

Figure 3-1: Comparison of chain lengths. Blue dots show the reduced-length chains that extend
just past the next rotor, sufficient to include the upstream influence on the first downstream
turbine. Grey dots show the full-length chains that continue far downstream to capture far-wake
development and multi-turbine interactions. Wind flows from left to right.

spacing Lx, likely wind directions θ, expected ranges of V , and the sample time ∆t, so that
chains reach at least the first downstream rotor over the operating range of interest. While
Lx and ∆t are static design parameters, V∞ and θ can be time-varying disturbances. The
prediction model f̃ must therefore use a single NOP that is large enough to satisfy Eq. 3-20
across the entire operational range, typically by solving for the worst-case (e.g., minimum V∞
and maximum θ). A more advanced, adaptive formulation could adjust NOP online based
on measured V∞(k) and θ(k), allowing the controller to dynamically manage the trade-off
between the state dimension of X̃ and the required predictive accuracy.

Truncating the chain length introduces an approximation error for turbines further down-
stream. Once a chain ends, the upstream wake influence is no longer propagated, so combined
deficits behind multiple rows are under-represented; downstream conditions can appear overly
favourable and power for more downstream turbines can be overestimated. This is visible in
Figure 3-1: the reduced length chains (blue) terminate shortly past the next rotor, whereas
the full length chains (grey) continue far downstream and laterally, capturing cumulative
far-wake effects. However, this approximation is minimal as the dominant wake interactions
are captured between adjacent upstream-downstream turbines, consistent with the far-wake
treatment in [44]. If scenarios demand reliable prediction beyond the first downstream tur-
bine, the chain length should be increased accordingly, with the expected impact on state size
and computation time.

3-2-2 Number of chains

The number of chains per turbine, Nc, sets the lateral and vertical resolution of the OP
discretisation across the rotor plane and its downstream wake. Each chain can be read as a
thin column that carries wake information downstream. More chains give a finer sampling of
the cross-section of the wake and of partial overlap between wakes. Fewer chains give a coarser
sampling, so the density of OPs is smaller and each OP represents a larger area. Decreasing
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3-2 Prediction models 29

the number of chains reduces the accuracy of how the model represents lateral shear, yaw-
induced deflection, and partial-wake interactions. However, reducing Nc quickly decreases
the dimension of the state X̃ of the prediction model, as every turbine NT has the same
number of chains Nc and all chains consist of multiple OPs NOP. The MPC optimisation
problem can again benefit from this reduction in dimension. We propose to investigate a
sequence of increasingly coarse prediction models by progressively reducing the number of
chains Nc. The results of this investigation are discussed in Section 4-3. Figure 3-2 shows
(schematic) turbines with decreasing number of chains Nc, left to right, and illustrates how
the cross-wake coverage is preserved while the sampling becomes progressively sparser: the
leftmost turbine has many closely spaced chains and hence a high OP density; moving right,
the number of chains is reduced, so each chain represents a larger slice of the wake and the
downstream density of OPs becomes coarser. The lateral spread of the chains also visualises
wake expansion, which is sampled more finely with many chains and more coarsely with few
chains.

Figure 3-2: Effect of reducing the number of chains per turbine in the prediction model. Left
to right, the number of chains decreases: the wake cross-section remains covered, but the OP
sampling becomes coarser and each chain represents a larger portion of the flow.

The primary consequence of this coarser discretisation is on the calculation of the rotor-
effective wind speed for downstream turbines. With fewer chains, the discrete OPs are sparse,
forcing the model to average wake deficits over a larger area. This averaging effect is par-
ticularly problematic in partial wake scenarios, as the model loses the ability to differentiate
between the high-speed and low-speed sections of a downstream rotor. This leads to inac-
curate power estimations because the calculation, which is non-linear (3-16), P ∝ v3

T,i, fails
to capture the disproportionate contribution of the high-speed sections versus the low-speed
ones, as the "average of the cubes" is not the "cube of the average". It is important to note,
however, that the underlying wake field remains an approximate Gaussian model. Increasing
Nc indefinitely only provides a finer sampling of this simplified function, not a recovery of
high-fidelity physics. The aim is to find a discretisation that is sufficiently fine to capture
these dominant farm-level effects without incurring unnecessary computational cost.

In summary, the parameters NOP and Nc serve as effective tuning knobs that govern the reso-
lution of the wake discretisation. Adjusting these settings establishes a direct balance between
the state dimension, which dictates the computational burden, and the predictive control per-
formance. The relative performance gains and losses associated with coarser discretisations,
will be explored empirically in Section 4-3.
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30 Nonlinear model predictive control for wind-farm flow control

3-3 Centralised MPC

This subsection introduces the centralised model predictive control (CMPC) formulation used
to coordinate all NT turbines using the prediction model f̃ (3-17), introduced in the previous
section. The control objective is to track the power reference provided by the transmission
system operator (TSO). At every time step k, the controller solves the following nonlinear
optimisation problem over the prediction horizon Np:

min
U

J(k) =
k+Np−1∑

n=k

NT∑
i=1

P̃i(n|k)

 − Pref(k)

2

(3-21a)

s.t. for n = k, . . . , k + Np − 1 and i = 1, . . . , NT :
X̃(k|k) = X̃(k), (3-21b)
X̃(n+1|k) = f̃

(
X̃(n|k), U(n|k), d(n|k)

)
, (3-21c)[

ṽ1(n|k) . . . ṽNT(n|k)
P̃1(n|k) . . . P̃NT(n|k)

]
= g̃

(
X̃(n|k), U(n|k), d(n|k)

)
, (3-21d)

− γmax ≤ γi(n|k) ≤ γmax, (3-21e)
− ∆γmax ≤ γi(n|k) − γi(n−1|k) ≤ ∆γmax, (3-21f)
amin ≤ ai(n|k) ≤ amax. (3-21g)

The cost function (3-21a) aims to minimise the deviation between total (predicted) farm
power and the reference. The reference Pref(k) is known at time k, but not known for future
steps. Therefore, it is treated as constant across the prediction horizon. The objective couples
all turbines algebraically through the total power, while the prediction model couples them
dynamically through wake interactions, as upstream inputs affect downstream inflow and
therefore the produced power.

The optimisation variable U in the optimal control problem is the system control input (3-3),
stacked for all steps over the horizon:

U =

 u1(k) · · · uNT(k)
... . . . ...

u1(k + Np − 1) · · · uNT(k + Np − 1)

 ∈ R 2Np×NT (3-22)

The primary constraints of this optimisation are the system dynamics and system output,
which dictate how the state and output evolves. This is enforced at every step using the non-
linear prediction model f̃(·) (3-21c) and output equation g̃(·) (3-21d)1. Furthermore, several
constraints are imposed on the control inputs for feasible and reliable operation. First, the
yaw misalignment γi for every turbine is bounded (3-21e). Large offsets impose asymmetric
rotor loads, accelerate wear of the yaw drive and bearings, and can violate mechanical travel
limits [29]. Moreover, very large yaw angles yield diminishing wake-steering benefits while
sacrificing power of the yawed turbine [29]. The maximum allowed yaw angles are therefore
constrained within a symmetric interval around zero. A maximum rate constraint on the yaw

1Note that the dynamic and output constraints (Eqs. 3-17, 3-18) could be substituted directly into the
cost function (3-21a). While this would eliminate the state variables and the explicit dynamic constraints, the
resulting cost function would become a highly complex, deeply nested function of the control inputs U.
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angle is imposed (3-21f), to respect physical actuator limits and to account for the physical
time required for the turbine to yaw. The prediction model, for simplicity, ignores these inter-
nal actuator dynamics and assumes yaw angle changes are instantaneous. The rate constraint
bridges this gap between the simplified model and physical reality. Furthermore, it is also
necessary to avoid damaging changes in control actions [29]. Large step changes, which the
simplified model might otherwise command, would produce high loads on the yaw bearing
and gearbox and increase wear. A maximum rate constraint ∆γmax thus keeps following yaw
commands close enough that the actuators can track them smoothly within their safe oper-
ating range. A bound on the axial induction factor is introduced to keep the optimisation
within physically and mechanically admissible operating points (3-21g). Constraining ai pre-
serves the validity of the CT and CP parametrisations used (Eqs. 2-9 and 2-12) and prevents
unphysical or damaging set-points [44].
We propose to define the prediction horizon Np based on the physical time required to capture
the full advection of the wake from an upstream turbine to its first downstream neighbour.
This is essential for the MPC controller to be able to anticipate and optimise these wake
interactions. Recall, an OP is advected one step along its chain at each sampling instant
∆t. Consequently, the number of prediction steps Np directly corresponds to the downstream
distance an OP travels. To ensure this coupling is fully captured, Np must be at least as
long as the physical time it takes for the wake to travel between them. This minimum time
is given by Nspan (3-20). A one-step safety margin is added to set the final horizon:

Np = Nspan + 1. (3-23)

As Nspan depends on the free-stream wind speed V∞, wind direction θ, sampling time ∆t,
and inter-turbine spacing Lx, its maximum value must be taken if these parameters are time-
varying to guarantee the interaction is always captured.
A critical component of this receding-horizon formulation is the initial state X̃(k) (3-21b),
which is required at the start of each optimisation. As the full state is not directly measurable,
we use a one-step-ahead open-loop prediction from the previous time step. The state X̃(k) is
generated by applying the prediction model f̃ using the state X̃(k − 1) and the implemented
control inputs U(k − 1) and measured disturbances d(k − 1). While a state estimator or
observer could be designed to handle model-plant mismatch, this is not within the scope of
this work. After solving the optimisation, only the first optimised control inputs U[1 : 2, :]
are applied to the system. The horizon then shifts and the problem is resolved at k + 1.
The resulting optimal control problem (3-21) is a nonlinear program (NLP) which must be
solved using a numerical solver. Due to the problem’s inherent non-convexity, the solver is
not guaranteed to find the global optimum and may instead converge to one of many local
minima. Common strategies to improve the solution quality include providing an intelligent
initial guess (e.g. warm start) for the optimisation variables and applying multistarting. In
Chapter 4, the effect of these initialisation techniques on the controller’s performance will be
investigated.

3-4 Distributed MPC

The CMPC optimisation problem (3-21) can be computationally prohibitive, particularly as
the number of turbines NT increases. Therefore, we propose a DMPC approach to manage
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wind-farm control at scale, which decomposes the computation into tractable subproblems
while preserving a global view. It is critical, however, that this distributed controller still
manages the system-wide coupling.

Having motivated a DMPC framework, the specific choice of distributed scheme is critical.
As described in Section 2-3-2, DMPC approaches can be iterative or non-iterative. Both
reduce local problem size by splitting the farm into per-turbine optimisations, which can
improve solver times. Iterative schemes repeatedly exchange plans within each sampling in-
terval to reach agreement on shared variables. This can enhance optimality (i.e., bring the
solution closer to that of the CMPC problem), but has several drawbacks [13]. Iteration
counts grow with coupling strength and problem conditioning and can therefore be problem-
atic in this setting, which is strongly coupled through wake dynamics. Another drawback
is that feasibility is often only guaranteed at convergence, so intermediate iterations may
violate shared constraints. In contrast, a non-iterative scheme performs a single pass per
interval, providing deterministic computation times at the cost of a suboptimality. Given
the need for predictable, real-time updates, the non-iterative choice aligns better with the
problem requirements. Within the non-iterative family, two update strategies are common:
parallel and sequential. Parallel updates solve all subproblems simultaneously using only
information from the previous interval; under strong dynamic coupling this typically yields
conservative or misaligned actions and a loss in performance [52]. A sequential pass exploits
causal structure: each subproblem is solved using the most recent decisions from those solved
earlier in the same interval. This allows fresher information to propagate within a single non-
iterative sweep, which typically reduces the suboptimality incurred by single-pass schemes
while maintaining deterministic compute time [39]. For highly coupled, directionally causal
flows, the sequential non-iterative strategy therefore offers a more promising accuracy-speed
trade-off to the parallel alternative. In the following we propose two variants of this sequential
DMPC approach, each offering a distinct trade-off between the computational complexity of
the subproblems and the degree of approximation introduced.

3-4-1 Full-farm DMPC

The first approach, referred to as full-farm DMPC, splits the centralised optimisation problem
(3-21) into NT subproblems. Each subproblem i solves only for its optimal input sequence ui,
while treating the input plans for all other turbines uj ̸=i as fixed parameters. Crucially, this
formulation retains the global cost function (3-21a) and the full farm-wide dynamic model
(3-21c). This allows the controller to capture the influence of upstream actions on downstream
turbines, even if the optimisation problems are solved individually. The objective for each
subproblem i remains the minimisation of the squared total power tracking error. However,
only the constraints for turbine i are enforced on its decision variables. The resulting DMPC
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subproblem for turbine i at time k is:

min
ui

Ji(k) =
k+Np−1∑

n=k

NT∑
i=1

P̃i(n|k)

 − Pref(k)

2

(3-24a)

s.t. for n = k, . . . , k + Np − 1 :
X̃(k|k) = X̃(k), (3-24b)
X̃(n+1|k) = f̃

(
X̃(n|k), Ui(n|k), d(n|k)

)
, (3-24c)[

ṽ1(n|k) . . . ṽNT(n|k)
P̃1(n|k) . . . P̃NT(n|k)

]
= g̃

(
X̃(n|k), Ui(n|k), d(n|k)

)
, (3-24d)

− γmax ≤ γi(n|k) ≤ γmax, (3-24e)
− ∆γmax ≤ γi(n|k) − γi(n−1|k) ≤ ∆γmax, (3-24f)
amin ≤ ai(n|k) ≤ amax. (3-24g)

Here, the optimisation variable ui collects the yaw and axial-induction inputs for turbine i
over the prediction horizon Np (3-23). The matrix Ui(n | k) denotes the full input plan for
all turbines at stage n, whose construction is dictated by the sequential sweep described next.

Figure 3-3: The centralised problem is decomposed into NT per-turbine subproblems that are
solved in order; after the sweep, the first control inputs are applied and the horizon shifts. Adapted
from [39].

In one control interval ∆t, starting at time k, NT subproblems are executed sequentially as
illustrated in Figure 3-3. Turbine 1 solves its subproblem (3-24) using the current estimated
state X̃(k) and the shifted optimal control inputs from the previous time step uj ̸=1(k − 1)
for all other turbines. These shifted plans form a prediction for the behaviour of the other
turbines at time k, where the previous plan is shifted one step forward and the new final
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34 Nonlinear model predictive control for wind-farm flow control

input, uj(k + Np − 1|k), is set by copying the last known value, uj(k + Np − 2|k − 1), to
maintain the required horizon length. Once turbine 1 has computed its new plan, denoted
as u⋆

1(k), that plan is passed to the next turbine in the sequence. Turbine 2 then solves its
subproblem using the freshly computed plan u⋆

1(k) and the shifted plans for the remaining
turbines uj>2. This sweep continues until the last turbine NT has solved, using the updated
plans from all NT − 1 upstream turbines. Figure 3-4 sketches this information flow. The full
input matrix Ui(k), while optimising turbine i, thus reads:

Ui(k) =


u⋆

1(k|k) · · · ui(k|k) · · · uNT(k|k − 1)
... . . . ... . . . ...

u⋆
1(k+Np−2|k) · · · ui(k+Np−2|k) · · · uNT(k+Np−2|k − 1)

u⋆
1(k+Np−1|k) · · · ui(k+Np−1|k) · · · uNT(k+Np−2|k − 1)

 . (3-25)

The full input matrix Ui(k) (3-25) serves as the input to the dynamic model constraint
(3-24c). Crucially, the optimiser varies only the i-th column (ui) to minimise the cost, while
the remaining columns (j ̸= i) act as fixed parameters representing the neighbours’ plans.

Figure 3-4: Information flow in the sequential sweep. Subproblem i uses the latest plans from
already solved (upstream) subproblems and shifted plans from not-yet-solved (downstream) sub-
problems; once solved, its new plan is passed on to the next. Adapted from [39].

The performance of this sequential scheme is highly dependent on the solution order. The
order is chosen to follow the physics: wakes travel predominantly with the inflow, so upstream
actions causally influence downstream conditions. By solving from upstream to downstream,
the most critical new information (the wake-generating actions) is computed first and propa-
gated to downstream subproblems within the same sweep. A downstream-to-upstream solve,
for example, would be far less effective, as downstream turbines would make decisions based
on stale assumptions about the incoming wakes. In this work, the solution order is assumed
to be designed by the control designer based on operating conditions (i.e., aligning the index
i = 1 . . . NT with the wind direction θ). Investigating the automatic optimisation of this
solution order is a potential area for future research.

This single-pass scheme introduces some suboptimality relative to the CMPC solution (3-21),
since early subproblems (e.g., turbine 1) must optimise against not-yet-updated plans from
downstream machines. This loss is, however, mitigated by the sequential update: information
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quality improves as the sweep progresses, and the final subproblem operates with the freshest
global plan available within the interval.

The approach assumes that for every turbine, at the start of each interval, all (approximated)
states are available and that each subproblem has access to the full farm dynamic model f̃(·).
This is reasonable for a homogeneous, cooperative wind farm with reliable communication
and a supervisory controller that broadcasts the necessary measurements and plans at each
update. In terms of implementation, the subproblems may be solved on separate devices
(with plan/measurement exchange over a communication network) or on a single processor
executing the sequential sweep; the communication requirement is the transmission of current
measurements and updated plans between subproblems within each interval.

This decomposition lowers the decision dimension per solve from 2 × Np × NT in the CMPC
problem to 2 × Np for each DMPC subproblem. A sequential DMPC sweep, which sums the
computation time of NT individual solves, ideally scales linearly with the number of subprob-
lems NT. This linear scaling is typically the lowest (best) computational factor achievable for
this class of distributed algorithm. However, in this full-farm formulation, each subproblem
(3-24) must still evaluate the full-farm model f(·) and cost Ji(k), which are functions of all
NT turbines. The computational complexity of each subproblem therefore still scales with
the farm size NT. Consequently, the total computational complexity of the sweep is no longer
linear in NT, which can become prohibitive for very large farms. The next section addresses
this specific scaling challenge.

3-4-2 Subset DMPC

A drawback of the full-farm DMPC in Section 3-4-1 is that, for every turbine i, the optimiser
embeds the dynamics of the entire farm, including turbines and wakes that are sufficiently
far apart that their coupling is negligible within the prediction window. As the farm scales, a
growing share of these dynamic calculations is redundant. To avoid this overhead, a subset-
based approach is introduced in which only a locally relevant portion of the farm dynamics
is enforced as an equality constraint in the MPC problem.

For each turbine i, a subset Si ⊆ S (with S the set of all turbines) is defined that contains
turbine i and those neighbours with the strongest wake interactions; their states and OPs are
modelled explicitly. Subsets may overlap but need not be identical. Turbines outside Si are
not propagated through the dynamic model during turbine i’s optimisation; instead, their
effects are represented by predicted rotor–effective wind speeds that act as exogenous inputs
when computing their power. Similar to the sequential solution order, the specific composition
of these subsets is a critical design choice; in this work, they are manually crafted to capture
the dominant aerodynamic couplings.

The coordination remains sequential, ordered with the dominant flow direction (Figure 3-3
and the information flow in Figure 3-4). In the local problem for turbine i, the model fSi(·)
propagates only the states within its defined subset Si. To estimate the power output of
turbines j /∈ Si while accounting for wake interactions and control inputs outside the subset,
the optimiser utilises a prediction of their rotor–effective wind speed trajectories over the
horizon, denoted as v̂j . This vector v̂j(k) ∈ RNp serves as a fixed parameter profile during
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the optimisation of turbine i. The resulting local optimisation for turbine i is

min
ui

Ji(k) =
k+Np−1∑

n=k

((∑
l∈Si

P̃l(n|k)
)

+
( ∑

j /∈Si

P̃j(n|k)
)

− Pref(k)
)2

(3-26a)

s.t. for n = k, . . . , k + Np − 1 :
X̃(k|k) = X̃(k), (3-26b)
X̃Si(n+1|k) = f̃Si

(
X̃Si(n|k), USi(n|k), dSi(k)

)
, (3-26c)[

. . . ṽl(n|k) . . .

. . . P̃l(n|k) . . .

]
l∈Si

= g̃Si

(
X̃Si(n|k), USi(n|k), d(n|k)

)
, (3-26d)

P̃j /∈Si
(n|k) = η 1

2ρA v̂j(n|k)3 CP,j

(
uj(n|k)

)
, (3-26e)

γmax ≤ γi(n|k) ≤ γmax, (3-26f)
− ∆γmax ≤ γi(n|k) − γi(n−1|k) ≤ ∆γmax, (3-26g)
amin ≤ ai(n|k) ≤ amax. (3-26h)

The local input matrix USi(n|k), required by the subset model in (3-26c) and (3-26d), contains
only the inputs for turbines l ∈ Si. This matrix is formed by selecting the relevant columns
from the n-th row of the full-farm matrix Ui(k) (3-25). The full-horizon matrix for the subset,
USi(k), is therefore a sub-matrix of the complete farm plan, i.e., USi(k) ⊆ Ui(k).

The external prediction trajectory v̂j(k) used in (3-26e) is obtained from the sequential sweep.
Let v̂⋆

j (·) denote the stored version of the optimal internal wind speed sequence ṽj (3-26d),
computed by turbine j. Ideally, we use the fresh prediction v̂⋆

j (k) from the current sweep.
However, for downstream neighbours not yet solved, we must rely on information from the
previous time step. A shifted prediction v̂shift is constructed as:

v̂shift
j (n|k) =

{
v̂⋆

j (n|k − 1) for n = k, . . . , k + Np − 2
v̂⋆

j (k + Np − 2|k − 1) for n = k + Np − 1.
(3-27)

Consequently, the specific input v̂j(k) passed to subproblem i is assembled using the most
up-to-date information available:

v̂j(k) =
{

v̂⋆
j (k) for j < i (new prediction from current sweep)

v̂shift
j (k) for j > i (shifted prediction from k − 1).

(3-28)

Here, v̂⋆
j (k) is the new rotor-effective wind speed trajectory that was generated and passed

forward by the (already solved) subproblem j during the current sweep at time k.

The optimisation variable ui is identical to the full-farm DMPC case (dimension 2 × Np).
The reduction of the problem size for this approach lies in the model constraints: only the
dynamics of the subset Si are enforced, while turbines j /∈ Si contribute via the static power
mapping Pj . Replacing a block of highly nonlinear state-update equations (3-24c), (3-24d),
with a single algebraic equality (3-26e) per excluded turbine markedly reduces the number
of propagated states and constraints per stage. The extent of this reduction depends on
how small Si is relative to the full set S, and on the OP resolution chosen for the excluded
machines.
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This subset approach introduces an approximation because turbines outside Si are not dynam-
ically updated within subproblem i. If the subsets capture the dominant wake interactions
(typically nearest upstream–downstream neighbours under the prevailing inflow), the result-
ing error in predicted farm power over the horizon remains limited; otherwise, deficits may
be under-represented. Subset design is therefore an accuracy–speed trade-off. In practice, Si

should reflect farm layout, streamwise spacing, wind direction θ, and wind speed V∞, and
may be adapted over time as conditions change.

3-5 Summary

This chapter has developed the control formulation used in the remainder of this research.
First, the FLORIDyn dynamics are formalised as an MPC prediction model. Two design
choices structure the model: the number of chains per turbine Nc, which sets the lateral
and vertical coverage, and the number of OPs per chain NOP, which sets downstream reach.
To balance model complexity and accuracy, model reductions are proposed and are further
explored in the next chapter.

Next, three control architectures are formulated. The centralised MPC solves a single problem
over all turbines and serves as a fully-coupled benchmark. The prediction horizon is defined
such that the aerodynamic coupling between upstream and downstream turbines is captured
within the prediction window. The full-farm DMPC approach decomposes the problem into
per–turbine subproblems that are solved sequentially, but retains full-farm model evaluation
within each step. The subset variant further reduces effort by propagating dynamics only
for locally interacting machines while using passed rotor–effective wind–speed predictions
for the rest. Together, these distributed formulations provide more scalable alternatives to
the centralised solver by reducing the computational complexity of each subproblem, while
maintaining the key wake couplings needed for control.
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Chapter 4

Case study results

This chapter presents simulation results for the approach proposed in this work. First, Sec-
tion 4-1 details the experimental setup. Second, the simulation model used for evaluation
is introduced and validated. Third, the reduced prediction model used by the controllers is
described. Section 4-4 then reports closed-loop results comparing the proposed approached
with the state-of-the-art and the results for three- and six-turbine layouts. The chapter ends
with a short summary.

4-1 Case study parameters

To evaluate the proposed controllers in the control of a wind farm tracking a time-varying
power reference, this section describes the case study setup adopted in this work. A sampling
time for the controller of ∆t = 13 s is adopted to balance temporal resolution of wake advection
with computational tractability for online optimisation [44]. Using the same ∆t also facilitates
comparison with literature [44].

Two farm layouts are considered. The first is a compact three-turbine farm [44], shown
in Figure 4-1. Let Lx and Ly denote the streamwise and spanwise spacings, respectively.
Streamwise spacing is set to Lx = 7D. A relatively small spanwise spacing (Ly = 1.5D
between the two first-row turbines is used, to encourage partial-wake overlap; this increases
wake interaction and makes performance differences between controllers more visible. The
dominant wind direction is aligned with the positive x-axis (θ = 0◦), which defines the layout
orientation and the reference for wind-angle perturbations. The second layout is a six-turbine
farm, shown in Figure 4-2, extending the three-turbine layout by adding a third row with one
additional downstream turbine and adding one extra turbine in each existing row.

To validate control approaches under a range of operating conditions, we consider differ-
ent wind directions and wind speeds. For wind direction, we simulate five angles: θ ∈
{0◦, 5◦, 10◦, 15◦, 20◦}, defined counterclockwise from the x-axis. Only positive angles are sim-
ulated because the layout is laterally symmetric. The range is capped at 20◦ because larger
misalignments shift wakes past downstream rotors in this farm layout. Hence, larger angles
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40 Case study results

Figure 4-1: Three-turbine layout adopted from [44]. Turbines 1 and 2 are located at x = 0
with lateral offsets y = {−0.75D, +0.75D}. Turbine 3 is placed downstream at x = 7D on the
centreline. The positive x-axis aligns with the dominant wind direction (θ = 0◦).

Figure 4-2: Six-turbine layout as an extension of Figure 4-1: a third row is added downstream,
and one extra turbine is added to each row while retaining Lx = 7D and the ±0.75D lateral
offsets in the first two rows. This extends the layout while preserving the base geometry.

are not considered; the current set already establishes whether the controller can handle in-
flow misalignment. Three inflow wind speeds are used, V∞ ∈ {7, 10, 13} m s−1, with 10 m s−1

treated as nominal. For each simulation run, these ambient conditions are held constant for
the entire duration. This aligns with the assumption made in the controller’s prediction model
in Section 3-2, ensuring the fixed distributed model predictive control (DMPC) structures are
tested under their ideal conditions.
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4-1 Case study parameters 41

A simulation horizon of Tsim = 480 s (8 minutes) is adopted for all experiments. This duration
is selected to ensure sufficient time for control actions to propagate downstream through the
entire farm layout, while maintaining reasonable total computation times for the experimental
campaign. To evaluate tracking performance, three distinct power reference profiles (Pref(t))
are employed, each designed to exercise complementary aspects of the control strategy. The
control objective is to ensure the total farm power accurately tracks this reference. The first
profile (Reference 1) is a four-step trajectory with steps of 2 min, at 70%, 75%, 80%, and 85%
of the farm’s full capacity. This stepped signal creates clean transients that reveal rise time,
overshoot, and settling behaviour; it is used to assess transient tracking of controllers. The
second profile (Reference 2) is designed to be more representative of a real operational signal,
such as a dispatch command from a transmission system operator (TSO). It consists of a high
base level, set relative to the available power for the current wind speed (b ∈ {30%, 90%, 96%}
for V∞ ∈ {7, 10, 13} m s−1, respectively), augmented with small, minute-scale adjustments.
This signal tests the controllers’ ability to follow a realistic, gently varying set point without
overreacting to small fluctuations. The third profile (Reference 3) is a simple constant signal
at 70% of rated power. All three reference signals are shown in Figure 4-3. The figure plots
Reference 1, Reference 3, and Reference 2 using a base level of b = 90% (corresponding to
the nominal 10 m s−1 wind speed).
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Figure 4-3: Three farm power reference profiles used for the control experiments, with a simu-
lation time Tsim = 480 s (8 minutes). Profile 1 is a four-step staircase (120 s per step) at 70%,
75%, 80% and 85% of farm rated power. Profile 2 is a constant with minute-scale offsets: eight
60 s sub-intervals with percentage offsets (0, 0, +3, −1, −2.5, +2, +1, 0) relative to a base level
b set by V∞ (shown here with b = 90%). Reference 3 is a constant signal at 70% of farm rated
power, used for state-of-the-art comparison.

Performance is reported using two metrics. The first metric is the relative tracking error, erel
(in percent, %),

erel(t) =

∣∣∣Pref(t) −
∑NT

i=1 Pi(t)
∣∣∣

Pref(t)
× 100 [%]. (4-1)

This normalisation makes errors comparable across wind speeds, reference levels and farm
layouts. The secondary metric is the computation time required per control step, tsolve
(in seconds, s). To assess computational feasibility, we report the mean, standard devia-
tion, and maximum tsolve observed during simulation. These performance metrics together
highlight the trade-off between tracking accuracy and computational expense. To evalu-
ate these metrics, the controllers and simulation operate under the following physical con-
straints and model parameters. The yaw angles are limited to γi ∈ [−π/6, π/6] (i.e. ±30◦)
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because larger misalignments cause disproportionate power losses and increased structural
loads, while delivering diminishing returns in wake deflection. The ±30◦ bounds capture the
useful steering range without pushing turbines outside routine operating limits [44]. The
yaw-rate limit is set to 0.25◦ s−1. With a sampling time ∆t, the per-sample change in the
yaw command is |∆γmax| ≤ 0.25◦ s−1 ∆t (= (0.25π/180) ∆t rad). For ∆t = 13 s this gives
|∆γmax| ≤ 3.25◦ ≈ 0.0567 rad per sample, limiting the yaw-rate per time step appropriately,
to keep the yaw movements realistic and limit wear and tear [44]. The axial induction factor
is constrained to ai ∈ [0.06, 0.33]. The upper bound lies near the typical maximum of the
power coefficient while remaining within the validity range of the aerodynamic parametrisa-
tions while keeping thrust loads acceptable. The small positive lower bound maintains mean-
ingful loading (avoiding near-zero thrust), supports stable wake formation in the Gaussian
model, and improves numerical conditioning [44]. Furthermore, two key controller configura-
tion parameters are fixed for each simulation. First, the prediction horizon Np is calculated
once at the start of each run based on the scenario’s specific wind speed and direction (using
Eq. 3-23), ensuring the wake advection to the first downstream turbine is always captured.
This horizon length is identical for all proposed controllers within a specific scenario. Sec-
ond, for all DMPC simulations, the sequential solving order is fixed to follow the turbine
numbering in the layout figures (e.g., Figure 4-1 and 4-2). This fixed order corresponds to
the physical upstream-to-downstream flow. Initial input variables are set to γi(0) = 0◦ (no
intentional steering) and ai(0) = 0.30 (a common nominal axial induction). Turbine charac-
teristics follow the IEA 3.4 MW reference machine: rotor diameter D = 130 m and rated power
Pr = 3.35 MW [12]. Other model and flow parameters are the air density ρ = 1.225 kg m−3;
turbine efficiency η = 0.9367; and turbulence intensity I = 6%, constant in all simulations.
The power-coefficient correction is κ = 0.8174 and the power–yaw loss uses exponent p = 2
[44]. All symbols and values are collected in Table 4-1.

Table 4-1: Farm and controller parameters used in the control experiments.

Symbol Description Value Unit
D Rotor diameter (IEA 3.4 MW) 130 m
Lx Streamwise spacing 7D –
Ly Spanwise spacing 1.5D –
V∞ Inflow speeds {7, 10, 13} m s−1

θ Wind angles {0, 5, 10, 15, 20} deg
∆t Sampling time 13 s
Tsim Simulation duration 480 s
I Turbulence intensity 6 %
ρ Air density 1.225 kg m−3

η Turbine efficiency 0.9367 –
Pr Rated power (per turbine) 3.35 MW
κ Power coefficient correction 0.8174 –
p Power-yaw loss exponent 2 –
γmax Yaw bounds ±30 deg
∆γmax Max yaw rate per step 0.0572 rad per ∆t
amin, amax Axial induction bounds 0.06, 0.33 –
γi(0) Initial yaw 0 deg
ai(0) Initial axial induction 0.30 –

A.A. Koelewijn Master of Science Thesis



4-1 Case study parameters 43

4-1-1 Optimisation implementation

For the proposed approaches, each optimal control problem is solved in MATLAB using
fmincon with the interior point algorithm. An interior point method is adopted because it
is efficient and robust for problems with a large number of inequality constraints and simple
bounds. This structure is characteristic of our model predictive control (MPC) formulation,
which includes per-turbine constraints (e.g., yaw, yaw rate, axial induction) at each step of
the prediction horizon. As is typical in MPC, the solution from the previous time step is used
to ’warm-start’ the solver.

Solver settings are selected to balance speed and solution quality, and are kept identical for
all controllers to ensure a fair comparison. We allow 100 interior point iterations to limit run
time; too few iterations can stop before useful convergence, while many more add time with
diminishing gains. Up to 5000 objective evaluations are permitted so that finite-difference
derivatives are resolved; a lower cap risks early termination, a higher cap mostly increases
time without clear benefit. The optimality tolerance is set to 5 × 10−1 in absolute units;
a looser tolerance speeds up solves but can leave noticeable suboptimality, whereas a much
tighter tolerance would cost time with negligible effect on control because the objective is
measured in watts at megawatt scale. The step-size tolerance is 10−4. In the solver this
measures how much the optimisation variables change between two iterations. It is chosen so
that, once these differences become very small, the solver terminates. If the tolerance is set
too small, the solver spends time taking tiny, unproductive steps; if set too large, it may stop
before the iterates have settled. This configuration gives a favourable trade-off between stable
progress and computational effort. These settings were empirically validated in preliminary
simulations. Table 4-2 summarises the configuration used throughout the experiments.

Table 4-2: Summary of optimisation settings (interior point). The same settings are used for all
proposed nonlinear controllers.

Setting Value
Algorithm interior point
Interior-point terations 100
Objective evaluations 5000
Optimality tolerance 5 × 10−1

Step-size tolerance 1 × 10−4

To improve solution quality, a multistart scheme with Nstarts = 5 is executed in parallel, for
all nonlinear optimisation problems. The best feasible result is selected by the lowest cost.
This value is choses (again) based on the trade-off, more multistarts potentially allow to get
a better solution, but add substantial computation time. A value of Nstarts = 5 is selected to
strike this balance.

The solver requires an initial guess, denoted ui,0, to start the optimisation. For multistart
runs, the first start is warm started from the previous found solution. Let k be the current
MPC step, Np the horizon length, and u⋆

i,k−1 the previously optimal sequence for turbine
i. The warm start shifts the sequence by one step and repeats the final block to maintain
correct length:

u(1)
i,0 (k) =

[
u⋆

i,k−1(2:Np)
u⋆

i,k−1(Np)

]
. (4-2)
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This construction is used for both centralised and distributed formulations, where in the
centralised case u contains the vectors ui of all turbines i.
At the first control step k = 1, when no prior solution exists, a constant sequence is formed
from the initial operating point. With current yaw and axial induction vectors γi(0) and
ai(0),

u(s)
i,0 (1) = 1Np ⊗

[
γi(0)
ai(0)

]
(4-3)

For the remaining starts (s = 2, . . . , Nstarts), the initial guess is formed from a single, random
control input that is then held constant across the entire prediction horizon. This random
input is drawn from within the admissible operating bounds and is additionally constrained
to be consistent with the yaw-rate limits relative to the current yaw angle. Define the element
wise clipping operator clip(x, ℓ, u) = min{max(x, ℓ), u}, and let rγi , rai ∼ U(0, 1):

γi,0 = clip(γ(k − 1) + (2rγi−1) ◦ ∆γmax, γmin, γmax) , (4-4)

ai,0 = amin + (amax − amin) ◦ rai , (4-5)

u(s)
i,0 = 1Np ⊗

[
γi,0

ai,0

]
, s = 2, . . . , Nstarts. (4-6)

The optimisation for the state-of-the-art mixed-integer quadratically-constrained quadratic
program (MIQCQP) controller, used for comparison in Section 4-4-1, is implemented differ-
ently [44]. This controller is formulated in MATLAB using the YALMIP modelling toolbox.
This formulation, being an MIQCQP, cannot be solved with an interior-point method. In-
stead, it requires a specialised mixed-integer solver, which in this case is the solver Gurobi.
Multistart is not considered here, as its formulation as a convex mixed-integer program is
guaranteed to yield a single global solution. However, the implementation does leverage a
warm-start strategy, where the full solution from the previous time step is passed as an initial
guess to Gurobi for the current time step. Apart from enabling this warm-start, the default
Gurobi solver settings are used for the experiment.

4-2 Simulation model validation

The FLOw Redirection and Induction Dynamics (FLORIDyn) model [9] is selected as the
simulation environment to represent the wind farm dynamics in this case study. Its main
advantage is its computational efficiency, which permits the extensive, iterative closed-loop
simulations required for controller tuning and validation, while still capturing the essential
dynamic phenomena, that static models ignore. For the evaluations in this chapter, this
FLORIDyn model acts as the true plant. The MPC controllers, in contrast, will use a related
but more lightweight prediction model. This intentional discrepancy between the plant and
the controller’s internal model is valuable, as it introduces a degree of model mismatch and
allows us to test the controller’s robustness. Before this simulation model can be used for
evaluation, its own discretisation parameters must be established. This section therefore
validates the two key parameters that balance its fidelity and computational cost: the number
of chains across the rotor, Nc, and the chain length expressed as the number of observation
points (OPs), NOP, together defining the dimension of the state X.
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To assess Nc, open-loop runs are performed on the three-turbine layout with constant inflow
and constant control inputs over a five-minute horizon. This setup disables any dynamic
wake-mitigation strategy so that wake advection dominates the dynamics. The open-loop
experiments are carried out at V∞ = 10 m s−1 with the constant input sequence

ui(k) =
[
γi

ai

]
=

[
0

0.3

]
for all k and all i, (4-7)

so that yaw angles γi are zero and axial induction factors ai are constant.

Figure 4-4 shows the resulting total farm power, Ptotal(t, Nc), (top) and the absolute per-
centage difference, ϵrel, relative to a high-resolution baseline (Nc = 250) (bottom). Let
Pbaseline(t) =

∑NT
i=1 Pi(Nc = 250) be the power from this baseline simulation. The relative

difference is then given by:

ϵrel(t) = |
∑NT

i=1 Pi(t) − Pbaseline(t)|
Pbaseline(t)

× 100 [%]. (4-8)

A distinct power drop is observed in the top plot of Figure 4-4 around t ≈ 1.5 min, matching
the wake travel time over the streamwise spacing Lx = 7D to the downstream turbine:

t = Lx

V∞
= 7D

V∞
= 7 · 130

10 = 91 s ≈ 1.5 min. (4-9)

This agreement indicates that wake advection is resolved at the chosen sampling and that the
observed transients are physical. The figure then makes the overall behaviour clear: in the
top plot, all choices of Nc show the same dip at t ≈ 1.5 min when the wakes reach the last
turbine, after which the outputs settle and match closely. In the bottom plot, the absolute
percentage difference versus the Nc = 250 baseline peaks at wake arrival and then flattens.
The Nc = 60, 100, 200 cases are essentially indistinguishable (sub-percent after the transient),
Nc = 50 remains within about 2.5% percent, and Nc = 40 shows a small but visible bias of
a few percent. Increasing Nc refines the lateral–vertical sampling of the wake, but this also
increases the state dimension advected downstream and the number of OP updates per step,
adding to the computational load of the simulation environment. Given the small differences
in total farm power, Nc = 50 is adopted as a baseline, consistent with [9, 44], as a practical
balance between fidelity and adding computational overhead.

Note that the wake field remains an approximate Gaussian model sampled at discrete OPs;
increasing Nc indefinitely does not converge to a perfect physical model. Rather, the choice
of Nc is based on capturing farm-level effects sufficiently, without unnecessary computation.

The second parameter is the chain length NOP. This must be large enough for OPs from an
upstream rotor to advect to the most downstream rotor, covering all layouts and operating
conditions. The most demanding layout is the six-turbine farm, which spans two row spacings
(2Lx = 14D). The minimum number of OPs required to cover this distance, Nspan (as
defined in Eq.3-20), is determined by the most conservative (i.e., slowest advection) case.
This corresponds to the lowest wind speed and highest wind angle: V∞ = 7 m s−1 and
θ = 20◦. With D = 130 m and ∆t = 13 s, the calculation is:

Nspan =
⌈ 2Lx

V∞ ∆t cos θ

⌉
=

⌈ 14D

V∞ ∆t cos θ

⌉
=

⌈ 14 · 130
7 · 13 · cos 20◦

⌉
= 22. (4-10)
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Figure 4-4: Open-loop model run for different number of chains Nc on the three-turbine layout.
Top: total farm power for several Nc. Bottom: absolute percentage difference relative to the
baseline of Nc = 250. All runs use constant inputs (γi, ai) = (0, 0.3), θ = 0 and V∞ = 10 m s−1

over a five-minute horizon.

A safety margin is added, leading to the final simulation model parameters:

NOP = 30, Nc = 50. (4-11)

These choices keep computation reasonable for the simulation studies, are consistent with the
literature [9, 44], and reflect the diminishing returns observed beyond Nc = 50 in Figure 4-4.

4-3 Results of prediction model approximations

This section defines and validates the prediction model used within the MPC controllers, im-
plementing the reduced-order modelling theory proposed in Section 3-2. The central challenge
is balancing the model’s predictive accuracy against its computational cost. This trade-off is
more critical here than in the previous section: while the simulation model’s cost only affects
offline simulation speed, the prediction model’s complexity directly impacts the controller’s
solve time, tsolve, and thus its real-time feasibility. This involves defining the two key dis-
cretisation parameters for the prediction model, NOP and Nc; we first fix NOP based on our
theory and then explore the impact of Nc.

Following the reduced-order modelling strategy proposed in Section 3-2, we first fix the pre-
diction model’s chain length, NOP. This requires calculating the number of OPs needed to
span a single row spacing (Lx = 7D) under the most conservative conditions (V∞ = 7 m s−1,
θ = 20◦), using Eq. 3-20:

Nspan =
⌈

Lx

V∞ ∆t cos θ

⌉
=

⌈ 7 · 130
7 · 13 · cos 20◦

⌉
= ⌈10.64⌉ = 11. (4-12)
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A small margin is added to this minimum to accommodate transient accelerations and
model–plant mismatch. The final choice for the prediction model chain length is therefore
fixed at:

NOP = 13, (4-13)

which covers the first downstream interaction with buffer while keeping the chain short for
computational efficiency. This also ensures that, for any wind angle in the case study, the
number of OPs reachable within the prediction horizon Np (see Eq. 3-23) does not exceed
the transport capacity of the prediction model. Note that truncating the chain at NOP = 13
introduces approximation error in layouts with multiple downstream rows, since information
farther downstream is not represented. In the present case studies this affects only the six-
turbine layout; the three-turbine layout is unaffected.

With NOP now fixed, this section explores the impact of the second parameter, the number
of chains Nc, on the closed-loop performance and computational effort. To investigate this,
experiments using the centralised model predictive control (CMPC) formulation (Eq.3-21)
are conducted on the three-turbine layout with V∞ = 10 m s−1, θ = 0◦, and Nstarts = 5
multistarts. The controller tracks the step reference signal (Reference 1 from Figure 4-3). Six
values for Nc in the prediction model are compared: Nc ∈ {5, 10, 20, 30, 40, 50}.

The results are presented in Figure 4-5, Figure 4-6, and Table 4-3. The time series in Figure 4-
5 shows a clear performance trend. Models with few chains (Nc ≤ 20) exhibit large, oscillatory
tracking errors after the wake propagates to the downstream turbines. In contrast, models
with Nc ≥ 30 demonstrate significantly improved tracking, with errors that are smaller and
more stable. Visually, the performance curves for Nc = 30, 40, and 50 are clustered closely
together, suggesting that further increases in Nc beyond 30 yield diminishing returns in
tracking accuracy.

0 1 2 3 4 5 6 7
Time [min]

0

10

20

e re
l [

%
]

Relative tracking error for different N
c
 (prediction model)

5 chains 10 chains 20 chains 30 chains 40 chains 50 chains

Figure 4-5: Time series of farm-level relative tracking error erel for different numbers of chains
Nc in the prediction model. The test uses the CMPC controller with multistarts on the three-
turbine layout, with θ = 0◦, V∞ = 10 m s−1, and tracking the step reference (Reference 1,
Fig.4-3).

Figure 4-6 and Table 4-3 quantify this relationship. Figure 4-6 explicitly plots the trade-
off, showing mean tracking error (red, dashed line) against mean solver time (blue, solid
line). Two features stand out. First, Nc = 10 and 20 yield very similar mean relative errors,
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Figure 4-6: Trade-off between tracking accuracy and computational speed as a function of the
number of chains Nc in the prediction model. The left y-axis (blue, solid line) plots the mean
solver time per time step tsolve. The right y-axis (red, dashed line) plots the mean relative tracking
error erel. Data is from the CMPC multistart experiment shown in Figure 4-5.

whereas moving to Nc = 30 reduces the mean error markedly. Second, both Nc = 40 and
50 achieve sub-1% mean error, yet their average solver times per step differ substantially. In
short, more chains give finer wake sampling and lower tracking error, but at a steadily higher
per-step solve time. Furthermore, Table 4-3 reveals that this higher mean computation time
is also accompanied by a significant increase in computational volatility. Both the standard
deviation and the maximum tsolve grow substantially with Nc, making controllers with very
high Nc values less predictable. These results clearly illustrate the fundamental trade-off
between model fidelity and computational cost.

Table 4-3: Mean relative tracking error erel and solver time tsolve statistics per time step for
different Nc in the prediction model. The mean, standard deviation (Std. dev.), and maximum
(Max) values for tsolve are reported. The most preferable result in each column is highlighted in
bold.

Nc Mean erel [%] Mean tsolve [s] Std. dev. [s] Max [s]

5 7.058 35.89 37.08 108.36
10 5.434 39.96 45.16 134.74
20 5.012 55.52 58.83 180.25
30 1.937 79.43 74.85 196.63
40 0.500 82.08 71.70 240.14
50 0.070 120.40 113.29 406.01

4-4 MPC results

This section presents case study results for the three proposed controllers: centralised MPC
(3-21), full-farm DMPC (3-24), and subset DMPC (3-26), each run with and without multi-
starts. For the three-turbine layout, subsections 4-4-1 and 4-4-2 report, respectively, a com-
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parison with the state-of-the-art MIQCQP controller [44] and a comprehensive study over
wind speeds and directions. In this three-turbine setting the full-farm and subset distributed
formulations are equivalent in practice, so only the full-farm implementation is reported and
referred to as DMPC in the corresponding Figures. Subsection 4-4-3 covers the six-turbine
layout, including the subset DMPC approach.

For the following case studies, the prediction model with Nc = 50 is selected. Since the
distributed controllers inherently introduce approximations, using a more accurate prediction
model ensures that performance differences are attributable to the controller design, not
to a coarse model discretisation. All other simulation and prediction model settings follow
Sections 4-3 and 4-2.

4-4-1 Comparison with state-of-the-art

In this section the proposed controllers are compared with a state-of-the-art formulation from
[44]. This approach uses a similar Gaussian wake model with observation points, but the
non-linear optimisation is reformulated through a set of approximations into a MIQCQP.
The experiment uses the three-turbine layout with a constant reference at 70% of full farm
capacity (Reference 3 from Figure 4-3), aligned wind direction θ = 0◦, free-stream speed
V∞ = 10 m s−1, and a simulation time of three minutes.

Figure 4-7 shows four time series plots. The top left panel, showing the farm-level relative
tracking error erel, reveals the most significant difference. The MIQCQP controller exhibits
a very large error spike of almost 25% while the upstream wakes are travelling to the most
downstream turbine (until t ≈ 1.5 min). After this transient, its error reduces but remains
higher than some of the other controllers. In contrast, both DMPC approaches (with and
without multistart) maintain exceptionally small errors (below 0.1%) throughout. The CMPC
controller with multistarts also settles to a very low error, while the single-start CMPC takes
longer to settle. The poor performance of the MIQCQP can be attributed to two main
factors. First, its underlying prediction model is a more simplified representation of the
dynamics, analogous to using only a single chain in the FLORIDyn model, which leads to a
loss of information, especially regarding wake shape and overlap. Second, the reformulation
of the nonlinear program (NLP) into an MIQCQP introduces further approximations, which
degrades predictive accuracy. These results indicate that the proposed nonlinear CMPC and
DMPC formulations capture the wake interactions more reliably. This even leads to significant
steady-state error in closed-loop, as observed during the first 1.5 minute of simulation in
Figure 4-7.

The top right plot confirms the cause of the error spike, showing a drop in wind speed at
turbine 3 for all controllers at t ≈ 1.5 min as the wake arrives. The control inputs of turbine
1, shown in the bottom panels, effect the rotor-effective wind speed at turbine 3. for the
MIQCQP case, the yaw angle of turbine 1 drifts to more negative values over time, which
deflects its wake towards turbine 3, resulting in a lower wind speed v3. This suggests that,
for the present reference signal, the farm can meet the target without beneficial inter-turbine
cooperation.

Table 4-4 quantifies these findings. The MIQCQP controller yields the largest mean tracking
error by a wide margin. Its mean solve time is higher than the single-start approaches, but
stays below the multistart approaches. However, it is worth noting that while this average
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Figure 4-7: Time series comparison with the MIQCQP state-of-the-art. Top left: farm-level
relative tracking error erel. Top right: rotor-effective wind speed v3. Bottom: control inputs (yaw
angle γ1 and axial induction a1) for Turbine 1. The test uses the three-turbine layout (Fig.4-1),
with θ = 0◦, V∞ = 10 m s−1, and tracking the constant reference (Reference 3, Fig. 4-3). The
legend applies to all plots.

time may seem manageable, solver times for other tested simulations were highly volatile
and even exceed multiple hours. This volatility, where solve times can grow unpredictably
and non-linearly with small changes in problem setup, is a known drawback of mixed-integer
programming. In contrast, all proposed controllers achieve significantly lower mean tracking
errors. The DMPC variants are particularly effective, achieving the best tracking accuracy in
this test.

Table 4-4: Mean relative tracking error erel and solver time tsolve statistics per time step for
the state-of-the-art comparison. The mean, standard deviation (Std. dev.), and maximum (Max)
values for tsolve are reported. The most preferable result in each column is highlighted in bold.
DMPC solver times represent the total (sum) time for the sequential solve at each timestep.

Controller Mean erel [%] Mean tsolve [s] Std. dev. [s] Max [s]

MIQCQP 13.207 20.58 24.33 78.33
CMPC 2.126 4.29 5.16 22.254
CMPC (multistart) 0.135 57.37 56.22 187.18
DMPC 0.013 19.32 10.08 43.87
DMPC (multistart) 0.012 49.10 23.21 119.50

In summary, the proposed controllers significantly outperform the MIQCQP state-of-the-
art approach in tracking accuracy. The DMPC variants are particularly effective, achieving
the lowest errors in this comparison. Furthermore, this benchmark was run in a restricted
experiment, distinct from the main case-study setup, because the MIQCQP controller proved
sensitive to initial conditions and reference profiles. Specifically, often the mixed-integer solver
falsely returned infeasible for initial conditions which are known to be feasible. Additionally,
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the controller was observed to report infeasibility mid-way through simulations, indicating
either false infeasibility again, or that control inputs caused the system to diverge. These
observations are likely due to numerical instability or poor numerical conditioning of the
MIQCQP optimisation problem, due to the extensive model reformulations. Therefore the
simulation shown in this section was selected to permit a complete MIQCQP run. This
sensitivity, however, constrains its practical applicability and is why the MIQCQP controller
is not included in the more rigorous, varying-condition tests that follow.

4-4-2 Three-turbine layout

This subsection evaluates the CMPC and DMPC controllers, both with and without multi-
starts, on the three-turbine farm under eight operating scenarios. DMPC in this case refers
to the full-farm DMPC formulation (3-24). We vary wind direction θ ∈ {0◦, 5◦, 10◦, 15◦, 20◦}
using the step reference (Reference 1 in Figure 4-3), and free-stream speed V∞ ∈ {7, 10, 13} m s−1

using the perturbed constant reference (Reference 2 in Figure 4-3). This perturbed reference
is designed to rigorously test the controllers’ tracking performance under varying wind speeds,
as each reference for the specific wind speed is intentionally challenging to reach and maintain.
The subset DMPC approach is not reported in this section, since it is equivalent in practice
to the full-farm approach with this farm layout.

Two representative time series are shown: one for V∞ = 7 m s−1 in Figure 4-8 and one for
θ = 15◦ in Figure 4-9. Figure 4-8 presents the farm-level relative error erel, rotor-effective wind
speed of the downstream turbine v3, and the control inputs (yaw angle γ1 and axial-induction
factor a1) for turbine 1. Figure 4-9 also shows the farm-level erel and rotor-effective wind speed
v3, but also includes the control inputs for all three turbines. In both figures, all controllers
are plotted together, with multistart variants indicated by the dotted style. A quantitative
summary over all eight experiments, including mean relative error and solver-time statistics
per controller, is provided in Table 4-5. A more detailed version, which also includes the per-
turbine solver time statistics for the DMPC controllers, is available in Table B-2 in Appendix
B.

Figure 4-8 compares the controllers for the perturbed constant reference at V∞ = 7 m s−1

and θ = 0◦. In the top-left panel, the farm-level relative tracking error exhibits a piecewise
constant profile that mirrors the step changes in the reference signal, as can be seen in
reference 2 in Figure 4-3. The multistart variants (CMPC and DMPC with dotted lines)
track each segment with only minor error, whereas the single–start runs settle with noticeably
larger offsets, particularly after the change around t ≈ 4 min. This highlights the benefit of
multistarting for nonlinear problems, as exploring several starting points makes it more likely
to find a better quality solution.

The control inputs for turbine 1 (bottom row Figure 4-8) show why the multistart variants
close the gap. Across both yaw and axial–induction inputs the dotted traces fluctuate more,
indicating that the optimiser explores a wider part of the decision space and finds input
sequences that better compensate for the changing operating point. By contrast, the sin-
gle–start schemes tend to converge to the closest available local optimum, and from t ≳ 4 min
this suboptimal control strategy is insufficient to reduce the new error plateau.

The top–right panel reports the rotor–effective wind speed v3 at turbine 3. It remains approx-
imately constant initially and then drops when the upstream wakes arrive at the downstream

Master of Science Thesis A.A. Koelewijn



52 Case study results

rotor. Here, this interaction occurs at about t ≈ 2 min (rather than the earlier 1.5 min ob-
served in faster–wind cases), because the lower free–stream speed delays the transport of wake
effects downstream. The gradual increase for DMPC thereafter coincides with the steadily
rising yaw of turbine 1 in the bottom–left panel, consistent with wake deflection improving
the downstream inflow.

Figure 4-8: Time series comparison of all proposed controllers. Top left: farm-level relative
tracking error erel. Top right: rotor-effective wind speed v3. Bottom: control inputs (yaw angle
γ1 and axial induction a1) for Turbine 1. The test uses the three-turbine layout (Fig.4-1), with
θ = 0◦, V∞ = 7 m s−1, and tracking the perturbed constant reference (Reference 2, Fig. 4-3).
The legend applies to all plots.

Figure 4-9 reports the step–reference experiment at θ = 15◦ and V∞ = 10 m s−1, following
reference 1 in Figure 4-3. In the top–left panel the CMPC run struggles between t ≈ 2–4 min,
accumulating a sustained error during one step plateau. By contrast with Figure 4-8, both
distributed schemes maintain very small tracking errors, with only brief spikes at the instants
when the reference changes (around t ≈ 2 and t ≈ 6 min). The absence of a large error
transient when the wake from the upstream machines reaches turbine 3, suggests that all
controllers anticipate the wake interaction and compensate for it in advance.

The top–right panel shows the rotor–effective wind speed at turbine 3. It stays flat initially
and then drops shortly after t ≈ 1.5 min, consistent with the wake of the upstream row arriving
a little later than in the aligned case because the free-wind direction increases the path length
to the downstream rotor. As in Figure 4-8, multistart runs exhibit more variability in the
inputs (bottom row), however the spread is milder here. A clean step reference demands
decisive but short-lived actuation at the step boundaries, whereas the perturbed constant
signal (Figure 4-8) forces continuous small adjustments and thus larger input variation.

The yaw and axial-induction traces in the bottom plots clearly reveal a characteristic feature
of the DMPC scheme. Because turbines are optimised sequentially, the first turbine in the
sequence (T1) tends to absorb a larger share of the corrective action, particularly at the
beginning of the horizon. This explains the near-zero axial-induction for T1 at start-up and
its pronounced adjustments compared to the other turbines; DMPC reduces the power capture
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of this upstream unit while the remaining machines are still close to their initial settings. As
the power reference increases, a1 increases in steps. Under centralised solving (CMPC), by
contrast, the optimiser adjusts all turbines simultaneously, so the required effort is typically
spread more evenly across the farm, and the per-turbine inputs appear less extreme. This
illustrates a fundamental difference in behaviour, with sequential DMPC concentrating control
action on the upstream machine, which is unfavourable from a mechanical wear standpoint,
while CMPC distributes the effort more evenly across the farm.

Figure 4-9: Time series comparison of all proposed controllers. Top left: farm-level relative
tracking error erel. Top right: rotor-effective wind speed v3. Bottom rows: control inputs (yaw
angles γi and axial induction factors ai) for all turbines. The test uses the three-turbine layout
(Fig.4-1), with θ = 15◦, V∞ = 10 m s−1, and tracking the step reference (Reference 1, Fig. 4-3).
The legend applies to all plots.

A summary and trade-off visualisation for all eight experiments are presented in Table 4-5
and Figure 4-10, respectively. The table provides aggregate statistics on tracking error and
solver times, with the most favourable result in each column bolded. The scatter plot in Fig.4-
10 visualises the cost-versus-accuracy trade-off, where each point represents one experiment,
plotting mean relative error erel against mean solver time tsolve.

Clear trends emerge when analysing the single-start schemes (the left-hand cluster in Fig-
ure 4-10). While the single-start CMPC appraoch achieves the lowest mean solve time,
Table 4-5 shows its tracking error is the highest. The single-start DMPC approach achieves
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Figure 4-10: Scatter plot illustrating the accuracy-speed trade-off, showing mean relative track-
ing error erel versus mean solver time tsolve for all proposed controllers. Each point represents the
mean result of one of the eight experiments conducted on the three-turbine layout (Fig. 4-1).

a significantly lower mean error for a comparable mean solve time. Crucially, DMPC also
demonstrates more predictable runtimes, with the lowest standard deviation and smallest
maximum solver time among all controllers. The scatter plot confirms this: the green DMPC
points are consistently below (lower error) the blue CMPC points in this low-computation
cluster, indicating a clear and systematic advantage for the distributed approach.

Introducing multistarts improves accuracy but at a substantial computational cost, as seen
by the points shifting to the right in Figure 4-10. The CMPC with multistarts suffers from
extremely high and highly variable solve times, forming a scattered cloud at the far right of
the plot. In sharp contrast, the DMPC with multistarts achieves the best tracking accuracy
overall (bolded in the table) at roughly half the mean computational cost and with much lower
variability than its centralised counterpart. This is visualised by the tight, low-error green
cluster, which is well to the left of the blue multistart points. Furthermore, the per-turbine
statistics in the detailed table in Appendix B (Table B-2) reveal that the sequential solve
tends to place a heavier computational burden on the upstream turbines, though this effect
is less pronounced in the multistart case.

Overall, three distinct patterns are evident. First, distributing the optimisation provides
superior tracking accuracy and more consistent runtimes than the centralised approach, even
without multistarts. Second, while multistarts effectively eliminate residual errors, this benefit
comes at a high computational price; the distributed variant offers a vastly better cost-
benefit ratio for this, avoiding the extreme latencies of the centralised method. Third, a
clear trade-off exists for real-time application. The single-start DMPC already delivers sub-
percent mean errors with mean solve times well within the sampling-time budget (e.g., < 13
s) 1. The multistart variants, while more accurate, both have mean solve times far exceeding

1Note that all absolute solver times are illustrative, as they are dependent on the specific hardware and
software implementation used for this study. Actual performance on a dedicated real-time controller would
likely differ.
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this budget, making DMPC with multistarts a choice for systems where near-perfect tracking
is critical and a larger time budget is available.

Table 4-5: Per-controller summary of mean relative tracking error erel and solver time tsolve
statistics per time step, aggregated across all three-turbine experiments. The mean, standard
deviation (Std. dev.), and maximum (Max) values for tsolve are reported. The most preferable
result in each column is highlighted in bold. DMPC solver times represent the total (sum) time
for the sequential solve at each timestep.

Controller Mean erel [%] Mean tsolve [s] Std. dev. [s] Max [s]

CMPC 1.928 5.96 8.67 77.38
CMPC (multistart) 0.245 104.63 110.78 424.73
DMPC 0.841 6.67 5.52 42.94
DMPC (multistart) 0.009 56.06 31.67 233.73

4-4-3 Six–turbine layout

In this section, we apply the controllers to the six-turbine farm. We consider two experiments,
both with aligned inflow (θ = 0◦) and free-stream speed V∞ = 10 m s−1: one using the
step reference (Reference 1 in Figure 4-3) and one using the perturbed constant reference
(Reference 2 in Figure 4-3). The time-series behaviour is analysed for the step-reference
case in Figures 4-11, 4-13 and 4-12, while the combined results from both experiments are
presented in Table 4-7 and the scatter plot (Figure 4-14). In the figures that follow, the
centralised controller (3-21) is labelled ‘CMPC’, the full-farm distributed controller (3-24) is
labelled ‘DMPC’, and the subset controller (3-26) is labelled ‘DMPC subset’.

Alongside the centralised and (full-farm) distributed formulations, we also evaluate the subset
DMPC approach in which each turbine is optimised using only a carefully selected group of
neighbours. For this case study, these subsets are manually selected to capture the strongest,
direction-dependent wake interactions, specifically for the θ = 0◦ inflow condition. The
selection logic for a turbine i’s subset (Si) is as follows: turbine i itself is always included;
then, the turbine(s) directly downstream of i affected by its wake are added; and finally, any
upstream turbines whose wakes impact that downstream set are also included. The resulting
subsets are listed in Table 4-6 (e.g., since turbine 6 has no downstream neighbours, S6 consists
only of turbine 6). It is crucial to highlight that the performance of this subset approach is
highly dependent on this specific, manually-chosen subset configuration, which is itself tied
to the assumed wind direction. While effective for this fixed scenario, automating this subset
selection, perhaps even dynamically based on the current inflow angle, remains a key area for
future work.

Table 4-6: Subset definition for the six–turbine layout used by the subset DMPC controller. Each
entry lists the turbines included in the subset Si when optimising turbine i. Turbine numbers
correspond to the numbers in the farm layout in Figure 4-2.

S1 S2 S3 S4 S5 S6

Turbines included 1, 2, 4 1, 2, 3, 4, 5 2, 3, 5 4, 5, 6 4, 5, 6 6
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Figure 4-11 compares farm–level relative tracking errors for the six–turbine layout. Up to
t ≈ 3 min most controllers maintain very small errors, with only brief settling transients at
the start and around t ≈ 2 min when the reference steps. The exception is the centralised
controller without multistarts, which exhibits larger fluctuations and a pronounced spike near
t ≈ 1.5 min. This peak coincides with the first wake front from the upstream row reaching
the downstream turbines and indicates that the centralised single–start solution struggles to
anticipate the interaction; once the wake has propagated, the error drops. At t ≈ 3 min, the
other controllers show a sharp error spike. This is not a numerical instability but a limitation
of the predictive model’s effective reach. Because the predictor is built on a finite chain of
OPs, the wake information generated by turbines 1–3 does not fully propagate to the third
row (turbine 6). As a result, the effective wind speed at the furthest downstream turbine
is overestimated and the farm power is (momentarily) overpredicted. After this event the
controllers resettle, but this reveals a structural model mismatch, as the model’s finite horizon
prevents it from fully capturing the wake propagation to the distant third row. This mismatch
leads to a consistent, slight overestimation of the wind speed at turbine 6 at subsequent steps,
resulting in a small, repeated tracking error. However, the distributed formulations prove less
sensitive to this model–reach issue and recover faster after the event.
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Figure 4-11: Time series of farm-level relative tracking error erel comparing all proposed con-
trollers. The test uses the six-turbine layout (Fig.4-2), with θ = 0◦, V∞ = 10 m s−1, and tracking
the step reference (Reference 1, Fig. 4-3).

Figure 4-12 shows rotor–effective wind speeds for the downstream turbines (turbines 4–6).
The upstream turbines (turbines 1–3) remain at their inflow values and are therefore omitted.
For most controllers a first, coherent drop appears near t ≈ 1.5 min, consistent with the wake
from the upstream row reaching the downstream row. The magnitude of this drop differs
across controllers, reflecting different axial–induction and yaw actions before the wake arrives.
A second feature appears between t ≈ 2.8 and 3.2 min. Under CMPC the rotor–effective wind
at turbine 4 and turbine 5 decreases again, whereas turbine 6 shows only a small kink rather
than a sustained reduction. This is consistent with the flow–energy budget: with lower wind
at turbines 4 and 5, those turbines extract less power, so the downstream velocity deficit is
weaker and the perturbation that reaches turbine 6 is attenuated, allowing a quicker recovery.
By contrast, the distributed controllers moderate the drop at turbines 4–5 more effectively
and keep a flatter trace at turbine 6, which suggests better coordination of upstream control
to shield the third row from compound wake effects.
Control inputs in Figure 4-13 show the same trends as in the three-turbine case. First,
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Figure 4-12: Time series of rotor-effective wind speed vi for the downstream turbines (T4,
T5, T6) comparing all proposed controllers. The test uses the six-turbine layout (Fig.4-2), with
θ = 0◦, V∞ = 10 m s−1, and tracking the step reference (Reference 1, Fig. 4-3). The legend
applies to all plots.

sequential solving concentrates most control action at the turbines solved first. In the subset
DMPC case, for example, the axial induction factors of turbine 1 and turbine 2 are very low
at the start, indicating an attempt to resolve much of the farm-level objective upstream at
the start of the sequential sweep, while the yaw angles of downstream turbines show little
variability. The centralised controllers spread control action more evenly across the turbines.
Second, multistart solving introduces greater variability in the inputs. This is most visible
in the axial induction factors, where the dotted traces switch more often. The effect is less
pronounced for yaw angles because rate limits constrain the admissible changes, so the feasible
range is more narrow and largely shaped by the current yaw state.

A comprehensive summary of controller performance across the two six-turbine experiments
is presented in Table 4-7 and Figure 4-14. The table provides aggregate statistics for mean
tracking error and solver times, while the scatter plot visualises the speed-versus-accuracy
trade-off for each controller in each of the two experiments. On the plot, the horizontal axis
represents mean computation time tsolve, and the vertical axis represents mean relative error
erel, so points in the lower-left are ideal.

The single-start controllers form a cluster on the left ‘fast’ side of the plot. A key finding
is visible in the single-start CMPC: the two experiments yield vastly different results. One
experiment results in the highest tracking error on the entire chart, while the other has a
very low error. This demonstrates that the performance of the single-start CMPC is highly
dependent on the specific reference trajectory. By contrast, the other single-start controllers
(DMPC and DMPC subset) show tightly clustered points, indicating they are more robust
to the different scenarios. While the single-start CMPC achieves the lowest mean solve time,
the DMPC subset approach achieves the lowest time variability (std. dev.) and the lowest
maximum solver time, making it more predictable.
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Figure 4-13: Time series of the control inputs (yaw angles γi and axial induction factors ai) for
all six turbines, comparing all proposed controllers. The test uses the six-turbine layout (Fig.4-2),
with θ = 0◦, V∞ = 10 m s−1, and tracking the step reference (Reference 1, Fig. 4-3). The legend
applies to all plots.

Introducing multistarts reveals a clear separation in computational cost. The full-farm mul-
tistart methods (CMPC and DMPC) are pushed to the far right of the plot, indicating
extremely high mean solve times that make them computationally impractical, despite im-
proving accuracy. This is where the subset strategy’s advantage becomes most apparent. The
DMPC subset with multistarts achieves the best mean relative tracking error of all controllers.
More importantly, it does so at a mean solve time that is dramatically lower than the other
multistart variants. This significant time improvement highlights the benefit of reducing the
sub-problem complexity. The advantage is particularly pronounced in the multistart case;
while single-start runs are fast for all methods due to ‘warm-starting’ from the previous so-
lution, multistarting requires solving from multiple randomised initial guesses. When solving
from these randomised starting points, the vast reduction in problem size and complexity
offered by the subset approach translates directly into a dramatic reduction in solver time.
The subset approach thus retains the high accuracy of multistarting while drastically cutting
the computational burden.

The per-turbine solver times for the DMPC variants, which are presented in Table B-3 in
Appendix B, reveal a final key observation. As expected from the sequential approach, the
computational load is concentrated at the front of the farm. However, the specific source of the
highest computational load differs: for the full-farm DMPC, Turbine 1 has the largest mean
computation time. For the DMPC subset approach, this most time-consuming step shifts
to Turbine 2. This is a direct consequence of the subset design; Turbine 2 has the largest
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defined subset (Table 4-6), making its individual optimisation problem the most complex in
the sequence.
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Figure 4-14: Scatter plot illustrating the accuracy-speed trade-off, showing mean relative track-
ing error erel versus mean solver time tsolve for all proposed controllers. Each point represents the
mean result of one of the two experiments conducted on the six-turbine layout (Fig. 4-2).

A crucial, counterintuitive finding from these experiments is that the optimisation problem
incorporating the most approximations (subset DMPC approach) yields the superior tracking
performance. This unexpected result can be attributed to two possible explanations. The
first is myopic control behaviour, where a controller with a reduced prediction model makes a
slightly suboptimal decision early in the horizon that, by chance, leads to a superior state for
the long-term performance. However, given that the prediction horizon covers a significant
portion of the simulation time, truly myopic behaviour is unlikely to be the primary cause
of the sustained performance benefit. The second, and more probable, explanation is the
favourable trade-off between reduced computational complexity and effective approximation.
The subset optimisation problem is significantly less complex (lower dimensionality and non-
linearity) than the full-farm or centralised optimisation problems. With a reasonable, fixed
number of multistarts, the solver is simply more effective at locating a good, near-optimal
solution for the simpler subset problem. This is a practical benefit, as the highly complex
centralised problems often feature numerous local minima where the solver gets trapped. This
effect is amplified because the manual subset selection showed highly effective: by captur-
ing all strong, directional wake interactions, the turbines excluded from the dynamic model
are negligibly weakly coupled. However, this clear separation may become more difficult to
achieve in farms with complex or irregular topologies. The simple algebraic approximation
used for these turbines is highly accurate, meaning the computational reduction does not
introduce a significant modelling error, thus allowing the optimisation benefits to dominate
the overall performance.

In summary, three clear conclusions emerge for this larger farm. First, the single-start CMPC
is fast but its performance is unreliable and trajectory-dependent. Second, the subset-based
controllers offer the best trade-offs. The single-start DMPC subset provides the best balance
of speed, low error, and high predictability, making it the strongest candidate for a real-time
budget. Third, if near-perfect accuracy is required and more computation time is available,
the DMPC subset with multistarts is the superior choice, delivering the best accuracy at a
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fraction of the cost of full-farm multistart methods.

Table 4-7: Per-controller summary of mean relative tracking error erel and solver time tsolve
statistics per time step, aggregated across the six-turbine experiments. The mean, standard
deviation (Std. dev.), and maximum (Max) values for tsolve are reported. The most preferable
result in each column is highlighted in bold. DMPC solver times represent the total (sum) time
for the sequential solve at each timestep.

Controller Mean erel [%] Mean tsolve [s] Std. dev. [s] Max [s]

CMPC 5.157 29.30 64.12 558.61
CMPC (multistart) 1.327 485.15 341.05 1192.04
DMPC 1.823 49.66 29.35 150.54
DMPC (multistart) 1.292 364.62 153.83 758.76
DMPC subset 1.442 33.18 25.33 138.60
DMPC subset (multistart) 1.162 155.27 66.51 390.32

4-4-4 Cross-layout comparison

This subsection compares performance and computational effort between the three-turbine
and six-turbine layouts, using the per-controller summary in Table 4-8. The results for both
layouts are drawn from the same two operating scenarios (the step and perturbed constant
references at θ = 0◦, V∞ = 10 m s−1), providing a direct comparison. To aid comparability,
solver time is normalised per turbine, denoted as t̄solve, by dividing the mean time per step
by the number of turbines:

t̄solve = tsolve/NT. (4-14)

A modest increase in tracking error is expected when moving from three to six turbines,
as the prediction model’s limit on downstream observation points (NOP) becomes an active
factor in the larger layout. This trend is generally present for most controllers. However, the
single-start CMPC shows a dramatic increase in error (from 2.2% to 5.2%), suggesting its
performance is highly sensitive to the layout complexity and struggles to find a good solution
in the larger, more coupled six-turbine case.

The normalised solver times reveal how the approaches scale. For CMPC, the per-turbine time
increases significantly (a 3-4x rise for single-start). This is because the central optimisation
problem grows in size and coupling, increasing the effort for the interior-point algorithm. The
full-farm DMPC scales even more poorly, with the per-turbine time increasing by a factor
of 4-5. This poor scaling is twofold. First, the cost of each sub-problem is high: although
solved sequentially, each turbine’s optimisation must still propagate its effects through the
entire farm model to evaluate its influence on all other turbines. Second, the difficulty of
each sub-problem increases with farm size. In the three-turbine case, each turbine has a large
individual influence (1/3), allowing the sequential solve to meet the reference with relatively
easy sub-problems, which may result in somewhat optimistic performance for the smaller
layout. In the six-turbine case, the influence of a single turbine is much smaller (1/6), forcing
successive sub-problems to work harder and require more computational effort to reduce the
remaining gap to the reference. This combination of costly full-farm evaluations and increased
sub-problem difficulty explains the steep rise in per-turbine cost.
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Comparing DMPC subset with full-farm DMPC on six turbines shows that restricting in-
teractions substantially reduces mean solve time per turbine (from 8.28 s to 5.53 s) while,
counterintuitively, the mean tracking error also slightly improves. This suggests that ex-
changing the full problem complexity for a simpler one based on good approximations can be
beneficial both tracking performance and speed.

The multistart results highlight these scaling trade-offs. Relying on randomised initial condi-
tions, the computational cost of multistarting is highly dependent on the underlying problem
complexity. This cost is severe for the full-farm CMPC and DMPC, leading to massive in-
creases in solve time. However, the effect is far less pronounced for the DMPC subset. This
confirms the non-linear scaling of NLPs: by reducing the problem complexity, the subset ap-
proach achieves a non-linear improvement in computation time, making the robust multistart
strategy computationally feasible.

In summary, these results show a clear trade-off. While the single-start CMPC scales best
in terms of time (compared to full-farm DMPC), it does so at the cost of a significant and
unacceptable increase in tracking error. The full-farm DMPC scales poorly due to the com-
pounding cost of its full-farm rollouts, but is however able to keep the tracking error at an
acceptable level. The DMPC subset approach emerges as the most scalable method, offering
a performance-speed profile that remains balanced as the layout grows.

Table 4-8: Comparison of mean relative tracking error erel and mean solver time tsolve per time
step for the three-turbine (3T) and six-turbine (6T) layouts. The solver time for both layouts
is normalised per turbine t̄solve (4-14) to aid comparability. The most preferable result in each
column in highlighted in bold.

Controller 3T erel [%] 6T erel [%] 3T t̄solve [s/turb] 6T t̄solve [s/turb]

CMPC 2.247 5.157 1.36 4.88
CMPC (multistart) 0.066 1.327 35.73 80.86
DMPC full farm 1.710 1.823 1.45 8.28
DMPC full farm (multistart) 0.014 1.292 15.14 60.77
DMPC subset – 1.442 – 5.53
DMPC subset (multistart) – 1.162 – 25.88

4-5 Summary

This chapter has presented the case study setup and results used to evaluate the proposed
MPC approaches. Several prediction model approximations are compared, showing that
stronger approximations significantly reduce computation time but also increase tracking
error, illustrating the trade-off between accuracy and efficiency.

The controller evaluations first benchmark the proposed nonlinear MPC approaches against
a state-of-the-art MIQCQP method, demonstrating their superior performance in both track-
ing accuracy and practical applicability. Subsequent experiments reveal clear trade-offs in
performance and scalability. Single-start CMPC is fast, but its tracking performance proves
unreliable, degrading significantly on the larger farm. The full-farm DMPC offers more robust
tracking but scales more poorly in computation due to its costly sequential, full-farm model
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evaluations. The DMPC subset approach provides the best overall balance, achieving low,
robust tracking error at a predictable computational cost. Introducing multistarts for higher
accuracy amplifies these differences. The computational cost becomes prohibitive for the full-
farm methods, but remains manageable for the DMPC subset. Overall, the DMPC subset
method emerges as the most promising and scalable solution for wind-farm flow control.
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Chapter 5

Conclusions, discussion and
recommendations

This chapter concludes the research presented in this thesis. First, the contributions presented
in the preceding chapters are summarised. Subsequently, the limitations are addressed, fol-
lowed by recommendations for future work.

5-1 Conclusions

This thesis investigates how to balance computation tractability and control performance
in wind-farm flow control. This is addressed from two perspectives, by integrating model
approximations and by applying distributed control within an model predictive control (MPC)
framework. The core of this work is the novel integration of the FLORIDyn model as the
MPC prediction model to explicitly capture dynamic wake propagation and recovery.

The first contribution is the successful embedding of the dynamic FLORIDyn model within an
MPC framework, moving beyond common static or linearised models. This enables the devel-
opment of a centralised model predictive control (CMPC) controller and two novel distributed
model predictive control (DMPC) controllers (full-farm and subset-based) that systematically
decompose the global problem. These proposed controllers show to significantly outperform
the state-of-the-art mixed-integer quadratically-constrained quadratic program (MIQCQP)
formulation in both tracking accuracy and numerical robustness.

The second contribution is the design of a full-farm DMPC strategy, which decomposes the
central problem into a sequence of per-turbine subproblems. This decomposition proves highly
effective in the three-turbine case study. By breaking the large, non-convex optimisation
problem into smaller, more manageable sequential solves, the DMPC approach is able to
find high-quality solutions more reliably than the fully centralised controller. This leads to a
preference for the DMPC controller in smaller layouts, where it offers a better accuracy-speed
balance and more consistent runtimes than the centralised benchmark. This also highlights
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a key difference: the CMPC controller often requires expensive multistarts to achieve good
performance, whereas the single-start DMPC variant is already robust, achieving low tracking
errors on its own and rendering the extra cost unnecessary.

The third contribution extends the distributed framework with a subset DMPC architecture,
designed to enhance scalability for larger farms. This is validated in the six-turbine layout,
where the DMPC subset variant yields the most favourable results, achieving the best track-
ing performance of all controllers while maintaining fast and predictable computation times.
This presents an unexpected but critical finding: the most approximated approach delivers
the best overall tracking. By constraining the optimisation to only locally interacting tur-
bines in subsets, the problem’s computational complexity is drastically reduced. It shows that
for these experiments, the benefit of having a simpler optimisation problem is greater than
the suboptimality introduced by the approximations, allowing the subset controller to find a
higher quality solution with the given number of multistarts than the full-farm controllers.
This performance is amplified by the high quality of the approximations; the manually tai-
lored subsets effectively isolate the strong aerodynamic couplings, ensuring that the use of
passed wind-speed predictions introduces negligible error. The cross-layout comparison fur-
ther solidifies this conclusion, showing that as farm size increases, the CMPC approach suffers
from unreliable tracking, while the full-farm DMPC scales poorly in computation time. The
DMPC subset approach, however, provides the most balanced and scalable solution, main-
taining both high performance and computational tractability.

The fourth contribution involves analysing approximations within the FLORIDyn prediction
model itself, specifically truncating the observation point (OP) chain length NOP and reducing
the chain count Nc. These parameters act as tuning knobs for the trade-off between model
accuracy and computation time. Analysis of these prediction model approximations confirms
that while reducing the model order decreases computational demand, the trade-off is non-
linear in its benefits. This non-linearity allows for a favourable balance: while significant
approximation can introduce substantial tracking error, a trade-off can be made to decrease
the computational effort while still preserving the essential non-linear dynamic wake features
required for effective control.

In summary, this thesis confirms that the challenge of balancing computational tractability
and control performance in wind-farm control can be addressed through a combination of
model approximation and distributed control. The integration of the FLORIDyn model
into an MPC framework (Contribution 1) proves superior to state-of-the-art methods. The
analysis of model approximations (Contribution 4) reveals a non-linear trade-off, showing
that computational gains are possible without big losses in accuracy. The development of
distributed strategies (Contributions 2 & 3) demonstrate that a DMPC subset approach
provides a scalable solution, offering a superior accuracy-speed trade-off compared to both
centralised and full-farm distributed methods, a benefit that strengthens with increasing farm
size. This research shows that such a structured decomposition, which focuses computation
on locally interacting subsystems, can successfully balance the competing demands of control
performance and computational cost, enabling cooperative closed-loop control of wind farms.
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5-2 Discussion and limitations

The findings of this research should be considered in light of several limitations. These
primarily concern underlying assumptions about the environment and the generalisability of
the proposed control architecture.

A primary limitation is the fundamental assumption of constant wind conditions over the
prediction horizon. This assumption critically shapes the control framework in three ways.
First, for the sequential approach, the optimisation order must proceed from upstream to
downstream. This static order, however, becomes sub-optimal or invalid under changing
wind directions that alter wake propagation. Second, the constructed groups for the subset
DMPC are designed to capture the most severe wake interactions for a static inflow. These
manually defined subsets may no longer be appropriate if the wind direction shifts, as the
dominant turbine-to-turbine couplings will change. Third, the prediction accuracy of the
MPC controller itself will likely decrease in time-varying wind, as it assumes constant inflow.

Building on this, the current approach depends on several hand-crafted components tailored
to the specific farm layout. This includes the prediction model’s internal parameters (such as
the number of OPs NOP in a chain) and, most notably, the manual construction of the control
subsets. This manual design process becomes more challenging and impractical as farm size
and layout complexity increase and wind conditions become time-varying. While interactions
in a simple, aligned layout are obvious (e.g., turbine 1 hits turbine 4), in large, irregularly
staggered farms, a single turbine’s wake may partially impact multiple downstream turbines.
Manually identifying and defining all such complex, layout-dependent interactions for every
turbine is not a scalable or generalisable approach.

Further limitations are inherent in the chosen sequential distributed control strategy. The
sequential solving approach, while reducing complexity, inherently concentrates control action
on the turbines that solve early in the sequence. This can lead to uneven wear and tear of
upstream turbines and may increase the computational burden if significant control changes
are required. Furthermore, from a scalability perspective, a sequential approach (per control
step) will never be computationally faster than the sum of its sub-problems, and therefore
the total computation time will continue to grow with farm size.

Additionally, the controllers optimise for a given power reference without considering struc-
tural loads. This can lead to undesirable emergent behaviours, such as a controller steering
its wake directly into a downstream turbine to meet a curtailment target. While this achieves
the power goal, it significantly increases loads on the downstream turbine.

Furthermore, the detailed analysis of the model approximations (such as reducing the chain
count Nc) is only performed using the CMPC controller. These prediction models are not
evaluated in combination with the DMPC frameworks, which possibly reveal further perfor-
mance and scalability benefits.

Finally, the extensiveness of the case study is limited. The controllers are tested only on three-
and six-turbine configurations, with the six-turbine case itself being restricted in the number of
scenarios evaluated. This limited scale prevents a full assessment of computational scalability
and the impact of cumulative, long-range wake interactions that would be present in larger
farms. Furthermore, the farm layout used in the case study features close spanwise spacing (in
the Ly direction). This specific configuration creates strong wake couplings that the subset

Master of Science Thesis A.A. Koelewijn



66 Conclusions, discussion and recommendations

approach exploits effectively. However, this performance benefit may not fully generalise to
other operating environments. In layouts with wider spacing or irregular staggering, wake
interactions become more diffuse and transient. In such scenarios, the effectiveness of the
subset strategy is likely to diminish; the approximations used for non-local turbines may
introduce greater suboptimality than observed in this work.

5-3 Recommendations and future work

Building on the conclusions and the limitations identified, this section outlines recommenda-
tions to enhance the proposed control framework and presents a path for future work towards
real-world implementation. The suggestions focus on improving robustness, computational
performance, and generalisability, thereby addressing the key challenges that currently con-
strain the controller’s practical deployment.

To improve the controller’s adaptability to changing environmental conditions and its trans-
ferability to new or larger farms, future work must address the framework’s current reliance
on static, manually-tuned, and layout-specific parameters. The use of a fixed upstream-to-
downstream optimisation order and manually defined subsets constitutes a significant lim-
itation, as this structure becomes sub-optimal under varying wind directions and prevents
easy application without case-by-case redesigns. Therefore, it is recommended to adopt a
time-varying approach where parameters are formulated in an abstract, automated manner
based on real-time wind data. Specifically, a robust algorithm should use wind direction
measurements and a wake model to automatically determine the DMPC solving order and
dynamically identify the most strongly interacting subsets. This adaptive framework can be
further enhanced by integrating short-term wind predictions and by making the prediction
model’s chain length, NOP, an adaptive parameter that automatically scales based on wind
speed, wind direction, and turbine spacing to ensure wake interactions are captured without
needless computation.

Further recommendations concern the distributed strategy and its consequences. The sequen-
tial solving approach is noted to concentrate control action at the front of the farm, which can
lead to uneven turbine wear. This can be countered by embedding a more even distribution
of control action within the control objective or constraints. Furthermore, to improve the
scalability of the distributed controller, which is currently limited by the sequential solve over
all turbines, a partitioning strategy can be explored. A promising approach is to divide the
farm into a few larger, weakly interacting subsystems. These subsystems can then be opti-
mised in parallel, or sequentially with fewer steps, potentially offering a significant reduction
in computation time without a substantial loss in performance.

While this work shows that tuning FLORIDyn’s approximations is a viable strategy, its
high baseline computational cost remains a bottleneck as farm size increases. Future work
should therefore investigate alternative prediction models that offer a more favourable balance
between fidelity and speed. The methodology developed in this thesis can be applied to such
scalable middle-ground models to further reduce computational demand, though the resulting
trade-off regarding model approximation error would require careful management.

For future work aimed at practical implementation, the limited scope of the case study must
first be expanded. More extensive testing across various layouts, turbine counts, and wind con-
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ditions is necessary to validate the controller’s performance and scalability robustly. Following
this, the controller must be tested more rigorously in high-fidelity simulation environments.
This will allow for a thorough evaluation of its interaction with more realistic environment.
A crucial step will be to integrate the farm-level controller with the individual wind turbine
controllers, creating a hierarchical system where the controller provides optimal setpoints to
the local controllers.

Finally, a critical step for real-world deployment is to address the inevitable mismatch be-
tween the prediction model and the physical world. This requires the development of a robust
observer to reconstruct the necessary model states from available sensor data. Furthermore,
the controller’s robustness to this model-plant mismatch, as well as to sensor noise and un-
modelled disturbances, must be a central focus. This may involve incorporating robust control
techniques to ensure safe and reliable performance under real-world operating conditions. By
systematically addressing these recommendations, the control framework presented in this
thesis can be developed into a more robust and scalable solution for large-scale wind farm
flow control.
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Appendix A

Wake shape parameter calculation

This appendix details the specific formulas used within the FLORIDyn model [9, 44] to
calculate the key wake shape variables for each observation point (OP): the lateral and
vertical wake spreads (σy, σz), the lateral wake deflection (δ), and the potential core length and
widths (xc, wy,pc, wz,pc), defining the potential core (Ccore) boundaries. These calculations are
performed individually for each OP based on its current downwind position x1, its inherited
internal state γOP, aOP, and the ambient conditions, specifically the turbulence intensity I.

First the effective turbulence intensity, IOP, is calculated at the OP’s position by combining
the ambient turbulence I and the foreign-wake-induced turbulence If :

IOP =
√

I2 + I2
f (A-1)

The foreign-wake-induced turbulence If represents the cumulative added turbulence intensity
generated by upstream turbines. It is computed using the empirical Crespo-Hernández model
[9]. For an OP located at a downstream distance ∆xj from an upstream turbine j operating
with an axial induction factor aj , the added turbulence intensity I+,j is given by:

I+,j = 0.73a0.8325
j I−0.0325

(∆xj

D

)−0.32
. (A-2)

If the OP is influenced by a set of multiple upstream turbines U , the total foreign turbulence
If is obtained using a sum of squares superposition:

If =
√∑

j∈U
(I+,j)2 (A-3)

The length of the potential core, xc, is calculated based on the OP’s stored state, CT (2-9)
and this effective turbulence intensity IOP:

xc = cos(γOP)(1 +
√

1 − CT)√
2(αcIOP + βc(1 −

√
1 − CT))

D (A-4)
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where αc = 2.32 and βc = 0.154 are empirical constants [5]. The wake growth rates, ky and
kz, determine the expansion of the wake and are also a function of the effective turbulence
intensity IOP:

ky = kaIOP + kb (A-5)
kz = ky (A-6)

where ka = 0.38371 and kb = 0.003678 are empirical parameters [9]. The wake spreads σy, σz

are calculated using a piecewise function that handles the linear growth of the initial wake
width inside the potential core (x1 ≤ xc) and the turbulence-driven expansion in the far wake
(x1 > xc):

σy = ky max(x1 − xc, 0) + min
(

x1
xc

, 1.0
) cos(γOP)D√

8
(A-7)

σz = kz max(x1 − xc, 0) + min
(

x1
xc

, 1.0
)

D√
8

(A-8)

where the max(·) function ensures the turbulence-driven term only applies after the potential
core, and the min(·) function provides a linear scaling of the initial wake width up to the
end of the core. The lateral wake deflection δ is also a piecewise function. First, the initial
deflection angle at the rotor, θ0, is calculated:

θ0 = 0.3γOP

cos(γOP)(1 −
√

1 − CT cos(γOP)) (A-9)

The total deflection δ is the sum of a near-wake component δnfw and a far-wake component
δfw, which is activated only for x1 > xc using a Heaviside step function H(x1 − xc):

δ(x1) = δnfw + H(x1 − xc) · δfw (A-10)

The near-wake component provides linear deflection within the core:

δnfw = θ0 min(x1, xc) (A-11)

The far-wake component is more complex, composed of two terms δfw,1 and δfw,2:

δfw = δfw,1 · δfw,2 · D (A-12)

δfw,1 = θ0
14.7

√
cos(γOP)
kykzCT

(2.9 + 1.3
√

1 − CT − CT) (A-13)

δfw,2 = log

(1.6 +
√

CT)(1.6
√

8σyσz

D2 cos(γOP) −
√

CT)

(1.6 −
√

CT)(1.6
√

8σyσz

D2 cos(γOP) +
√

CT)

 (A-14)

Finally, the boundaries of the potential core, wy,pc and wz,pc, are calculated. These are used
to determine the reduction factor for OPs inside the core (2-7). The calculation starts with
the velocity ratio at the rotor, vr,0, representing the ratio of the wind speed immediately
behind the rotor to the free-stream wind speed:

vr,0 = CT cos(γOP)

2(1 −
√

1 − CT cos(γOP))
√

1 − CT
(A-15)
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The boundaries then linearly decrease from the rotor plane to zero at the end of the potential
core:

wy,pc = D cos(γOP)√vr,0 max
(

1 − x1
xc

, 0
)

(A-16)

wz,pc = D
√

vr,0 max
(

1 − x1
xc

, 0
)

(A-17)

A special case is made for OPs exactly at the rotor plane (x1 = 0), where the boundaries are
set to match the rotor’s physical dimensions to ensure correct initialisation:

wy,pc(x1 = 0) = D cos(γOP)
wz,pc(x1 = 0) = D

In summary, this appendix has detailed the parametrisation used to compute the key OOP-
specific wake shape variables: the potential core length (xc), wake growth rates (ky, kz), wake
spreads (σy, σz), and lateral deflection (δ). Furthermore, it provided the formulas for the
potential core boundaries (wy,pc, wz,pc), which are used to geometrically identify the set of
OPs within the potential core, Ccore.
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Appendix B

Detailed controller performance
statistics

This appendix presents the controller performance statistics tables, which are summarised
in Chapter 4. These tables provide the full, detailed results for the experiments. Table B-1
corresponds to the state-of-the-art comparison on the three-turbine layout (Section 4-4-1).
Table B-2 contains the aggregated results from all eight experiments on the three-turbine
layout (Section 4-4-2). Table B-3 presents the aggregated results from the experiments on
the six-turbine layout (Section 4-4-3). The primary addition in these detailed tables is the
inclusion of the per-turbine solver time statistics for all distributed model predictive control
(DMPC) controller variants, which were omitted from the main text for brevity.

Table B-1: Detailed performance statistics for the state-of-the-art comparison (Section 4-4-1).
The table shows mean relative tracking error erel and solver time tsolve statistics, including per-
turbine data for DMPC. The mean, standard deviation (Std. dev.), and maximum (Max) values
for tsolve are reported. The most preferable result in each column is highlighted in bold. For
DMPC rows, ‘total’ denotes the sum across turbines at each time step.

Controller Mean erel [%] Mean tsolve [s] Std. dev. [s] Max [s]

MIQCQP 13.207 20.58 24.33 78.33
CMPC 2.126 4.29 5.16 22.254
CMPC (multistart) 0.135 57.37 56.22 187.18
DMPC (total) 0.013 19.32 10.08 43.87

Turbine 1 8.15 5.96 21.23
Turbine 2 8.42 8.43 35.34
Turbine 3 2.74 0.10 2.95

DMPC (multistart, total) 0.012 49.10 23.21 119.50
Turbine 1 14.92 9.80 41.82
Turbine 2 15.97 8.59 34.84
Turbine 3 18.20 18.59 78.42
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Table B-2: Detailed performance statistics aggregated across all three-turbine experiments (Sec-
tion 4-4-2). The table shows mean relative tracking error erel and solver time tsolve statistics,
including per-turbine data for DMPC. The mean, standard deviation (Std. dev.), and maximum
(Max) values for tsolve are reported. The most preferable result in each column is highlighted
in bold, comparing the centralised model predictive control (CMPC) controllers and the DMPC
’total’ rows.

Controller Mean erel [%] Mean tsolve [s] Std. dev. [s] Max [s]

CMPC 1.928 5.96 8.67 77.38
CMPC (multistart) 0.245 104.63 110.78 424.73
DMPC (total) 0.841 6.67 5.52 42.94

Turbine 1 2.39 3.45 38.17
Turbine 2 2.52 3.29 35.18
Turbine 3 1.76 1.64 18.30

DMPC (multistart, total) 0.009 56.06 31.67 233.73
Turbine 1 21.00 22.04 189.06
Turbine 2 16.99 12.38 118.21
Turbine 3 18.07 15.47 147.49
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Table B-3: Detailed performance statistics aggregated across all six-turbine experiments (Sec-
tion 4-4-3). The table shows mean relative tracking error erel and solver time tsolve statistics,
including per-turbine data for all DMPC variants. The mean, standard deviation (Std. dev.),
and maximum (Max) values for tsolve are reported. The most preferable result in each column is
highlighted in bold, comparing the top-level controller rows (CMPC and DMPC ‘total’). Mean
relative tracking errors are farm-level values. For DMPC rows, ‘total’ denotes the sum across
turbines at each time step; indented rows report the per-turbine solver times.

Controller Mean erel [%] Mean tsolve [s] Std. dev. [s] Max [s]

CMPC 5.157 29.30 64.12 558.61
CMPC (multistart) 1.327 485.15 341.05 1192.04
DMPC (total) 1.823 49.66 29.35 150.54

Turbine 1 12.02 16.69 113.26
Turbine 2 10.28 10.92 57.62
Turbine 3 8.50 11.23 75.85
Turbine 4 7.77 8.22 64.14
Turbine 5 6.15 10.93 93.62
Turbine 6 4.94 3.31 23.97

DMPC (multistart, total) 1.292 364.62 153.83 758.76
Turbine 1 74.82 68.86 373.55
Turbine 2 58.22 48.69 234.81
Turbine 3 69.63 75.04 373.60
Turbine 4 61.06 39.89 171.78
Turbine 5 48.85 40.52 236.05
Turbine 6 52.05 52.62 274.87

DMPC subset (total) 1.442 33.18 25.33 138.60
Turbine 1 10.72 16.13 86.50
Turbine 2 12.25 14.48 92.00
Turbine 3 3.74 5.07 33.79
Turbine 4 3.00 3.34 20.03
Turbine 5 2.86 2.82 14.73
Turbine 6 0.62 0.31 2.48

DMPC subset (multistart, total) 1.162 155.27 66.51 390.32
Turbine 1 29.12 29.06 142.80
Turbine 2 49.53 46.26 323.46
Turbine 3 22.99 19.58 137.51
Turbine 4 27.81 23.31 138.30
Turbine 5 21.04 15.38 71.47
Turbine 6 4.78 3.85 16.65
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Glossary

List of Acronyms

ADMM alternating direction method of multipliers
CFD computational fluid dynamics
DDFG dual decomposition with fast gradient
DMPC distributed model predictive control
FLORIDyn FLOw Redirection and Induction Dynamics
FLORIS FLOw Redirection and Induction in Steady State
MPC model predictive control
SOWFA Simulator for Wind Farm Applications
SP-Wind Sustainable Power-Wind
TSO transmission system operator
MIQCQP mixed-integer quadratically-constrained quadratic program
OP observation point
CMPC centralised model predictive control
NLP nonlinear program
MHE moving horizon estimation
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