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Machine Learning-Based Identification of Control Algorithm for Chalmers Test
Wind Turbine

KORIN KLEIN

Department of Electrical Engineering

Chalmers University of Technology

Abstract

Wind turbine control strategies are rarely publicly disclosed, limiting access to de-
tailed information on internal algorithms. This hinders third-party analysis and
understanding of turbine operation, which is essential for addressing the challenges
and potential of wind energy integration in modern power systems. Therefore, data-
driven methods are required to extract insights from available measurement data.

The thesis presents a method to investigate the control behavior of a research wind
turbine at Chalmers University of Technology using measured data. The approach
is based on graphical analysis of torque versus rotor speed, employing measurements
of DC current and voltage at the generator rectifier as well as rotor speed.

To increase the reliability of the method, two data pre-processing strategies are
implemented: a binning-based data density filter and a generator torque setpoint
reconstruction using supervised machine learning. The eledt of various factors on
model accuracy is investigated, showing that including the input parameters cur-
rent, voltage, pitch angle, and rotor speed yields the highest reconstruction precision.

The method also includes features for detecting changes in control strategies and
estimating controller-specific configuration parameters. Control change detection is
performed using a one-sample hypothesis test, which exhibits a false positive rate
of approximately 7.5 % for the cases considered.

Validation results show strong agreement between most identified and actual con-
troller parameters of the Chalmers turbine under both pre-processing approaches
indicating high method accuracy. For commercial turbines, reduced accuracy is
expected due to simplifying assumptions, such as linearized optimal torque-speed
relationships, and the unavailability of torque setpoints for supervised learning. Ad-
ditional machine learning techniques were explored but did not lead to better per-
formance.

The proposed method o [erk a data-driven tool to analyze wind turbine control be-
havior and supports reverse engineering of control strategies where internal system
information is unavailable.

Keywords: Wind turbine control, wind turbine characteristics, control algorithm,
control parameter, data analysis, data-driven, torque-rotor speed analysis, machine
learning, setpoint reconstruction.



Kurzfassung

Die Steuerungsstrategien von Windenergieanlagen sind h&ufig nicht ¢ [edtlich zu-
ganglich, wodurch der Einblick in interne Regelalgorithmen eingeschrankt ist. Dies
erschwert eine fundierte externe Analyse des Anlagenverhaltens, die jedoch eine
zentrale Voraussetzung daflr ist, die Herausforderungen sowie das Potential der
Windenergieintegration in moderne Energiesysteme zu addressieren. Daraus ergibt
sich ein Bedarf an datenbasierten Methoden, die aus verfligbaren Messdaten Ruck-
schltisse auf das Steuerungsverhalten ermdglichen.

Diese Masterarbeit stellt eine Methode zur Untersuchung des Regelungsverhaltens
einer Forschungswindenergieanlage an der Technischen Hochschule Chalmers vor.
Grundlage der Analyse ist die grafische Auswertung der Beziehung zwischen Dreh-
moment und Rotordrehzahl, basierend auf Messungen von Gleichstrom, Gleichspan-
nung und Rotordrehzahl.

Zur Erhéhung der Aussagekraft der Methode werden zwei Datenvorverarbeitungs-
strategien eingesetzt: ein Filter basierend auf der Punktdichte in Bins sowie eine
Rekonstruktion des Sollgeneratordrehmoments mittels Gberwachtem maschinellen
Lernen. Der Einfluss verschiedener Faktoren auf die Modellgenauigkeit wurde un-
tersucht; die Kombination der Eingangsgréfien Strom, Spannung, Pitchwinkel und
Rotordrehzahl fihrte dabei zur héchsten Rekonstruktionsprazision.

Dartiber hinaus umfasst die Methode Funktionen zur Erkennung von Anderun-
gen der Steuerungsstrategie sowie zur Abschatzung reglerspezifischer Konfigurati-
onsparameter. Die Erkennung von Regelungsanderungen erfolgt tber einen Ein-
Stichproben-Hypothesentest mit einer Falsch-Positiv-Rate von etwa 7,5 %.

Validierungsergebnisse zeigen eine hohe Ubereinstimmung zwischen den meisten
identifizierten und den tatsachlichen Reglerparametern der Chalmers-Turbine, un-
abhangig von der eingesetzten Vorverarbeitung, was auf eine hohe Genauigkeit der
Methode hinweist. Bei kommerziellen Windenergieanlagen ist hingegen mit einer re-
duzierten Genauigkeit zu rechnen, bedingt durch vereinfachende Annahmen (z.B. li-
nearisierte Drehmoment-Drehzahl-Beziehungen) sowie fehlender Sollgeneratordreh-
momentdaten. Weitere getestete Machine-Learning-Ansatze fihrten nicht zu besse-
ren Ergebnissen.

Die entwickelte Methode stellt ein datenbasiertes Werkzeug zur Analyse des Steue-
rungsverhaltens von Windturbinen dar. Sie ermoéglicht das Reverse Engineering von
Steuerungsstrategien bei fehlender Kenntnis der internen Steuerungslogik und tragt
damit zur Erhéhung der Transparenz sowie zum besseren Verstandnis von Winden-
energiesystemen bei.
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Introduction

This rst chapter outlines the motivation, objectives, and limitations of the thesis. It
begins by presenting the background of the research topic, including its relevance and
purpose. Based on this, the second subsection de nes the aim of the study. The third
subsection delineates the limitations of the work. The fourth subsection highlights
the societal, ethical, and ecological implications. Additionally, the participation of
components of this thesis in a related challenge is noted. The chapter concludes
with a brief overview of the thesis structure.

1.1 Background

Wind energy is among the fastest-growing sources of electrical power and most cost-
e ective forms of renewable electricity generation. As wind farms are increasingly
integrated into the power grid, their in uence on grid frequency and stability be-
comes more substantial. This development presents both challenges and opportuni-
ties. One emerging opportunity is the use of wind energy for ancillary services [1, 2].

Currently, the power fed into the grid is compensated by the grid operator based on
values provided by the wind farm operator. However, the grid operator lacks trans-
parency regarding how these values are determined. To evaluate feed-in behavior
and its in uencing factors, more detailed insights are required [1, 2].

The power output of a wind turbine at a given wind speed is governed by an inter-
nal control system. Therefore, identifying the underlying control algorithm can yield
valuable information about the turbine's behavior and performance. This can be
achieved by analyzing measurement data and investigating the relationships between
selected input and output parameters [3, 4].

1.2 Aim

The main objective of this thesis is to develop a data-driven method, utilizing ma-
chine learning (ML), to identify the control algorithm of a wind turbine and detect
transitions between operational states based on measurement data.
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1.3 Limitations

The scope of this thesis is subject to several limitations, both technical and method-
ological.

The measurement system at the Chalmers test wind turbine site includes a substan-
tial but limited number of sensors, which collect data at xed locations. In some
cases, sensor reliability is uncertain. Moreover, the dataset used in this study is
restricted in both size and representativeness. Although new data can be acquired,
its availability is contingent on wind conditions, resulting in incomplete coverage
of certain operational states or wind scenarios. As the turbine is primarily used
for research purposes, the dataset includes a wide range of con gurations, some of
which may not re ect typical operating conditions of commercial turbines. In addi-
tion, past experimental interventions have led to variations in measurements under
otherwise identical conditions, which reduces the dataset's consistency and general-
izability. No controlled experiments were conducted to capture targeted operating
conditions, re ecting a realistic scenario more typical of commercial turbine data
availability.

Time constraints represent another limiting factor. In particular, while ML pro-
vides a wide range of methodological possibilities, this work is limited to a basic
subset of approaches. It should also be noted that the author had no prior expe-
rience in ML before undertaking this thesis, which further restricts the breadth of
exploration in this domain.

These limitations in uence the design and implementation of the developed method
and may a ect its general applicability. The results and code produced should there-
fore be viewed as an initial step, with potential for further re nement and adaption
in future research aimed at broader turbine con gurations and more advanced ana-
lytical methods.

1.4 Societal, Ethical, and Ecological Aspects

The increasing awareness of climate change has heightened the societal relevance of
renewable energy systems, including wind power. As a key contributor to sustain-
able electricity generation, wind energy plays a central role in the global transition
toward low-carbon energy systems.

Researchers in this eld bear the responsibility to explore and evaluate the tech-
nical and operational potentials of wind energy. The work conducted in this thesis
supports these objectives by aiming to increase transparency in turbine behavior
and control, thereby contributing to the reliability and integration of wind energy

in future power systems.

2
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1.5 Participation in WeDoWind Challenge

The work contributed to the European Academy of Wind Energy (EAWE) and
WeDoWind Data Science Challenge 2024-2025, titled "ldentifying controller set-
tings from operational data". This challenge was supervised lfyarah Barber
(Eastern Switzerland University of Applied Science), with evaluation carried out by
Sebastian Mulders  (Delft University of Technology), Ola Carlson  (Chalmers
University of Technology), Hakan Johansson (Chalmers University of Technol-
ogy), and Dan Zalkind (National Renewable Energy Laboratory, NREL).

The challenge was structured into multiple sub-challenges, some of which aligned the
topics addressed in this thesis. Consequently, elements of selected methodological
approaches were in uenced by insights gained through participation in the challenge.
In particular, the ML approach developed in this work draws inspiration from the
contributions of challenge participantsAlex Clerc , Osman Cem Yilmaz , and
Gabriele Cavo  from the Renewable Energy Systems (RES) Group.

1.6 Structure of the Report
The report is structured as follows:

Chapter 2 provides the theoretical background by reviewing the state of the art
in relevant topics. Furthermore, an overview of wind turbines and their control sys-
tems, as well as a presentation of the background of the techniques applied in this
work is provided.

Chapter 3 introduces the Chalmers test wind turbine used in this study. The tur-
bine's characteristics and the available measurement data are described to support
understanding of its operational behavior.

Chapter 4 outlines the pre-processing strategies necessary to enable reliable ap-
plication of the main method, including mathematical approaches and a supervised
ML technique.

Chapter 5 present the core methods developed in this thesis, including their idea,
design, and implementation.

Chapter 6 discusses the results obtained in this study.

Chapter 7 provides the conclusions drawn from the work.



1. Introduction




2

Theory

This chapter provides the theoretical foundation necessary to understand the method-
ology applied in this work. This includes a short review of the state of the art of the
topic, an overview of the relevant components, and a description of the key methods
and terminology used throughout the thesis.

2.1 State of the Art

The performance and operational states of wind turbines can be assessed through
the visualization of measurement data in characteristic diagrams. Depending on the
focus of the analysis, power or torque is typically plotted against wind speed or rotor
speed. In particular, the relationship between generator torque and rotor speed is
a valuable indicator for analyzing the turbine's control algorithm. This thesis de-
velops a method that utilizes this relationship and its graphical representation for
identifying control behavior [3, 5].

Data analysis in this context is complicated by noise and inconsistencies in the
measurement data. Sensor inaccuracies, processing errors, and the inherent vari-
ability of wind conditions can lead to signi cant deviations from the actual values.
To mitigate this, Itering techniques are applied. In addition, both supervised and
unsupervised ML methods are employed for data analysis. These approaches o er
promising capabilities but also face limitations, particularly in terms of data avail-
ability and the complexity of the relationships to be modeled. This thesis applies
both a mathematical and a supervised ML approach separately to identify and in-
terpret representative data. Additional ML techniques were explored during the
course of this work but were ultimately not implemented due to limitations in data
suitability or model performance [5, 6].

One of the primary challenges in characterizing wind turbines is the accurate mea-
surement of wind speed and its association with the corresponding power output. To
address this, data-driven models are commonly developed. However, their perfor-
mance remains limited due to the complexity of the underlying physical processes.
In response, ML techniques have been applied to investigate and reproduce nonlin-
ear relationships between input variables such as wind speed and output parameters
such as power or torque [5].

This thesis primarily focuses on data analysis and the practical development of a

5
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method; therefore, the literature review comprises only a minor component. Within
the scope of the reviewed literature, no prior work was identi ed that addresses the
identi cation of a control algorithm for a wind turbine.

2.2 Wind Turbine

Wind turbines convert the kinetic energy in the wind into electrical energy. This
process involves several stages. Initially, the wind interacts with the turbine blades,
generating aerodynamic lift forces. These forces induce rotation in the main shatft,
resulting in a net positive torque and the production of mechanical power. This me-
chanical power is then converted into electrical power by a generator. In standard
commercial installations, the generated electricity is fed into the electrical grid [7].

Most modern wind turbines, including the one examined in this work, are designed
with a horizontal axis of rotation (HAWT) and typically feature three blades [7].

This section rst introduces the fundamental terminology and key parameters as-
sociated with wind turbines. It then outlines typical operation types and common
nacelle con gurations.

2.2.1 Terminology

This subsection lists key terms and parameters used to characterize wind turbines,
which are relevant to the methods and analyses conducted in this work.

2.2.1.1 Angular Speed and Rotor Speed

The angular speed , expressed in radians per seconda(=s), describes the rota-
tional velocity of the turbine's rotor. Rotor speedn, given in revolutions per minute
(rpm), is another commonly used measure in wind turbine analysis. The relationship
between these two quantities is de ned by Equation 2.1 [8].

60
=1 — 2.1
n=1 @)

2.2.1.2 Power and Torque
Power P and torque T are related through! by Equation 2.2 [8].

P=T! (2.2)
Unless otherwise stated, references to torque in this work pertain to electrical torque.

Furthermore, electrical powerPg can be expressed as the product of direct cur-
rent (DC) voltage U and DC current| as shown in Equation 2.3 [9].

Pe = Ul (2.3)
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2.2.1.3 Power Coe cient

The non-dimensional power coe cientCp is de ned as the ratio between the power
extracted by the rotor Pnecnh and the power in the windP,,, as displayed in Equa-
tion 2.4 [10].

Pmech _ Pmech
Po  1VZA
represents the air densityy,, the wind speed, andA the rotor area. Throughout
this work, a constant air density of = 1:225kg-m? is assumed for all calculations.

Cp = (24)

According to Betz 's law, the theoretical maximum power coe cient Cpmax etz Of
an ideal wind turbine is:

Cpmaxbetz = 16=27 = 0:5926 (2.5)

2.2.1.4 Tip-Speed Ratio

The tip-speed ratio , often abbreviated as TSR, represents the ratio of the blade
tip speed of the turbinevy, to the wind speed, as shown in Equation 2.6 [10].

_Vti_!R

— 2.6
v v (2.6)

The rotor radius of the wind turbine is represented byR. Cp is often plotted against
to assess turbine performance under varying operation conditions.

2.2.1.5 Wind Turbine E ciency

The overall wind turbine e ciency owran IS expressed as the product ofr and
the mechanical e ciency mech, Which includes the electrical e ciency, as shown in
Equation 2.7 [10].

F)el

overall = mechCp = P (2.7)
w
2.2.1.6 Thrust Coe cient

The non-dimensional thrust coe cient C; characterizes the aerodynamic thrust
force F+ acting on a wind turbine and is de ned by Equation 2.8 [10].

Fr

Cr= 71—~
Iy2
5 VA

(2.8)

2.2.2 Operation Types

Wind turbines can generally be categorized into two types based on their operational
characteristics: xed-speed and variable-speed operation. variable-speed turbines
represent the dominant technology in modern wind energy systems [11].
Variable-speed operation allows to be adjusted to wind speed. This enables the

7
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turbine to maintain an optimal o, thereby maximizingCp. This results in higher
e ciency, better power quality, and less mechanical stress on the wind turbine com-
pared to the xed rotor speed type [11].

The implementation of variable-speed control is enabled by the use of power elec-
tronic converters in combination with the generator system. This setup allows for
the regulation of generator torque, and thus the drive train torque, leading to re-
duced uctuating loads and lower fatigue stress on mechanical components [4, 7,
12].

2.2.3 Nacelle Types

The nacelle houses the mechanical and electrical components that convert the en-
ergy captured by the rotor blades into electrical energy. It is located at the top of
the tower and contains key subsystems such as the main shaft, gearbox (if present),
generator, and auxiliary equipment [13].

Nacelle designs can be broadly divided into two categories: geared and direct-drive
con gurations. In geared turbines, a multi-stage gearbox is used to increase the
rotational speed from the slow-turning rotor to the higher-speed generator, enabling
the use of a smaller and lighter generator. In contrast, direct drive turbines elim-
inate the gearbox, resulting in a one-to-one speed ratio between the rotor and the
generator. This design requires a much larger generator to compensate for the lower
rotational speed, which increases the overall weight and size of the nacelle [7, 13].

2.3 Control System

The control system plays a crucial role in optimizing power production, as discussed
in Subsection 2.2.2. Additionally, it ensures operational safety by limiting power
output when critical wind speeds are exceeded, thereby preventing mechanical over-
load and potential damage to turbine components [11].

Modern wind turbines employ three main control strategies: stall control, pitch
control, and active stall control. For variable-speed turbines, which are the focus of
this work, pitch control is typically used [11].

2.3.1 Speed and Torque Control

Pitch control enables the adjustment of blade angles, allowing regulation of power
output to maintain operation near the generator's nominal capacity, limiting rotor
speed for safety reasons, and facilitating emergency shutdowns [11].

In addition to blade pitch, generator torque is actively regulated to in uence tur-
bine performance. The generator torque represents the electrical torque opposing
the aerodynamic torque exerted by the wind on the rotor. The characteristics of
the generator and its associated power electronic converters play a critical role in

8
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determining the behavior of this torque. Speci cally, power electronic interfaces
allow fast and exible adjustment of generator torque by controlling the frequency,
phase, and amplitude of the generator current [4].

The aerodynamic torque depends on several factors, including rotor geometry
(such as blade pitch), wind speed,,, yaw alignment, and induced rotor drag. Since

directly in uences Cp, changes in rotor speed or wind speed a ect the aerody-
namic torque. In variable-speed, pitch-regulated turbines, independent control of
aerodynamic and generator torque is possible, enabling e ective regulation of rotor
speed [4].

2.3.2 Goals of Control

Wind turbine control strategies are typically designed to achieve four main objec-

tives. First, maximize energy production while respecting component speed and
load constraints. Second, minimize fatigue damage and avoid extreme structural
loads. Third, ensure high power quality for grid integration. Fourth, guarantee safe

operation of the turbine under all conditions [3, 4].

2.3.3 Optimal Turbine Operation

The control objectives listed in the previous subsection translate into distinct oper-
ational modes based on the wind speed. The rated wind speed marks the threshold
between partial and full load operation.

For wind speeds below the rated value, the control systems aims to maximize the
energy capture by maintaining op, and thus Cp . This is achieved by adjusting
the generator torque to follow an optimal torque curve, which is de ned by Equa-
tions 2.2 and 2.4 together with parameter values maximizing turbine e ciency.

Above rated speed, the primary objective shifts to limit power production and ensure
mechanical safety. Here, the blade pitch angle is adjusted to reduce aerodynamic
e ciency by spilling wind, while generator torque is used to smooth power output [4].

2.3.4 Deviation from Optimal Operation

Deviations from optimal operation are introduced for safety and regulatory reasons.
The most common cases are described below.

At lower rotor speeds, the turbine operates without power production, i.e., with-
out applying electrical load. This mode allows the rotor to accelerate under wind
in uence during start-up. It facilitates surpassing the tower's eigenfrequency range
more quickly, minimizing resonant vibrations. Once a safety margin relative to the
eigenfrequency in terms of rotor speed is reached, the system transitions to optimal
power production. Additionally, this mode prevents repeated starting and stopping
in low wind conditions [3, 8].
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At higher rotor speeds, the operation may deviate from the optimal torque curve
before reaching rated power. Although this results in a reduced power coe cient, it
allows for lower rated rotor speeds. Such deviations can be motivated by blade speed
limitations, the need to reduce overspeed risk, and noise regulation requirements.

2.3.5 Characterization of a Control Algorithm

Control algorithms can be characterized in di erent ways. The approach used in
this study is based on a look up table (LUT). A LUT consists of coordinate pairs
containing electrical torque and rotor speed values. These points are assumed to be
connected by straight lines enabling the assignment of a torque value to each rotor
speed by linear interpolation.

2.4 Considered Methods

In this work, basic mathematical methods, elementary ML techniques, and a simple
statistical method are applied. The theoretical background for the ML and statistical
components is presented in this section.

2.4.1 Machine Learning

ML is applied to problems whose complexity exceeds the capabilities of conventional,
hand-crafted programs. An ML system develops by learning from large amounts of
data. Its performance is evaluated by testing its predictions against known out-
comes. Once trained, the system is expected to predict values for previously unseen
data [14].

According to Goodfellow et al., a typical ML algorithm consists of a dataset,

a cost function, an optimization procedure, and a parameterized model. The cost
function de nes how well the model parameters t the data. During the optimization
process, the model parameters are adjusted to minimize this cost, thereby aligning
the model as closely as possible with the provided data [14, 15].

This subsection provides a brief introduction to the aspects of ML that are con-
sidered in this work.

24.1.1 Input

The input to a ML algorithm is a dataset consisting of a collection of examples. Each
example represents a data point containing information about speci ¢ parameters,
known as features. The data points are typically organized into a design matrix,
where each row corresponds to an example and each column corresponds to a fea-
ture [14].

The dataset is then split into a training subset and a test subset. The proportions
of this split are de ned manually [14].

10
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2.4.1.2 Learning Types

Various types of learning exist in ML. This work considers two of them, which are
brie y introduced below [14].

The most common learning type in ML issupervised learning . In this approach,

a labeled dataset is used, which includes both the input features (contained in the
design matrix) and a prede ned target variable. The target variable represents the
output the model is expected to predict. It must not be included among the input
features [14, 16].

A supervised learning problem with continuous target variables is de ned as a re-
gression problem. The objective is to learn a function that maps input features
to continuous outputs. Common approaches to solving regression problems include
decision tree-based algorithms, such as random forest or histogram-based gradient
boosting, as well as neural networks (NN) [14, 16, 17].

A decision treefollows a "divide-and-conquer" strategy. The feature space is parti-
tioned using a tree-like structure that spans from a root node to terminal leaf nodes.
The root contains the complete dataset, while the leaf nodes represent nal decision
outcomes. Intermediate nodes form di erent tree levels, with each node connected
via branches to its successors. Each branch corresponds to a decision rule [18].

NNs also employ nodes (or neurons) arranged in layers. These layers include an
input layer, one or more hidden layers, and an output layer. The input and output
layers contain one node per feature and target variable, respectively. Each node
is connected to every node in the subsequent layer through weighted links called
synapses. In the hidden layers, each node performs mathematical (logical) opera-
tions to generate intermediate predictions [19].

The basic procedure of an ML model can be illustrated using the simple exam-
ple of linear regression. Linear regression can be interpreted as an NN without any
hidden layers. As a regression model it predicts a scalar target val¢e2 R based
on an input vector, examplex 2 R". The linear relationship is de ned as shown in
Equation 2.9.

X
$=wx+b=  wx +b (2.9)
j=1

Here, w is a vector of weights assigned to each feature ¥y and b is a bias term.
Both w and b are model parameters learned during training [14].

After training, the model is evaluated using the test dataset. The model is applied
to the input features of the test examples without considering the corresponding
target values. Predictions are generated and subsequently compared to the actual
target values to assess performance [14].

A common performance metric is the mean squared errmSE, as shown in Equa-
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tion 2.10.
MSE = m i W (2.10)

i=1

In this equation, m is the number of test examples ang is the true target value [14].

To optimize the model, the parametersv and b are determined such that the
MSE is minimized. This de nes the optimization objective of the training pro-
cess. The corresponding cost functio@(w; b), including the optimization goal, is
expressed in Equation 2.11.

- . 1 Xn T 2
minCw;H=min =" (v (W' + b) (2.12)

i=1

Unsupervised learning is used when no target variable is available to train the
model. In this case, the objective is to identify structure in the data, such as
the underlying probability distribution. Although this approach typically yields
less precise predictions compared to supervised learning, it is e ective for detecting
patterns and structures in large datasets. Common applications include anomaly
detection and clustering. Popular algorithms for these tasks include k-means and
autoencoders [14].

2.4.2 Statistics

Statistical methods are used to assess whether observed di erences in data result
from random variation (errors) or from actual changes in the underlying system.
Among these, one-sample hypothesis testing is a standard and comparatively ro-
bust approach. This method is employed in the present work [20].

In a one-sample hypothesis test, the goal is to determine whether a sample could
plausibly originate from a population with a given distribution, typically assumed

to be normal. To this end, a null hypothesisH, is formulated, as shown in Equa-
tion 2.12 [20].

Ho: = ¢ (212)

Here, denotes the expected value of the population, and, is the speci ed target
or reference value. The alternative hypothesis considered in this work is given by
Equation 2.13.

Hy: 6 g (213)

To check the hypothesis, the sample meax is used as the test statistic. This is
compared to ¢ via the standardized test statisticzy, calculated as follows [20].

X
20= _p= (2.14)

In this expression, denotes the population standard deviation, ana is the sample
size. The resultingzy value is then compared to the critical value of the standard
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normal distribution z; -, to determine whether the null hypothesis should be re-
jected. The rejection criterion at a signi cance level is de ned in Equation 2.15.

j20) > Z1 =» (2.15)

If this condition is satis ed, the null hypothesis is rejected in favor of the alternative
hypothesis, indicating that the observed deviation is statistically signi cant [20].
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Chalmers Test Wind Turbine
Characteristics

This chapter presents the characteristics of the Chalmers test wind turbine. It begins
with general information, including theoretical design parameters considered during
the turbine's development. Subsequently, the control system is described, based on
the theoretical foundations outlined in the previous chapter. Finally, introducing
the available measurement dataset, actual operational values and characteristics are
identi ed and analyzed.

3.1 General Information

The current version of the Chalmers test wind turbine, shown in Figure 3.1, is a
HAWT with three blades and variable-speed operation. It was commissioned in
2021 on the island of Bjorko, o the coast of Gothenburg. The turbine is positioned
approximately 30 mfrom the sea on its western side, while the remaining surround-
ings are characterized by hilly terrain. It is equipped with a direct-drive generator,

so that the rotor speed directly corresponds to the generator speed [21].

Figure 3.1: Picture of the Chalmers test wind turbine [22]
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The gure also shows the meteorological mast (met. mast), located approximately
20 m southwest of the turbine.

Table 3.1 summarizes the key technical parameters of the turbine.

Parameter Value Unit Comment

Diameter 159 m

Blade length 75 m Carbon ber

Hub height 30 m Wooden tower

Rated power 30(45 kW  Currently limited by control hardware
Rated rotor speed 71 rom Derived from measurement data

Rated wind speed 8.6 m=s Derived from measurement data
Overall e ciency  0:85 - Determined during turbine development

Table 3.1: Key technical parameters of Chalmers test wind turbine [21, 23]

The rated values shown in Table 3.1 are strongly in uenced by the speci ¢ control
algorithm in use. The values listed are extracted from the datasets primarily used
in this work. Fogelstrém et al. report slightly di erent gures in their analysis [8].

Figure 3.2 shows the "theoreticalCp- curves of the turbine for dierent pitch

angles. These curves, like the e ciency value in Table 3.1, are based on measure-
ments and assumptions made during the planning phase of the turbine.

Figure 3.2: Theoretical Cp- curve of Chalmers test wind turbine for di erent
pitch angles
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From the curves, the characteristic values,,; 9 and Cpnax ~ 0:42 can be iden-
ti ed.

The standard pitch angle of the Chalmers test wind turbine during operation below
rated speed i . This small deviation from the theoretically optimal pitch angle of
0 serves as a safety measure.

3.2 Control System

The Chalmers test wind turbine is equipped with a pitch-control-based control sys-
tem. It is implemented usingNational Instruments Compact Rio hardcore,
with the code developed inLabview . The control system is based on the NREL
5MW o shore reference turbine controller, adapted to the smaller scale and spe-
ci ¢ characteristics of the Chalmers turbine. Additionally, minor modi cations have
been incorporated [3, 8, 24].

The section is structured as follows: First, the two primary control loops are in-
troduced. Second, the di erent control modes implemented in the turbine are de-
scribed. Finally, the controller parameters used in the current con guration are
presented.

3.2.1 Loops

The control system comprises two primary loops: a generator torque control loop
and a turbine speed control loop.

The torque control loop determines the generator torque based on turbine rotor
speed and the current operating mode. This is implemented in the form of a LUT [8].

The speed controller functions similarly to a traditional proportional-integral (PI)
controller but includes additional parameters to enforce a rated speed limit. It ad-
justs the pitch angle based on the turbine speed. In the Chalmers turbine, all blades
are actuated simultaneously, so a single pitch angle is applied to all blades. This
loop is only active when the turbine speed exceeds the rated speed [8].

Both control loops use the generator speed, which corresponds to the rotor speed,
as their feedback signal. Prior to entering the controller, the signal is exponentially
smoothed using a recursive single-pole low-pass lIter [3].

3.2.2 Modes

The controller implemented in the Chalmers test wind turbine operates through ve
distinct modes, also referred to as regions. These are labeled Redipi:5, 2, 2.5,
and 3. Each region can be interpreted as a segment of a torque-speed curve, in
which a speci ¢ generator torque setpoint is assigned to a given rotor speed. This
setpoint represents the target value the controller aims to maintain as the operating
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conditions change.

The characteristics of each region are described below. Regibnthe "standby
mode", corresponds to zero-power production described in Subsection 2.3.4 and is
active below a rotor speed ob5rpm. This threshold is set above the tower reso-
nance speed of approximatel$0 rpm. Region 1.5, the "ramp up mode", ensures a
smooth transition from Regionl to Region 2 by gradually increasing the torque for
rotor speeds betweerb5rpm and 59 rpm. Region 2, the "optimal mode", aims to
operate the turbine along the optimal torque curve as described in Subsection 2.3.3.
Region2:5, the "speed limitation mode", introduces an additional increase in torque
between the rotor speeds @8 rpmand 71 rpm. It is required to limit the rotor speed

in accordance with considerations presented in Subsection 2.3.4. Finally, Reg&n
the "rated power mode", aims to limit the rotor speed while maintaining constant
power output through pitch control [3, 24].

Figure 3.3 shows the torque-speed curve of the considered controller for the NREL
5MW o shore turbine, with the di erent operating regions indicated. The blue
curve represents the actual controller behavior, while the black line illustrates the
optimal torque curve.

Figure 3.3: Torque-speed response of considered controller for NRBIMW o -
shore turbine [3]

When rotor speeds exceed the operational limits due to strong winds, stop modes
are activated to ensure safe shutdown [8].
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3.2.3 Parameters

The controller of the Chalmers test wind turbine relies on a set of prede ned pa-
rameters, listed in Table 3.2. These parameters are entered in the controller settings
and determine the operational outcome.

Parameter Unit Explanation

Sample_t S Sampling time of the controller

CornerFrequency rad=s Corner frequency for the generator speed low
pass lter

VS_CtinSp rad=s Cut-in generator speed

VS_RtPwr W Rated generator power

VS _RtGnSp rad=s Rated generator speed

VS_Rgn3MP rad Pitch angle to stay in Region3

VS_Slopel5 W=(rad=s) Slope of torque curve in Regioi:5

VS_Rgn2Sp rad=s Lower generator speed limit for Regior2

VS Rgn2K W:(rad:s)2 Region 2 generator torque constant

VS_TrGnSp rad=s Lower generator speed limit for Regior2:5

VS_Slope25 W=(rad=s) Slope of torque curve in Regio2:5

VS_SySp rad=s Generator speed where torque would be zero
in Region 2:5

VS_MaxTq Nm Maximum generator torque

VS_MaxRat N m=s Maximum generator torque rate

PC_MaxPit rad Maximum allowed pitch angle (Fully feath-
ered position)

PC_MinPit rad Minimum allowed pitch angle (Fully ne po-
sition)

PC_KP rad=(rad=s) Pitch controller Proportional gain

PC_KiI rad=(rad=s) Pitch controller Integral gain

PC_KK rad Pitch angle at which the pitch sensitivity is
double the pitch sensitivity at pitch = Orad

PC_MaxRat rad=s Maximum allowed pitch rate

StoppingPitchSpeed rad=s Pitch rate when stopping the turbine

StartingPitchSpeed rad=s Pitch rate when starting the turbine

PC_RefSpd rad=s Reference generator speed

Table 3.2: Chalmers test wind turbine control parameters [25]
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3.3 Analysis of the Measurement Data

This section presents the analysis of measurement data from the Chalmers test wind
turbine. The data is recorded over speci c periods using sensors installed on the
turbine. The analysis serves two main purposes: to characterize the turbine's be-
havior and to identify parameters most relevant to the subsequent methods. Some
of these parameters may need to be derived from others using physical relations.

Visual inspection through plots is used to examine dependencies between variables.
This requires evaluating the representativeness of the data, including considerations
of system e ciencies and sensor inaccuracies. To reduce measurement noise and
clarify variable relationships, ltering and averaging techniques are applied.

Both the data analysis and method development are carried out using the pro-
gramming languagePython . Where necessary, derived parameters are computed
using physical formulas from Subsection 2.2.1.

3.3.1 Data Source

The measurement data is stored in tab-separated ".txt" les, with each line corre-
sponding to a discrete time step and each column representing a speci ¢ parame-
ter. Data acquisition is conducted at a sampling rate 020 Hz Measurements are
recorded during de ned turbine operating periods and saved in les containing data
sequences of up t@80 min.

Table 3.3 lists the parameters and their column positions within the les that are
used in this work.
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Col no. Signal short name Unit Signal Name

0 Time S Time
1 GenTorqSP Nm Generator Torque SetPoint
9 DCC A DC Current from generator recti er
10 DCV \% DC Voltage from generator recti er
11 XTurbSpeedl rom  Rotor Speed sensor 1 (low pass ltered)
26 YP Yaw position 0 - (5 * 360) deg
30 PAB1 Pitch Angle Blade 1
39 RST2 Nm Rotor Shaft Torque
55 TMBNS Nm Tower Moment, Base North-South
56 TMBEW Nm Tower Moment, Base East-West
57 WD30 Wind Direction, 30 m height, met. mast
58 WS30 m=s Wind Speed,30 m height, met. mast
59 WDN Wind Direction Nacelle
60 WSN m=s Wind Speed Nacelle
62 TMBTOR V=V Tower Moment Base TORsion
64 WindEst m=s Wind Estimation

Table 3.3: Measurement parameters considered in this work [26]

In this work, graphs displaying measurement data over time use a time axis ex-
pressed in seconds relative to the start of the respective le. This is achieved by
subtracting the rst "Time" value in the le from all subsequent "Time" values.

The pitch angle "PAB1" is representative of all blades, as pitch control is applied
simultaneously to all three blades on this turbine (collective pitch).

Of the two rotor speed signals recorded, only the low-pass Itered signal "XTurb-
Speedl" is used in this work.

The les are structurally labeled using underscores to separate distinct dataset
characteristics. When a le is referenced in a graph within this work, the nal
15 characters of its lename are included in the graph title (in brackets). These
characters indicate the start date and time of the data recording contained in the
le, formatted as YYMMDD_hh_mm_ss.
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3.3.2 Time Evolution of Fundamental Operating Parame-
ters

This subsection examines the temporal evolution of key operational parameters, such
as wind speed, rotor speed, electrical torque, and pitch angle, in order to illustrate
the functional behavior of the two control loops described in Section 3.2.

While this joint time-based representation provides an overall understanding of
system dynamics, particularly regarding the interaction between control loops, a
torque-rotor speed diagram is more appropriate for a detailed assessment of the
generator torque control loop.

Figure 3.4 presents the time series of the aforementioned parameters based on mea-
surement data obtained from a selected time interval during which the rated rotor
speed is temporarily exceeded. This enables the observation of the dynamic re-
sponse of both control loops. The wind speed displayed here corresponds to the
signal "WindEst".

Figure 3.4: Temporal development of wind speed ("WindEst"), rotor speed, elec-
trical torque, and pitch angle

The gure employs a twin y-axis. The left y-axis represents wind speed, electrical
torque, and pitch angle. The y-axis on the right hand side shows the values for the
rotor speed trajectory.

In the gure, the yellow electrical torque curve follows the reference de ned by
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the generator torque control loop. As wind speed increases, both rotor speed and
electrical torque also increase. This behavior continues until the rated rotor speed is
reached, which occurs at approximatelyt 70 sin Figure 3.4. At this point, the pitch
control loop is activated, as indicated by the rising pitch angle. This control action
limits further increases in rotor speed and electrical torque, despite the continued
rise in wind speed.

3.3.3 Wind Speed

This subsection considers the di erent wind speed signals available in the dataset.
At the Chalmers test wind turbine site, two physical20 Hz wind speed sensors are
installed. The signal "WS30" originates from the meteorological mast. The signal
"WSN" is measured above the nacelle, i.e., downstream of the rotor (assuming proper
alignment of the turbine with the wind), at a height of 32m.

The "WSN" signal is not consistently reliable in the available data. Several les
contain constant values or data that appear implausible. In general, wind speed
measurement for wind turbines is challenging due to several factors. For "WS30",
one major issue is the high temporal and spatial variability of wind. Wind conditions
can change rapidly due to topographical in uences and height variations, making it
unlikely that the exact same air mass measured at the mast also interacts with the
rotor. Moreover, point-based sensors such as "WS30" only capture wind conditions
at a single location, whereas the wind acting on the turbine interacts with the entire
rotor area, which is subject to spatial gradients. This is especially relevant in the
hilly terrain surrounding the test site. Similarly, "WSN" cannot represent the hub
wind speed accurately, as the wind reaches the sensor only after being a ected by
rotor-induced deceleration.

To overcome these limitations, wind speed estimations are derived from turbine
operating parameters. The signal "WindEst" represents such an estimated wind
speed, averaged over the rotor area. It is calculated using measured values of elec-
trical power output, rotor speed, and pitch angle, along with theoretical and design-
based constants such as the mechanical e ciency an@p nax. However, even this
estimation is not consistently reliable, as some les also contain constant or oth-
erwise implausible values for "WindEst". Three alternative intuitive approaches to
estimate hub-height wind speed based on available measurements are investigated
in the following: "WShub_avg", "WShub_wd", and "WShub_cc".

The signal "WShub_avg" is calculated by adding the mean di erence between
"WS30" and "WSN" for the given dataset to the "WSN" signal. This approach as-
sumes that the temporal behavior of "WSN" approximates the wind conditions at
the hub and that the wind speed magnitudes at the location of "WS30" and at the
hub are approximately equal on average.

"WShub_wd" combines wind direction "WD30" and wind speed "WS30" to ac-
count for the wind's propagation delay between the meteorological mast and the
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rotor. It is calculated using Equations 3.1, 3.2, and 3.3. First, the e ective distance

Se between the wind turbine and the mast is determined, based on the actual
distance of s = 20m and the wind direction "WD30". The approach assumes a
constant wind speed along a wavefront of at leasts in length, which also maintains
constant between the mast and the hub of the turbine.

Se = s cos('WD30" 225) (3.1)

Second, the time delay t between the arrival of the wind wave front at the turbine
hub and at the mast is calculated using the wind speed measured at the mast
"WS30".

t= s ='WS30 (3.2)

Third, the shifted time is obtained by adjusting the measured "Time" by the calcu-
lated t.
tehit = "Time"+ t (33)

The variable "WShub_wd" is then computed using linear interpolation. The values
of "WS30", originally associated with the time pointggi , are interpolated onto the
original time axis.

The third approach, "WShub_cc" , uses cross correlation between "WS30" and
"WSN" to determine a time delay. A sliding window cross-correlation is applied,
and a moving average lter is used to reduce high-frequency noise in the signals.

Figure 3.5 illustrates the results of the three approaches for an example le.

Figure 3.5: Wind speeds over time

The gure shows a short time interval and, consequently, includes only a limited
range of wind speeds, wind directions, and associated uctuations. Therefore, its
signi cance is limited. Since wind speed estimation is not the primary focus in this
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work, the purpose of the gure is only to provide a qualitative comparison of the
estimation approaches.

In this context, considering the estimated wind speed "WindEst" as the most accu-
rate representation of the hub wind speed and the temporal behavior of "WSN" as
a close approximation to that at the hub, "WShub_avg" appears to yield the most
plausible results as indicated by the gure.

3.3.4 Power and Thrust Force versus Wind Speed

Figure 3.6 shows the electrical power output and thrust force acting on the turbine
as functions of wind speed. The values are represented as mean values obtained
through a binned averaging strategy applied to the measurement data.

The electrical power is calculated according to Equation 2.3, using the signals "DCV"
and "DCC". The thrust force Ft is derived from the signals "TMBNS" and "TM-
BEW", as well as the tower height hywer = 30 m, using Equation 3.4.

q
"TMBNS"? + "TMBEW" 2
FT = (34)

h tower

The estimated wind speed signal "WindEst" is used in this analysis, as it is consid-
ered the most representative among the available wind speed signals and estimation
approaches for the actual conditions at the hub and exhibits the lowest noise.

Figure 3.6: Electrical power and thrust vs. wind speed based on "WindEst"

In addition, the curve representing the theoretical optimum electrical power output
is shown. It is derived from Equation 2.4 using a maximum power coe cient of
Cpmax = 0:45, which corresponds to the con guration used in "WindEst".

25



3. Chalmers Test Wind Turbine Characteristics

The gure illustrates the e ect of the pitch control system as well as the simi-
larities in the behavior of electrical power and thrust across varying wind speeds.
Speci cally, it shows that adjustment of the pitch angle above the rated speed sig-
ni cantly reduces the thrust force acting on the turbine, while the electrical power
output remains constant.

3.3.5 Mechanical E ciency

Determining the mechanical e ciency of the turbine components based on the mea-
surement data proves challenging due to the signi cant noise, which results in widely
scattered e ciency values.

The following gures analyze the relationship between mechanical e ciency and
rotor speed, electrical power output, and seasonal variation. Figures 3.7 and 3.8
present e ciency data for a winter day in 2025. Figure 3.7 shows e ciency as a
function of rotor speed, while Figure 3.8 depicts e ciency as a function of electrical
power output.

Figure 3.7: Chalmers test wind turbine e ciency vs. rotor speed for a winter day
(2025-02-04)

Data points are shown in blue, the average line calculated using one-dimensional bins
is shown in orange, and the slope of the average line is indicated by a dashed red
line. The gray line represents a zero slope on the right axis and the pre-construction-
determined theoretical mechanical e ciency (:85) on the left axis, as introduced in
Section 3.1.
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