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The rapid growth of wind energy as a renewable energy source has shown the need
for safer, faster, and more cost-effective solutions for wind turbine maintenance. It’s
essential to inspect turbine blades regularly to detect defects such as cracks and
erosion, which can reduce the turbine’s efficiency, increase its operational costs, or
even produce safety risks if left unaddressed. The thesis proposes an autonomous
drone-based solution for inspecting wind turbine blades in operation, to replace old
inspection methods that are costly and time-consuming. The key challenge that this
thesis tries to solve is the synchronization of the drone’s movement with the rotating
wind turbine blades, allowing the drone to recognize the defects in the turbine blades
and to collect images or other sensor data of potential defects. Precise tracking of a
moving blade point requires advanced control of the drone and careful consideration
of the environmental conditions. To explore this, proof-of-concept simulation setups
were developed in MATLAB Simulink, using a PID-based controller design to control
the drone. Different controller designs were tested and compared to evaluate their
effect on the drone’s capability to follow the blade point. Tracking performance
was evaluated using root mean square error (RMSE) and standard deviation (SD).
The results show that synchronization between the drone and the moving wind
turbine blade can be achieved under simplified simulation conditions. The results
indicate that simulation design and control configuration play a more significant
role in tracking accuracy than the environmental conditions alone. These findings
provide a foundation for further research toward more realistic autonomous wind
turbine blade inspection systems that are capable of inspecting real wind turbines,
offering the potential to reduce their maintenance costs and increase their reliability.

Keywords: autonomous drone, wind turbine blade inspection, UAV tracking, real-
time simulation
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1 Introduction

Nowadays, we use more and more renewable energy. According to the International
Energy Agency, renewable energy production has increased in recent years and is
likely to continue growing under projected conditions. [1| One emerging renewable
energy source is wind energy generated by wind turbines [2], [3]. Using more and
more different kinds of solutions to produce renewable energy, it’s likely that new
kinds and bigger scales of problems from the machines will be encountered [4].
Therefore, it’s necessary to develop new methods to address these problems and
to make renewable energy production more sustainable and reliable. One way to
achieve this goal is to make the maintenance of production machines easier and
faster [4].

This study will focus on wind turbines and on how to make their inspection easier,
faster, and cheaper using autonomous drones. The autonomous drone’s purpose in
the inspection is to detect surface-level damage, such as cracks, using a sensor,
such as a camera [5]. Inspecting wind turbine blades requires synchronizing the
drone’s motion with the blades’” motion so the drone can obtain a clear view of the
blades’ surface and collect reliable sensor data for analyzing defects [6]. This thesis,
which includes a simulation built in MATLAB Simulink, was developed to assess the
accuracy with which an autonomous drone can be synchronized with a wind turbine
blade’s motion. In chapter 1.1, the research questions and the goals of this study

are described, while chapters 1.2 and 1.4 tell more about the overall structure.
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1.1 Research questions

RQ1: How accurate is a drone movement when synced with the movement of

a wind turbine blade in different environments?

RQ2: What are the properties that most affect the autonomous drone move-

ment accuracy?

RQ3: How does the movement accuracy affect the blade inspection?

RQ4: How strongly does the drone simulation setup affect the accuracy of

the wind turbine blade tracking?

1.2 Problem statement

Numerous studies and solutions for wind turbine blade inspection using autonomous
drones already exist, but there are still some problems depending on the implemen-
tation [7]. Some implementations use LiDAR to generate 3D models of wind turbine
blades. These kinds of solutions are clear and provide substantial data, but they’re
expensive, primarily because of the cost of the LiDAR sensor. With the help of
LiDAR, obstacle avoidance and defect recognition are simpler than with a solution
that uses only a camera. [§]

This study doesn’t focus on defect recognition using a camera or other sensor,
but rather on determining whether an accurate enough solution can be developed for
tracking a wind turbine blade. One of the challenges of using a camera to inspect the
wind turbine’s surface is ensuring accurate inspection while the turbine is spinning
and operating [9]. The turbine could be stopped, but that would be a waste of
money and energy production [4]. The solution is to determine whether it’s possible
to synchronize a drone with the motion of the wind turbine blades, and then perform

blade inspection using a camera and machine learning algorithms to detect potential
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defects on the turbine surface.

The main goal of this study is to develop a simulation of a drone and a wind
turbine and assess how well the drone can track a specific point on a turbine blade.
Solution accuracy is the focus of the study and therefore, the simulation results will
be analyzed in detail. This study also addresses other topics closely related to blade

inspection, including limitations and existing solutions.

1.3 Research methods

Choosing the research methods for this thesis was quite trivial. To measure tracking
accuracy and demonstrate the proof of concept for the autonomous drone inspecting
moving wind turbine blades, a simulation of the concept was developed. In addition
to this empirical study, this study also reviews prior research papers about the topic
and analyzes them. For the simulation, MATLAB Simulink was used, as it provides
a suitable environment for modeling, simulation, and analysis of dynamic, realistic
systems. Matlab provides comprehensive materials and tutorials for using Simulink,

in addition to the existing tools and blocks suitable for this kind of project.

1.4 Structure of the thesis

In the next chapter 2, prior research is reviewed, and the current state of the topic is
summarized. Subsequently, in the 4 chapter, the implementation of the simulation
setups is examined at a lower level. Chapter 5 covers the results from the simulation,
while Chapter 7 shows the conclusion of the results and the simulation. Afterward,
there is a discussion and a comparison of the conclusion, simulation, and results in

Chapter 6. Lastly, Chapter 8 presents suggestions for future research on this topic.
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1.5 Usage of AI and tools

In the process of writing this thesis, some technical tools have been used. In this
section, information on the tools and their use is presented. The tool Grammarly
was used to correct the text’s grammar and suggest alternative words to improve
readability. During the writing of this thesis, generative artificial intelligence tools
were used to analyze and summarize studies and other reference materials, and to
assist with the formation of some of the sentences. All the text is produced by the

author of this thesis, and the correctness of the information has been checked.



2 Earlier studies

In this chapter, other studies on autonomous drones inspecting wind turbine blade
defects will be analyzed to provide a clearer view of the current state of research
on this topic [7]. Overall, the reviewed studies aim to achieve the same result as
this study: identifying a reliable solution for autonomous wind turbine inspection.
Several additional studies were reviewed to provide a more comprehensive overview
of the current state of the topic.

The keywords and search queries used to identify related studies are presented
in Table 2.1. The queries were used in IEEE and Google Scholar. The search
was conducted from fall 2024 to spring 2026. IEEE was chosen for its domain-
specific publications in engineering, and Google Scholar for its broader coverage.
Papers were selected based on their titles and abstracts, and on their relevance
to wind turbine inspection in general, and especially to drone-based autonomous
wind turbine inspection. Some studies were identified through snowballing, whereby
relevant studies were identified by exploring references and related studies from the

studies identified [10].

2.1 Autonomous blade inspection

As is well known, wind energy and wind turbines have been a growing source of
energy production for years [3]. At the same time, it has become clear that wind

turbines require extensive maintenance and regular inspections to ensure safe and
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Table 2.1: Initial search query
Query
"wind turbine blade inspection" OR "wind turbine inspection"
OR "wind turbine blade defects" OR "blade inspection"
AND
"UAV" OR "drone" OR "unmanned aerial vehicle"
AND

"autonomous" OR "trajectory tracking" OR "control"

AND (optional; used to find simulation-related references)

"simulation" OR "modeling"

efficient operation [4]. To accelerate and improve turbine maintenance and inspec-
tion, particularly of turbine blades, several studies have investigated alternative
approaches [11], [12]. In this section, some of them are analyzed and compared to

provide a clearer overview of the current state of the research.

2.1.1 Levels of autonomy

It’s important to identify the different levels of autonomy and to understand what
a fully autonomous system means in the context of autonomous defect detection in
wind turbine blades. When discussing levels of autonomy, there are various ways to
classify them. Regardless of classification, the range typically spans non-autonomous
to fully autonomous systems, with semi-autonomous systems between them [13],
[14]. The Society of Automotive Engineers (SAE) has 5 levels of classification for
on-road vehicles, where level 0 system is not autonomous at all, and levels 4 and
5 are fully autonomous, where the difference between level 4 and 5 is that a level
4 system is limited to a specific set of working scenarios, while level 5 can handle
any scenario. The SAE classification is designed to categorize autonomous on-road
vehicles but could also be applied to other use cases, including across various vehicle

types, making it particularly suitable. [13| In this thesis, the term "autonomous"
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is closest to level 4 of the SAE classification unless otherwise specified. Also, the
Air Force Research Lab (AFRL) presented levels of UAV autonomy. AFRL’s UAV
autonomy levels range from 0 to 10, where level 0 denotes a remotely controlled
aerial vehicle, whereas level 10 denotes a fully autonomous UAV that requires little
guidance. [14] According to these classifications of the level of autonomy, the level
of autonomy discussed in the thesis is as follows, in the context of autonomous wind
turbine blade defect detection with a drone:

The drone is capable of the entire wind turbine blade inspection process without
human intervention. This includes the drone’s ability to perform autonomous takeoff
and landing, navigate to the wind turbine, plan and execute the flight to the turbine,
detect the blades and capture sensor data from them, and detect surface defects on
the turbine blades. At this level, the drone has obstacle avoidance and adapts
to the environmental conditions, including wind. The drone is limited to specific
inspection scenarios, including environmental conditions, turbine types, and other
factors. Outside of these boundaries, human intervention is required, as well as in

the maintenance of the drone.

2.1.2 Current state of autonomous wind turbine inspection

The recent review of the studies on the topic from Heo and Na performed 2025
reviews studies related to drone-based technologies for wind turbine blade inspec-
tion [7|. The paper covers topics ranging from drone types to path planning and the
various sensing techniques employed. The study reports that autonomous blade in-
spection is a promising alternative to manual inspections, potentially reducing man-
ual inspections and improving the safety and reliability of turbines and the inspection
process [7], [15]. The authors state that current drone technology is equipped with
real-time data-processing systems, which eliminate or reduce the need for unsafe,

slow methods of inspection, such as rope access or cranes that were previously nec-



2.1 AUTONOMOUS BLADE INSPECTION 8

essary. This is especially important in remote and offshore wind turbine farms [16].
Modern drones also have advanced navigation and detection systems that enable
rapid inspection by optimizing flight routes and employing various sensing technolo-
gies. Optimized blade inspection can reduce the risk of wind turbine downtime and
may even prevent the need to shut down the turbine for inspection. |7|

The study also highlights the challenges posed by autonomous wind turbine blade
inspection, including battery limitations and weather effects [17], [18]. According to
this study, the future of autonomous blade inspection will likely be enhanced by the
use of more advanced AI models and sensor fusion [19].

Another recent study suggests that defect inspection can be significantly im-
proved using the YOLO-Wind computer vision framework. The framework is de-
signed for UAVs and, therefore, performs better on such devices. By using YOLO-
Wind, it’s possible to detect even small cracks and dirt on the wind turbine blades,
even in their early stages. This level of accuracy is significant and will reduce main-
tenance costs and improve the reliability of defect detection. [20]

Similar results to those obtained with YOLO-Wind have been achieved with Al-
based visual inspection systems that detect and classify defects. With these kinds
of models, it’s possible to detect and classify different types of defects with high
accuracy. [15] These models are also designed to collect data on defects, in addition
to merely detecting them [21].

There is also data on the various hardware solutions for blade inspection. Most
solutions employ cameras, including event cameras, LiDAR, and other sensors. It
has been shown that combining thermal and RGB image data yields better defect
detection performance [22|. These sensors, combined with an efficient CNN-based
detection model, perform better on systems with severely limited computational
resources, such as drones [21]. Additionally, lower energy consumption allows the

drone’s operational time to be longer [22].
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In this section, recent updates on autonomous wind turbine blade inspection are
covered. However, it should be noted that there are numerous studies on the topic,

and it remains actively researched.

2.2 Limitations

There are some limitations that very likely affect the drone’s performance while
inspecting a moving wind turbine blade. The most important limitations from
this study’s point of view are related to the wind turbine inspection itself or the
drone’s movement synchronization with the wind turbine blade. Some difficulties
that affect the wind turbine inspection arise from environmental change, such as
varying weather conditions [23]. One of the greatest environmental difficulties is the
wind, since wind turbines are often placed in areas where it is windy [24]. This is one
reason why the drone controller should be fast enough to react to sudden changes
that are caused by the wind or other factors. The wind could either move the drone
to distract its synchronization with the wind turbine blade, or it could move the wind
turbine blade suddenly, causing the same outcome. [25] Other limitations related,
for example, to the computational constraints, data transmission, and power source

of the drone are excluded from this study.

2.2.1 Environmental challenges

Modern drones perform well across various environments and can withstand chal-
lenging weather conditions. However, for some drones, this can introduce issues
during defect detection. [23], [26] Wind turbines can pose challenges for drones if
they are not stopped for inspection [7]. To operate under adverse weather conditions,
the drone controller must be designed to keep the drone stationary while analyzing

the wind turbine blades that are moving [27]. With advanced path planning, it’s
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possible to reduce environmental factors that disrupt the drone’s operation by se-
lecting the optimal path for the environment, for example, by avoiding high-wind

areas [23].

2.2.2 Controller related limitations

As mentioned earlier, the drone should be able to synchronize its movement with the
wind turbine and remain stationary so the inspection of the blade can be performed.
One of the most important factors related to this is the drone’s controller. The drone
controller should react quickly to disturbances during inspection, and even without
the disturbances, the drone should be able to follow quickly moving wind turbine
blades if the wind turbine remains operational during the inspection [23], [28]. In
case the controller response time is too slow, it’s possible that the drone loses the
desired position, while its movement should be synchronized with the wind turbine
blade.

A good performing drone controller should maintain a precise relative position
to the moving blade, and if this cannot be achieved, it can result in tracking errors
that accumulate over time [29]. The faster the wind turbine blade is rotating, the
more difficult it is for the drone to keep up with the blade’s position. On top of that,
the quickly rotating blades can generate turbulence and aerodynamic disturbances
that the drone should be able to react to [23]. The controllers tuned for stability
may react too slowly to the disturbances or the rotating blade’s position, but on
the other hand, the controllers that are tuned for high responsiveness may become
unstable [30]. Unstable controllers could increase errors instead of correcting them

by causing oscillatory motion or unstable flight behavior [31].



3 Methodology

This chapter presents the methodology used in the study, concentrating on how
the drone was tested. In this chapter 3.1 section describes what kind of controller
structure was used, what inputs and outputs it had, and more about the type of
drone used for testing. While section 3.2 explains how the tracking of the wind

turbine with a drone was designed.

3.1 Drone

The specifications of the drone used in this study resemble the DJI Flip quadcopter
displayed in figure 3.1, which is a relatively small commercial drone and weighs
under 249 g according to the manufacturer [32]. The weight of the drone used for
testing is 200 g, which is slightly less than the DJI Flip drone. The DJI flip drone
could be very likely used in real-life testing for wind turbine inspection as it has 31
minutes of flight time and a max distance of 14 km, and on top of these properties,
it has a high quality built in camera with a 2 GB internal storage and a long range
video transmitter that would allow video processing from a remote location with an
external computer in a real-time [32]. For a real wind turbine inspection operation,
the DJI Flip might not be the optimal choice, since it might be hard to attach
external sensors to it, and the longer flight time would be beneficial in wind turbine
inspection, especially in the testing phase, while different kinds of problems could

occur [33].
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Figure 3.1: DJI Flip drone [32]

The following subsections describe the drone controller design in more detail.
Section 3.1.1 presents the drone’s controller structure and the design choices selected.
Section 3.1.1.1 presents what inputs were given to the controller and why, while the

section 3.1.1.2 describes what data the controller outputs.

3.1.1 Controller Structure

The drone controller should have a fast response time, so it can keep up with the
moving wind turbine blade [30]. Things affecting the controller response time are the
sampling rate of the control system, PID controller tuning, and the drone model’s
dynamic properties, including the mass of the drone, the ratio of weight, and the
thrust generated by the motors [34].

For the drone controller, I chose to use PID-type controllers to keep the simula-
tion simple and more computationally efficient [34]. Alternative control approaches,
for example, Model Predictive Control (MPC), were excluded from this study. [35]
In this study, the term PID-type controller refers to any controller that includes
proportional (P), integral (I), and/or derivative (D) components [36]. PID-type
controllers are commonly used in drone flight control because of their robustness,
simplicity, and because they are suitable for real-time implementation [34].

Two existing solutions were found that have a compatible drone controller struc-
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ture that could be utilized for the wind turbine blade inspection, since the inputs
and outputs of those were as needed, and these controller also based on PID-type
controllers [37], [38]. So instead of developing a drone controller from scratch, these
two existing solutions were used as a base for the controller design.

The first existing controller, later referred to as controller A, and its structure are
described in more detail in the paper written by Ahmed et al. [37]. This controller
is originally designed for a liquid-carrying plant protection UAV, and it allows the
drone to follow a desired trajectory while keeping it stable. The controller is based
on PID-type controllers, and it receives trajectory signals and compares them with
the measured position and orientation of the drone. Feedback loops are used in the
controller to correct the drone’s position and orientation and guide it towards the
target trajectory by generating control signals using the error between the actual
values and desired values of the drone’s position and orientation. [37]

The other existing controller, later referred to as controller B, is more deeply
described in the paper written by Ferry [38]. The structure of this drone controller
consists of three main components: the controller itself, the sensor subsystem, and
the plant model. The purpose of the sensor subsystem is to measure the drone’s
state, such as position and orientation, and provide this data to the controller so it
is able to adjust the controller inputs, while the plant model represents the drone’s
physical behavior. This controller comprises four PID-type control loops that sta-
bilize the drone. These separated control loops are responsible for controlling the
drone’s pitch, roll, yaw, and altitude. All of those four control loops work simulta-
neously to first stabilize the drone and then control its position by applying thrust
and changing the orientation of the drone. To achieve this, the controller outputs
are converted into speed commands for each of the four motors of the drone. [3§]

Both of these controller structures are based on PID-type controller feedback

loops, where the error is continuously calculated by comparing the actual state and
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the desired state of the drone to be able to correct the movement by adjusting the

outputs so that the error is minimal and the drone maintains stable flight.

3.1.1.1 Inputs

Usually, the controller inputs consist of the reference and the feedback signals. The
reference signals describe the desired motion to the controller by defining the target
behavior of the system. Reference signals can include data such as the desired po-
sition, altitude, or orientation of the drone. For the wind turbine blade inspection,
these reference signals define the path that the drone should follow to keep its move-
ment synchronized with the blade. The feedback signals describe the current state
of the drone and are obtained from the sensors that are responsible for calculating.
These signals can be such as a drone’s current position, speed, or orientation. By
using the reference signals and feedback signals, it’s possible to calculate the error
between the actual and desired state of the drone. [36] The control error can be
used by a PID-type controller to correct the state of the drone [34].

In controller A, the input reference signals are the desired XYZ position, trajec-
tory, and velocity. The input feedback signals are the current position, velocity, and
the pitch, roll, and yaw angles. [37] In controller B, the input reference signals are
desired altitude, desired pitch and roll angles, and desired yaw rate, while the input
feedback signals for this controller are the current altitude, pitch and roll angles,
and yaw angular velocity [38]. Even though the inputs of these two controllers are
different, they both allow the controller to continuously adjust the drone’s motion

to follow the desired path.

3.1.1.2 Outputs

The outputs of the drone controller are control signals that are used for determining

the speeds of the drone’s motors [30]. By adjusting the speeds of the motors, it’s
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possible to control the drone’s motion, including its speed and orientation. Quad-
copters such as DJI Flip have four motors that are used to control the orientation
and the lift of the quadcopter. The control signals are calculated based on the inputs
and the errors obtained from the feedback loop [36]. The control of the motor speeds
of each of the four motors allows precise control of the altitude, and the pitch, roll,
and yaw of the drone.

The controller A outputs total thrust, and yaw, pitch, and roll angles that are
used to generate angular velocities for each of the motors of the drone, to control the
drone [37]. Controller B outputs rotor angular velocities for each rotor that directly
control the drone motors [38]. Both of these outputs allow controlling the drone in a
way that it can accurately follow the given flight path and maintain stability during

the wind turbine blade inspection.

3.2 Wind turbine

3.2.1 Inputs

For the wind turbine, there are several inputs that straightly affects to how the wind
turbine operates [39]. Some of the input values are related to the energy generation
of the turbine, but do not directly affect the turbine’s behaviour. In the table 3.1,
the most important inputs of the wind turbine that are critical when inspecting the

turbine blade with a drone are presented [40].

3.2.2 Tracking

For the drone to be able to synchronize its speed and position with the wind turbine
blade, it was necessary to make the drone know which blade it should synchronize
its movement with. To accomplish this, x points were added to each of the wind

turbine blades. In this study, the number selected was 10. Later in this study, these



3.2 WIND TURBINE 16

Table 3.1: Main wind turbine inputs affecting turbine behaviour in the simulation

Input parameter Unit Value
Wind speed (Vying) m/s  depending on the wind profile
Air density (p) kg/m? 1.15
Rotor radius (R) m 35.25
Rotor blade inertia (J,)  kg-m? 3963 845
Blade pitch angle (/) deg Variable
Pitch actuator ramp rate deg/s 20
Cut-in wind speed m/s 4
Rated wind speed m/s 12
Cut-out wind speed m/s 20
Turbine cut-in speed rpm 11
Turbine cut-out speed rpm 22

R T2 T4 T6 T8 T10
T 13 T5 T7  T9

B1

Figure 3.2: There are ten blade points T[1-10] on each blade B|1-3]

points are referred to as blade points. Each blade was configured to have 10 blade
points, each of them containing information about the point’s current location as
shown in Figure 3.2. Ten blade points were selected because this number is sufficient
to demonstrate the concept without making the simulation overly complex. [41] The

blade points are evenly spaced along the blade’s length.



4 Simulation setups

The simulation was designed to be as minimal as possible while attempting to repli-
cate real-world wind turbine blade inspection using a drone [12|. The simulation
setup comprised two components: the wind turbine model simulation and the drone
model simulation. After creating these models, it was time to merge them and see
how the system worked. This chapter presents the full details of both simulations

and integrates them into a single account.

4.1 Wind turbine simulation

The wind turbine model was primarily developed by following the tutorial on MAT-
LAB’s website. In the tutorial, the wind turbine model comprises five components:
supervisory control, turbine with grid and transformer, turbine pitch controller,
power controller, and visualizer. [40] The created wind turbine model had the first
four components implemented as subsystems, and the visualizer component was
integrated directly into the top-level model.

The reason for following the tutorial provided by MATLAB for creating the wind
turbine simulation was the clear explanation of the operating principle and the desire
to avoid design errors. From the outset, it was evident that the simulation setup
required modifications not covered in the tutorial, and therefore, it was justified
to use a well-designed simulation as a baseline. Additionally, given the simulation’s

structure, implementing the drone simulation would be easier after drawing on infor-
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[duration(windSpeed>...
wind_speed_cut_in_lower)>0.10...
&&duration(windSpeed<...

wind_speed_cut_out)>0.10]

Startup

ParkBrake
entry: parkingBrake = 1;
generatorTrip = 1;

pitchBrake = 1;
turbineState = 0;

[duration(windSpeed<=...
wind_speed_cut_in_upper)>2.0...
&& duration(windSpeed>...
wind_speed_cut_in_lower)>2.0...
&& duration(turbineSpeed<...
turbine_speed_cut_in)>2.0]

entry: parkingBrake = 0;
generatorTrip = 1;

pitchBrake = 0;
turbineState = 1;

[duration(turbineSpeed>...
turbine_speed_cut_in)>0.10]

[duration(windSpeed<...
wind_speed_cut_in_lower)>1.0...
| |duration(windSpeed>...
wind_speed_cut_out)>1.0]

Generating
entry: parkingBrake = 0;
generatorTrip = 0;
pitchBrake = 0;

turbineState = 2;

[duration(windSpeed<...

| | duration(windSpeed>...
wind_speed_cut_out)>0.10...

| | duration(turbineSpeed>...
turbine_speed_cut_out)>0.10...
| |duration(turbineSpeedx<...

wind_speed_cut_in_lower)>0.10...

PitchBrake
entry: parkingBrake = 0;
generatorTrip = 0;

pitchBrake = 1;
turbineState = 3;

1 turbine_speed_cut_in)>0.10]

[duration(turbineSpeed<=...
park_speed)>0.10]

Figure 4.1: Supervisory control system state machine

mation and design practices from a tutorial that explains them. Next, more detailed
information is provided on each subsystem, followed by the modifications made in

the simulation.

4.1.1 Supervisory control subsystem

The supervisory control subsystem in this simulation is a relatively simple state
machine with four states: park break mode, startup mode, generating mode, and
pitch break mode. [40] These states represent different operational states that the
turbine can have. The technical implementation of this subsystem was relatively
simple, as it is a state machine with only a few states. Initially, understanding the
state-transition conditions in Simulink was somewhat challenging.

It is evident in the state machine structure in Figure 4.1, which includes all
states and the conditions that can change the state. Next, there is a more detailed
overview of each state of the supervisory control subsystem’s state machine to better

understand the wind turbine’s operating principles.
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4.1.1.1 Park brake mode

The park brake mode is accessed only from pitch brake mode and is the simulation’s
entry mode. Its purpose is to stop the blades’ movement completely. In this state,
the turbine’s hydraulic brake is activated, and the blades are positioned to slow the
turbine’s rotation. In park brake mode, the wind turbine speed is below the safe

operating limit and therefore, the generator doesn’t produce energy. [40]

4.1.1.2 Startup mode

Startup mode is enabled either after park brake mode or after pitch brake mode,
depending on the situation. In this state, the wind turbine’s hydraulic brake is
released, and the blades are positioned to maximize turbine speed as quickly as
possible. In this state, the generator is deactivated, and therefore, the turbine

doesn’t produce energy. [40]

4.1.1.3 Generating mode

This state is activated after the start-up state, when the blade rotation speed is
sufficiently high. When the desired speed is achieved, the blades are positioned to
maximize energy production. The generator is activated in this state and connected

to the transformer. [40]

4.1.1.4 Pitch brake mode

In this state, the turbine’s rotational speed is reduced by positioning the blades
appropriately. The generator remains on, and the turbine produces electricity from
the ongoing rotation of the blades. This state is accessed either from startup mode or

from generating mode, depending on wind speed and turbine rotational speed. [40]
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4.1.2 Turbine with grid and transformer

This subsystem contains a wind turbine and a grid with a transformer. The grid
and transformer are included for demonstration only and are simplified, as they are
not necessary for the simulation’s objective. This wind turbine module consists of
three main components: the rotor hub and the nacelle.

The rotating blades are probably the most well-known part of a wind turbine.
The rotor hub is a built-in block in Simulink. The blades are designed to capture
wind as efficiently as possible, and their angle can be adjusted, which is typically
done by the wind turbine itself, based on its speed and the wind speed [39]. The
Simulink wind turbine block takes wind velocity and pitch angle as inputs and
outputs thrust. In this simulation, the thrust is then sent to the nacelle and the
velocity sensor.

In general, the nacelle is a complex component of the wind turbine, as it contains
components such as cooling, electronics, and the drivetrain. In some wind turbines,
the power conversion system may also be included. [42] Though in this simula-
tion, it contains brakes, a gear train, a generator, and the wind turbine’s velocity
sensor. In this simulation, the system is simplified to improve speed and compu-
tational performance. In this simulation setup, the nacelle receives the turbine’s
thrust and parking-brake state as inputs and outputs three energy-phase compo-
nents, denoted A, B, and C. The grid and transform components are very simple, as
they do not affect the results and are for demonstration purposes in this study. It
takes the energy-phase components as inputs and consists of a transformer, a grid,
and parasitic conductance. The parasitic conductance is added only to increase the

simulation speed [40].



4.1 WIND TURBINE SIMULATION 21

4.1.3 Turbine pitch controller

This subsystem controls the turbine pitch angle. It takes the turbine state, wind
speed, and generator power as inputs and outputs the pitch angle. The purpose of
this subsystem is to set the pitch angle based on the current state, as obtained from

the turbine state machine described in 4.1.1. [39], [40]

4.1.4 Power controller

The power controller subsystem models power demand and sets the optimal torque
for the wind turbine by simulating the generator input speed. It takes wind speed,
generator trip value, and pitch brake as inputs and outputs active power demand
and the power reference. This is an important part of the setup, as it simulates how

power demand and torque optimization behave in this simulation. [39], [40]

4.1.5 Data visualizer

The data visualizer is not a subsystem, but it only combines Simulink scope blocks
and multiplexers to view and log signals, enabling the signal data to be viewed
in Simulink’s Simulation Data Inspector [40]. Although it’s the simplest part of
the system, it’s probably the most important because, with the data, it’s possible
to observe what is happening in the simulation and whether the signal values are
proper [43]. After all, it’s difficult to tell how the system works without seeing the
data. The most important data are displayed in the scope block as a graph. As
in Matlab’s tutorial, it was configured to visualize the following properties of the
system: all states of the supervisory control system, pitch angle, generator power
output, and wind speed. Other data that wasn’t needed as often could be viewed

in the Simulation Data Inspector. [40]
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4.1.6 Modifications

This section covers the modifications to the simulation made to make it suitable
for this study. For the wind turbine simulation, it was necessary to add the blade
points to the wind turbine blades so that the movement and position of each blade
could be determined, providing the drone with a reference for the location it needs
to track. To implement these blade points for each blade, Simulink’s blocks, mostly
joints, solids, rigid transforms, and transform sensors were used. The solids present
the blades and are connected to each other through the central piece using weld
joints. The middle piece is then rotated and connected to the rotor hub velocity
sensor. Each solid has 10 rigid transforms and transform sensors to represent the
blade-tracking points. Each rigid transform has its own XYZ coordinates, so it’s
simple to read the values of those using the transform sensors. With this setup, the
location data can be saved to a MATLAB workspace variable and used in real time
within the simulation, which is important when implementing the drone simulation.
Using Multibody blocks like these also enabled visualization of the turbine rotor
motion in MATLAB’s Mechanics Explorer, although this was unnecessary given the
comprehensive data logging. [40]

The modification described above was the most important for this wind turbine
simulation from the perspective of the drone simulation. Otherwise, the simulation
presented in Matlab’s tutorial served its purpose well. Some minor modifications
were made to simplify the simulation and facilitate future modifications. One of
these steps was to replace Simulink’s Goto and From blocks with Import and Output
blocks. This made it easier to see how the data actually moves between different

parts of the system [40].
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4.2 Drone simulation setups

Several simulation approaches were evaluated to meet the drone system’s control
requirements, and these approaches were refined to improve the accuracy of the
drone controllers. The main limitation of the drone controllers tested was that none
were fast enough to maintain the drone’s position accurately at the selected blade
point on all axes.

The initial simulation setup was as follows: each simulation ran for 60 seconds,
providing sufficient coverage of performance and accuracy. On top of that, a longer
time frame would have caused issues since the machine used to run the simulations
took a lot of time, even hours, to run some of the simulation setups, and the simula-
tion run time had to be the same for every setup, so the data of the different setups
could be compared. On the other hand, too short a simulation time wouldn’t yield
sufficient data for analysis and could also lead to inaccurate results.

For each tested simulation setup, one blade point was selected for the drone to
track. The simulation setup outputs RMSE for each axis (X, Y, Z) to indicate the
accuracy of tracking in that axis [44]. At the top of the RMSE value, a graph is also
created to visualize the difference between the drone’s position and the blade point’s
position on each axis, making it easier to understand how the solution performed.
Each simulation ran for three different blade points, B1 _T1, B1 T5, and B1 T10,
to see if and how the blade point location affects the tracking accuracy.

In the following subsections, the tested drone simulation setups and their differ-
ences are discussed. In the next chapter 5, the results of those simulation setups are

analyzed and compared.

4.2.1 Simulation setup A: 6-DOF quadcopter based setups

These simulation setups are strongly based on the 6-DOF Quadcopter simulation

originally developed by Kong Chun-Wei. The original purpose of developing this
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drone was to simulate the dynamics of a liquid-carrying UAV. The quadcopter
comprises the main body frame, brushless DC motors, and a PID-type velocity
controller [36]. The structure and operational principles of the system are more
detailed in the paper Ahmed et al. [37].

The first step in this solution was to preprocess the wind turbine simulation
data to ensure that the quadcopter simulation could interpret it correctly. The
data were formatted as a MATLAB matrix, with each row containing a timestamp
and the X, Y, and Z coordinates of each blade point. This preprocessed dataset
was sampled at 1 Hz. After the simulation was run for the first time without any
modifications, the result showed a significant amount of error. Therefore, it was
clear that modifications were needed to reduce the error.

The first step in the simulation was to retune the PID-type controllers for X, Y,
Z, and the yaw controller modules of the drone. Initially, the PID-type controllers
were tuned using MATLAB’s PID tuner tool to obtain preliminary settings. Subse-
quently, these were manually fine-tuned through trial and error to improve accuracy.

Even after these changes, the results were insufficiently accurate. [34]

4.2.1.1 Simulation setup Al: Minimal modifications

Table 4.1: RMSE on each axis for different blade points, after controller modifica-
tions and PID-tuning

Error on Axis (RMSE) B1 T1 Bl _T5 Bl TI0

X 163.8038 167.9352 215.0175
Y 23.2805  28.7241  14.5587
Z 47.3066  142.6118 131.6333

The next step was to make small modifications to the controllers by adding
derivative (D) and/or integral (I) terms to the proportional (P) controller. After
several combinations and considerable PID retuning, a solution with relatively low

RMSE was identified [34], [44]. The results of this solution can be seen in table 4.1
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Figure 4.2: RMSE on each axis for different blade points in simulation setup Al

and in figure 4.2. For an unknown reason, after these changes, the simulation run
time was much slower than before. As the simulation results were satisfactory at
this point, it was clear that even greater precision was still required, because when
a drone tracks defects on a wind turbine blade, precision is critical, and error should

be minimal. Therefore, further improvement was pursued to improve accuracy.

4.2.1.2 Simulation setup A2: Redesigning the X and Y controller mod-

ules

The next attempt used the same quadcopter simulation as a baseline, but this
time by redesigning the drone’s controller modules. Instead of using multiple P-
controllers, PID-type controllers were used in the X and Y controller modules. The
Z and yaw controllers were already highly simplified and did not produce significant
errors relative to the X and Y, so they were retained as is. In the X and Y controller
modules, different input values were also tested for the controllers, instead of the
original ones, which were based on previous designs but did not provide sufficiently

accurate results for this setup [34]. After a significant number of designs, the
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Figure 4.3: RMSE on each axis for different blade points in simulation setup A2

best possible solution was identified again. For each change, retuning the PID-type
controllers was required and was done primarily using MATLAB’s PID Tuner tool,
but when the design appeared promising, the tuning was fine-tuned by hand [34].
Additionally, modifications to the Z and yaw controller modules were attempted,
but these further degraded the results and were therefore left unchanged.

Table 4.2: RMSE for Different Blade Points after redesigning X and Y controller
modules.

Error on Axis (RMSE) Bl Ti1 B1 T5 B1 T10
X 6.608 x 10>  7.5201 x 10° 5.7654 x 103
Y 6.9725 x 103 9.6242 x 10* 1.0213 x 103
Z 0.9395 10.1259 24.9110

After these modifications, which appeared promising, the system was tested with
various blade points and wind profiles, and some performed better than others. As
shown in table 4.2 and figure 4.3, the RMSE increased significantly for the X and Y
axes, and this was the case for all tests conducted with this setup. The only positive
change relative to the previous solution was that the RMSE on the Z-axis decreased

substantially and became tolerable. [44] Additionally, the simulation runtime was
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brought back close to that of the original baseline setup, making it computationally
less demanding to run the simulation multiple times for different blade points and
wind profiles. The results of the simulations with this setup and the one described
in section 4.2.1.1 were not sufficiently accurate, so a different approach was adopted,

as described in section 4.2.2.

4.2.2 Simulation setup B: Real-time drone

This drone simulation is completely different than the ones described above. For
this setup, the quadcopter plant model and control system design are based on the
paper Ferry, where it’s described in more detail [38]. Despite its high level of detail
and complexity, the model required several modifications to be suitable for use with
wind turbine simulation data.

Instead of saving the data to a dataset, as in the drone simulation setups de-
scribed earlier, this approach directly fed wind turbine blade data from the wind
turbine simulation to the drone simulation in real time. With this approach, data
preprocessing was unnecessary, enabling the drone to respond more dynamically
to wind turbine blade motion and better reflect real-world operating conditions.
The plan was to run both simulations simultaneously, with the drone responding as
needed in real time.

To feed the wind turbine’s blade data to the drone, Simulink’s inport block
was added to the model which inputs multiplexed data of a blade point which is
then demultiplexed in the quadcopter model using Simulink’s demux block, which
outputs X, Y and Z locations of the wind turbine’s blade point and fed those into the
drone’s guidance module, that had inputs for desired XYZ positions and actual XYZ
postion coming from the plant model in a form of feedback loop. From the guidance
module’s output, roll, pitch, and yaw were computed, which were then used to

determine rotational speeds. [38] After having the rotational speeds, those were fed
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Figure 4.4: RMSE on each axis for different blade points in simulation setup B

to the plant model, whose operational logic is more deeply explained in Ferry [38].
The plant model outputs the drone’s location data, which we used to calculate the
error using the drone’s location and the blade point’s actual location [44].

Overall, the simulation’s basic working logic was straightforward, yet it provided
an advantage over the other two setups by enabling real-time interaction between
the drone and the wind turbine simulation. Also, this real-time drone was more
realistic and, therefore, provided better testing conditions for the drone’s control

system.

Table 4.3: RMSE for Different Blade Points of real-time drone simulation setup.

Error on Axis (RMSE) B1_T1 Bl _T5 Bl TI10

X 5.0225 155.7701 745.2005
Y 2.0118 216.3959 658.6624
Z 0.6407  2.9464 6.3341

After testing this solution numerous times and refining it, improving the results
seemed impossible. As shown in table 4.3 and figure 4.4, the RMSE results for the

chosen blade points weren’t particularly high but were higher than expected. It can



4.2 DRONE SIMULATION SETUPS 29

also be seen that the closer the blade points were to the center of the wind turbine,
the smaller the error was.

In the next chapter 5, a closer look at each of the simulation setups is taken,
and the results of each of those setups will be compared with each other, and then
it will be discussed whether any of these solutions would be accurate enough to use

in a real-life wind turbine surface defects inspection.



5 Results

In the previous chapter 4.2, the results of all the drone simulation setups whose
purpose was to track the specific blade point of a wind turbine blade were presented.
As shown, the results from some setups were significantly inaccurate and, therefore,
those setups are not very useful for real-world applications. However, the purpose
of this chapter is to compare the results and see which setup is most suitable for

real-world use.

5.1 Comparison of RMSE value of the results

It was clear that the simulation setup A2 presented in section 4.2.1.2 was the least
accurate among the three setups: Al, A2, and B. Only the RMSE error values for the
z-axis were quite accurate and even more accurate than the first setup A1l presented
in section 4.2.1.1, but still a bit more inaccurate than the last simulation setup B
presented in section 4.2.2. Because of the significant inaccuracy of simulation setup
A2, it is excluded from the comparison of results, and therefore, simulation setups

Al and B will be compared.

5.1.1 X-axis error

The results indicate that the farther the drone is from the center of the wind turbine,
the higher the RMSE. This was evident in the results for setup Al and setup B as

well. In setup B, the RMSE is significantly lower when the drone tracks the blade
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point B1 _T1. While in setup A1, the RMSE was 163.8083, whereas in setup B it was
5.0225. However, this wasn’t the case for all blade points on which the simulation
setups were tested. So the difference in RMSE for this blade point was 158.7858.

When observing the blade point B1 T5, it is observable that the RMSE values
of setup Al and setup A2 are closer to each other, with only a 12.1651 difference,
where simulation setup Al’s value was higher. At the blade point B1 T10, Al’s
RMSE value was significantly lower than setup B’s. Simulation setup Al has an
RMSE of 215.0175, while setup B has a corresponding value of 745.2005, resulting
in a 530.183 difference in favor of setup Al.

How should it be determined which of the simulation setups performed better
for the X-axis? It is important to identify the setup that performs most consistently
across all blade points, rather than the one with the lowest overall RMSE. For this
reason, both the mean RMSE and the standard deviation (SD) of the RMSE value
were analyzed. By analyzing both, the setup that balances accuracy and consistency
most effectively could be identified. While a lower average RMSE across blade points
indicates better overall accuracy, a lower SD means more reliable performance across
all the blade points. The same method was used in the next chapters, where Y and
Z-axis accuracies are analyzed.

Table 5.1: Comparison of the mean and standard deviation of RMSE values for the
X-axis

Simulation setup | RMSE (X) | SD of RMSE (X)
Al 182.2522 28.4
B 301.9975 391.3

An analysis of the values in table 5.1 and figure 5.1 shows that simulation setup
A1 has both a lower overall RMSE and SD. The SD is significantly lower, while the
overall RMSE is lower, so the difference is less significant. Accordingly, setup Al
outperformed setup B on the X-axis. For setup B, the RMSE was lower than the

SD, indicating substantial variability and strong outliers in the data.
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Figure 5.1: Comparison of mean RMSE on the X-axis for simulation setups Al and
B, with error bars representing the standard deviation

5.1.2 Y-axis error

The Y-axis in setup B seemed to behave quite similarly compared to its X-axis. This
is not the case for setup Al, as the results showed that the highest RMSE value
was from blade point B1 _T5H, whereas the lowest was B1 _T10, and therefore, the
RMSE does not increase similarly to the X-axis.

Table 5.2: Comparison of mean and standard deviation of RMSE values for the
Y-axis

Simulation setup | RMSE (Y) | SD of RMSE (Y)
Al 22.1878 7.141
B 292.3567 334.49

As shown in Table 5.2 and figure 5.2, both SD and mean RMSE are substantially
lower for simulation setup A1l than for setup B. Therefore, we can follow the same
approach as for the X-axis and determine that setup Al also performed better on
the Y-axis. The setup B has a higher SD compared to RMSE, also in the Y-axis

results.
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Figure 5.2: Comparison of mean RMSE on the Y-axis for simulation setups Al and
B, with error bars representing the standard deviation

5.1.3 Z-axis error

In the Z-axis of simulation setup Al, the lowest RMSE was observed at bladepoint
B1 T1, the highest at B1 T5, and the intermediate value at B1 T10. In setup
B, the Z-axis values increase more intuitively, so the lowest value is at bladepoint
B1 T1, and the highest is B1 T10. However, when comparing the values of the
two setups, it was clear that setup B had significantly lower values.

Table 5.3: Comparison of mean and standard deviation of RMSE values for the
Z-axis

Simulation setup | RMSE (Z) | SD of RMSE (Z)
Al 107.1839 52.24
B 3.3071 2.863

The RMSE values for both simulation setups indicated that, along the Z-axis,
setup B performed substantially better than setup Al. This can also be seen when
looking at the mean RMSE and SD in the table 5.3 and in the figure 5.3. In the

Z-axis, setup B performed more accurately.
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Figure 5.3: Comparison of mean RMSE on the Z-axis for simulation setups Al and
B, with error bars representing the standard deviation

5.2 Overall results

After examining the results for the XYZ axes for both simulation setup Al and
setup B, setup Al performed better in the X and Y axes, while setup B performed
better in the Z-axis. Both simulation setups have advantages, but overall, setup Al
is more stable due to smaller fluctuations in its RMSE values. Accordingly, the next
step is to test the performance of setup Al under different wind profiles and assess

whether the accuracy of the results remains.

5.2.1 Deeper testing

Although setup Al performed reliably in the simulation environment, it’s difficult
to predict how it would perform in real-world conditions. To obtain a clearer view,
it was run with a different wind profile to analyze and compare the RMSE for each
blade point on a single blade.

The first wind profile, that were used before for each setup, is a stable linear
wind profile, and it is well-suited for testing the basic accuracy of this simulation

setup, but for deeper tests, it is a good idea to use another wind profile so the results
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Effect of Wind Profiles on X-axis RMSE Along Blade Points
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Figure 5.4: RMSE on x, y, z axes and total error across transform points, comparing
the effect of different wind profiles with setup Al
can be compared and the effect of the wind on the accuracy can be tested. There
may be multiple other wind profiles, but because the simulation takes a significant
amount of time to run, only one other wind profile was used for testing in this study.
The second wind profile used for testing exhibited greater vertical variability
and higher peak velocities than the original wind profile. The second wind profile
produces more turbulence than the original. This significant difference in the wind
profiles clearly demonstrated how the drone performs under varying environmental
conditions. It’s important to note that the wind profiles don’t affect the drone itself,
but they only affect the wind turbine, which rotates its blades according to wind
speed. This is because the simulations are constructed in this way, and for this
study, it’s sufficient to gather information on how the drone can track a point on a
wind turbine blade.

In the figure 5.4, there are four subplots, one for each axis, and then a comparison
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of total RMSE. On the Y-axis of each graph, there is the RMSE value, and on the
Z-axis, the transform point of the blade is shown. Overall, the difference is not sub-
stantial. However, closer examination of these graphs and analyses reveals a clearer
picture of the accuracy and performance of setup Al under different environmental
conditions.

This testing using two different wind profiles provided insight that the drone
could endure different wind conditions, which is an important trait for a drone
doing wind turbine inspection operations, because weather conditions, including the
wind, can’t be predicted accurately enough for every region, and the drone shouldn’t
be dependent on specific ordinary weather conditions, since it should be operational
whenever possible to get the real benefit using the autonomous drone instead of a
human or a remote controlled drone.

Further testing with different wind profiles and other environmental circum-
stances, such as different temperatures and rain, could be tested to obtain more
information how the drone would perform in different environments, but to get
most of these other tests the simulation should be more complex, containing at least
battery and other electronics for the drone to see how the temperature would affect
to the drone’s battery life and how durable the electronics of the drone would be.
For real-world use, the drone should be evaluated to determine how wind affects its
motion while it synchronizes its motion with a point on a wind turbine blade. In
this study, the drone simulation was kept simple to assess how well the drone can
synchronize its motion with a specific blade point.

While these results indicate that the simulation is functioning and is relatively
accurate, they do not address how the drone would perform in real-world condi-
tions. Even so, it provides insight into performance under different environmental
conditions and, in some sense, answers RQ1. The wind profile affects the accuracy

of this simulation, but not as much as expected. The more aggressive wind profile



5.2 OVERALL RESULTS 37

is associated with slightly increased tracking error.

These results are sufficient to demonstrate that the system is overall operational,
at least under specific conditions. In the next chapter, the results and other infor-
mation gathered through this study will be discussed, and the remaining research

questions will be addressed using these data.



6 Discussion and analysis

This chapter analyzes the results of the simulation setups presented in the chap-
ter 4, focusing on the accuracy of the drone’s motion under different environmental
conditions, identifying the key factors that affect this accuracy, and evaluating the

overall quality of the simulation setups.

6.1 Drone movement accuracy in different environ-
ments

The wind profile is the only changing environmental condition in these setups. In
chapter 5, the most accurate drone simulation setup was tested with an additional
wind profile to see how the simulation performs under different environmental con-
ditions. It should be noted that the wind only affects the wind turbine blades, not
the drone itself, because of the simplicity of the drone simulation setups. As noted
in the previous chapter, different wind profiles clearly affected the drone’s accuracy
in tracking the blade point of the wind turbine blade [45]. For some of the blade
points, the change of RMSE caused by the wind is marginal, whereas for others, the

change is more noticeable.
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6.2 Properties affecting tracking accuracy

Multiple factors affect the accuracy of the drone’s motion when it is synchronized
with a wind turbine blade point [46]. For RQ2, this section concentrates on the
properties that are not directly related to environmental conditions but still have a

notable impact on the drone’s movement accuracy.

6.2.1 Design limitations of the simulation models

All the tested simulation setups were based on PID-type control architectures, which
is a simple and computationally efficient approach, but it introduced several de-
sign constraints. In the 6-DOF quadcopter-based setups presented in section 4.2.1,
the simplifications caused the drone to respond either too quickly or too slowly to
changes in blade motion, resulting in accumulated positional tracking error. The
simulation assumed perfect position and orientation measurements without latency
or noise [47]. While this simplification made the system easier to configure, it likely
caused an overestimation of how well the PID-type controllers would perform in
real-world use.

The real-time simulation setup described in section 4.2.2 addressed some of these
design flaws by directly feeding wind turbine blade data into the drone model in
real time. Nevertheless, this setup also introduced synchronization timing issues
and limited computational capacity. Even small timing delays between the drone

and wind turbine simulations resulted in small positional drift, particularly on the

X and Y axes.

6.2.2 Control configuration and tuning

In simulation setups A1 and A2, multiple PID-type controllers were tuned separately

for each axis (X, Y, Z) and yaw. The tuning was first performed with MATLAB’s
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PID Tuner and then refined manually through trial and error, resulting in moderate
accuracy in the neutral condition, but it was not robust across different blade points
or wind profiles. The controller tuning required balancing of its responsiveness and
stability. Increasing proportional gains led to overshooting and oscillations, while
lower gains reduced responsiveness. The integral and derivative terms helped reduce
steady-state error but increased simulation runtime and numerical fluctuation. Re-
designing the X and Y controller modules and testing with alternative input signals
in simulation setup A2 caused a significant increase in RMSE across the horizontal
axes. These results suggest that the chosen PID structure had limited capability to
handle the fast-rotating turbine blade point.

In the simulation setup B, the drone control setup performed relatively better
due to the coupling between the guidance module and the plant model. The PID-
type controllers remained sensitive to rapid position changes, particularly for blade
points farther from the nacelle (B1 T10), indicating that the control loop could not
fully compensate for large accelerations and that a more advanced control method

would likely improve performance [29].

6.3 Effect of movement accuracy on blade inspec-
tion quality

The drone’s movement accuracy indicates how reliably it can perform a wind turbine
blade inspection. The goal of this section is to understand how positional accuracy
would affect the potential inspection quality in a real-world scenario, based on spec-
ulations derived from the synchronization accuracy between the drone and the wind
turbine blade point. It should also be noted that the simulation setups in this study
allow the drone to inspect only the wind turbine blades from the front side, since

the back side of the blades cannot be inspected with this setup.
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6.3.1 Positional accuracy and inspection coverage

In the context of blade inspection, these variations would directly affect how con-
sistently the drone could maintain the desired relative position with respect to the
blade surface. Accuracies along the X- and Y-axes determine how closely the drone
follows the blade’s motion. The tracking errors on these axes indicate the drone
drifting away from the blade point, resulting in inconsistent surface coverage.

The results showed that simulation setup Al provided the most stable side-to-
side blade tracking, with relatively low mean RMSE and SD, corresponding to more
consistent inspection coverage in slower-moving blade regions. Simulation setup B,
which uses real-time synchronization, showed greater side-to-side deviation, leading

to less predictable inspection results.

6.3.2 Vertical accuracy

Vertical accuracy, represented by the Z-axis RMSE, determines how well the drone
maintains a consistent inspection distance from the blade, helping to minimize issues
related to image scaling and loss of focus. The results in chapter 5 showed that
simulation setup B achieved far better accuracy than setup Al. In a real-world
inspection environment, this would improve image stability and reduce the risk of
collisions or loss of visibility. [7], [47] However, vertical stability alone is insufficient

if horizontal tracking remains inaccurate.

6.3.3 Overall implications for inspection quality

Side-to-side accuracy (X—Y axes) specifies whether the drone can maintain proper
coverage of the blade surface, while vertical accuracy (Z-axis) affects proximity and
image stability. The results suggest that, in real-world settings, further improve-
ments in the control system and movement synchronization would be necessary to

ensure consistent inspection data quality.
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6.4 Impact of simulation setup on tracking accuracy

This section answers RQ4. The results in chapter 5 demonstrate that the choice of
simulation setup significantly influences tracking accuracy, and in several cases, the
setup itself has a greater impact on overall performance than either the blade point

or the wind profile.

6.4.1 Differences between the tested simulation setups

Simulation setup A1l showed the lowest variation among blade points, suggesting
that its simplified yet consistent model structure supported stable tracking, while
setup A2 produced the most inaccurate results of all three setups. Although both
of them used the same base, with minor differences in controller design and input
structure. This indicates that the tracking accuracy was highly dependent on the
design of the simulation setup and the controller structure.

Setup B achieved the highest accuracy on the Z-axis but was considerably less
accurate on the X and Y axes. The higher horizontal error was related to limitations
in real-time synchronization. This made the performance more dependent on the

timing of the simulation setup than on the controller itself [48].

6.4.2 Influence of timing and data flow

The most significant finding is that the simulation design, specifically the transfer of
the blade data to the drone model, directly affected accuracy. In simulation setup
A1, the drone followed preprocessed blade-point data, yielding stable results. Setup
B relied on real-time data, and even small delays or fluctuations in update rates
caused significant changes in the drone’s sideways position. These timing differences
were especially clear at blade point B1 T10, where the blade motion was fastest.

Simulation setup B was clearly behind the blade point, indicating that real-time
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coupling between simulation elements can degrade accuracy unless the update rate

is consistent enough.

6.4.3 Sensitivity of accuracy to model design choices

The results also show that even small design decisions affect blade-point tracking
performance [49]. For example, modifying the controller structure in simulation
setup A2 led to a significant reduction in accuracy. This indicates that the simulation
setups were not only different in performance but also in sensitivity, meaning that
the controller design itself is a main factor in how well the drone can follow a blade

point.

6.4.4 Overall impact of the simulation setup

Based on the results, the differences between setups caused far larger accuracy
changes than environmental conditions or blade point selection. Improving the sim-
ulation design, particularly the data flow to the drone simulation and the controller

behavior, would likely produce greater accuracy.

6.5 Summary

The results showed that the drone’s movement accuracy varied across axes, blade
points, and environmental conditions, with the fastest blade regions posing the great-
est tracking challenges. It also indicated that the key factors affecting movement
accuracy were not environmental conditions alone, but rather simulation setup and
the controller design, particularly the sensitivity of PID-type controllers and tuning
parameters. Although the simulation setups used in this study are not yet ready
for real-world use, they still provide useful insights into how drone design and its

various aspects influence autonomous blade tracking.



7 Conclusion

This study researched the use of an autonomous drone to track and inspect wind
turbine blades, with a primary focus on blade tracking accuracy rather than de-
fect detection, to help with the maintenance of wind turbine blades. The primary
objective was to develop a proof-of-concept simulation in MATLAB Simulink to
evaluate how well a drone can synchronize with a moving blade point under vary-
ing environmental conditions, controller configurations, and simulation setups. The
following conclusions summarize the insights obtained from the simulation experi-
ments, concentrating on the factors that influence drone tracking performance and

their implications for potential real-world blade inspection applications.

7.1 Answers to the research questions

e RQ1: The results showed that a drone can follow a wind turbine blade with
reasonable accuracy when movement synchronization is handled through con-
trol logic, even when the blade motion differs due to environmental changes.
Tracking performance, measured by RMSE and SD, remained relatively stable
across most blade points under neutral conditions and decreased only slightly
when the wind profile was changed. The effect of the wind varied by blade
point, with some showing minimal change in RMSE. These results indicated
that the drone can maintain sufficient synchronization for tracking tasks in

simple environments. However, accuracy was highly dependent on which blade
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point was observed and how strongly the wind affected its trajectory. Because
the drone is not directly affected by wind in the current simulation model,
the results reflect best-case tracking behavior rather than fully representing

real-world dynamics.

e RQ2: The results show that the properties that have the greatest influence on
drone movement accuracy are related to the simulation and controller design.
The PID-based controllers used in all setups provided a functional baseline.
Still, their performance was hardly constrained by simplifications in the drone
model, including the lack of actuator dynamics, aerodynamic effects, and sen-
sor uncertainty. These design choices made the system easier to tune but also
made it less realistic and limited its responsiveness, especially on fast-moving
parts of the blade. The tuning process itself was highly sensitive. Small ad-
justments could significantly improve or degrade performance, and changes to
the controller design led to significant accuracy loss in some of the setups.
Overall, movement accuracy was determined more by the model’s design and
configuration than by external conditions, especially the central importance
of controller design, tuning strategy, and realistic system modeling in future

implementations.

e RQ3: The results show that movement accuracy had a direct impact on the
quality and reliability of blade inspection. Stable tracking along the X and
Y axes is particularly important, as it determines the drone’s ability to fol-
low the blade point’s path and maintain consistent surface coverage. Z-axis
accuracy determines how well the drone maintains a steady inspection dis-
tance, resulting in clear and consistent imagery. Simulation setup Al showed
better side-to-side tracking accuracy. It would therefore enable more consis-
tent inspection coverage in slower blade regions. The more realistic real-time

simulation setup B had better altitude stability but showed greater horizon-
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tal drift, which would lead to inconsistent coverage. Temporal response also
plays a critical role by delaying synchronization, leading to inspection data
being captured at the wrong moment and resulting in blur or missed surface
areas. Overall, the results indicated that insufficient motion accuracy directly
reduces inspection quality, especially near the blade point closest to the blade
tip, where motion is fastest. This means that improved tracking performance

is essential for reliable real-world turbine blade inspections.

e RQ4: The results clearly show that the simulation setup itself has a major
impact on blade point tracking accuracy, in many cases more than the se-
lected blade point or wind profile. All three tested simulation setups showed
that structural differences in control design, data processing, and timing could
produce considerably different results. Simulation setup A1 had the most bal-
anced tracking performance, while minor controller changes in A2 led to a
significant drop in accuracy. The real-time setup B improved altitude stabil-
ity but introduced larger horizontal deviations due to synchronization delays.
These results highlighted that performance tracking is highly sensitive to the
implementation of the drone model and to data transfer between system com-
ponents. In practice, improving simulation design, especially real-time data
flow and update rate consistency, would likely have a greater impact on track-
ing accuracy than environmental adjustments alone. Therefore, the simulation
setup and especially the controller structure are the most critical factors de-

termining how accurately a drone can follow a moving wind turbine blade.

7.2 Limitations of the study

Although the simulation results provide useful insights into drone synchronization

with wind turbine blade points, the study also has several limitations that affect the
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generalization of the results. The drone simulation setups lacked important physical
effects, such as aerodynamic forces, actuator dynamics, power supply, and sensor
noise, resulting in tracking performance that reflects ideal behavior rather than a
fully realistic one. The drone was also not exposed to wind or other environmental
disturbances, whereas the wind profile affected only the blade motion, reducing the
validity of the results. Also, wind was the only environmental factor that varied,
and its complexity was limited to two predefined wind profiles. The real-time simu-
lation setup also faced update rate and synchronization constraints, which affected
accuracy and may not accurately reflect how a real embedded autonomous system
would behave. These limitations should be considered when analyzing the results,
as they show that accuracy values may vary significantly under real-world wind tur-
bine blade inspection conditions. These limitations also highlight several directions
for further research, which are discussed in the next chapter.

Overall, this study shows that a drone can be synchronized with a wind turbine
blade for blade inspection, at least under predefined simulation conditions. The
simulation setups in this study offer a foundation for automating wind turbine blade
inspections. While the current models contain several limitations, the results showed
clear directions for improving control performance and simulation realism in future
work. By improving these setups, autonomous drones could play an increasingly
valuable role in safely and efficiently maintaining renewable energy infrastructure at
a lower cost [4]. The next chapter discusses how these conclusions can be expanded

and used as a base for further research.



8 Future research

This study investigated the accuracy with which an autonomous drone can track
a moving point on a wind turbine blade in a controlled simulation environment.
While the results demonstrated that synchronizing drones’ motion with wind tur-
bine blade motion is achievable and provided insights into controller behavior, the
simplified simulation environment limits the direct translation of these findings to
real-world use cases. To improve the simulation setup for practical use, several ar-
eas require further research. This chapter summarizes the most relevant directions
for future work, focusing on improvements to more realistic simulation, controller

design, sensor use, and practical validation.

8.1 Improving the simulation to better correspond
to the real-world use

One of the main limitations of the current study is the simplified physical model
of the drone. The simulation excluded aerodynamic forces, wind disturbances, ac-
tuator dynamics, and sensor imperfections, all of which play a significant role in
real flight [45]. Future research should therefore incorporate a more realistic rep-
resentation of drone behavior by modeling aerodynamic drag, thrust limitations,
turbulence effects, and blade-induced airflow. Additionally, including sensor noise,

latency, and drift would allow the simulation to reproduce realistic navigation un-
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certainty. Combining these elements would provide a more robust understanding of
how controller performance and tracking accuracy translate to real-world conditions

and would allow more reliable comparisons between controller strategies.

8.2 Energy consumption and flight feasibility

This study did not account for battery limitations or energy consumption, even
though these factors strongly affect real-world blade inspection operations. Future
studies could include a detailed battery model in the simulation setup, allowing
examination of how more aggressive maneuvers, altitude changes, and tracking pre-
cision affect the drone’s flight time and energy consumption [50|. Such modeling
would also help identify potential inspection durations, optimal flight paths, and
energy efficiency. Evaluating endurance with realistic movement would provide a
clearer picture of whether the tested controllers and trajectories are practical for

full-blade inspections at operational wind farms.

8.3 More advanced controller designs

All controllers used in the simulation setups for this thesis were based on PID-type
controllers. While PID controllers are simple and widely used, they offer limited
capabilities and struggle with highly dynamic or nonlinear motion, such as that
near the blade tip [51]. Therefore, future research should investigate the use of ad-
vanced control methods to improve accuracy and robustness. For example, MPC
could anticipate future blade motion and minimize tracking errors through predic-
tive optimization. Adaptive controllers could adjust their parameters in response to
changing blade speeds and environmental conditions. Robust control approaches,
such as sliding mode control (SMC), can improve stability in the presence of dis-

turbances. Data-driven and reinforcement learning techniques are also promising,
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particularly for learning more complex blade motion patterns directly from simula-
tion [45]. Comparing these methods with PID controllers would clarify the trade-offs

between computational cost, stability, and performance.

8.4 Sensors for actual blade inspection

Although this study focused exclusively on movement tracking, real inspection qual-
ity depends on the sensors carried by the drone. Future research should incorporate
camera and depth-sensor models into the simulation setup to examine how move-
ment accuracy affects image clarity, surface coverage, and defect detection. Dif-
ferent types of cameras offer distinct advantages. RGB cameras capture surface
defects, thermal cameras reveal moisture ingress or delamination, and event cam-
eras are particularly effective in high-speed scenarios where conventional cameras
would blur images [27]. Depth imaging methods, such as stereo vision or structured
light systems, can help with geometric reconstruction, whereas LiDAR provides pre-
cise 3D structural information. Combining multiple sensors through sensor fusion
algorithms could improve both navigation accuracy and inspection quality. Incorpo-
rating these sensing considerations into the simulation would offer a more complete

understanding of how tracking performance translates into inspection outcomes.

8.5 Better scope for the blade inspection and flight
trajectory design

The current simulation tracked only a single point on the blade’s front surface.
However, real inspections require complete coverage of the entire blade surface,
including the trailing edge, the suction side, and often also the wind turbine tower

itself. Future research should explore more complex flight trajectories that support
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full 3D surface coverage. This could include trajectory optimization methods that
ensure complete turbine imaging, as well as tracking strategies that guide the drone
along the blade rather than a single point on it. Multi-drone systems also represent
an emerging approach in which multiple drones collaborate to reduce inspection
time. Studying these cases would provide more realistic insights into how drones

could perform comprehensive blade inspections during turbine operation [52].

8.6 Real-world tests with hardware

Simulation-based findings must be verified through real-world testing. Future ex-
periments could begin with controlled indoor environments using motion-capture
systems, enabling accurate evaluation of controller performance and sensor behav-
ior. [28] Mock-up blades mounted on rotating test rigs could provide good enough
validation under predictable conditions, while outdoor experiments with slowly mov-
ing or parked wind turbine blades would add environmental complexity and intro-
duce real wind disturbances. Over time, these increasingly realistic tests would
help determine how well the proposed methods transfer to operational turbines and
whether the achieved tracking accuracy was good for reliable wind turbine blade
inspection [28]. This kind of validation is necessary for evaluating the performance

of the system developed through simulation.

8.7 Summary

Future research should focus on developing more realistic simulation environment,
exploring more advanced control systems, including sensor systems, expanding in-
spection scenarios, and validating results on real hardware. These factors would
increase the reliability and applicability of drone-based wind turbine inspections,

bringing the technology closer to deployment in real operational environments.
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