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Abstract: Today, there is a marked increase in interest in the share of renewable energy
sources in the energy mix, which benefits the environment. This also applies to the energy
of sea (wave) current, as, without a doubt, the offshore area is becoming one of the leading
areas of renewable energy, which translates into changes in energy production. This can
be exemplified by the latest research in the context of theory, design, modeling, as well as
application, control, and monitoring of wave turbines to enhance their performance. This
article reviews the research in this context, systematizes information, identifies literature
gaps, and presents future directions in this area. For this purpose, 3240 English-language
publications from 2015 to 2024 were identified in the Scopus database. The data are ana-
lyzed according to the selected research domains. Some of them are review or conceptual
in nature, while others are empirical in nature (experimental attempts and case studies).
From this point of view, it becomes possible not only to systematize the state-of-the-art but
also to identify future research prospects.

Keywords: energy safety; energy harvesting; wind energy; wave energy; ocean energy;
tidal energy; offshore and floating wind turbines; wave energy converters; energy storage
systems; energy efficiency; assessment and analyses

1. Introduction

In recent years, the need to combat climate change and ensure energy security on a
global scale in the broadest sense has been noted. As a result, the efforts of many research
centers are directed at increasing interest in the use of renewable energy sources, including
the design and implementation of various types of ever newer and more efficient solutions.
In this context, on a global scale, further changes in the structure of electricity produced
can be expected as a result of the rapid increase in the amount of electricity generated
from renewable sources relative to that generated by conventional sources, influenced,
among other things, by ongoing government programs, including subsidies for investment
in renewable energy technologies for the public sector [1–5]. In this regard, the wind
and wave energy capture and conversion sector and the use of offshore and floating
wind turbines, among others, play an important role, making it possible to transfer many
investments from terrestrial areas to aquatic areas, which is the subject of various studies

Energies 2025, 18, 1356 https://doi.org/10.3390/en18061356
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conducted in many academic and scientific centers around the world [6–10]. Certainly, a
factor in favor of this is the stability of the energy supply, which becomes possible through
the predictability of tidal, ocean, and wind energy [11]. Benefits in favor of the use of
renewable sources are the inexhaustibility of the energy produced with them as well as
their environmentally friendly nature (it is clean energy using wave and tidal/ocean energy
and wind to produce electricity). Therefore, it is worth noting that offshore wave energy
and tidal energy are noted for their positive environmental and human impact. Undoubted
benefits arise, among other things, from the minimization of the CO2 footprint as a result
of not burning traditional fuels, such as coal, oil, and gas. Furthermore, the sector can
serve as a complementary (backup) area to ensure energy safety in certain regions in the
event of undesirable events, including natural disasters on land. In addition, the use of
solutions installed on the seas or oceans has a positive impact on improving the aesthetics
of terrestrial landscapes—free of wind turbines.

In practice, regardless of the energy source used (wind or wave), the challenge is to
find a suitable location to ensure that the turbines function according to the characteristics
of the wind or wave (maximum power point), perform the required expertise, and then
perform the designs and implementation of technical solutions taking into account the
applicable legal standards. Not without significance are the capacity of the grid and
its continuous, increasingly intelligent monitoring, both of which translate into efficient
distribution of power in the grid. Unsurprisingly, due to the location of the equipment
and the benefits of using the marine or ocean area, it is becoming one of the key areas of
renewable energy production, which, in turn, is reflected in the observed trends of change
in the electricity generation market.

This review paper aims to provide a comprehensive review of research on the state-of-
the-art in the use of renewable energy sources based on offshore wave energy and tidal
energy and to identify possible research gaps and future research directions. In particular,
this article focuses on the state-of-the-art in the use of renewable energy sources using
the example of offshore wave energy and tidal energy based on publications from the last
decade, i.e., from 2015 to 2024. Additionally, due to the review topic of this article, an
analysis of optimal control and wave energy converters was performed as well as a review
of the latest developments and scientific achievements in theory and practice, including the
design, modeling, and practical use of offshore and floating wind turbines (in this regard,
publications on control and monitoring of the operating condition, including, among others,
energy storage systems, were analyzed in order to increase the efficiency of their operation).
There were a total of 3240 results indexed in the Scopus database covering the last 10 years.
It should be noted that there has been a significant increase in the number of publications
during this period, which indicates the interest of researchers in this topic.

2. Materials and Methods

2.1. The Categories Used in This Study

To identify articles from the Scopus database on specific types of energy, an approach
was used that will be described further, including the elements of system analysis. The
selection of relevant categories (domains) was preceded by an extensive search by com-
bining some specific search words into the title, abstract, and keywords of the publication
according to the following scheme:

TITLE-ABS-KEY (((offshore AND wave AND energy) OR (tidal AND
energy))AND ((energy AND converter) OR (wave AND turbine))) AND
PUBYEAR > 2014 AND PUBYEAR < 2025

2
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As previously written, this resulted in 3240 records, whose publication data were
imported from the Scopus database into a CSV (Comma-Separated Values) file and, addi-
tionally, into a text file. Consequently, the results can be viewed in terms of the information
contained therein. This file has the following columns: “Authors”, “Author full names”,
“Author(s) ID”, “Title”, “Year”, “Source title”, “Cited by”, “DOI”, “Link”, “Abstract”,
“Author Keywords”, “Index Keywords”, “Document Type”, “Publication Stage”, “Open
Access”. To take into account the directions of interest of contemporary researchers, it
was decided to select only those documents with a citation count of at least seven. The
publications on energy efficiency and innovation, which translate into the development
of technologies, were analyzed. In turn, those publications that were directly related to
economics (economic analysis) were excluded from the analyses. As a result, 105 results
were obtained and further reviewed. Each publication was reviewed for belonging to
different categories. Documents that did not meet the specified criteria were rejected. Some-
times, it was difficult to assign a particular publication to a particular group of categories
(it was necessary to read the entire article), or the publication belonged, by virtue of the
subject matter undertaken, to several categories, which can be seen in the summary tables
presented later in this manuscript. This is because, for example, information on the research
methodology used did not always appear in the data analyzed from the source file. In turn,
some of the documents could be assigned to multiple categories, as the topics addressed in
them involved several categories. The data analysis process is illustrated in Figure 1.

 

Figure 1. Data acquisition and preparation workflow.
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All 105 results were analyzed for assignment to a specific document type (publication),
subject category, research methodology, and country. This made it possible to show the
directions and prospects of technology development with innovation and energy efficiency,
taking into account the most cited publications. Partial data to identify the publication (its
title, keywords, number of citations, and identifier) were recorded using the open-source
relational database management system PostgreSQL (Postgre Structured Query Language).
This paper includes tabular summaries to facilitate the document analysis process. An
added value is the quantitative presentation of frequencies as well as cross-tables and
thematic analysis of publications for each of the separated fields. The interrelationships of
the systems are included in Figure 2.

Figure 2. The interconnectedness of the systems.

In practice, the expectations of contemporary science are focused on energy efficiency
and innovations, which translates into a growing interest in renewable energy sources,
including wind, wave, ocean, tidal, and energy harvesting. This contributes to the develop-
ment of technologies and equipment, including offshore wind turbines, floating offshore
wind turbines, wave energy converters, and energy storage systems. The analysis carried
out made it possible to assign publications to specific categories. The renewable energy
category in this study does not contain strictly separate categories but should be viewed
more as broader keywords. This includes the technologies and devices category. Within
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this group, the categories are not strictly separate. Offshore wind turbines can encompass
both floating offshore wind turbines and fixed offshore wind turbines. Therefore, the au-
thors included the broader category of offshore wind turbines and, within it, distinguished
floating offshore wind turbines. This approach reflects the reality that many articles discuss
both types within the same study. As can be seen in the table later in this article, the
summed numbers in these categories exceed the total number of articles, indicating the
overlap and integration of these subdomains in the literature. The results obtained were
visualized using bar charts.

It should be noted that, for the purpose of this article, a classification was distinguished
in which documents were assigned to one of three types of publications (document type).
The first was conference paper, the second was journal article (paper), and the third and
final was a subcategory other that included all other publications. In practice, this type
included books or chapters in books, conference reviews, as well as reviews of scientific
works, letters, editorials, erratas, published notes, short surveys, and documents containing
various data from articles (data papers).

Subsequently, all articles found in the Scopus database were analyzed for division into
two main broad domains (i.e., main categories) related to (1) renewable energy as well as
(2) technologies and devices. Within the first domain, i.e., renewable energy, five sub-
domains were specified, understood as areas (subcategories): wind energy, wave energy,
energy harvesting, ocean energy, and tidal energy. The work that belonged to the renewable
energy domain concerned, in particular, (1) wind energy, including offshore wind turbines
for its generation and design work; (2) wave energy, including conversion of wave energy
into electricity, performance analyses, optimization and improvement of technical solutions,
and cooperation of energy systems with other energy generation and distribution systems;
(3) energy harvesting from waves and wind and improvement of efficiency of applied
energy harvesting techniques; (4) ocean energy, including analyses of the application of
various technologies for the use of ocean energy, among others, e.g., ocean thermal en-
ergy conversion; and (5) tidal energy, including extensive research on tidal turbines, their
efficiency, as well as their environmental impact. In practice, the ocean energy category
includes both wave energy and tidal energy. Often, articles categorized under ocean energy
discuss aspects of both wave energy and tidal energy.

Within the second domain, i.e., technologies and devices, four areas of research in-
terest were specified, understood as subdomains, in terms of which state-of-the-art was
analyzed: offshore wind turbines, floating offshore wind turbines, wave energy converters,
and energy storage systems. The documents that belonged to the technologies and devices
domain dealt specifically with (1) offshore wind turbines, including designs, technical
implementations, and their optimization; (2) floating offshore wind turbines, including
refinement of applied solutions and integration of energy systems with other power gen-
eration and distribution systems; (3) wave energy converters, in particular analyses of
the performance of different types of converters and research aimed at improving their
efficiency; and (4) energy storage systems—this subcategory covered aspects of energy
storage, including issues of compatibility of renewable energy systems.

In addition, in the analysis of documents from the Scopus database, attention was
paid to the research methodology used. In this regard, depending on the research method
applied, each publication was assigned to the appropriate subcategory: (1) experimental
(laboratory, field); (2) literature analysis, including reviews of the literature and legal acts,
semiotic analysis of books, chapters in books, papers, etc.; (3) case study (observation, field
reports); and (4) conceptual (research aimed at developing new concepts or theories). In
doing so, it should be noted that, depending on the subject matter covered and the research
methods applied, each document was analyzed for belonging to more than one category

5



Energies 2025, 18, 1356

and subcategory. In practice, this means that a document can be classified in more than
one research domain. Similarly, if more than one research method was applied to a given
document, several research methods were assigned to it, as exemplified by the summaries
presented in the Section 3.

2.2. State-of-the-Art: A Review from 2015 to 2024

As previously mentioned, the presented review is primarily devoted to renewable
energy as well as technologies and devices as the main domains (i.e., main categories).
Within these domains, five and four subdomains were specified, respectively. In this section,
all 105 articles from the Scopus database that meet the criteria described in the previous
section are analyzed in terms of their covered topics. However, since many of these articles
address multiple issues simultaneously (categories are not mutually exclusive), to avoid
redundancy and unnecessary manuscript lengthening due to repeated references to the
same articles analyzing different subcategories, each article is qualitatively analyzed in
this section in relation to its alignment with the overall topic of this paper. Comprehensive
summaries in the form of tables illustrating the quantitative summary of publications in
2015–2019 and 2020–2024 across all categories, the number of publications in 2015–2019
and 2020–2024 in different countries, and publications on renewable energy across other
subcategories are presented in the Results section. Additionally, this section will include
figures depicting the number of publications in 2015–2019 and 2020–2024 by document
type; the number of publications in 2015–2019 and 2020–2024 within the first thematic
category, i.e., renewable energy, divided into subcategories; the number of publications
in 2015–2019 and 2020–2024 within the second thematic category, i.e., technologies and
devices, divided into subcategories; the number of publications in 2015–2019 and 2020–2024
within the research methodology category, divided into subcategories; and the number of
publications in 2015–2019 and 2020–2024 by country. This approach ensures that the articles
undergo both qualitative and quantitative analysis. Additionally, a synthetic discussion
and a critical analysis of the state-of-the-art research will complement the review. This aims
to enhance the depth of the manuscript and provide a more comprehensive understanding
of the current advancements and challenges in the field, which will be included in the
next subsection.

Analyzing the state-of-the-art, an important and desirable issue related to the genera-
tion of renewable energy in the area of seas and oceans is to maximize its generation while
reducing the movement of the platform on the water. Very good results are achieved by
using different types of renewable energy systems: integrated floating wind, wave, and
tidal energy systems [11,12]. Thanks to such synergy, it is possible to achieve a reduction
in the tilt movements of the turbine, which translates into an increase in the amount of
energy extracted. An undoubted advantage is the low failure rate of technical solutions.
An example of the interaction of multiple renewable energy systems is the wind–wave
hybrid system [12–15]. In practice, the reduction in unwanted oscillations in floating wind
turbines is the subject of numerous studies [16–21]. The combination of wind energy and
wave energy is presented in [22]. In turn, future trends and prospects for technology
development are described, among others, in [19]. Many researchers have highlighted the
problematic issue of reducing the efficiency of wind energy systems as a result of strong
wind and wave power as well as the optimization of techniques to harness wind and wave
power, for example, the optimization of wind turbines using aerodynamic thrust as well
as mechanisms to control the position of the turbine to mitigate the wake effect, which
can help improve the efficiency of the equipment, as described in [23–25]. In turn, the
paper [26] presents an analytical model for analyzing the dynamic response of a combined
wind turbine–damper system using the Simulink/Matlab environment.

6
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In practice, wind speeds at sea are generally higher than on land and more uniform.
A useful functionality of wind turbines is the ability to supply electricity to coastal areas
as well as the lack of negative impact on the landscape. In addition to the advantages of
their use, there are also disadvantages, including extreme loads during operation, which
have a significant impact on the safety of system operation. In practice, all wind, wave, and
seismic loads negatively affect the operation of offshore wind turbines, resulting in their
energy efficiency as well as an increased risk of fatigue damage [27,28]. A linear model of
a wind turbine controller to dampen rotor speed fluctuations caused by wave forcing is
described in a paper on offshore wind and wave energy conversion [29]. The advantage
of such a solution is to ensure a stable power supply to consumers in the coastal zone
or on-island areas. Article [30] proposes a solution to the so-called average conditional
exceedance rate method to minimize potential mechanical damage to the wind turbine.
According to the concept presented in the article [31], the introduction of additional wave
energy converters can increase energy production. As the authors write, much more energy
can be obtained in this way than from a single floating wind turbine. The advantages of
such a combination are less susceptibility to harmful weather conditions, lower costs, easier
installation, and independent water depth inverter–turbine connections [32]. In general,
wind and wave energy conversion is the subject of many works that describe generator
optimization algorithms, such as [33–35]. Simultaneous generation of electricity from wind
and wave energy can be carried out using a dedicated wave energy converter based on
an oscillating column of water, which can affect sustainable energy production [36]. Some
works, such as [37], describe an integrated energy conversion system through the use of
a linear-rotating permanent magnet generator with a double stator. A promising device
that, through the use of moored aerial systems, allows for one to harvest energy from wind
blowing at heights inaccessible to traditional wind turbines is the design described in [38].

One solution to increase the use of wave energy as well as other renewable energy
sources is to integrate an offshore wind turbine and a wave energy converter to produce
potential energy [39]. The results presented in this work provide useful information in
terms of optimizing integrated offshore wind–wave energy systems. The added value is the
quantification of the benefits of optimized technical solutions. Since offshore wind turbines
are systems with complex and highly nonlinear dynamics that are subjected to continuous
loads, their control is an issue [17,40]. Today, smart control techniques are popular. To use
renewable energy in the most optimal way, hybrid DC/AC microgrids (MG) are being
modeled and designed for the power sector, which helps reduce the number of energy
conversions [41]. The use of fuzzy logic is helping to improve the efficiency of energy
harvesting [42–45]. Some of the work deals with the design of integrated wind–wave power
generation platforms using numerical simulations. For example, the work [46] analyzed
the effects of various factors on the hydrodynamic characteristics as well as the efficiency
of wave energy conversion for an integrated energy platform. In the work [47], a torque
compensation control strategy is included that takes into account the mitigation of large
fluctuations in output power (due to the increase in response speed) as well as the use of a
fuzzy inference system and optimization of the turbine power factor curve. On the other
hand, an order reduction methodology for efficient estimation of the steady-state response
of an offshore wind turbine is described in [48]. Control schemes to increase the efficiency
of energy harvesting and the results of tests carried out in various scenarios can be found
in [49,50]. Some works deal with the upgrading of available solutions for the construction
of small wind turbines that can be applied locally with an energy storage system [51]. It
turns out that offshore energy can make a significant contribution to the development
of energy production and increase the reliability of mining complexes [52]. Structural
works include procedures for determining the efficiency of pile driving for wind turbine
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foundations [53]. New trends and development prospects for renewable energy-powered
desalination systems are included in [54,55].

In many publications, the authors highlight the need for alternative energy sources
due to the worsening problem of global warming and the energy crisis [56,57]. The
rapid consumption of conventional energy sources is also a factor in favor of this [58].
The energy generated from renewable resources (including wind and tidal power) is
environmentally clean, which results in lower carbon emissions [59]. This is an issue of
particular concern in Gulf countries, which are on the list of the world’s largest carbon
emitters [60]. Ultimately, the environmental impact can be further reduced by using
technological improvements as well as increasing the efficiency and reliability of the clean
energy solutions employed [61,62]. In practice, the subject of interest for contemporary
researchers is the energy ecosystem in the context of specific applications [63]. As is well
known, hydrogen is the cleanest propellant, whose combustion produces water. Hydrogen
used in a fuel cell is characterized by high combustion efficiency, which translates into a lack
of vibration and quiet operation of equipment. Researchers point out that hydrogen can
be produced from solar energy, wind energy, coastal ocean energy, and bioenergy through
chemical technology and water electrolysis using renewable energy sources [63,64].

In the case of wave energy, contemporary work includes oscillating columns (single
chamber and multichamber), taking into account their advantages, service life, and per-
formance (computer modeling is often used for this) [65], including the hydrodynamic
characteristics of oscillating water column devices [66], multifunctional platforms [67],
increasing energy production while reducing platform movements by combining vari-
ous renewable energy systems [12], as well as energy harvesting system optimization
techniques [68]. In recent years, modular solutions have become increasingly popular [60].

It should be noted that offshore renewable energy grids are currently the subject
of much research [69,70]. Some works focus on articulated solutions [71], while others
are conceptual and focus on optimization in terms of increasing the efficiency of energy
harvesting [72–76], which is possible, among others, by negating the reactance of the
system impedance. Engineering analyses often use numerical methods and employ Bayes’
theorem (Bayesian optimization) [77]. Some designs are based on the use of triboelectric
nanogenerators, which make it possible to acquire low-frequency and microamplitude
wave energy, which is very difficult with traditional electromagnetic generators (the reason
being the random and low-frequency nature of ocean waves) [78,79]. Many articles describe
the latest developments in wave energy converter control [80–89]. In practice, the process
of converting a renewable wave energy source into electrical energy plays an important
role, which is reflected in the power capture performance of oscillating wave energy
converters [90].

Undoubtedly, tidal energy is one of the potential sources of clean energy in both
marine and ocean energy systems [91]. Contemporary developments related to ocean/tidal
energy focus, among others, on the design and testing of ocean current turbines [92–95]
as well as improving their operation [96]. Some of the work is simulation-based, such
as [88,97]. The subject of research is also the analysis of future trends in the development
of tidal current energy converters [98–100] or energy management systems [101]. The
work related to tidal energy very often deals with hybrid solutions [102,103]. To auto-
mate and speed up the design process, a paper [104] proposes custom power converters
based on design specifications, including solutions to control nonlinear loads (artificial
intelligence can be useful [105]). On the other hand, work related to energy harvesting
includes horizontal hydrodynamic power generation [106], design and development of
horizontal marine current turbines [107], wave energy conversion [108,109], as well as
optimization techniques [68,110] and integration of hybrid energy sources [63]. It should
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be noted that tidal and wave energy harvesting structures are currently the most advanced
channels for ocean energy generation, with ocean energy devices in the early stages of
development [111]. More work is expected in evaluations of applied technologies, the use
of renewable energy, and the optimization of energy converters, including the application
of artificial intelligence [112–116].

In conclusion, it is possible to see great potential and interest among researchers in the
subject of renewable energy, with a particular focus on ocean energy and wave technologies,
while at the same time, there is a need to continue research on energy storage and other
less explored technologies used in the sector of renewable energy generated in the seas
or oceans.

In the Section 3, quantitative summaries of the number of publications that meet
the criteria are presented and described, allowing for us to see the prospective nature of
the renewable energy sources analyzed, including harvesting as well as the directions
of development of technologies and devices involving offshore wind turbines, floating
offshore wind turbines, wave energy converters, and energy storage systems. In turn, the
next subsection provides a technical discussion and critical analysis of the research on the
state-of-the-art.

2.3. Technical Discussion and Critical Analysis

The analysis of the state-of-the-art in renewable energy technologies reveals several
key trends and challenges. One significant trend is the increasing integration of multiple
renewable energy systems, such as combined wind–wave hybrid systems, which aim to
maximize energy generation while minimizing platform movements. This synergy not
only enhances energy extraction but also reduces the failure rates of technical solutions.
However, the optimization of these integrated systems remains a critical challenge, par-
ticularly in terms of mitigating the wake effect and improving the efficiency of energy
converters [7,12,37,67].

Another notable trend is the development of advanced control strategies for offshore
wind turbines and wave energy converters. Techniques such as aerodynamic thrust op-
timization and torque compensation control are being explored to enhance the stability
and efficiency of these systems. Despite these advancements, the implementation of such
control strategies in real-world scenarios is still in its nascent stages, requiring further
research and validation [9,19,47,68,101].

The review also highlights the growing interest in modular solutions and the use of
triboelectric nanogenerators for low-frequency wave energy harvesting. These innovations
offer promising avenues for improving the efficiency and reliability of renewable energy
systems. However, the scalability and long-term performance of these technologies need to be
thoroughly investigated to ensure their viability for large-scale deployment [6,18,38,78,108].

In terms of research methodology, the predominance of conceptual and experimental
approaches indicates that many solutions are still in the early stages of development.
This underscores the need for more comprehensive case studies and literature analyses
to evaluate the practical implementation and long-term impacts of these technologies.
Additionally, the relatively low number of publications on energy storage systems suggests
a critical gap in the research, highlighting the need for further exploration of efficient energy
storage solutions to complement renewable energy generation [5,21,45,70,102].

Overall, while significant progress has been made in the field of renewable energy,
several challenges and research gaps remain. Addressing these issues will require continued
innovation, interdisciplinary collaboration, and substantial investment in research and
development [1,4,40,71,111].
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3. Results

Table 1 provides a summary covering the years of publication divided into two groups,
2015–2019 and 2020–2024, and the total number of publications for the given period. From
a statistical point of view, when the p-values are significantly lower than 0.05, the null
hypothesis can be rejected, which means that there are statistically significant differences
between the distribution of the categories analyzed in the years 2015–2019 and 2020–2025,
while otherwise, when the p-values are significantly higher than the assumed significance
level, there is no basis to reject the null hypothesis, which means that no statistically
significant differences are detected.

Table 1. Quantitative summary of publications in 2015–2019 and 2020–2024 in all categories.

Name 2015–2019 2020–2024 All Years Share [%] Chi-Square

Total 43 62 105 100.0 χ2

Document type

Conference paper 14 7 21 20.0
χ2 = 8.03

(df = 2, p = 0.02)Journal article 28 50 78 74.29

Other a 1 5 6 5.71

Renewable energy b

Wind energy 17 35 52 49.52

χ2 = 3.43
(df = 4, p = 0.49)

Wave energy 30 36 66 62.86

Energy harvesting 33 37 70 66.67

Ocean energy 42 48 90 85.71

Tidal energy 17 19 36 34.29

Technologies and devices b

Offshore wind turbines 15 30 45 42.86

χ2 = 4.95
(df = 3, p = 0.18)

Floating offshore wind turbines 9 24 33 31.43

Wave energy converters 28 30 58 55.24

Energy storage systems 5 11 16 15.24

Research methodology c

Experiment 11 15 26 24.76

χ2 = 0.49
(df = 3, p = 0.92)

Literature analysis 4 5 9 8.57

Case study 1 3 4 3.81

Conceptual 27 39 66 62.86
a Other document types are book, book chapter, review and conference review, letter, short survey, data paper,
editorial, erratum, and note. b Each document analyzed can be classified into more than one research domain,
such as renewable energy and technologies and devices, as well as subcategories (depending on its subject matter).
c More than one research method can be applied in each analyzed document.

In Figure 3, based on the summary table, there are bar charts showing the number of
documents of a certain type that had been published in two 5-year intervals (2015–2019
and 2020–2024), which is a total of ten years.

Based on Figure 3, it can be seen that the largest number of documents among the
analyzed topics are scientific articles published in scientific journals as well as conference
papers. Few publications in the field of renewable energy sources as well as technologies
and devices accounted for the remaining publications, including books and chapters in
books. It is worth noting that this trend is noticeable regardless of the analyzed time period
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of 5 years. In the period 2020–2024, there is an increased interest in the topic of offshore
wave energy and tidal energy, which is exemplified primarily by the number of articles
published in scientific journals. In 2020–2024, 50 papers were published versus 28 published
papers in 2015–2019, which means almost a doubling of the number of publications over
the last 5 years (an increase of 22 papers).

Figure 3. Number of publications in 2015–2019 and 2020–2024 in document type category.

The increased interest in the topic, especially considering the last five years, is also
confirmed by the statistics in the form of bar charts in Figures 4 and 5, showing the number
of publications in 2015–2019 and 2020–2024 that belong to the main thematic categories, i.e.,
renewable energy, as well as technologies and devices. In practice, it provides a quantitative
analysis of frequency as well as a qualitative thematic analysis of publications in each of
the identified fields by separate subcategories.

Figure 4. Number of publications in 2015–2019 and 2020–2024 that belong to the first thematic
category, i.e., renewable energy, divided into subcategories.
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Figure 5. Number of publications in 2015–2019 and 2020–2024 that belong to the second thematic
category, i.e., technologies and devices, divided into subcategories.

Although a clear increase in the number of publications in the renewable energy
category can be seen over the last five years, the trend in the number of publications in
each subcategory regardless of the time frame analyzed is similar. As Figure 4 shows, the
topic most frequently covered within the renewable energy category was ocean energy
(more than 48 publications in the last 5 years). Wind energy, wave energy, and energy
harvesting were also topics of interest for researchers (more than 30 publications in each of
these subcategories in the last 5 years). The topic that was the least frequently covered was
tidal energy (there were less than 19 publications within this category in the analyzed time
frame). However, regardless of the analyzed subcategory, one can observe an increase in
the number of publications compared to 2015–2019 that ranges from 2 (tidal energy) to 18
(wind energy).

The results obtained for the technologies and devices category seem interesting against
this background. As Figure 5 shows, offshore wind turbines and wave energy conversion
were the most common topics within this category (a total of 60 publications in the last
5 years and 43 publications in 2015–2019). Floating offshore wind turbines have been the
subject of 33 scientific papers in the last decade, while energy storage systems have been
the subject of 16. Relating data from the last 5 years to the 2015–2019 period, a significant
increase in the number of publications in each of the analyzed subcategories is noticeable.
There was an increase in the number of publications on offshore wind turbines by 100%
compared to the previous time period and floating offshore wind turbines by more than
260%, while the energy storage systems subcategory noted a 220% increase in the number
of publications compared to 2015–2019. In practice, this makes it possible to observe a
significant increase in researchers’ interest in this topic. It should be noted that the most
popular topic in this category was invariably wave energy conversion in 2015–2019, and
the trend in the number of publications in each subcategory regardless of the analyzed
time frame is similar. This may indicate the intensive development of technologies and
devices for wind and wave energy conversion and the use of offshore and floating offshore
wind turbines.
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In Figure 6, bar charts show the number of publications in 2015–2019 and 2020–2024
that belong to the research methodology category, divided into four subcategories. Each
time, depending on the research methodology used, the publications were assigned to at
least one subcategory, experiment, literature analysis, case study, or conceptual, because
more than one research method can be applied in each analyzed document (this applies
when several research methods were used in a given document).

Figure 6. Number of publications in 2015–2019 and 2020–2024 that belong to the research methodol-
ogy category, divided into subcategories.

The category containing conceptual works included all publications that conducted
simulation studies (mainly in Matlab), publications involving mathematical modeling and
using artificial intelligence to simulate physical phenomena. Based on the analysis of the
results, it can be concluded that the most common methods used were conceptual and
experimental as well as literature analysis. The smallest group of publications were those
that used the case study method, which can be explained by the subject matter of the
publication and the approach used to study reality.

The results, taking into account the countries of publication, look interesting against
this background (see Table 2). It turns out that, in total, China had the highest number of
publications between 2015 and 2024, namely 39 publications (more than twice as many as
India, which ranked second, with 14 publications). Furthermore, a significant number of
publications were recorded in Spain and the United Kingdom (13 publications each) as
well as in the United States (10 publications). In the remaining countries, there was little
interest in the analyzed topics, as evidenced by the number of papers published (fewer
than 10 throughout the analyzed period). In practice, if an article has multiple authors
affiliated with different countries, each of these countries is assigned to the article.
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Table 2. Number of publications in 2015–2019 and 2020–2024 in countries.

Country
2015–
2019

2020–
2024

All
Years

Share [%] Chi-Square

All countries 43 62 105 100.0 χ2

China 12 27 39 37.14

χ2 = 12.99
(df = 8,

p = 0.112)

India 4 10 14 13.33

Spain 6 7 13 12.38

United Kingdom 9 4 13 12.38

United States 4 6 10 9.52

Italy 4 2 6 5.71

Norway 0 5 5 4.76

Portugal 3 2 5 4.76

Other 8 13 21 20.00

Figure 7, for illustrative purposes, includes bar charts showing publications in countries.

Figure 7. Number of publications in 2015–2019 and 2020–2024 divided into countries.

It should be noticed that the other category includes the following countries: France
(4), Egypt (4), Australia (4), South Korea (3), The Netherlands (3), Brazil (3), Sweden (2),
Ireland (2), Iran (2), Germany (2), Canada (2), Algeria (2), Singapore (1), Saudi Arabia (1),
Russian Federation (1), Romania (1), Poland (1), Malaysia (1), Lebanon (1), Indonesia (1),
Hong Kong (1), Greece (1), Denmark (1), and Bangladesh (1). For ease of reference, the
number of publications in these countries is indicated in parentheses.

An analysis of the data in Table 2 and Figure 7 reveals some regularities. Between
2015 and 2024, a total of 105 publications were published in all countries, the major-
ity of which were in 2020–2024 (60% of the total texts), which indicates a growing in-
terest in the topic at that time, resulting in increased scientific activity. In practice, for
2015–2019, there were 43 publications, while for 2020–2024, the total number of publica-
tions increased to 62. As the analysis shows, there are no statistically significant differences
in the number of publications between 2015 and 2019 and 2020 and 2024. The greatest inter-
est in the topic in the last decade, regardless of the interval analyzed, was in China (a total of
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39 publications, accounting for 37% of the total), which may be influenced by the country’s
geographic location and the advancement of authors from this country in this type of
technology. As previously indicated, India ranked second, with 14 publications, accounting
for just under 13% of the total. Spain and the United Kingdom shared third place (ex
aequo), each with 13 publications. Notably, in both China and India, there has been a
significant increase in the number of publications over the past five years. Specifically,
China recorded a 225% increase, resulting in a final share of just over 37% of all publications,
while India experienced a 250% increase, corresponding to a 13% share of all publications.
Spain and the United Kingdom (each accounting for more than 12% of the total number of
publications) also stand out positively in ongoing research. A broader analysis reveals that
research is particularly concentrated in four countries—China, India, Spain, and the United
Kingdom—as the work conducted there represents approximately 75% of all publications,
confirming the strong interest in this research area within these countries.

Interestingly, against this background, the results summarized in Table 3 are related to
publications by renewable energy in other thematic subcategories.

Table 3. Publications by renewable energy in other subcategories.

Name
Wind

Energy
Wave

Energy
Energy

Harvesting
Ocean
Energy

Tidal
Energy

Total Chi-Square

Total 52 66 70 90 36 105 χ2

Technologies and devices

Offshore wind turbines 45 31 31 39 5 45
χ2 = 41.39
(df = 12,

p = 4.22 ∗ 10−5)

Floating offshore wind turbine 30 20 22 29 5 33

Wave energy converter 25 58 57 57 12 58

Energy storage systems 6 8 9 11 9 16

Research methodology

Experiment 9 15 21 23 9 26

χ2 = 7.76
(df = 12, p = 0.8)

Literature analysis 6 4 4 7 6 9

Case study 3 4 3 4 1 4

Conceptual 34 43 42 56 20 66

As can be seen in Table 3, publications related to the main category of renewable
energy were assigned to various subcategories (subdomains) related to wind energy, wave
energy, energy harvesting, ocean energy, and tidal energy and then analyzed according
to the areas of the second main category, that is, technologies and devices. This approach
made possible a multifaceted analysis of publications from the Scopus database in terms of
their affiliation with the subcategories of the two main areas. Furthermore, Table 3 provides
a breakdown by the research methodology used, which is an added value.

Considering the first category, as can be seen from the summaries in Tables 1 and 3, the
largest number of publications was devoted to ocean energy (90 publications), with slightly
fewer devoted to energy harvesting (70 publications) and wave energy and wind energy
(66 and 52 publications, respectively), suggesting the greatest interest among researchers in
this issue. The smallest number of publications (36 publications) was recorded for tidal
energy, which may indicate the need to develop this technology compared to other areas.
For the second of the main categories, that is, technologies and devices, the highest number
of publications was related to wave energy converters (58 publications). Offshore and
floating wind turbines were slightly less popular among researchers (45 and 33 publications
on this topic, respectively), allowing for us to see the high intensity of research conducted
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on these technologies. The least interest was recorded for energy storage systems (a total of
16 publications), indicating the relatively low popularity of solutions and analyses pre-
sented by researchers in this field. Consequently, more work is expected to be performed
to develop renewable energy sources by providing efficient storage of energy from the
seas and oceans. It should be noted that publications on energy storage systems are much
less numerous in each of the subcategories of renewable energy, with the highest num-
ber recorded for the area of ocean energy (11 publications). The other subcategories of
renewable energy sources had fewer than 10 publications (tidal energy—nine documents,
wave energy—eight documents, and wind energy—six documents). In turn, nine publica-
tions were recorded for energy harvesting. On the basis of this, it can be concluded that
energy storage systems are the subject of few scientific studies in relation to renewable
energy, which suggests the need for continued future research in this area. The fact that
subcategories are not mutually exclusive is evident, for example, in Figure 8, including
publications by renewable energy in technologies and devices category. A heatmap is
presented below.

Figure 8. Publications by renewable energy in technologies and devices category.

Based on the data presented in Table 3 and Figure 8, it can be seen that a significant
number of publications on wave energy converters were recorded for various subcategories
of energy sources, particularly wave energy (58 publications) and ocean energy (57 publi-
cations). In addition, a large number of publications, i.e., 57, are works related to energy
harvesting. This analysis leads to the conclusion that this technology is well developed and
is being researched worldwide. In the case of offshore wind turbines, 45 publications were
recorded in the wind energy subcategory, making it the main subject of research in this field.
In contrast, slightly fewer publications were recorded for floating offshore wind turbines
and wave energy converters—30 and 25 documents, respectively. It should be noted that a
significant number of publications on offshore wind turbines were also recorded for the
subcategories ocean energy (39 documents) and wave energy (31 documents). In addition,
31 papers are energy harvesting-related works. Relatively few publications were devoted to
tidal energy (the least studied area), as exemplified by the smallest number of publications
in this area (36 papers in total). Within this area, the least studied topics were offshore
wind turbines and floating offshore wind turbines (five publications each), suggesting that
these technologies are rarely the subject of new scientific papers. This may be due to the
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need for further development of the technology to increase its practical use. In practice,
the predominance of wave energy converters in the ocean energy category, as shown in
Figure 8, reflects the common practice of integrating multiple renewable energy sources
within a single study.

Taking into account the research methodology (Table 3), the most frequently used
research methods were conceptual (66 publications) and experimental (26 publications),
which indicates the dominance of theoretical research and models in the field of renewable
energy as well as their experimental nature. Since the research methodology based on
literature analysis and case studies concerns a small number of documents (nine and four
publications, respectively), it can be observed that relatively few publications represent
the state-of-the-art, so there was a need to fill the literature gap in this area. A summary
heatmap is presented in Figure 9.

Figure 9. Publications by renewable energy in research methodology category.

Based on the heatmap in Figure 9, regarding the applied research methodology for the
subcategories related to renewable energy analyzed, it can be seen that, of all the research
methods for each of the subcategories of renewable energy, the conceptual approach
dominates (for ocean energy—56 documents, for wave energy—43 documents, for energy
harvesting—42 documents, while for wind energy—34 documents). The type of research
methodology used makes it possible to note that the vast majority of documents are related
to analysis and investigation of technological concepts. Also, in the case of experimental
research, a similar relationship was observed (the largest group of publications were those
on ocean energy—23 documents; slightly fewer publications were on energy harvesting—
21 documents and wave energy—15 documents, while nine documents each were classified
as wind energy and tidal energy). On the basis of this, it can be concluded that the
experimental approach is often used. In turn, literature analysis and case studies have an
insignificant share in scientific work, exemplified by the small number of published papers.
In response to this, it was decided to conduct a comprehensive review of the state-of-the-art
in the subject areas analyzed. As for case studies, the smallest number of publications
was recorded in the areas of wind energy, energy harvesting, and tidal energy, suggesting
that practical analyses of implemented projects are mostly in an early stage. It should be
noted that only one publication was noted in the area of tidal energy. This means that
tidal energy is the least studied area of all subcategories of renewable energy analyzed.
Therefore, further scientific work, research projects, and investments in this area can be
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expected. In turn, ocean energy and wave energy are the most researched (state-of-the-art),
which suggests their significant role in the renewable energy sector. Furthermore, energy
harvesting and wind energy are the focus of contemporary researchers, with theoretical
approaches dominating.

4. Unsolved Problems

Undoubtedly, interconnected economic, political, and market systems that empha-
size energy efficiency and innovation are driving technological development, and this is
also true for the renewable energy sector. This impact is immense. Consequently, in the
last decade, there has been an increase in interest in work on the acquisition and use of
renewable energy, including wind, wave, ocean, and tidal, and its harvesting. This, in
turn, contributes to the development of technologies and equipment, including offshore
wind turbines, floating offshore wind turbines, wave energy converters, and energy storage
systems. This process is positively influenced by government subsidies and programs
that provide incentives for the development of offshore and ocean wind farms, which is
especially important for countries with access to seas or oceans. This is reflected in the
significant activity of researchers from China, India, Spain, and the United Kingdom in the
field of renewable energy sources. In practice, a considerable amount of work has been
published in China and India, especially over the past five years. Technological develop-
ments are also influenced by advances in materials science (depending on the materials
used, corrosion of components can be a concern) and electrical engineering, resulting
in the construction of increasingly efficient and reliable energy converters. Technologi-
cal developments are expected to continue to drive the change in the renewable energy
market, positively impacting sustainability as well as the increasingly green future of the
energy sector.

In the future, it will become possible to expand the research to include other major
categories, such as environmental impact. Although this article, due to its finite volume
and subject matter, omits economic, policy, and market analyses, among others, these issues
are also relevant to the direction of technology development. It becomes possible to analyze
works that include economic analysis, including the balance sheets of profits and losses
resulting from the implementation of specific renewable energy systems, with particular
attention to their environmental impact. An interesting area of research would be to focus
scientific efforts on life cycle assessment so that the articles analyzed would address life
cycle assessment of contemporary technologies for the renewable energy sector, noting that
these are relatively new technologies, which translates into a limited number of available
studies. A separate (and also not very numerous) group of publications is policy analyses,
which include papers that deal with legislation and regulations applicable to the renewable
energy sector, as well as market analyses, which deal with market research in the broadest
sense, which is of particular interest in the context of forecasts for the development of
technologies that use renewable energy sources. On this basis, analogous to the method
presented, it will become possible to make compilations and heatmaps that will supplement
the analysis of the state-of-the-art.

The renewable energy sector is poised for significant advancements and transfor-
mations in the coming years. Several key trends are expected to shape the future of
this industry:

1. Integration of Multiple Renewable Energy Systems: The trend toward integrating
various renewable energy systems, such as wind–wave hybrid systems, is expected
to continue. This integration aims to maximize energy generation while minimizing
platform movements, thereby enhancing overall efficiency and reliability [117].
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2. Advanced Control Strategies: It is essential to develop advanced control strategies for
offshore wind turbines and wave energy converters. Techniques such as aerodynamic
thrust optimization and torque compensation control are being studied to improve
stability and efficiency [118]. However, real-world implementation of these strategies
will require further research and validation.

3. Modular and Scalable Solutions: Modular solutions and the use of triboelectric nano-
generators for low-frequency wave energy harvesting are gaining popularity. These
innovations offer promising avenues for improving the efficiency and reliability of
renewable energy systems [117]. The scalability and long-term performance of these
technologies will be critical to large-scale deployment.

4. Energy Storage Systems: The relatively low number of publications on energy storage
systems highlights a critical gap in the research. Efficient energy storage solutions
are essential to complement renewable energy generation and ensure a stable en-
ergy supply [119]. Future research will likely focus on developing and optimizing
these systems.

5. Policy and Market Dynamics: Government policies and market dynamics will con-
tinue to play a crucial role in the advancement of renewable energy technologies.
Subsidies, incentives, and regulatory frameworks will drive innovation and invest-
ment in this sector [119]. Additionally, the growing demand for clean energy will
push the industry towards more sustainable and efficient solutions.

6. Technological Innovations: Emerging technologies, such as artificial intelligence,
blockchain, and advanced materials, will revolutionize the renewable energy sector.
These innovations will enhance the efficiency, reliability, and integration of renewable
energy systems [120].

7. Global Collaboration and Investment: International collaboration and investment
will be crucial for the advancement of renewable energy technologies. Countries
with significant renewable energy potential, such as China and the United States, are
expected to lead the way in research, development, and deployment [121].

Overall, the future of renewable energy looks promising, with continuous advance-
ments and innovations driving the industry towards a more sustainable and efficient
energy landscape.

5. Conclusions

The implementation of smart solutions and remote monitoring significantly impacts
efficient energy distribution. These systems optimize operations and maintain a con-
stant energy supply, even under adverse conditions. Key issues include their integration
with other energy sources to create hybrid power parks capable of operating during nat-
ural disasters. Satellite communications can then be used for data transmission from
remote and difficult-to-reach locations [122–126], whose reception depends on a number of
factors [127–135]. In practice, the spectrum of service integration and applied solutions
based on conditions, including the occurrence of various emergencies, translates into a
change in the way a given risk is identified, assessed, and controlled [136–146].

Public and private sector investments are driving many projects in seas and oceans.
Over the last decade, numerous studies have focused on improving energy efficiency in the
renewable energy sector. Research on new technologies and innovative solutions suggests
many will be practically implemented in the future. Additionally, studies on the reliability
of current power transmission lines are prevalent [147–150].

Ocean and wave energy research is prominent, highlighting their potential in the
energy sector. Wave energy converters and offshore wind turbines are key research areas,
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while tidal energy and energy storage systems are less frequently studied, indicating a
need for further development.

Conceptual and experimental methods dominate research, suggesting many solutions
are in early testing stages. The limited number of literature analyses and case studies
indicates a need for more in-depth evaluations of implemented solutions.

Renewable energy plays a transformative role in the global energy transition, promis-
ing a sustainable future. However, implementing innovative solutions requires costly
research, public awareness, and extensive cooperation across political, economic, and social
fields. While renewable energy sources in seas and oceans have a minimal carbon foot-
print, concerns about their impact on marine ecosystems persist. Efforts are being made to
minimize this interference.

Key conclusions:

1. The location of systems in seas poses logistical and operational challenges. Imple-
menting innovative technologies requires significant investment and cooperation.

2. Recent years have seen numerous studies on offshore wind turbines, wave energy,
and energy harvesting, indicating their application potential. Tidal energy and energy
storage systems, despite their potential, are less frequently researched.

3. Renewable energy in seas and oceans offers a minimal carbon footprint but raises
concerns about ecosystem impact. Integrating different energy sources can cre-
ate hybrid power parks that withstand extreme conditions, enhancing energy
supply stability.
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Abstract: In the grid-connected operation dynamics of brushless doubly fed generators (BDFGs), a
dip in the grid voltage is equivalent to suddenly adding a reverse voltage source at the parallel node.
By deriving the expressions of the transient current of power winding (PW), control winding (CW),
and rotor winding (RW) of a BDFG in the complex frequency domain under a natural state, it was
concluded that the overshoot and oscillation time are affected by the CW voltage, the drop degree and
phase of the grid voltage, and the rotor speed. Therefore, an optimal control strategy is proposed. A
state model with the CW current as the state variable was constructed using the Pontryagin minimum
principle. The finite-time integral value of the square of the electromagnetic torque was set as the
objective function to achieve the minimum value that could suppress the overshoot and oscillation
of the electromagnetic torque, and the optimal CW voltage command value was directly solved to
accelerate the convergence of the BDFG’s physical quantities, thereby reducing the amplitude. Finally,
the feasibility of the optimal control algorithm was verified using tests on an experimental platform.

Keywords: brushless doubly fed generators; zero-voltage ride-through; dynamic analysis; oscillations
and overshoot; optimal control

1. Introduction

Brushless doubly fed electric generators without brushes and slip rings have superior
characteristics, including low maintenance costs and high reliability [1–6]. Many scholars
and scientific research institutions have studied this topic in the past few years [7–11].
Studies show that these generators outperform conventional brush-geared doubly fed
induction generators (DFIGs) in the field of wind power generation [12–14].

For a BDFG in grid-connected operations, an instantaneous drop in the grid voltage
will cause severe over-currents and oscillations in the BDFG windings.

Shao performed a dynamic analysis to investigate low-voltage ride-through (LVRT)
events with symmetric drops set to 50% and zero [15]. A new reduced dynamic T-model
was proposed in [16], and a detailed mathematical analysis was derived for the physical
quantities of the PW and CW (flux, current, and voltage) subjected to voltage-dip conditions.
However, the authors did not propose a feasible strategy for this condition.

Crowbars or series dynamic resistors were installed between the CW and converter to
absorb the excess power in [17]. The disadvantage is that the system cost increases.

Regarding some control strategies without crowbars, the literature indicates that the
active and reactive currents of the PW are a rated value and zero under a normal grid
voltage. When an LVRT event occurs, the commanded values for the active and reactive
currents are set to zero and a rated value, respectively, to output the reactive power to
the grid [18,19]. However, large overshoots and oscillations occur in the system using
these strategies.
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In [20], the author pointed out that the control side of a brushless doubly fed generator
has a large leakage inductance, which enhances its natural ability for low-voltage ride-
through. Based on the impedance model and using the generalized Nyquist criterion,
the influence of different short-circuit ratios, phase-locked loops, and current loop ratio
parameters on operational stability was studied, and the Bode diagrams are provided
in [21]. The author of [22] studied the role of virtual impedance and proposed a dynamic
feedforward compensation to limit the forced component of the fault current in a DFIG
and accelerate its natural component attenuation.

In [23], based on the expression of the transient voltage of the control winding, the
flux change rates of the rotor winding, power winding, and control winding were added as
feedforward compensation variables for the voltage command value. The advantage is that
a transient fully decoupled control can be achieved, which can suppress the interference of
these physical quantities with the control winding current when the grid voltage drops.
The disadvantage is that the rotor flux of a BFDG cannot be directly obtained and it must
be converted to make the control more complex. Therefore, the paper only provides a
simulation, and it is difficult to conduct experimental verification. A virtual synchronous
machine approach was proposed in [24], brushless doubly fed generators were analyzed
and compared with the synchronous generators, and a current signal compensation method
based on a virtual synchronous machine was proposed. The advantage is that this increases
the system’s moment of inertia, making the system respond slowly and reducing the impact
of faults on the system. Simulation waveforms proved that the grid voltage drops to 30%.
The disadvantages are poor stability, complex control, and simulation without experimental
verification. A crowbarless LVRT control strategy based on flux linkage tracking for a
BDFG under symmetrical voltage dips was proposed in [25]. A simple controller in a
static reference frame rather than a rotating coordinate system was presented to implement
flux linkage tracking. Based on the conventional control method, the amplitude and
phase compensation of the CW flux were added to the control strategy. Meanwhile, a
tracking coefficient, defined as the ratio of the CW flux to the PW flux, was proposed, and
experiments were carried out using different coefficients. In the most severe case, with
the maximum rotor speed and under zero-voltage dips, the experimental results showed
that the CW current peak could be limited to twice the CW current rating, and the torque
ripple was small during the fault. The advantage is that this belongs to the feedforward
control of reverse compensation, and the fluctuation in the power winding magnetic flux is
directly added to the control side, which can rapidly suppress the fluctuation in the control
winding current. Moreover, the torque ripple during the fault is relatively small, but the
article lacks an analysis of its effectiveness compared with other control strategies.

Given the deficiencies of the current research on the low-voltage ride-through of
BDFGs, this paper further analyzes the dynamic operational characteristics of BDFGs when
the grid voltage drops to 0 V. An optimal control strategy is proposed to improve the
transient operational characteristics of BDFGs, which are based on the characteristics of the
generator model during the fault period to solve the optimal CW voltage command value
and minimize fluctuations in the electromagnetic torque to obtain a good transient response.

The main innovations of this paper are the transient characteristics of a BDFG under
LVRT events and its optimal control. First, a full-order fault dynamics model for a BDFG
with symmetrical voltage drops is established. It is found that the peak and oscillation
duration of PW, CW, and RW currents are related to the CW voltage, the drop degree
and phase of the grid voltage, and the generator speed. Then, an optimal control strategy
is proposed to reduce system overshoot and accelerate convergence. This strategy can
improve the system’s anti-disturbance ability. Finally, the feasibility and effectiveness of
the optimum control strategy are validated by comparing the experimental waveform data
with the results of the conventional PI control strategy.

28



Energies 2024, 17, 235

2. The Basic Operational Principle and Dynamic Mathematical Model of a BDFG

2.1. The Basic Structure and Operational Principle of a BDFG

A wound-rotor BDFG contains two stator windings: the PW and the CW. The two
sets of windings have different pole counts. The rotor has only one set of winding, the
RW, which is equivalent to two sets of windings with reverse-phase sequence connections.
Figure 1 shows the schematic diagram of the windings in a BDFG [26,27].

Figure 1. Equivalent schematic diagram of BDFG.

It is assumed that the voltages of the PW and CW are in the same phase sequence. As
such, the following equations can be established:

ωr =
ωp + ωc

pp + pc
(1)

ωrp =
ωp pc + ωc pp

pp + pc
(2)

where pp and ωp are the pole pairs and electrical angular frequency of the PW, pc and ωc
represent the corresponding parameters of the CW, ωr is the mechanical angular velocity,
and ωrp is the electrical angular frequency of the RW current.

2.2. Dynamic Mathematical Model of a BDFG

The dynamic mathematical model of a wound-rotor BDFG is listed in a PW syn-
chronous speed coordinate system [28]. The motor convention is used for both the PW and
CW sides.

up = Rpip + pψp + jωpψp (3)

uc = Rcic + pψc − jωcψc (4)

ur = Rrir + pψr + jωrpψr = 0 (5)

ψp = Lpip + Mprir (6)

ψc = Lcic + Mcrir (7)

ψr = Lrir + Mprip + Mcric (8)

Te = pp MprIm(ipir
∗) + pc McrIm(icir

∗) (9)

Tm − Te = J
dωr

dt
(10)

where up, uc, and ur are the PW, CW, and RW voltages, ψp, ψc, and ψr are the flux linkage
values of the PW, CW, and RW, and ip, ic, and ir are the PW, CW, and RW currents. The
parameters Rp, Rc, and Rr represent the resistances of the PW, CW, and RW, p represents the
differential operators, and the superscript * represents the conjugate of the complex vectors.
The parameters Lp, Lc, and Lr are the self-inductance values for the PW, CW, and RW, Mpr is
the mutual inductance between the PW and RW, and Mcr is the mutual inductance between
the CW and RW. Te and Tm are the electromagnetic and mechanical torques, and J is the
moment of inertia.

3. Transient Analysis of an LVRT Event

Using a grid voltage orientation strategy, the PW voltage vector is oriented with the
d-axis. Then, according to (3)–(8), the vector diagram of a BDFG in a PW synchronous
speed rotating coordinate system can be depicted as follows [29].
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In Figure 2, the expression of the vector in the dq-axis coordinate system is F = fd + jfq,
where F can represent any vector, and ϕ is the grid voltage phase.

Figure 2. Vector diagram of the rotating coordinate system.

For a BDFG in grid-connected operation, an instantaneous symmetrical drop in the
grid voltage at the grid connection point of the wind farm is equivalent to the sudden
addition of a reverse voltage source at the connection point, which inevitably leads to
severe oscillations and overshoot in the PW, CW, and RW currents and electromagnetic
torque. The worst case is that the grid voltage suddenly drops to 0 V, which is equivalent
to a PW short circuit fault occurrence.

If the winding currents after the grid voltage fault must be solved, the steady state
current before the fault and the transient current after the fault need to be calculated
according to the superposition principle.

When the BDFG is in grid connection and stable operation, the differential terms in
(3)–(8) are 0 and the steady-state equations are obtained. The steady-state equivalent circuit
is shown in Figure 3.

 
Figure 3. Steady-state equivalent circuit diagram of BDFG.

The analytical expressions of the PW, CW, and RW currents of the BDFG in steady-state
operation are obtained as follows:

⎧⎪⎪⎨
⎪⎪⎩

ips =
ups
Zps1

+ ucs
Zps2

ics =
ups
Zcs1

+ ucs
Zcs2

irs =
ups
Zrs1

+ ucs
Zrs2

(11)

In (11), ups, ucs, ips, ics, and irs represent the steady-state voltages and currents of the
PW, CW, and RW. The expressions of the steady-state impedances Zps1, Zps2, Zcs1, Zcs2,
Zrs1, and Zrs2 are shown in Appendix A. To study the natural characteristics of generators
under grid voltage drops, the following assumptions must be made: (1) there is no sudden
change in the rotor speed before and after grid voltage drops; (2) the CW side voltage does
not change before and after voltage drops.

The dynamic equivalent circuit of the BDFG in the case of an instantaneous drop in
the grid voltage is shown in Figure 4.
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Figure 4. Grid fault equivalent circuit diagram of BDFG.

In the case of an instantaneous symmetrical drop in the grid voltage, in (3)–(8), up = upf
is a sudden reverse grid voltage, and upf = −kups, where k is the voltage drop degree
coefficient of the PW. When k = 1, a reverse voltage with the same amplitude as the original
grid voltage is suddenly added at the parallel node, that is, the grid voltage instantaneously
drops to 0 V. Since the CW voltage is assumed to be constant, according to Thevenin’s
theorem, when analyzing the impact of grid voltage fault, the CW voltage is 0 V, such that
uc = ucf = 0. Then, ipf, icf, and irf represent the PW, CW, and RW currents generated by the
grid fault. Via Laplace transformation and its inverse transformation, the solutions of the
grid fault currents ipf, icf, and irf are as follows:

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

ip f =
up f
Zp f 0

+
up f
Zp f 1

e
− t

Tp e−jωpt +
up f
Zp f 2

e−
t

Tc ejωct +
up f
Zp f 3

e−
t

Tr e−jωrpt

ic f =
up f
Zc f 0

+
up f
Zc f 1

e
− t

Tp e−jωpt +
up f
Zc f 2

e−
t

Tc ejωct +
up f
Zc f 3

e−
t

Tr e−jωrpt

ir f =
up f
Zr f 0

+
up f
Zr f 1

e
− t

Tp e−jωpt +
up f
Zr f 2

e−
t

Tc ejωct +
up f
Zr f 3

e−
t

Tr e−jωrpt

(12)

In (12), Zpf0 is the impedance of the direct current (DC) steady-state component of the
PW fault current. Zpf1, Zpf2, and Zpf3 are the impedances of the attenuated fundamental
frequency, CW frequency, and RW frequency components of the PW fault current. The
attenuated component of the fault current indicates that the flux linkage of the PW, CW,
and RW does not suddenly change due to the principle of flux linkage conservation, so
an oscillating current with an attenuation trend is generated in the PW circuit via these
flux linkages. As Zcf0, Zcf1, Zcf2, and Zcf3 are the relevant impedances of the CW fault
current, and Zrf0, Zrf1, Zrf2, and Zrf3 are the relevant impedances of the RW fault current,
the meanings of these parameters can be analogized. The detailed expressions of these
impedances are shown in Appendix A. The transient impedances are related to the BDFG’s
parameters.

Furthermore, Tp, Tc, and Tr are the attenuation time constants of the PW, CW, and RW
The expressions are described in (13).

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

Tp =
Lp Lc Lr − Lp Mcr

2 − Lc Mpr
2

(Lc Lr − Mcr2)
1

Rp
=

Lp−short
Rp

Tc =
Lp Lc Lr − Lp Mcr

2 − Lc Mpr
2

(Lp Lr − Mpr2)
1

Rc
=

Lc−short
Rc

Tr =
Lp Lc Lr − Lp Mcr

2 − Lc Mpr
2

Lp Lc
1

Rr
=

Lr−short
Rr

(13)

In (13), Lp-short, Lc-short, and Lr-short are the short inductances of the PW, CW, and RW.
These short-circuit inductors consist of leakage inductance circuits and mutual inductance.
The circuit diagrams are shown in Figure 5.
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(a)  

 
(b)  

 
(c)  

Figure 5. Short inductances of PW, CW, and RW. (a) PW short inductance, (b) CW short inductance,
and (c) RW short inductance.

The transient impedances are related to the BDFG’s parameters. The attenuation
coefficients of the PW, CW, and RW are determined for a manufactured BDFG.

According to the superposition principle, the expressions of the PW, CW, and RW
currents after the grid voltage fault occurs are the linear superpositions of the steady-state
component and the dynamic component.⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

ip = ucs
Zps2

+
up f
Zp f 1

e
− t

Tp e−jωpt +
up f
Zp f 2

e−
t

Tc ejωct +
up f
Zp f 3

e−
t

Tr e−jωrpt

ic =
ucs
Zcs2

+
up f
Zc f 1

e
− t

Tp e−jωpt +
up f
Zc f 2

e−
t

Tc ejωct +
up f
Zc f 3

e−
t

Tr e−jωrpt

ir =
ucs
Zrs2

+
up f
Zr f 1

e
− t

Tp e−jωpt +
up f
Zr f 2

e−
t

Tc ejωct +
up f
Zr f 3

e−
t

Tr e−jωrpt

(14)

Thus far, the analytical expressions of the PW, CW, and RW currents of the BDFG have
been solved in the PW synchronous vector space under an instantaneous symmetrical drop
in the grid voltage. The analytical expressions in the three-phase static coordinate system
can be obtained via a rotation transformation of the complex form. The simulations will be
conducted in the following sections.

Based on (11), (12), and (14), the overshoot of the PW, CW, and RW currents is related
to the CW voltage uc, the degree of grid voltage drops k, the phase of the grid voltage vector
up (that is, ϕ in Figure 2), and the rotor speed ωr. The convergence speed is related to the
parameters of the BDFG. The grid voltage drops inevitably, causing a sudden increase and
oscillations in the PW, CW, and RW currents. In the actual brushless doubly fed wind power
generation system, the drop degree and phase of the grid voltage cannot be controlled, and
the rotor speed will not suddenly change due to the inertia of the generator. Only the CW
voltage of the BDFG can be changed via certain control methods to reduce overshoot and
accelerate convergence, and this function can be realized via optimal control.

4. The Optimal Control Strategy

According to modern control theory, combined with the characteristics of the BDFG
model during grid voltage drop faults, its input is the voltage and phase of the CW, the
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initial conditions are determined, the fault duration is determined, and the terminal is
free. If the objective function is set as the finite-time integral value of the square of the
electromagnetic torque Te at this time, making it achieve the minimum value, it could
suppress the oscillation of the electromagnetic torque. The model can be established via the
Pontryagin minimum principle in optimal control, and the optimal CW voltage command
value can be directly solved.

The special structure of the BDFG’s rotor is a self-closing short circuit with no wiring
leads. The RW only serves to transfer a magnetic field and energy and hardly provides
active power. Moreover, the RW current is generally not considered in the control loop.
Therefore, ignoring the RW’s resistance and utilizing the 0 V rotor voltage condition,
(3)–(10) are simplified into a reduced-order model of the BDFG described in (15)–(17).
Motor conventions are used on both the power side and the control side.

up = Rpip + (p + jωp)(Lspip + Mpcic) (15)

uc = Rcic + (p − jωc)(Lscic + Mpcip) (16)

Te = (pp + pc)MpcIm(ipic
∗) (17)

The relationship between the parameters in (15)–(17) and the parameters in (3)–(10) is⎧⎪⎪⎨
⎪⎪⎩

Lsp = Lp − Mpr
2

Lr

Lsc = Lc − Mcr
2

Lr

Mpc =
Mpr Mcr

Lr

(18)

According to mathematical models (15)–(17), under the condition of the PW voltage
orientation, taking the dq-axis components of the CW current as the state variable and the
dq-axis components of the CW and PW voltages as the input, the state equation is obtained,
as shown in (19):

p
[

icd
icq

]
= λm

[
− Rp Mpc

2

Lsp
− Rc Lsp −(ωp − ωre)Mpc

2 + ωc Lsp Lsc

(ωp − ωre)Mpc
2 − ωc Lsp Lsc − Rp Mpc

2

Lsp
− Rc Lsp

][
icd
icq

]
+ λmLsp

[
ucd
ucq

]
− λm Mpc

[
upd
0

]
+ λm

[−ωre Mpcψpq
Rp Mpcψpq

Lsp

]
(19)

where ωre is the equivalent electrical angular velocity of the BDFG:

ωre = ωr(pp + pc) (20)

and the expression of λm is

λm =
1

LspLsc − Mpc2 (21)

Under steady-state conditions, the relationship between the d-axis component of the
PW voltage upd and the q-axis component of the PW flux linkage ψpq is

upd = −ωpψpq (22)

Since the parameters of the generator system are determined after the instantaneous
symmetrical drop in the grid voltage, the generator system described in (19) is considered
scleronomous. Because upd is a constant, ucd and ucq are free variables. Therefore, when
discussing optimal control, the input term of upd can be ignored. The state space Equation
(19) is reconstructed as follows:

dx
dt

= Ax + Bu = f[x, u, t] (23)
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{
x =

[
icd icq

]T

u =
[

ucd ucq
]T (24)

A=λm

⎡
⎣ − Rp Mpc

2

Lsp
− RcLsp −(ωp − ωre)Mpc

2 + ωcLspLsc

(ωp − ωre)Mpc
2 − ωcLspLsc − Rp Mpc

2

Lsp
− RcLsp

⎤
⎦ (25)

The mathematical model shown in (23) is the research object of optimal control. After
the model is established, the initial condition, constraints condition, and performance
function are determined. Then, the optimal control input must be solved.

According to the optimal control theory, the objective function is the finite-time integral
value of the square of the electromagnetic torque Te. Then, the minimum value principle
is used.

The starting condition is

x(t0) = x0 =
[
icd0 icq0

]T (26)

The control constraints condition is

−U ≤ u ≤ U, U = [ucmax ucmax]
T (27)

where ucmax is the maximum allowable CW voltage amplitude. Both ucd and ucq cannot
exceed the maximum value of the CW voltage amplitude. This is because the CW voltage
is limited by the capacity of power electronic devices, so there is a maximum value for ucd
and ucq.

The terminal time tf is determined, and the state x(tf) is free:

λ(t f ) = 0 (28)

The performance function is

J =
∫ t f

t0

L[x(t), u(t), t]dt (29)

The expression of L is
L[x(t), u(t), t] = Te

2 (30)

According to the approximate expression of Te described in (17), the square of the
electromagnetic torque is

T2
e =

[3upd Mpc

2ωpLsp
(pp + pc)

]2[
icd icq

][1 0
0 0

][
icd
icq

]
= xTQx (31)

The Hamiltonian function is taken as

H = L[x(t), u(t), t] + λTf[x, u, t] (32)

The necessary conditions for achieving optimal control are the optimal control u*, the
optimal trajectory x*, and the optimal covariance vector λ* meeting the state Equation (33)
and the costate Equation (34):

·
x =

∂H
∂λ

= Ax + Bu (33)

·
λ = −∂H

∂x
= −2Qx − Aλ (34)

The system of equations could be theoretically solved with the simultaneous Equations
(26), (28), (33), and (34). According to the characteristics of the matrices L and Q, only the
d-axis component icd of the CW current is included, and it is independent of the q-axis
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component icq. Then, the initial value of ucq can be used, and only the optimal solution of
ucd needs to be solved:

⎧⎪⎨
⎪⎩

ucd−opt = −(
Rp Mpc

2

Lsp2 + Rc)
icd0

1−e
−(λ1−λ2)t f

[eλ2t − e−(λ1−λ2)t f eλ1t]− [ 1
Lsp

(ωp − ωre)Mpc
2 + ωcLsc]icq0

ucq−opt = [ 1
Lsp

(ωp − ωre)Mpc
2 + ωcLsc]icd0 − (

Rp Mpc
2

Lsp2 + Rc)icq0

(35)

In (35), ucd-opt and ucq-opt are the optimal CW voltage reference values, and λ1 and λ2
are the characteristic roots of the system matrix A, expressed as

λ1,2 = −Rp Mpc
2

Lsp
− RcLsp ± j

√√√√(
Rp Mpc2

Lsp
+ RcLsp)

2

− 4ωc2(Mpc2 − LspLsc)
2 (36)

Considering that the exponential function is difficult to express in the algorithm, the
instruction values of ucd-opt and ucq-opt in the program are given equivalent sectional fixed
values, which can restrain the oscillations of the electromagnetic torque oscillation.

The switching logic between conventional PI control and optimal control is shown in
Figure 6, where the superscript * represents the instruction value.

 
Figure 6. Optimal control structure of the BDFG.

The optimal control strategy is only enabled during the instantaneous voltage drop
period in the power grid, and the optimal command values ucd-opt and ucq-opt of the optimal
CW are directly given at this time. The working states before the drop and after the power
grid fault are both closed-loop dual PI control strategies.

5. Experimental Results

Figure 7 shows a brushless doubly fed wind power generation system platform. The
prime mover is a variable-frequency induction motor (VFIM), which simulates the wind
turbine. The speed of the motor ωr, that is, the speed of the brushless doubly fed generator,
is controlled with a general-purpose inverter. The system is equipped with an AC source,
which is a grid simulator that can generate grid voltage drops.
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Figure 7. Experimental platform of a brushless doubly fed power generation system.

The parameters of the BDFG in Figure 7 are shown in Table 1.

Table 1. Prototype machine parameters for experiments.

Parameter Value Parameter Value Parameter Value Parameter Value

Machine rating 4 kW PW rated current 6 A Lp 0.6659 H Mcr 0.1841 H
PW/CW pole pairs 1/3 CW rated current 10 A Lc 0.1898 H Rp 2.5 Ω
PW rated voltage 380 V (50 Hz) Operating speed 600~1200 r/m Lr 0.8442 H Rc 2.3 Ω
CW rated voltage 230 V (30 Hz) Rated torque 80 N·m Mpr 0.6547 H Rr 2.9 Ω

The algorithm period of the system is 160 us, the sampling period is 160 us, and the
IGBT switching period is 6.25 kHz. The root mean square of the grid voltage phase–phase
is 380 V, and the frequency is 50 Hz. The rotor speed is regulated at 900 rpm. The active
power is 4 kW, and the reactive power is 0 kvar.

First, the system waveform under traditional PI control is observed and analyzed.
The overshoot and oscillations in the physical quantities of the generator are obvious, and
the duration reaches 1.3 s. As seen in Figure 8b, the change in the PW current is very
obvious, where its peak value increases from 8.5 A to 32 A, an increase of approximately
3.7 times. Figure 8c shows that the CW current amplitude is 15 A before the grid voltage
drops and suddenly rises to 32 A, increasing to 2.1 times the rated value, which is quite
bad for a converter. At the same time, Figure 8d shows that icq is synchronous with ipd, but
icd changes inversely with ipq, such that ipd = icd and ipq = −icq. There are severe oscillations
in the four dq components. Figure 8e shows that the maximum rotor speed ωr reaches 1000
rpm, and the minimum speed is 820 rpm. Figure 8f shows a large fluctuation in the torque
Te, which changes from −50 N·m to 50 N·m. Figure 8g shows a fluctuation in the PW’s
active and reactive power.

The system waveform under the optimal control strategy is shown in Figure 9. As
seen in Figure 9b, the peak value of the PW current increases to 25.5 A from 8.5 A and
stabilizes after three cycles at 15 A. Figure 9c shows that the oscillations in the CW current
cease after a period, and the stable value is the same as the rated value. Its maximum
amplitude is only 1.7 times its rated value of 25 A. That is, the current of the converter
does not exceed two times the rated value, which is within the bearing range of the IGBT.
Figure 9d shows that ipd increases to 16 A from 8.5 A, and icq increases to 12 A from 7.5 A.
However, they quickly stabilize. Then, ipq drops to −9 A from 0 A but can be quickly
stabilized. Furthermore, icd changes very little and stays near 12.5 A. Finally, Figure 9e
demonstrates that the maximum rotor speed ωr reaches 960 rpm, and the minimum speed
is 870 rpm. Figure 9f shows a minor fluctuation in the torque Te. Figure 9g shows that the
fluctuation in the PW’s active and reactive power is small.
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(a)

(b)                       (c)

(d)                                        (e)

(f)                                                (g)

Figure 8. (a) Grid voltage, (b) PW current, (c) CW three-phase current, (d) PW and CW current dq
components, (e) rotor speed, (f) electromagnetic torque, and (g) active and reactive power under
PI control.

Comparing Figures 9 and 10, it can be observed that the optimal control and flux
linkage tracking control are comparable. The dynamic performance indicators of the PI
control, flux linkage tracking, and optimal control are shown in Table 2. The numerical
values of the PI and optimal control methods are on the left and right, respectively.

(a)

(b)                                               (c)

Figure 9. Cont.
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(d)                                              (e)

(f)                                            (g)

Figure 9. (a) Grid voltage, (b) PW current, (c) CW three-phase current, (d) PW and CW current dq
components, (e) rotor speed, (f) electromagnetic torque, and (g) active and reactive power under
optimum control.

(a)

(b) (c)

(d) (e)

(f) (g)

Figure 10. (a) Grid voltage, (b) PW current, (c) CW current, (d) PW and CW current dq compo-
nents, (e) rotor speed, (f) electromagnetic torque, and (g) active and reactive power under flux
linkage tracking.

38



Energies 2024, 17, 235

Table 2. Quantity comparison between PI control, flux linkage tracking, and optimal control.

Variable Extremum Extremum Time Regulating Time Overshoot

ipd −15 A/20 A/15.5 A 0.2 s/0.02 s/0.02 s 1.3 s/0.9 s/0.8 s 275%/100%/100%
ipq −24 A/−12 A/−12 A 0.05 s/0.03 s/0.02 s 1.3 s/0.9 s/0.8 s 189%/112%/112%
icd 25 A/13 A/16 A 0.1 s/0.03 s/0.02 s 1.3 s/0.9 s/0.8 s 150%/33%/33%
icq −15 A/19 A/18 A 0.05 s/0.03 s/0.02 s 1.3 s/0.9 s/0.8 s 275%/100%/100%
Te 70 N·m/70 N·m/70 N·m 0.05 s/0.03 s/0.02 s 1.3 s/0.9 s/0.8 s 600%/248%/250%
nr 1000 rpm/958 rm/960 rm 0.1 s/0.03 s/0.02 s 1.3 s/0.9 s/0.8 s 8.7%/4.8%/4.4%

6. Conclusions

In this paper, the transient characteristics of a BDFG under grid faults were revealed
by solving the analytical expression of the BDFG’s stator and rotor winding currents during
a transient voltage drop in the power grid. It was found that the system’s overshoot
was related to the CW voltage. Furthermore, an optimal control method was proposed
to suppress the oscillation in the generator’s electromagnetic torque during faults. This
strategy can reduce the peak values of the PW, CW, and RW currents and shorten the
convergence time.

The experimental results show that the overshoot of the physical quantities of the
generator under flux linkage tracking control and optimal control are significantly smaller
than those under the traditional PI control strategy when dealing with voltage drops.
Moreover, the oscillation duration is shortened, and the anti-disturbance ability of the whole
control system is enhanced. The performance indicators such as the transient response, the
current and torque overshoot, and the convergence time of advanced algorithms such as
flux linkage tracking and optimal control are significantly better than those of traditional PI
control. The optimal control and flux linkage tracking control are comparable. Therefore,
the effectiveness and practicability of the optimal strategy have been verified.
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Appendix A

Zm
3 = jωpωcωrp(LpLcLr − Lp Mcr

2 − Lc Mpr
2) + jωpLpRcRr − jωcLcRpRr + jωrpLrRpRc + RpRcRr

+ωpωcLpLcRr − ωpωrp(LpLr − Mpr
2)Rc + ωcωrp(LcLr − Mcr

2)Rp

Zps1 =
Zm

3

RrRc − jωcLcRr + jωrpLrRc + (LpLr − Mcr2)ωcωrp

Zps2 =
Zm

3

Mpr Mcrωpωrp
, Zcs1 =

Zm
3

Mpr Mcrωrpωc

Zcs2 =
Zm

3

RpRr + jωpLpRr + jωrpLrRp − (LpLr − Mpr2)ωpωrp

Zrs1 =
Zm

3

jωrp Mpr(Rc − jωcLc)
, Zrs2 =

Zm
3

jωrp Mcr(Rp + jωpLp)
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{
Lm

3 = LpLcLr − Lp Mcr
2 − Lc Mpr

2

λ1 = − 1
Tp

− jωp, λ2 = − 1
Tc

+ jωc, λ3 = − 1
Tr

− jωrp

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
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Zp f 0 = −Lm
3λ1λ2λ3

Rr Rc − jωc LcRr + jωrp Lr Rc + (Lp Lr − Mcr2)ωcωrp

Zp f 1 = Lm
3(λ3 − λ1)(λ1 − λ2)
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Zp f 0

Zp f 2 = Lm
3(λ1 − λ2)(λ2 − λ3)

−(Lc Lr − Mcr2)(λ2 − λ1 − λ3) − λ1λ3 Lm3
Zp f 0

Zp f 3 = Lm
3(λ2 − λ3)(λ3 − λ1)

(Lc Lr − Mcr2)(λ3 − λ1 − λ2) − λ1λ2 Lm3
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Zc f 3 = Lm
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−λ3 Mpr Mcr − Mpr Mcr(jωrp − jωc) − λ1λ2 Lm3
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Abstract: This paper is the first part of a two-part series, which presents preliminary findings on a
novel flexible curved wind turbine blade designed for passive control, comparing its aerodynamic
performance and behavior against a conventional straight blade. Characterized by its ability to
twist around its longitudinal axis under bending loads, the flexible curved blade is engineered to
self-regulate in response to varying wind speeds, optimizing power output and enhancing opera-
tional safety. This design utilizes inherent elasticity and specific geometric configurations to develop
torsional loads, resulting in continuous adjustment of the blade’s pitch angle via twist–bend defor-
mation. The study focuses on a comparative analysis conducted in a wind tunnel, testing both a
small-scale model of the conventional blade and the flexible curved blade of equivalent diameter.
Results indicate that the flexible curved blade concept successfully moderates its rotational speed
and power output at higher wind speeds and demonstrates the capability to start generating power
at lower wind speeds and stabilize power effectively, aligning with sustainability goals by potentially
reducing reliance on active control systems. Despite promising outcomes, passive control mecha-
nisms did not activate at the designed wind speeds, revealing a misalignment between expected and
actual performance and underscoring the need for further refinements in blade design and control
settings. Additionally, the power coefficient (Cp) versus tip speed ratio (TSR) comparison showed
that flexible curved blades operate within a lower TSR range and exhibit controlled capping of power
under high wind conditions, marked by a distinctive ‘hook-like’ feature in Cp behavior. This study
confirms the feasibility of designing and manufacturing passively controlled wind turbine blades
tailored to specific performance criteria and underscores the potential of such technology. Future
work, to be detailed in a subsequent paper, will explore further optimizations and the use of Glass
Fiber-Reinforced Polymer (GFPR) composite materials to enhance blade flexibility and performance.

Keywords: passive control; aero elastic tailoring; adaptive blades; curved blades

1. Introduction

1.1. Context and Importance of Renewable Energy

Over the past five years, global energy dynamics have undergone significant turbu-
lence, emphasizing the vital role of renewable energy sources. The energy market has
exhibited remarkable volatility, with major events reshaping both economic and environ-
mental landscapes. For instance, during the COVID-19 pandemic, oil prices dramatically
plummeted into negative territory, exposing the fragility of conventional energy markets to
global disruptions [1]. Similarly, the recent conflict in Ukraine has led to a sharp increase
in gas prices, intensifying strains on the global energy supply chain and underscoring the
geopolitical risks tied to fossil fuel dependence.

In contrast to these fluctuations, renewable energy technologies such as wind and
photovoltaic systems have demonstrated resilience and cost-effectiveness, attributable to
technological advances and economies of scale. The levelized cost of electricity (LCOE)
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from these sources has consistently decreased over the past decade, increasingly aligning
their competitiveness with that of traditional energy sources [2]. Wind energy, in particular,
has achieved significant maturity, characterized by improved turbine efficiencies, larger
capacity installations, and an increase in offshore projects. The rapid expansion of wind
energy projects worldwide signifies a collective movement towards a sustainable and
reliable energy supply.

The escalating impacts of climate change further necessitate the shift towards renew-
able energy, necessitating a reduction in carbon emissions and a pivot to cleaner energy
alternatives. The progress in wind and photovoltaic technology not only presents an
economic opportunity but is also critical for achieving energy security, environmental
sustainability, and global collaboration in addressing climate volatility.

Significantly, global electricity generation is increasingly reliant on renewable sources.
The International Energy Agency (IEA) highlighted that, as of 2013, the European Union
was projected to raise its renewable electricity share from 6.9% in 2011 to 23.1% by 2035 [3].
However, these figures were quickly surpassed, with updates in 2022 showing that by 2015,
the share had already reached 22.8%, and by 2027, it is anticipated to increase to 38.1% [4].
These estimates are corroborated by Eurostat data indicating that by 2020, renewable
energy’s contribution to electricity generation in the EU had already escalated to 39.0% [5].
In the United States, as of October 2023, approximately 10.3% and 3.4% of electricity
production were attributed to wind and solar energy, respectively [6]. The growing reliance
on renewable sources, particularly wind energy, underscores a pivotal shift in energy
strategies globally, setting the stage for a detailed discussion on the advancements and
context of wind energy in the following section.

1.2. Small Wind Energy Converter Systems

The broad adoption of wind energy necessitates a significant reduction in energy pro-
duction costs. This reduction is largely contingent on optimizing the performance of wind
energy converter systems (WECS). A crucial element in making wind energy more attractive
and competitive is minimizing both initial investment and ongoing maintenance costs.

Figure 1 presents the levelized cost of energy (LCOE) for offshore wind turbines,
including substantial contributions from both the turbine itself and its maintenance. These
costs are roughly equivalent, largely due to the logistical challenges and accelerated wear
from the marine environment [7]. This parity is largely due to the logistical challenges of
servicing offshore wind turbines, the monitoring systems costs and the accelerated wear
caused by the salty marine environment.

Ponta [8] asserts that the evolution of wind power relies on overcoming the limitations
of current blade technology. He proposes the adoption of smart, self-controlling blades that
utilize mode coupling to bypass active control systems. This innovation leads to lighter,
simpler turbines that are responsive to changing conditions and could significantly lower
both construction and operational costs.

The philosophy of passive control in wind energy systems is predicated on the tur-
bine’s ability to respond to excitation loads and the blade’s capacity to function as a
feedback mechanism, adapting to operational conditions to meet design criteria. The
primary design objectives include maximizing power yield, minimizing operational loads,
and optimizing control within the WECS. Implementing a passive pitch control philosophy
can drastically reduce blade aerodynamic loads and overall structural stress. Turbines
equipped with passive pitch-controlled blades could potentially eliminate the need for com-
plex, moving parts found in actively controlled variable pitch blades. Instead, these passive
pitch-controlled blades could adjust their geometry in response to aerodynamic loads,
combining the benefits of variable pitch blades—such as responsiveness, maximization of
energy yield, and eventually reduced energy cost—with the simplicity of manufacturing
akin to fixed pitch blades. An additional advantage of passive pitch control blades is their
quicker response time, presenting a viable solution for enhancing the feasibility of small
WECS in particular.
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Figure 1. Sankey diagram depicting LCOE cost share for offshore wind turbines in 2021 (Data
source: [7]).

1.3. Literature Review
1.3.1. Passive Control Concepts

Liebst [9], in 1986, studied the minimization of loads due to wind gusts on a curved
wind turbine blade rotor. They observed that when a gust occurs, the curved wind blade
changes its geometry, significantly reducing the pitch angle and therefore reducing aerody-
namic loads on the blade.

In 1990, Christakis [10] proposed a WECS with sails instead of blades. The sails were
controlled passively with the aid of elastic fibers. He also proposed a 9 m blade designed
for twist–bending coupling.

Serra and Van Schoor [11], in 1995, presented an investigation of a self-regulating
pitch control blade mechanism. The blade pitch results from the equilibrium between the
bending moment of the aerodynamic load and the inverse torque generated by a spring.
The spring was selected so that the blade operates in a range near maximum efficiency.
The self-regulating pitch control blade mechanism exhibited improvements of up to 40%
compared to a reference fixed blade. Serra and Van Schoor validated their mathematical
model via experiments in a wind tunnel.

Eggers et al. [12], in 1996, demonstrated load reductions by linking a pitch control
system to flapwise blade loads using simple integral control. The results indicated the
potential to reduce the root-mean-square (rms) blade bending response to turbulent winds
by about half.

Finally, although a departure from other work presented here for passive control of
wind turbines, Tran, in 2010 [13], presented a methodology that obtained the optimal main
characteristics (geometric and energetic features) of the Permanent Magnet Synchronous
Generator (PMSG) for passive wind turbines, which allowed the design of a system without
active electronic parts (power and control).

1.3.2. Passive Twist Coupled Control Concepts

Infield and Feuchtwang [14] in 1995 and [15] 1999 showed how small turbines can
have improved speed regulation with extension twist coupling. They proposed and tested
a “bend–twist-coupled” blade developed to control the rotor in a runaway scenario. Their
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composite blade was fabricated using a helical layup with layers of glass and carbon fibers.
Measured twist coupling agreed well with predictions, and measured runaway speeds
were actually less than predicted.

Lobitz and Veers [16], in 1996, studied the effects of twist–bend coupling on the annual
energy production of a nominally 26 m diameter stall regulated HAWT. Using the generic
utility-sized rotor as a test case, two blade twist configurations in conjunction with three
twisting schedules were investigated to determine the benefits of blades that twist towards
stall with applied loading. In all cases, the annual energy was increased by 10-15% for a
maximum blade twist of two degrees and 5–7% for a one-degree maximum twist. In 1998,
Lobitz and Veers [17] studied the stability effects of coupled rotors and addressed two of
the most common stability constraints, namely classical flutter and divergence.

Eisler and Veers [18], in 1998, examined the performance gains of adaptive blades that
twist under the action of centrifugal loads installed on a 26 m diameter variable speed rotor.
The ability of bending–twist-coupled blades to attenuate (or exacerbate) cyclic loading
was investigated by Lobitz and Laino [19], in 1999, and Lobitz, Veers, and Laino [20], in
2000, for a 33 m diameter rotor employing three different control strategies: constant speed
stall-controlled, variable speed stall-controlled, and variable speed pitch-controlled. Results
for the constant speed stall-controlled case indicate that twist coupling towards the stall
produces significant increases in fatigue damage, and for a range of wind speeds in the
stall regime, apparent stall flutter behavior is observed.

Christakis and Condaxakis [21,22], in 1998 and 1999, presented a passive pitch regula-
tion flexible blade that constantly changed its geometry under bending. The initial wind
turbine blade tests exhibited good performance in low-turbulence wind.

In 2002, Zuteck [23] conducted a study on a 30 m curved planform wind turbine blade
constructed from a combination of glass and carbon fibers. He introduced the concept of
bend–twist coupling for blades that allowed for passive control of the rotor. This design
enabled the blades to self-adjust their geometry in response to aerodynamic loads. Zuteck
found that decreasing the torsional stiffness was essential for achieving sufficient twisting
of the blade. Furthermore, he suggested that the reduced aerodynamic load could allow
for an increase in rotor diameter, thereby reducing the energy cost.

Continuing this line of research, Larwood and Zuteck [24] in 2006 explored a swept-
blade concept, which was found to enhance energy capture without increasing turbine loads.
Their study compared a 28 m backward-swept radius blade (STAR6) with a conventional
25 m straight–rigid blade rotor. The results indicated that the swept blade rotor achieved a
5–10% increase in energy capture while maintaining the same load envelope.

Building on these findings, researchers at Sandia National Laboratories [25] inves-
tigated the sweep–twist adaptive rotor (STAR) technology. This innovation aimed to
reduce operating loads, thereby facilitating the development of larger, more efficient rotors.
The design incorporated passive blade twisting at the outer sections to limit maximum
rotor thrust. Experimental data showed that a 54 m backward-swept prototype blade,
termed the STAR blade, increased average energy capture by 10–12% compared to a 48 m
straight–rigid–bladed rotor without any increase in blade root bending moments.

M. Masoudi and K. Pope [26] investigated two swept blades with different bend
depths for power enhancement potential of NREL Phase VI rotor via a curved planform
geometry. Fluid–structure interaction analysis was performed at different wind speeds,
and the CFD results were verified using experimental data. The induced elastic twist of
the blade at different sections was reported, and a maximum elastic twist of 0.67◦ was
predicted from a bend depth of 1.5 m for a wind speed of 15 m/s. A blade with a box spar
was developed to investigate the effects of a closed-section spar on the elastic twist. The
study predicts that a blade with a box spar experiences 18% less elastic twists compared to
a blade with an L spar. A 1.89% improvement is estimated due to elastic twist at 10 m/s
wind speed.

Marcus Wiens et al. [27] investigated the effect of bend–twist coupling in the design of
large wind turbine rotors for passive load reduction. Starting from a straight rotor blade of
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the IWT 7.5MW-164, designed without sweep, he proposed a swept rotor blade and a new
control method that exploits bend–twist coupling to mitigate gust effects. The feedforward
of the blade tip twist rate establishes fast gust detection, and the pitch angle can be adjusted
accordingly. The simulations demonstrated that this novel control strategy can lead to a
reduction in maximum loads during gust events. In addition to regular closed-loop pitch
control, the twist rate is used to adjust the collective pitch angle using feedforward control.
Extreme loads for flapwise bending moment can be reduced on average by up to 6%, and
tower acceleration is reduced by 15%.

Jorge Mario Tamayo-Avendaño et al. [28] explored the effects of bend–twist coupling
on the performance of a small wind turbine rotor. He proposes the development of a
small wind turbine blade using appropriate composite material layering to achieve passive
control of the rotor. A comparative numerical analysis with a reference counterpart is
performed using a fluid–structure interaction commercial software, which resulted in a 3%
increase in the annual energy yield due to the bend–twist coupling, used as a passive pitch
mechanism and an increment of 0.2% and 0.3% for the blade root flapwise moment and the
rotor thrust force, respectively, when considering parked conditions.

R. Riva et al. [29] investigated the stability implications of a bend–twist coupling
design for a wind turbine rotor. They perform a comparative stability analysis of a very
large wind turbine, firstly on an isolated blade and then on the complete rotor, where the
bend–twist coupling at the new non-conventional blade is obtained by rotating the fibers
of the spar caps inside the blade. The analysis results show that the bend–twist coupling
has a minor effect on the response of the isolated blade in the case it is dominated by
stall-induced vibrations, and for the complete rotor, the edgewise whirling modes and the
tower side–side mode characteristics are not affected by the bend–twist coupling.

1.3.3. Passive Control Numerical Codes and Algorithms Studies

In 1999 Voutsinas, Belesis and Rados [30], proposed a nonlinear, completely aero
elastic 3D computer code for wind turbines, which is a useful tool for passive pitch control
wind turbine blade studies. Capuzzi in 2015 [31] proposed an aero-elastically tailored blade,
analyzed by using finite element models with structural stability and strength constraints
imposed under realistic load cases.

MacPhee in 2011 [32] presented a methodology for developing a flexible turbine blade
for passive blade pitch control in wind turbines, using a robust and accurate fluid–structure
interaction routine, and introduced two morphing scenarios: one where rigid and flexible
blades are identical when unloaded, and one where they are identical at the stall angle.

Larwood’s paper [33] in 2014 described a parametric study of swept blade design
parameters for a 750 kW machine. The amount of tip sweep had the largest effect on the
energy production and blade loads; other parameters had less impact. The authors then
conducted a design study to implement a swept design on 1.5 MW, 3 MW, and 5 MW
turbines. An aeroelastic code, described in the paper, was developed to model the behavior
and determine the loads of the swept blade. The design’s goal was to increase annual
energy production by 5% over the straight–rigid blade without increasing blade loads.

Xin Shen in 2015 [34] described a multi-objective optimization method for the design
of horizontal axis wind turbines using the lifting surface method as the performance
prediction model. The purpose of the optimization method is to achieve the best trade-off
of the following objectives: maximum annual energy production and minimum blade loads,
including thrust and blade rood flapwise moment. The result shows that the optimization
models can provide more efficient designs.

M.G. Khalafallah [35] presented a CFD simulation methodology of a swept blade
HAWT for a 0.9 m diameter wind turbine model. Four different scenarios were simulated:
a backward sweep, a forward sweep, an upstream sweep, and a downstream sweep blade
compared to a straight–rigid blade. The results show that the downstream swept blades
are able to generate more output power than the straight–rigid blades but with a relatively
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higher axial thrust force. So, the blade deflection and tower clearance should be considered
during the design phase of swept blade rotors.

Chen et al. [36,37], in 2014 and 2016, presented a passive pitch control mechanism
for small horizontal axis wind turbines (HAWT), addressing the challenges of startup at
low wind speeds and safe operation at high wind speeds. They developed a centrifugal
force-based system to adjust the blade’s pitch angle automatically as the wind speed varies,
enhancing turbine performance across different wind conditions. The design, patented by
their laboratory, was validated via wind tunnel experiments, demonstrating its effectiveness
in both high and low wind speed scenarios.

In 2017, Jeh Chu [38] developed a biomimetic horizontal axis wind turbine (HAWT)
blade modeled after the Dryobalanops aromatica seed, utilizing OpenFOAM® for com-
putational fluid dynamics (CFD) analysis. Results indicate that the biomimetic turbine
generates higher torque and demonstrates better self-start capabilities, with a power co-
efficient (CP) of 0.386 at a tip speed ratio (TSR) of 1.5. they reported that it outperforms
conventional blades [39] in low wind conditions and mitigates blade root bending stress
via centrifugal forces.

1.4. Scope

This article aims to present preliminary results from a study on a novel flexible blade
concept aimed to be part of a passively controlled wind turbine rotor system. It emphasizes
the aerodynamic performance and behavior of a flexible wind turbine blade in comparison
with a conventional straight blade. The primary focus is on a flexible blade designed to
self-regulate its performance via intrinsic mechanical responses to varying wind speeds.
This blade is characterized by its ability to twist around its longitudinal axis under bending
loads, an attribute facilitated by its unique elasticity and geometric properties. These
properties allow the blade to adjust its pitch angle dynamically in response to aerodynamic
loads, thus optimizing power output and enhancing operational safety.

The scope of this research includes a detailed comparison of the aerodynamic perfor-
mance of two small-scale model blades—one conventional straight (and relatively rigid)
and one flexible curved—under controlled conditions in a wind tunnel. The performance
metrics compared include rotational velocity, power output, and efficiency across various
wind speeds and braking conditions. This comparison helps to illuminate the distinct
advantages and potential drawbacks of the flexible blade design, particularly its ability to
start generating power at lower wind speeds and to maintain controlled power output at
higher speeds, akin to systems with active control mechanisms.

Furthermore, the study also reports on the alignment—or lack thereof—between
the designed performance characteristics and the actual operational outcomes of the flex-
ible curved blades. The findings indicate a misalignment in the activation of passive
control mechanisms at designated wind speeds, pointing to areas requiring further de-
sign refinement.

The article also sets the stage for subsequent investigations as part of a series, with
future work aiming to build on these findings by exploring advanced material composites
and further optimizing blade design to fully realize the potential of passively controlled
wind turbine blades. This ongoing research is intended to contribute significantly to the
development of more efficient, safer, and economically viable wind energy solutions.

2. Methodology

2.1. Overview

As stated previously, the objective of this study is to present preliminary results from
an innovative passively controlled wind blade concept, highlighting its distinctions from a
traditional rigid system. To achieve this, the paper compares two directly comparable wind
blades: one rigid straight and one flexible curved, both fabricated from isotropic materials
using CNC machining stations. In some instances, the terms ‘rigid’ and ‘straight’, as well
as ‘flexible’ and ‘curved’, may be used interchangeably in the text for the sake of clarity
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and conciseness. The comparisons will focus on the results from power versus wind speed
tests, and from the coefficient of power (Cp) versus wind tip ratio (λ), with the goal of
underscoring the differences between the two designs.

The methodology section of this paper will cover the following areas:

• A brief overview of the key points of the Blade Geometry Algorithm, which will not
be detailed extensively in this paper as it is the subject of another study. This will
include an introduction to the concept and the fundamental steps involved.

• A detailed presentation of the test campaign conducted for all three blades, highlight-
ing experimental setups and findings.

• An explanation of the measurement apparatus and the configuration of the wind
tunnel used during the tests.

2.2. Blade Geometry Algorithm

Figure 2 provides a comparative illustration of the straight and curved blades to
introduce the reader to the flexible curved blade concept. The flexible curved blade can be
conceptually divided into three distinct sections. The first section, mounted on the hub,
constitutes about a quarter of the total blade length and is engineered for high rigidity to
ensure stability at the blade’s root. The second section, making up approximately half of
the blade’s length, is known as the control section. This part is designed and manufactured
to possess the necessary elasticity to facilitate the desired aerodynamic control. The final
quarter of the blade is further optimized for enhanced elasticity, enabling it to respond
swiftly and effectively to rapid changes in wind velocity. This segmentation ensures that
each part of the blade performs optimally under varying operational conditions.

The design of the flexible curved blade utilizes the same aerodynamic cross-sectional
profiles as the straight blade, applied at corresponding radii. However, for each radius,
the profile is offset by specific angles at different radii to introduce significant torsional
deformation without altering the chord length or other basic geometric characteristics. As
a result, despite the curved blade cross-sectional profiles exhibiting eccentricity compared
to the straight blade (which maintains zero eccentricity), they remain tangent to the same
radius. This configuration maintains fundamental aerodynamic properties consistent across
both blade types, while the adjusted eccentricity offset induces a bend–twist coupling when
aerodynamic bending loads are applied to the blade, which affects the torsional response
of the flexible curved blade.

 

Figure 2. Comparison of straight and curved blade concept.

Figure 3 offers a cross-sectional view of the blade perpendicular to the plane of rotation,
enhancing our understanding via two distinct operational scenarios: one at low wind speed
with no rotation (bottom) and another at high wind speed (V2) with rotation (top). In both
depictions, the wind (V1 for low speed and V2 for high speed) is assumed to originate from
the bottom of the image, perpendicular to the plane of rotation, with the velocity of the
cross-sectional profile (ω·R) shown horizontally.

48



Energies 2024, 17, 3049

A B

R o t a t i o n    p l a n e

i V2>>V1Omega*R

W
chorde

Aerodynamic center

Shear center

h
'ec

Lift

V1

Kh

K

Figure 3. A: axis of aerodynamic centers, B: elastic axis, α: pitch angle, α-α’: pitch angle increase due
to elastic deformation, w: bending deformation, ec: elastic–aerodynamic eccentricity.

In the lower section of the figure, the blade remains undeformed under low wind
conditions (V1), resulting in no loading. Conversely, the upper image captures the blade
under higher wind speeds (V2), where the offset between the aerodynamic center and the
shear center induces bend–twist coupling. This coupling modifies the pitch angle of the
blade, illustrating the dynamic response of the blade structure under varying wind forces.

It is crucial to note that the profile of the cross-section is a standard NACA4415. This
profile was chosen because it is well-researched, with documented coefficients of lift (CL)
and drag (CD), although it can be altered to meet specific user requirements. In this context,
what we refer to as a “blade segment” in the paper is essentially a tangential cross-section of
the blade at a specified radius from the center of rotation and follows a specific aerodynamic
profile (e.g., NACA).

As depicted in Figure 3, the resultant wind speed
(→

W =
→
V +

→
ω ×→

R
)

forms an angle

of attack (i) with the chord, which is greater in the high-speed scenario (V2). The pitch
angle difference (α’-α) shown in the upper sketch also varies, leading to both bending (h)
and twisting deformations of the blade. At high wind speeds, the increase in the angle of
attack (i) causes the blade to enter the aerodynamic stall region, highlighting the critical
interplay between blade geometry and operational wind conditions. A challenging aspect
of this design is accurately validating and calculating the eccentricities to ensure that they
meet the design criteria. The design criteria defined for this project are as follows:

- Quick start-up of the blade to ensure rapid response to wind conditions.
- Achievement of nominal velocity at nominal wind speeds (8–10 m/s).
- Maintenance of a stable power yield plateau from nominal speed up to the cut-

off speed.
- Initiation of stalling in the wind blade when wind speeds exceed the cutoff threshold.

This approach ensures that the blade’s performance is optimized across a range of
operational conditions, highlighting the sophisticated interplay between blade geometry
and dynamic wind forces.

Figure 4 provides a comprehensive overview of the curved blade geometry derivation
algorithm and the various steps involved. Initially, a straight–rigid blade is designed using
geometry derived from an aerodynamic code. This code incorporates the Larsen, Frandsen,
Soeresen, and Courtney [40] theoretical framework for aerodynamic behavior modeling.
Additionally, it utilizes enhancements based on Glauert’s theory for airfoils and airscrews
as described in Désiré Le Gouriérès’s “Les Éoliennes” [41], and incorporates aspects of the
Hansen Blade Element Momentum method [42]. The code is not within the scope of this
article and is planned to be presented extensively in another article upon maturity.

The parameters required for the aerodynamic code include the nominal power output,
nominal wind speed, radial distribution of the chord length, and radial distribution of
the pitch angle (with radial distribution referring to variations at different radii). Another
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parameter is the number of segments along the radius, typically set at 10 but adjustable to
enhance algorithm precision. For a straight–rigid blade, aerodynamic loads are primarily
aligned near the blade’s elastic axis across all spanwise sections. The output from this
phase includes the chord length and pitch angle at various radial segments.

The flexible curved blade geometry builds on the straight–rigid blade’s parameters
(chord length and pitch angle) with the additional parameter of eccentricity (usually ex-
pressed in degrees). This eccentricity, which shifts the elastic shear center of the profile,
increases the torsional load due to aerodynamic lift and drag components, leading to more
pronounced torsional rotation. The process begins with an initial eccentricity assumption,
which modifies the profile segments. This adjustment and the corresponding aerodynamic
loads are then input into a finite element code to calculate the bending–torsional defor-
mation along the blade. This deformation, influenced by the blade’s curve and spanwise
loading distribution, alters the pitch angle. The blade is designed to self-adjust and bend
and twist under aerodynamic forces, thereby keeping the pitch angle within an optimal
range for maximum lift across various aerodynamic load conditions, ensuring optimal
energy production over a broad range of wind speeds.

 

Figure 4. Flexible curved blade algorithm overview.

The flexible curved blade geometry has been designed in the Dassault Solidworks CAD
system and optimized the deformation using its Simulation package for structural analysis.
A static analysis was used where aerodynamic loads were imposed on the structure, and
the deformation was measured. In terms of degrees of freedom (dof) in the simulation, the
blade edge attached to the hub is fixed in all dof, while the opposite edge remains entirely
free without any rotational or translational constraints. The load modeling reflects the
dynamic pressure of the wind, adopting an inverse triangular thrust distribution. This
load distribution assumes zero pressure load at the blade root and maximum pressure
load at the tip, which is representative of the typical operational thrust distribution near
rated power.

2.3. Blade Materials and Construction
2.3.1. Blade Material

A very important parameter for the blades is the construction material. High-Density
Polyethylene (HDPE) material was selected because of its mechanical properties (800 N/mm2
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of elastic modulus and 30 N/mm2 of tensile strength). For the construction of the blades, a
two-axis CNC machine was used in order to obtain a solid blade structure with the required
tolerances. After the construction of the blades, a hub was designed and constructed in a
3D printer using ABS material, and afterwards, the rotor was assembled.

2.3.2. Post-Construction Procedure

Upon completion of the rotor construction, several critical post-construction proce-
dures were undertaken to ensure the structural integrity and functionality of the blades.
Initially, the blade surfaces were meticulously sanded to enhance their aerodynamic smooth-
ness, preparing them for further testing.

The blades then underwent static testing where weights, simulating aerodynamic
loads, were applied. This testing was crucial for two primary purposes: measuring the
displacements and angles along the blade to ensure that the empirical data aligned with
the values predicted by our simulation models and confirming the structural strength of
the blades under simulated operational stresses.

The results from these tests confirmed that the behavior of both the straight and
curved blades was consistent with the expectations based on their design specifications.
Furthermore, the method of static control in bending and torsion with distributed loads
was carefully executed to validate the correlation with the simulation models, ensuring
that the physical prototypes behaved under load as anticipated by theoretical analyses.

Finally, after assembly to the hub, the blades were subjected to balance testing on a
horizontal shaft that was free to rotate. This test was essential to detect any preferential
tilting or imbalance in the setup that could potentially affect performance and safety. These
comprehensive post-construction tests are vital to guarantee that the rotor operates safely
and efficiently, bridging the gap between theoretical design and practical application.

2.4. Measurement Campaign
2.4.1. Types of Measurements

Two distinct types of measurements were employed during the testing phase, catego-
rized based on the wind velocity conditions: constant velocity (internally denoted as “RR”)
and increasing velocity (“VV”).

Constant Wind Velocity Test (RR): In the constant wind velocity test, the wind
blade is exposed to a steady wind until the revolutions per minute (rpm) of the blade
stabilize at an equilibrium. Following this stabilization, an external load is gradually
applied to the wind blade shaft, either mechanically (or electrically if the rotor is connected
to a generator). This test format is commonly used to characterize wind energy blade
performance, particularly for calculating the power coefficient (Cp) versus tip speed ratio
(TSR or λ). It is important to note that the magnitude of the load significantly influences
the power coefficient. Specifically, an excessively high load can stall the blade, while an
insufficiently light load may prevent the blade from slowing sufficiently to observe the
desired effects. During these tests, the braking load is gradually increased to a point where
the blade decelerates enough to eventually stop.

Varying/Increasing Velocity Test (VV): Contrastingly, the increasing velocity test is
designed to characterize the performance of the wind blade across a broader range of wind
speeds and may include the application of braking loads. Although not as typical for stan-
dard characterization, these tests are crucial in this context as they highlight the benefits of
the passively controlled wind energy converter system. This approach allows for an assess-
ment of the blade’s adaptability and performance under varying operational conditions.

2.4.2. Measurement Sets and Designation

The measurement campaign for isotropic blades involved testing blades with the
same radius, curved and straight. Table 1 presents the constant velocity measurements
for the isotropic blades. For the flexible curved blade, measurements were systematically
recorded from wind speeds of 5 to 19 m/s at 1 m/s intervals, as per readings from the
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Pitot–Prandtl tube. In contrast, the rigid blade was tested within a narrower range of 6
to 14 m/s, with intervals of 2 m/s. A critical consideration for not testing the straight
blade at higher wind speeds is related to the methodology of the constant velocity tests,
which necessitates allowing the blade to stabilize at an equilibrium rpm before applying a
brake. Without a control system, the rigid blade can reach dangerously high rpms, posing
a risk of damaging the testing setup—indeed, such damage has occurred during testing.
Consequently, it was decided to limit the wind speed to safer, lower rpms for the rigid
blade. Notably, the flexible curved blade did not exhibit this problem, underscoring one of
the key advantages of its design highlighted in this study.

A final note regarding Table 1 is that because of the high number of constant velocity
measurements, in order to avoid duplication, it was thought better to use the dataset name
and suffix the velocity, e.g., for measurement at 5 m/s of the isotropic curved blade to use
the designation “ISO.Curved.RR.05.y” (where y denotes the repletion, if any).

Table 1. Test parameters for isotropic wind blade RR measurements.

Dataset Name Blade Type Radius [m] Wind Speed Velocity Load

ISO.Curved.RR.<xx>.<y> Isotropic curved 0.160 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19 Ramp
ISO.Straight.RR.<xx>.<y> Isotropic straight 0.160 6, 8, 10, 12, 14 Ramp

Table 2 presents the parameters for the measurement datasets for the increasing wind
tunnel velocity test. The main parameter that changed in this is the braking load (the setting
is a value between 0 and 50, with 0 being no brake and 50 the maximum braking). In this
table, the parameters of the test are presented (blade type, radius, type of measurement
and load) and also the wind speed range velocity and the max rpm during testing. It can be
easily observed that the wind speed maximum measurement speed for the straight blade
remained at 16 m/s while the wind velocity for the flexible curved blade was set to 19 m/s.
The reason, as explained earlier, is the characteristic of the flexible curved blade to act
like it has an embedded control system that regulates the power yield and rpm. Another
interesting feature is that the flexible curved blade’s rpm remained below 3000 rpm despite
being exposed to higher wind speeds. Out of the 15 VV measurements, 4 are related to the
flexible curved blade, and the remaining 11 are for the straight blade.

Table 2. Test parameters for isotropic wind blade VV measurements.

Dataset
Name

Exp.
UID

Blade Type Radius [m] Type of Meas. Load
Wind Speed

Velocity Range
Max rpm

during Test

VV. 0907.23 23 straight 0.16 VV 15 6–15 6300
VV. 0907.24 24 straight 0.16 VV 15 6–15 6300
VV. 0908.25 25 straight 0.16 VV 15 6–15 6400
VV. 0908.26 26 straight 0.16 VV 0 6–15 6900
VV. 0908.27 27 straight 0.16 VV 0 5–15 6700
VV. 0908.28 28 straight 0.16 VV 0 7–15 6700
VV. 0908.29 29 straight 0.16 VV 15 6–15 6300
VV. 0908.30 30 straight 0.16 VV 15 6–15 6200
VV. 0908.31 31 curved 0.16 VV 0 4–19 2900
VV. 0908.32 32 straight 0.16 VV 0 6–15 6900
VV. 0908.33 33 curved 0.16 VV 20 12–19 2800
VV. 0908.34 34 straight 0.16 VV 20 9–15 6300
VV. 0908.35 35 curved 0.16 VV 20 10–19 2800
VV. 0908.36 36 curved 0.16 VV 30 15–19 2700
VV. 0908.37 37 straight 0.16 VV 30 12–15 5800

2.5. Experimental Apparatus

The rotor tests were conducted in the Wind Energy Lab’s 600 × 600 mm Wind Tunnel
at the Hellenic Mediterranean University. The testing apparatus was equipped to measure
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various parameters such as wind speed, rotor thrust (T), rotor torque (Q), and rotor speed
(N), as illustrated in Figure 5. Table 3 presents the measurement devices, the model names
and the manufacturing companies.

Table 3. Measurement devices.

Measurement Device Model Name Company, Country

Wind speed Pitot differential pressure transducer HD408T Delta Ohm (now Senseca), Italy
Torque Rotating Torquemeter No DR2112L SCAIME, France

Rotational Velocity Rotating Torquemeter No DR2112L SCAIME, France
Drag Load Cell model No SP4MC6MR HBM (now HBK), Germany
DAQ Multifunction Data Acquisition card NI-USB-6353 National Instruments, USA

Wind speed at the tunnel outlet was recorded using a Pitot–Prandtl tube coupled with a
Delta Ohm HD408T differential pressure transducer (Senseca, Italy). To ensure accuracy, the
Pitot–Prandtl system was calibrated against an externally calibrated hotwire anemometer.

The rotor’s axis was connected to a SCAIME DR2112L Rotating Torquemeter (France),
which provided measurements for torque and revolutions per minute (rpm). Thrust (or
drag) was measured using an HBM SP4MC6MR load cell (Germany) interfaced with an
ADAM 3016 (Advantech Taiwan) isolated strain gauge input module.

Additionally, a small mechanical brake, activated by a spring-loaded actuator driven
by a multiturn servo rotor connected to a screw, was employed to control the braking of
the rotor. While the rotor rotates the screw, the spring is loaded. Thus, a relatively constant
force is applied to the mechanical brake. One of the shortcomings of this configuration—
which is presented in Figure 5—is that the numerical value of the brake setting does not
correspond linearly to a braking force.

 

Figure 5. Test configuration with the flexible curved blade.

Data acquisition was handled by a National Instruments NI-USB-6353 card, utilizing
the LabVIEW 2014 Development System for setup. A custom LabVIEW application was
developed to capture all relevant signals at a sampling rate of 1000 Hz for each channel.
These channels included measurements for two wind speeds: drag, torque, and rpm. Data
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from each channel was segmented into 0.1-s intervals, with recorded values representing
the average across each interval.

To ensure accuracy, each measurement device underwent annual calibration. The
calibration procedures involved the following:

- An externally calibrated hotwire anemometer for wind speeds (already mentioned before).
- Known weights for calibrating the load cell used for measuring drag.
- Standard weights for torque calibration.
- A tachometer to verify the rpm measurements.

3. Results for Isotropic Blades

3.1. Geometry for Isotropic Blades

Table 4 presents the geometrical characteristics of the straight isotropic blade and the
curved isotropic blade. As mentioned before, the difference lies only in the eccentricity
angle, which offsets the elastic axis. Another comment is that for this particular setup, the
first two segments correspond to radii, which are technically part of the rotor hub (not part
of the actual aerodynamic blade).

Table 4. Geometric characteristics of a straight blade and the eccentricity of the curved isotropic blade.

Seg. No
Radius

[m]
Chord

[m]
Pitch Angle

[deg]
Eccentricity

[deg]

1 0.016 0.0238 27.095 0.00
2 0.032 0.0242 19.599 0.00
3 0.048 0.0227 14.057 2.51
4 0.064 0.0202 10.436 8.71
5 0.080 0.0177 8.009 17.22
6 0.096 0.0156 6.310 25.11
7 0.112 0.0138 5.073 32.37
8 0.128 0.0123 4.141 37.44
9 0.144 0.0111 3.418 40.73

10 0.160 0.0101 2.846 42.18

The curved blade geometry is presented in Figure 6, and it is expected to develop a
twist of 8 degrees at the tip under a wind speed of 12 m/s.

 

Figure 6. Eccentricity at each section of a flexible curved blade.

3.2. Straight Blade Isotropic Material
3.2.1. Straight Blade Measurements with Increasing Velocity

Figure 7 features an automated plot summary from a measurement session with
increasing velocity utilized for preliminary data validation. The first plot at the top displays
wind tunnel velocity, as measured by the Pitot–Prandtl Tube, which ranged from 6 to

54



Energies 2024, 17, 3049

15 m/s throughout this particular test. The second graph illustrates two variables over
time: revolutions per minute (rpm), shown in blue on the primary axis, and mechanical
power in red on the secondary axis. In this test, rpm starts to increase once a specific
velocity threshold is reached, with mechanical power consistently rising for the straight
blade. The third graph offers a detailed view by plotting each power data point against the
corresponding wind speeds measured by the Pitot–Prandtl tube, providing insights into
the blade’s mechanical performance. The final graph in the sequence presents the power
coefficient (Cp) against the calculated tip speed ratio (TSR) derived from the Pitot–Prandtl
measurements. The maximum TSR observed is between 7 and 8, which is consistent with
established practices in wind blade performance.

Figure 7. Example of automated plot summary for exp_id 26 (straight blade—isotropic material—VV
type—brake setting: 15).
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Figure 8 presents mechanical power measurement against the wind speed velocity
from all increasing velocity tests of the straight blade, with data points color-coded by brake
setting and distinct shapes representing different experiment IDs. The plot demonstrates
good repeatability among tests with identical brake settings, underscoring the consistency
of the experimental setup. Notably, experiments with higher brake settings commence at
elevated wind speeds; for instance, a brake setting of 30 corresponds to starting velocities
above 12 m/s. This pattern suggests that the blade requires some time to initiate rotation
under higher load conditions. Additionally, as anticipated, the straight blade’s perfor-
mance increases monotonically with the wind speed, reflecting its predictable operational
characteristics under varying aerodynamic loads.

Figure 8. Mechanical power of straight blade vs. the wind speed (with and without brake) for tests
with increasing wind speed.

Figure 9 illustrates the power coefficient (Cp) versus tip speed ratio (TSR) for all
increasing velocity tests of the straight blade. Data points are color-coded by brake setting,
with distinct shapes representing different experiment UIDs. The plot demonstrates good
repeatability among tests with identical brake settings, highlighting the consistency of the
experimental setup. Notably, experiments with higher brake settings tend to exhibit higher
maximum power coefficients. This observation underscores the impact of mechanical
loading on the turbine’s output, suggesting the presence of an optimal loading for each con-
dition, analogous to Maximum Power Point Tracking (MPPT) used in solar energy systems.
This concept is similar to impedance matching in electrical engineering, where optimal
power transfer is achieved by matching the ‘impedance’—in this case, the aerodynamic
load on the turbine blades—to the mechanical resistance provided by the generator and
braking systems. Such matching ensures that the turbine operates efficiently under varying
wind conditions and load settings. It is important to note that the authors acknowledge that
the measurements are not at the optimal brake setting to ensure optimal power coefficient
(CP) (it was beyond the scope of this study).
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Figure 9. Coefficient of power with respect to tip speed ratio for straight blade measurements.

3.2.2. Straight Blade Measurements with Constant Velocity

Figure 10 showcases an automated plot summary from a constant velocity test on a
straight blade, complemented by the application of a load, primarily serving for preliminary
data validation and offering insights into test parameters. The first plot at the top records
the wind tunnel velocity as measured by the Pitot–Prandtl Tube, maintaining a narrow
range between 9.875 and 10.050 m/s throughout this test. The second graph displays
revolutions per minute (rpm) in blue on the primary axis and mechanical power in red on
the secondary axis. Initially, both rpm and power remain constant until approximately 15 s
into the test, when the mechanical brake engages, increasing the torque on the rotor shaft,
thereby elevating the power. Subsequently, as the rotational velocity begins to decline, it
causes a corresponding decrease in power.

Figure 10. Cont.
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Figure 10. Example of automated plot summary for exp_id 20 (straight blade—isotropic material—RR
type—10 m/s).

The third graph, plotting each power data point against the corresponding wind
speeds measured by the Pitot–Prandtl tube, turns out to be less informative for this par-
ticular test due to the minor, stochastic variations in wind speed, rendering this data
visualization not very useful. This is common with all constant velocity (RR) tests in
this work.

The final graph in the sequence illustrates the power coefficient (Cp) against the
calculated tip speed ratio (TSR) based on the Pitot–Prandtl measurements. The maxi-
mum TSR observed falls between 7 and 8, aligning with established norms for wind
blade performance.

Figure 11 illustrates the power coefficient (Cp) versus tip speed ratio (TSR) for all
constant velocity tests of the straight blade. Data points are color-coded by nominal velocity.
Notably, experiments with higher nominal velocities tend to exhibit higher maximum
power coefficients suggesting that the blade is operating better at those velocities.

Figure 11. Power coefficient vs. tip speed ratio for different velocities of the straight blade.
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3.3. Flexible Curved Blade: Isotropic Material
3.3.1. Flexible Curved Blade Measurements with Increasing Velocity

Figure 12 presents an automated plot summary from a flexible curved blade measure-
ment with increasing velocity, serving as a tool for preliminary data validation. The first
graph at the top displays wind tunnel velocity, measured by the Pitot–Prandtl Tube, which
varied from 5 to 18 m/s during this test. The second graph tracks two variables over time:
revolutions per minute (rpm), shown in blue on the primary axis, and mechanical power,
depicted in red on the secondary axis. The rpm begins to increase at 5 m/s and continues
rising until 15 m/s. Correspondingly, the mechanical power, calculated as the product
of mechanical torque and angular velocity, also increases in tandem with the rpm. The
constancy of the mechanical power suggests that the torque remains stable as both rpm
and power plateau.

Figure 12. Example of automated plot summary for experiment id 31 (flexible curved blade—isotropic
material—VV type—brake setting: 0).
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The third graph provides a detailed analysis by plotting each power data point against
the corresponding wind speeds measured by the Pitot–Prandtl tube, offering insights into
the blade’s mechanical performance. Notably, beyond 15 m/s, the mechanical power
appears to plateau, indicating activation of the passive control features of the flexible
curved blade concept.

The final graph illustrates the power coefficient (Cp) against the calculated tip speed
ratio (TSR) based on Pitot–Prandtl measurements. This graph reveals several key aspects:
the TSR remains below 3, significantly lower than the optimal TSR. The shape of the Cp
curve initially increases with TSR, reaching a peak, and then decreases, reminiscent of the
straight blade’s performance profile. However, it uniquely features a ‘hook-like’ tail beyond
15 m/s, marking the onset of control mechanisms that moderate the blade’s response to
higher wind speeds.

Figure 13 presents mechanical power measurement against the wind speed velocity
from all increasing velocity tests of the flexible curved blade, with data points color-coded
by brake setting and distinct shapes representing different experiment IDs. In a similar
manner to the straight blade, in experiments with higher brake settings, the rotation of the
blade commenced at elevated wind speeds; for instance, a brake setting of 30 corresponds
to starting velocities above 16 m/s. This pattern suggests that the blade requires some time
to initiate rotation under higher load conditions. Finally, although for no braking, the blade
shows that there is a power plateau at high speeds, the settings with higher brake settings
do not exhibit this behavior.

Figure 13. Mechanical power of curved blade vs. the wind speed (with and without brake) with
increasing speed.

Figure 14 presents the rotational velocity (measured in rpm) of the flexible curved
blade vs. the wind speed. This plot is presented to discuss a finding in Figure 13, which
showed that for higher brake settings, the power increased monotonically. This plot shows
that the rpm of the flexible curved blade at different settings seems to converge to 3000 rpm.
This shows that the wind blade does not increase the rpm uncontrollably but is able to
obtain higher Torque values. In the discussion stage, this will be contrasted more widely.
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Figure 14. Flexible blade’s rotational velocity of blade vs. the wind speed during the test (with and
without brake).

Figure 15 illustrates the power coefficient (Cp) versus tip speed ratio (TSR) for all
increasing velocity tests of the flexible curved blade. Data points are color-coded by
brake setting and marked with distinct shapes to represent different experiment UIDs.
Notably, experiments with higher brake settings generally exhibit lower maximum power
coefficients, although these maximum values appear to converge quickly. This behavior
starkly contrasts with that observed in straight blade measurements. Additionally, a hook-
like feature is consistently present across all flexible curved data measurements. The lower
Cp values are attributed to the control features of the wind turbine blade. Despite higher
wind speeds providing potentially more energy, the blade’s design and control mechanisms
result in it harnessing less energy than possible, leading to lower observed Cp values.

Figure 15. Coefficient of power with respect to tip speed ratio for flexible curved blade measurements.
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3.3.2. Flexible Curved Blade Measurements with Constant Velocity

Figure 16 presents an automated plot summary from a measurement used for prelimi-
nary data validation, featuring four plots. The first plot displays the wind tunnel velocity
from the Pitot–Prandtl Tube, consistently around 10 m/s, a benchmark value for this test.
The second graph shows the rpm on the primary axis and the mechanical power on the
secondary axis. As the brake increasingly engages, rpm begins to drop, while mechanical
power rises until reaching a critical point where both power and rpm start to decline. The
third graph, plotting each data point against different wind speeds, is similar to the straight
blade’s tests and provides limited informative value due to the small range of wind speeds.
The final graph depicts the power coefficient (Cp) against the calculated tip speed ratio
(TSR), showing a TSR range from 0 to 3. This range is significantly different from that of
the rigid blade and will be discussed further in subsequent sections.

Figure 16. Example of automated plot summary for exp_id 7 (flexible curved blade—isotropic
material -RR type—10 m/s).
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Figure 17 illustrates the power coefficient (Cp) versus tip speed ratio (TSR) for all
constant velocity tests of the flexible curved blade, with data points color-coded by nominal
velocity. Contrary to the behavior observed in straight blades, experiments with higher
nominal velocities, in this case, tend to show lower maximum power coefficients. This
suggests that the flexible curved blade extracts less energy from the wind at these higher
speeds. However, this reduced energy extraction can be attributed to the passive control
features inherent in the flexible curved blade’s design, which adjusts the blade’s response
dynamically to maintain structural integrity and operational efficiency under varying
wind conditions.

Figure 17. Power coefficient vs. tip speed ratio for different velocities of the flexible curved blade.

It is important to note that a rigid blade in a wind turbine would also show a similar
reduction in performance. This can be easily observed in the power curve of any commercial
wind turbine: power output increases up to the nominal power at the nominal wind speed,
beyond which the power remains flat and constant and then drops off at the cutoff speed.
Therefore, although the flexible curved blade may extract less energy when tested in
isolation, as part of a functional wind energy conversion system (WECS), it would result in
comparable overall production levels to the rigid blade.”

4. Discussion

4.1. Self-Regulation of Wind Turbine Blade

In this part of the article, the performance of the flexible curved wind turbine blade is
discussed, and more specifically the passive control traits. A conventional straight blade
made from a similar material with the same diameter and cross-sectional profiles, is used
as a reference for the comparison.

4.1.1. Rotational Velocity

Figure 18 provides a comparative illustration of the rotational velocity against wind
speed for straight and curved blades in different subgraphs, with the data points color-
coded by brake settings. To facilitate direct comparison, the axes of the subgraphs are
uniformly scaled. A notable observation is that the flexible curved blade exhibits a consis-
tent maximum rotational velocity of 3000 rpm across all brake settings when wind speeds
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exceed 18 m/s, significantly lower than the straight blade, which accelerates more rapidly,
reaching and often surpassing 5000 rpm at just 15 m/s.

The relationship between wind speed and rotational velocity reveals notable dif-
ferences between blade types. For the straight blade, this relationship is almost linear,
indicating a steady increase in rpm with wind speed. In contrast, the flexible curved
blade demonstrates a marked non-linearity, displaying an asymptotic behavior where the
rpm approaches 3000 rpm irrespective of the brake setting. This suggests that the flexible
curved blade design effectively achieves self-regulation, maintaining a controlled rotational
velocity despite increasing wind speeds.

Figure 18. Comparison of Rpm vs. wind speed for different blade types and brake settings.

Figure 19 zooms in on this phenomenon by presenting a direct comparison of the ‘no
brake’ settings, with an adjusted aspect ratio favoring the y-axis to highlight the behavior of
the flexible curved blade more clearly. This figure substantiates the previous observations
by illustrating that up to 15 m/s, the rpm increases linearly. Beyond this point, the
passive control mechanisms activate, asymptotically stabilizing the rpm at 3000, effectively
modulating the rotational acceleration as wind speed continues to increase.

An additional yet significant observation from Figure 19 is that the passive control
of the flexible curved blade activates at higher wind speeds than initially designed. This
delayed activation suggests that while the blade does achieve self-regulation, the onset of
passive control mechanisms does not align perfectly with the intended design parameters,
indicating that the design objectives were not fully met.
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Figure 19. Comparison of Rpm vs. wind speed for different blade types for the case of no brake.

4.1.2. Power vs. Wind Speed

Similar effects are observed in the case of power versus wind speed. Figure 20 pro-
vides a comparative illustration of the mechanical power (obtained by torque multiplied
by angular velocity) against wind speed for straight and flexible curved blades in different
subgraphs, with the data points color-coded by brake settings. To facilitate direct compari-
son, the axes of the subgraphs are uniformly scaled. The data in the figure are from the
tests with gradually increasing velocity.

A notable observation is that the flexible curved blade exhibits significantly lower
mechanical power values compared to the straight blade. Additionally, the rate at which
the power climbs with increasing wind speed is significantly greater.

Figure 21 provides a detailed examination of the ‘no brake’ settings by employing a
log10 scale on the y-axis, which represents the logarithm of mechanical power, to accentuate
the pronounced differences in behavior between the straight and flexible curved blades.
An initial observation is that the flexible curved blade commences power production at a
lower wind speed of 4.5 m/s, compared to 6 m/s for the straight blade, thus demonstrating
an enhanced capability to generate energy at lower wind velocities.
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Figure 20. Power vs. wind speed for a passive controlled rotor.

Figure 21. Log scale of power vs. wind speed comparison between a curved and straight blade, with
no brake.
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During the initial phase, both blades demonstrate an increase in power output with
rising wind speeds. However, on the log scale, the straight blade exhibits a linear relation-
ship between 8 m/s and 15 m/s, suggesting that its power output is proportional to the
power of velocity. In contrast, the flexible curved blade shows an initial increase in power
between 6 m/s and 16 m/s, but the rate of increase diminishes with higher wind speeds, as
observed in the log scale. This behavior indicates an early onset of self-regulation in power
harvesting. At higher speeds above 16 m/s, the power output of the flexible curved blade
stabilizes, remaining constant and effectively demonstrating the passive control capabilities
of this blade design.

Additionally, a critical observation from Figure 21 (and is consistent with the findings
for the rotational velocity from Figure 19) is that the maximum power yield does not occur
at the intended velocities of between 8 and 10 m/s but at significantly higher velocities.
This indicates that while passive control is present and operational to a degree in the flexible
curved blade, it may not be optimally effective, as the power regulation does not align with
the designed target velocities.

4.2. Power Coefficient vs. Tip Speed Ratio

Figure 22 provides a detailed comparison of the power coefficient (Cp) versus tip speed
ratio (TSR) for both straight and curved blades, with each subgraph’s data points color-
coded according to brake settings. This comparison highlights significant performance and
behavioral differences attributable to the curved blade design.

Figure 22. Power coefficient with respect to tip speed ratio for different blade types using the
increasing velocity speed data.

A notable distinction is observed in the range of TSR. The flexible curved blade
operates within a TSR range from 0 to approximately 3, substantially lower than the
straight blade, which ranges up to almost 7—closer to the optimal TSR value. Interestingly,
greater braking settings correlate with narrower TSR ranges for both blade types, as the
mechanical brake impedes startup and restricts the increased rate of rotational speed,
affecting the maximum TSR achievable.

Another key observation concerns the maximum power coefficient values. For cases
without braking, the maximum Cp is nearly double compared to those with braking.
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Intriguingly, increasing the brake setting decreases the Cp for the flexible curved blade,
while the opposite trend is observed for the straight blade, where higher braking values
enhance the Cp. This divergence highlights the passive control mechanism inherent to
the flexible curved blade, which, unlike the straight blade that maximizes power output
with increased wind force, regulates itself to harvest only the nominal power at higher
velocities—similar to an actively pitch-controlled wind turbine.

Regarding the influence of braking on CP, it is critical to recognize that load settings can
significantly affect CP measurements, potentially leading to misleading conclusions if not
properly considered. This is particularly relevant in comparative analyses of blades with
different design goals: a straight blade aimed at maximizing power and a flexible curved
blade designed for safe and controlled power production. Ideally, measurements would
be made using an MPPT inverter [43,44], as a load to align more closely with operational
conditions. However, given the limitations of the current measurement configuration setup
in the Power Synthesis Laboratory, which lacks such a system, the measurement results
should be interpreted qualitatively.

Lastly, a consistent feature in flexible curved blade measurements is a hook-like pattern
observed in Figure 15. This downward-facing hook pattern demonstrates lower CP values
at the same TSR at higher velocities, attributed to the passive control mechanisms of the
flexible curved blade. As wind velocity increases, the rotational velocity remains capped
at 3000 rpm, thus reducing the TSR. Concurrently, the CP decreases because while the
available energy (the denominator) increases, the power output (the numerator) remains
capped by the blade’s control features.

The findings from the analysis of Figure 22 provide insights into the operational
dynamics of straight versus curved blades under various braking conditions. These obser-
vations not only reinforce the claim of passive control in the flexible curved blade concept
but also underscore the necessity for appropriate load settings in power coefficient mea-
surements. The ongoing development of tailored testing systems, including an MPPT
inverter for more accurate load simulation, is crucial for advancing our understanding of
blade performance across different scales. This endeavor will enhance the measurement
capability at the Power Synthesis Laboratory to design blades that optimally balance power
production with dynamic control.

5. Conclusions

This work aimed to present preliminary results on the aerodynamic performance
and behavior of a novel flexible curved wind turbine blade concept in comparison with a
conventional straight blade. The flexible curved blade concept was designed to enhance
operational safety and energy efficiency by incorporating sufficient elasticity to allow for
bend–twist deformation around its longitudinal axis under bending loads. This passive
control mechanism is intended to self-regulate the blade’s response to varying wind speeds,
thereby tailoring its power profile.

The study rigorously examined the performance characteristics of the preliminary
results for these flexible curved blades, utilizing a series of tests to highlight differences in
rotational velocity, power output, and efficiency under varying wind speeds and braking
conditions. Key findings revealed that the flexible curved blades, due to their innovative de-
sign, managed to demonstrate a capping on the maximum rotational speed and mechanical
power output at high speeds compared to the straight blades, which generally displayed
higher operational metrics under similar conditions. Additionally, the flexible curved
blades were able to start generating power at lower wind speeds (flexible curved 4 m/s,
while straight started at 6 m/s) and exhibited a degree of power stabilization (beyond
16 m/s)—traits indicative of the effective passive control integrated into their design.

Despite these advantages, the passive control mechanisms did not activate at the
designed wind speeds (8 to 10 m/s), indicating a misalignment between performance
expectations and actual outcomes. This misalignment suggests areas for further refinement
in the blade’s design and control settings. Moreover, while the flexible curved blades
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maintained a stable power output at higher wind speeds, similar to actively controlled
systems, this capability marks a significant advancement in blade technology, aligning
with sustainability goals by potentially reducing active control systems costs and possibly
mitigating potential turbine damage.

Additionally, the comparison of the Power coefficient (Cp) versus tip speed ratio (TSR)
demonstrated that flexible curved blades operate within a significantly lower TSR range.
Under no braking conditions, their performance at lower TSR was superior, challenging
conventional expectations about blade dynamics under passive control. Additionally, the
flexible curved blade demonstrated a ‘hook-like’ feature in Cp behavior under high wind
conditions (over 16 m/s), which indicated that the flexible curved blades effectively cap
power in a controlled manner.

In conclusion, this study has provided valuable insights into the capabilities and
limitations of flexible curved wind turbine blades and test configurations, affirming the fea-
sibility of designing and manufacturing passively controlled wind turbine blades tailored
for specific performance goal criteria. The flexible curved blade concept, which allows for
self-regulation without the need for electrical or hydraulic control systems, shows promise.
However, further adjustments and optimizations are required to fully realize their potential
and ensure alignment with design specifications. Some of these optimizations will be
explored in more detail in the next article of this series.

Future Work

Building on the insights provided in this study, future research will focus on enhancing
the design, efficiency, and operational reliability of flexible curved wind turbine blades.
Key areas for development include refining design parameters and simulation codes to
align more closely with real-world performance, and materials for improved adaptability
and resilience. Additionally, field testing should be extended to validate the long-term
behavior of these blades under diverse environmental conditions.

Additionally, future studies will explore the scalability and economic viability of these
designs, from small-scale models to potential applications (which is probably a very niche
market), ensuring their commercial feasibility.

A particular emphasis for the Power Synthesis Laboratory will be placed on devel-
oping and adapting testing equipment, such as MPPT inverters or similar, to improve the
accuracy of load simulations and power measurements. These efforts aim to advance our
understanding of wind turbine technology and contribute to the broader field of renewable
energy, supporting the transition towards more sustainable energy systems globally.
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Abstract: This paper is the second in a two-part series presenting preliminary results on a passively
controlled wind turbine rotor system using a flexible curved blade concept. Building on the initial
findings, this segment explores the application of glass-fiber-reinforced polymer (GFRP) composites
with strategically oriented layers to enhance blade flexibility and aerodynamic performance and
ensure operational safety. Previously, we demonstrated that flexible blades fabricated from isotropic
materials with an NACA4415 airfoil profile could self-regulate rotor RPM and power output in
response to aerodynamic loads, offering a glimpse of controlled operational behavior, in contrast to
straight blades of similar material geometry and aerodynamic characteristics. However, they did
not fully meet the design objectives, particularly in achieving nominal power at the intended wind
speeds and in safely halting operation at high wind speeds. The current study employs a GFRP
blade with a simpler, flat geometry due to manufacturing constraints, diverging from traditional
airfoil contours to focus on material behavior under aerodynamic loads. Despite these changes, the
blade exhibited all desired operational characteristics: quick startup, stable power output across
operational wind speeds, and effective shutdown mechanisms at high speeds. This success illustrates
the potential of passively controlled blades designed with appropriately oriented composite layers.
Challenges with load application methods—that were identified in the first installment—were
addressed by adopting a generator connected to a rheostat, offering improved control over load
variations compared to the mechanical brakes used previously. This advancement enabled more
consistent data collection, particularly at lower Tip–Speed Ratio (TSR) values, although real-time
control for maximum power point tracking was still out of reach. These findings not only confirm the
effectiveness of the flexible blade concept but also highlight the need for further refinement in blade
design and testing methodology to optimize performance and ease of manufacturing. Future work
will continue to refine these designs and explore their scalability and economic viability for broader
applications in wind energy technology and in particular to those of small Wind Energy Converter
Systems (WECSs).

Keywords: passive control; aero elastic tailoring; adaptive blades; curved blades

1. Introduction

1.1. Findings from Part A: Isotropic Materials

In the first installment of this two-part series, we introduced a novel concept in wind
turbine technology: a flexible wind turbine blade designed for passive control, aimed at
enhancing aerodynamic performance and operational safety. The flexible blade concept
is particularly suited for small Wind Energy Conversion Systems (WECSs) because their
presence would reduce the cost of an active electromechanical control system [1].

This innovative approach utilizes inherent blade elasticity to allow for bend–twist
deformation around its longitudinal axis under bending loads. This deformation is critical
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for the blade’s ability to self-regulate in response to varying wind conditions, thereby
optimizing its power profile without the need for electrical or hydraulic control systems.

The philosophy of passive control in wind energy systems is based on the turbine’s
ability to respond to excitation loads and the blade’s capacity to function as a feedback
mechanism, adapting to operational conditions to meet design criteria. The primary design
objectives include maximizing power yield, minimizing operational loads, and optimizing
control within the WECS. Implementing a passive pitch control philosophy can drastically
reduce blade aerodynamic loads and overall structural stress. Turbines equipped with
passive pitch-controlled blades could potentially eliminate the need for complex, moving
parts found in actively controlled variable-pitch blades. Instead, these blades adjust their
geometry in response to aerodynamic loads, combining the benefits of variable-pitch
blades—such as responsiveness, maximization of energy yield, and eventually reduced
energy cost—with the simplicity of manufacturing akin to fixed-pitch blades. An additional
advantage of passive pitch control blades is their quicker response time, presenting a viable
solution for enhancing the feasibility of small WECS.

Our initial findings, presented in the first paper, demonstrated several key advantages
of this flexible blade design over conventional straight blades. The study highlighted that
the flexible blades could cap their maximum rotational speed and mechanical power output
at high wind speeds, exhibiting a controlled and sustainable energy production model.
Notably, these blades began generating power at lower wind speeds and maintained a
stable power output even as conditions became less favorable, showcasing their efficiency
and the effectiveness of the passive control mechanisms integrated into the design.

However, the study also uncovered certain challenges. The passive control mecha-
nisms did not activate at the intended wind speeds, revealing a significant gap between
design expectations and actual performance. This misalignment, along with observations
of a ‘hook-like’ feature in the Power Coefficient (Cp) versus Tip–Speed Ratio (TSR) behavior
under high wind conditions, suggested areas for further refinement.

As we move into the second part of this series, our focus will shift to addressing these
challenges through advanced material usage, design optimization, and enhanced testing
procedures. We aim to build on the promising foundation laid by the initial study, refining
our designs and methodologies to fully realize the potential of passive control in wind
turbine blades. This next phase will explore in depth the opportunities from integration of
GFPR-composite-layered orientation to improve blade flexibility and performance.

1.2. Literature Review

The literature on the development of wind turbine blades, particularly those crafted
from fiber-reinforced polymers such as GFRP, highlights a significant focus on enhancing
blade performance through passive control mechanisms. This review underscores the role
of composite layup orientations in achieving desired aerodynamic responses and structural
efficiencies, particularly through the implementation of bend–twist coupling.

Liebst [2] in 1986 pioneered studies in this area by examining the effects of wind gusts
on curved blades. He noted that such blades could autonomously adjust their geometry,
specifically by reducing their pitch angle, thus mitigating aerodynamic loads significantly.
This early work set the stage for further exploration into blades that could passively adapt
to varying wind conditions. Subsequently, Infield and Feuchtwang in 1995 [3] and in
1999 [4] introduced the concept of “stretch–twist coupled” blades, which were designed
to control rotor behavior in runaway scenarios. Their innovative use of a helical layup
incorporating both glass and carbon fibers proved effective, as demonstrated by their
experimental results aligning closely with predictive models.

Furthering this research, Lobitz and Veers [5,6] conducted studies throughout the late
1990s, focusing on how twist–bend coupling could enhance annual energy production and
ensure stability in utility-sized rotors. Their findings revealed that even minor blade twists
could result in significant increases in energy output and provided insights into managing
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common stability issues like flutter and divergence. Similarly, Eisler and Veers [7] examined
adaptive blades on a 26 m diameter variable speed rotor.

The ability of bending twist-coupled blades to attenuate (or exacerbate) the cyclic
loading has been investigated by Lobitz and Laino [8], in 1999, and Lobitz, Veers, and
Laino [9] in 2000 for a 33 m diameter rotor employing three different control strategies:
constant speed stall-controlled, variable speed stall-controlled, and variable speed pitch-
controlled. Results for the constant speed stall-controlled case indicate that twist-coupling
toward stall produces significant increases in fatigue damage, and for a range of wind
speeds in the stall regime apparent stall flutter behavior is observed.

The early 2000s saw continued advancements with researchers like Zuteck [10] ex-
ploring the passive control capabilities of bend–twist coupling in larger blades. His work
emphasized the necessity of reducing torsional stiffness to enable sufficient blade twisting,
suggesting that such designs could also support larger rotor diameters and thus lower en-
ergy costs. This line of inquiry was extended by Larwood and Zuteck [11], who compared
backward-swept blades to traditional designs, finding improvements in energy capture
without additional mechanical strain on the turbine.

Sandia National Laboratories [12] further built on these concepts with their sweep-
twist adaptive rotor (STAR) technology, which aimed to enhance rotor efficiency by incor-
porating passive twisting in blade designs. Their findings demonstrated notable increases
in energy capture without exacerbating blade root bending moments, marking a significant
step forward in rotor design.

Moreover, the research community has persistently explored optimizing composite
ply structures to maximize the mechanical coupling effects. Earlier studies [13,14] and
more recent analyses [15] have investigated optimal configurations of bidirectional layups
that balance structural integrity with dynamic performance. Tsai and Ong [16] specifically
addressed the optimal angular orientation of fibers to maximize bend–twist coupling,
pinpointing a 20-degree orientation relative to the span-wise axis as the most effective for
certain blade cross-sections.

These collective efforts in the literature underscore a continuous strive towards refining
wind turbine blade designs through innovative material use and structural strategies, set-
ting a firm foundation for further advancements in this field. This historical context serves
as a critical backdrop for the current study, which aims to push the boundaries of wind
turbine blade technology by exploring the integration of GFRP in non-traditional blade con-
figurations, assessing their viability and performance in modern wind energy applications.

1.3. Scope

This second installment of our study series delves deeper into the exploration of novel
wind turbine blade designs by examining a curved blade with a rectangular cross-section
made from layered Glass-Fiber-Reinforced Polymer (GFRP) in preferential orientation. This
design is a departure from the first installment, which focused on a curved blade with a
conventional NACA 4415 airfoil cross-section crafted from isotropic materials. The use
of a simple, non-airfoil, rectangular shape cut directly from a sheet of composite material
signifies a shift towards more practical and cost-effective manufacturing processes within a
research laboratory setting.

The decision to utilize a rectangular cross-section arises from the necessity (recognized
from the previous installment) to enhance blade flexibility and is driven by the limitations
of our current simulation tools, which are not yet capable of accurately predicting the
aerodynamic behavior of complex curved shapes with oriented GFRP layers. This simpler
shape allows for investigation of the strategic orientation of GFRP layers without the
need for creating multiple molds for shaping and curing, significantly reducing both the
complexity and the cost of blade production. Such an approach facilitates rapid iterations
and modifications, crucial for advancing blade technology through experimental research.

While adopting a non-airfoil shape inevitably leads to certain performance trade-
offs, such as reduced aerodynamic efficiency and altered lift-to-drag ratios, this study
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primarily focuses on evaluating the mechanical performance of the blade under operational
conditions. We aim to assess whether the increased mechanical flexibility, achieved through
the preferential orientation of GFRP layers, can be tailored in order to meet specific design
goals: achieving a tailored startup at lower wind speeds, maintaining stable power output
between nominal and cutoff speeds, and safely stopping the turbine when wind speeds
exceed operational thresholds.

The overarching goal of this research is to provide preliminary findings on the effec-
tiveness of using layered GFRP composites in enhancing the flexibility of wind turbine
blades. By exploring these non-traditional design and material choices, we hope to offer
insights that could benefit small-scale wind turbines or other applications where the ease
and cost of manufacturing are more critical than maximizing energy output at an affordable
cost. Ultimately, the results from this investigation may open new avenues for future
studies into unconventional blade shapes and materials, potentially broadening the scope
of design strategies in small wind turbine converter systems and supporting the evolution
towards more sustainable and adaptable energy solutions.

2. Methodology

2.1. Overview

In this study, we aim to explore the potential of tailoring the orientation of layered
Glass-Fiber-Reinforced Polymer (GFRP) materials to influence the bend–twist deformation
of a wind turbine blade, thereby tailoring its aerodynamic performance. This paper presents
wind tunnel results for a single curved layered GFRP blade with a rectangular cross-section,
selected as the optimal from a series of specimens. The focus of our analysis is on the power
versus wind speed tests and the Coefficient of Power (Cp) versus Tip–Speed Ratio (λ). The
objectives are threefold: to achieve nominal power output at nominal wind speed, maintain
this output between nominal and cutoff speeds, and halt the blade operation when wind
speeds exceed safe operational thresholds.

To this end, several blade specimens with varying layer counts and dimensions were
fabricated. Of these, we present results from the specimen designated as number 010,
identified as the optimal design based on preliminary tests. This specimen measures
approximately 155 mm in length, and when mounted on the rotor hub—which has a
diameter of approximately 55 mm—the tip’s radius extends to 172.5 mm.

The methodology section of this paper will provide a comprehensive overview of the
experimental approach undertaken to evaluate the aerodynamic performance of the opti-
mized blade. Although a detailed discussion of the Blade Geometry Algorithm is beyond
the scope of this paper, as it will be covered extensively in a subsequent study, we direct
the interested reader to the first part of this series which provides an overview. This will set
the stage for a deeper understanding of the blade design principles under investigation.

Furthermore, we will detail the test campaign executed for these blades, emphasizing
the experimental setups and key findings. This includes a thorough description of the
measurement apparatus and the configuration of the wind tunnel used during the tests.
By presenting these methodologies, this paper aims to provide clear insights into the
experimental procedures and the rationale behind the design choices, supporting the
validity of the results obtained from this innovative study.

2.2. Blade Geometry Algorithm

Figure 1 introduces the core concept by comparing straight and curved blades. The
curved blade is divided into three sections: the root section, the control section, and the
tip section. The root section, which constitutes 25% of the blade length, is engineered
for high rigidity to ensure stability. The control section, making up 50% of the blade
length, is designed for necessary elasticity to facilitate aerodynamic control. The tip section,
comprising the remaining 25% of the blade length, is optimized for enhanced elasticity to
respond quickly to wind changes. This segmentation ensures that each part of the blade
performs optimally under varying operational conditions.
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Figure 1. Eccentricity at each section of an early iteration of the curved blade.

The curved blade uses the same aerodynamic cross-sectional profiles as the straight
blade, but the profiles for the curved blade are offset by specific angles at different radii.
This introduces torsional deformation without altering the chord length or other geomet-
ric characteristics, maintaining consistent aerodynamic properties. The offset induces
bend–twist coupling under aerodynamic loads, affecting the torsional response of the
curved blade.

Part A of this series [17] provided a detailed examination of the aerodynamic behavior
of wind turbine blades under various conditions utilizing the NACA4415 airfoil profile.
It highlighted how blade geometry interacts with wind conditions to achieve specific
aerodynamic responses. For instance, entering aerodynamic stall under high wind speeds
helps prevent damage and maintain efficiency. Key design criteria include quick startup to
respond to changing wind conditions, achieving nominal power output at nominal wind
speeds, maintaining stable power output from nominal to cutoff speeds, and initiating
stalling mechanisms at high wind speeds to prevent damage.

Figure 2 provides an overview of the curved blade geometry derivation algorithm
and the various steps involved. Initially, a straight/rigid blade is designed using geometry
derived from an aerodynamic code. This code incorporates the Larsen, Frandsen, Soeresen,
and Courtney [18] theoretical framework for aerodynamic behavior modeling. Additionally,
it utilizes enhancements based on Glauert’s theory for airfoils and airscrews as described
in Désiré Le Gouriérès’s “Les Éoliennes” [19] and incorporates aspects of the Hansen
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Blade Element Momentum method [20]. Key parameters include nominal power, wind
speed, radial chord length distribution, and pitch angle distribution, with adjustments
possible to enhance algorithm precision. The curved blade geometry builds on these
parameters with the addition of eccentricity, which increases torsional loads and rotations.
The process involves modifying profile segments based on initial eccentricity assumptions,
calculating bending-torsional deformation using finite element analysis, and optimizing
blade geometry in CAD software (Solidworks 2020).

Figure 2. Curved blade design algorithm overview.

Structural analysis in Dassault Solidworks involves fixing the blade edge to the hub,
applying aerodynamic loads, and measuring deformation. The blade edge attached to the
hub is fixed in all degrees of freedom, while the opposite edge remains entirely free, without
any rotational or translational constraints. Load modeling reflects the dynamic pressure of
the wind, adopting an inverse triangular thrust distribution. This load distribution assumes
zero pressure load at the blade root and maximum pressure load at the tip, representative
of typical operational thrust distribution near rated power. The optimization of eccentricity
and chord length is based on experience and expertise. Prototypes are manufactured and
tested, followed by iterative improvements.

For a more detailed presentation of the wind blade design algorithm, the interested
reader should refer to Part A of this series [17].
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2.3. GFRP Blade Materials, Fabrication, and Rotor Assembly

In the development of Glass-Fiber-Reinforced Polymer (GFRP) blades, the design
extends beyond just the curved planform geometry to also include the orientation of
the composite material layers. Given the complexities of constructing a real model with
varying fiber orientations across each section of the blade, a uniform fiber orientation was
adopted across the span of the micro model blade. However, incorporating different angle
orientations throughout the span could potentially provide additional flexibility tailoring.

The fiber orientation is optimized specifically to maximize torsional blade deformation.
As illustrated in Figure 3, the graph demonstrates the relationship between the tip torsional
deformation angle and the blade material layer fiber orientation angle. The fiber orientation
angle is defined as the angle between the elastic axis of the uncurved blade and the
fiber axis.

Figure 3. Torsional deformation angle versus the layer fibers orientation angle.

Figure 3 presents the torsional deformation angle versus the layer fiber orientation
angle. Simulation results indicate that fiber orientation significantly affects torsional defor-
mation. From −90◦ to −70◦, as well as from −20◦ to +25◦ and from 60◦ to 90◦, the torsion
angle at the blade’s extremity decreases as the layer orientation angle increases. Conversely,
from −70◦ to −20◦ and from 25◦ to 60◦, the torsion angle increases with an increase in the
layer orientation angle. This results in two local minima at angles of −70◦ and 25◦ and two
local maxima at angles of −20◦ and approximately 60◦. The global maximum occurs at
a layer orientation angle of −20◦; at this angle, the torsion angle at the blade’s extremity
reaches 4.79◦, correlating with aerodynamic loads at a wind speed of 12 m/s, a finding
consistent with other studies [13,14].

For the construction of the GFRP blades in this study, the blades were fabricated from a
balanced standard E-glass fabric with a warp/weft ratio of 60/40, weighing 202 gr/m2, and
bonded with an epoxy resin. The construction utilized three layers, though it is important
to note that variations in the number of layers can significantly influence both the bending
and torsional behavior of the blades. The layers were oriented at 20◦, which aligns with the
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identified optimal orientation for achieving desired mechanical properties and torsional
responses. This orientation results in the following orthotropic mechanical properties:

Young modulus: Ex = 23.5 GPa, Ey = 18.0 GPa, Ez = 18.0 GPa

Poisson’s ratio : νxy= 0.153, νyz= 0.122, νxz = 0.153

Shear modulus: Gxy = 4.81 GPa, Gyz = 8.02 GPa, Gxz = 4.81 GPa

To complete the rotor assembly, three blades were fabricated and mounted onto
the rotor hub. Due to the manufacturing method—cutting the blades from a sheet of
GFRP—it was not feasible to integrate a non-zero pitch angle directly into the blades
themselves. Consequently, it was determined that the rotor hub would be designed to
incorporate a constant 5-degree pitch angle, thereby ensuring that each blade maintained
the necessary angle throughout its length. This design approach effectively compensated
for the fabrication constraints, allowing for aerodynamic functionality despite the blades’
flat profile.

2.4. Measurement Campaign
2.4.1. Types of Measurements

Two distinct types of measurements were employed during the testing phase, catego-
rized based on the wind velocity conditions: constant velocity (internally denoted as “rr”)
and increasing velocity (“vv”).

Constant Wind Velocity Test: In the constant wind velocity test, the wind blade is
exposed to a steady wind until the revolutions per minute (rpm) of the blade stabilize at an
equilibrium. Following this stabilization, an external load is gradually applied to the wind
blade shaft, either mechanically (or electrically if the rotor is connected to a generator). This
test format is commonly used to characterize wind energy blade performance, particularly
for calculating the Power Coefficient (Cp) versus Tip–Speed Ratio (TSR or λ). It is important
to note that the magnitude of the load significantly influences the Power Coefficient.
Specifically, an excessively high load can stall the blade, while an insufficiently light load
may prevent the blade from slowing sufficiently to observe the desired effects. During
these tests, the braking load is gradually increased to a point where the blade decelerates
enough to eventually stop.

Increasing Velocity Test: Contrastingly, the increasing velocity test is designed to
characterize the performance of the wind blade across a broader range of wind speeds
and may include the application of braking loads. Although not as typical for standard
characterization, these tests are crucial in this context as they highlight the benefits of the
passively controlled wind energy converter system. This approach allows for an assessment
of the blade’s adaptability and performance under varying operational conditions.

2.4.2. Measurement Campaign for GFPR Blades (Curved)

Table 1 outlines the key parameters for the measurements of the curved GFRP blade
under conditions of increasing velocity. This work reports on four different load settings.
Load settings higher than 10 Ohms were excluded from consideration because, under those
conditions, the blade failed to initiate rotation. Each test scenario was conducted with a
single repetition. During these tests, the wind tunnel velocity was manually adjusted by
the operator at a rate of approximately 1 m/s every 10 s, allowing for controlled variations
in wind speed.

Table 2 presents the salient parameters for the measurements conducted under con-
stant velocity and constant load conditions using the curved GFRP blade. The tests spanned
wind speeds from 4 m/s up to and including 24 m/s, in 2 m/s increments. Two distinct
loading methods were employed during these tests.
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Table 1. Test parameters for GFRP wind blade (010) VV measurements.

Experiment ID Resistive Load

58 2
59 4
60 6
62 10

Table 2. Test parameters for GFRP wind blade RR measurements.

Nominal
Wind Tunnel Velocity

Ramp Load
Experiment ID

Step Load
Experiment ID

4 47 66, 80, 106, 132
6 48 67, 81, 108, 134
8 49 68, 82, 110, 136,

10 50 69, 83, 112, 138
12 51 70, 84, 114, 140
14 52 71, 85, 116, 142
16 53 72, 86, 118, 144
18 54 73, 87, 120, 146
20 55 74, 88, 122, 148
22 56 75, 89, 90, 124, 150
24 57 126, 152

The first method involved a ramp load, where the resistive load started at zero and
was continuously adjusted upward. This method is referred to as “ramp load”, and
the corresponding experiment IDs are listed in the second column of the table. The
second method, known as “step load”, involved incrementally increasing arbitrarily the
resistive load in discrete steps and then allowing the rotor hub to stabilize at the new
rpm equilibrium. This step-loading method was favored for repeated measurements as
it provided more consistent and representative data, capturing the rotor’s behavior as it
settled into each new load condition.

2.5. Experimental Apparatus

The testing facility for this series of experiments was conducted at the Hellenic Mediter-
ranean University’s Wind Energy Lab in a 600 × 600 mm wind tunnel, presented in Figure 4,
largely maintaining the setup used in the first part of this series. Despite the similarities
in the papers of this two-part series, notable modifications were introduced to address
limitations observed in the previously employed braking methods.

The wind tunnel facilitated measurements of various parameters, including wind
speed, rotor thrust (T), rotor torque (Q), and rotor speed (N). Table 3 presents manufacturing
companies and models of the Measurement apparatus. Wind speed measurements at the
tunnel outlet were accurately captured using a Pitot–Prandtl tube coupled with a Delta Ohm
HD408T differential pressure transducer, calibrated against an externally calibrated hotwire
anemometer to ensure precision. The rotor’s axis was connected to a SCAIME DR2112L
Rotating Torquemeter, which measured torque and revolutions per minute (rpm). Thrust
(or drag) data were collected via an HBM SP4MC6MR load cell interfaced with an ADAM
3016 isolated strain gauge input module. Data acquisition was managed through a National
Instruments NI-USB-6353 card, using a custom LabVIEW application developed on the
LabVIEW 2014 Development System. This setup allowed data capture at a sampling rate
of 1000 Hz for each channel, including measurements for two wind speeds, drag, torque,
and rpm, with data segmented into 0.1 s intervals and averaged across each interval.
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Figure 4. Wind tunnel at Power Systems Synthesis Laboratory.

Table 3. Measurement Devices.

Measurement Device Model Name/No Company, Country

Wind Speed Static Differential Pressure Transducer HD408T Delta Ohm (Senseca) Padua, Italy
Wind Speed Pitot Differential Pressure Transducer HD408T Delta Ohm (Senseca) Padua, Italy

Torque Rotating Torquemeter DR2112L SCAIME, Haute-Savoie, France
Rotational Velocity Rotating Torquemeter DR2112L SCAIME, Haute-Savoie, France

Drag Load Cell SP4MC6MR HBM (now HBK), Darmstadt, Germany
DAQ Multifunction Data Acquisition Card NI-USB-6353 National Instruments, Austin, TX, USA

A significant change in the setup involved the rotor shaft’s connection to a small
generator, which was linked to a Vishay wirewound rheostat ranging from 0 to 1 k Ohm.
This new configuration served as a load on the generator wires, effectively acting as an
electromagnetic brake. This modification enabled easy adjustments of the braking load
applied to the rotor, facilitating detailed investigations into the generator’s performance
under varied load conditions.

To ensure that our experimental setup remained robust and reliable and the measure-
ments accurate, each measurement device underwent annual calibration. The calibration
procedures involved:

- An externally calibrated hotwire anemometer for wind speeds (already mentioned before).
- Known weights for calibrating the load cell used for measuring drag.
- Standard weights for torque calibration.
- A tachometer to verify the rpm measurements.

3. Results for GFRP Blades

3.1. Geometry for GFRP Blades

Table 4 presents the geometrical characteristics of the GFRP blade (iteration no. 010).
As mentioned before, the design starts from a standard straight blade, and an initial
eccentricity is applied to the aerodynamical centers of the blade. Then, the aerodynamic
loads are applied and a structural analysis is performed in order to determine the torsional
angle. Then, adjustments are made on the blade’s chord length and eccentricity. Note
that the pitch angle that is reported is due to the way it is installed on the rotor (using a
wedge with the appropriate), and also note that the radius of the segments is reported
from the center of the rotor. The geometry adjustments/optimization procedure currently
are human driven using engineering intuition. After several iteration steps (optimization,
manufacturing, and testing), the geometry that was tested is presented in Table 4.

The curved blade geometry is presented in Figure 5 (front view and side view) and
Figure 6 (side view), and it was expected to develop a twist of 8 degrees at the tip under a
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wind speed of 12 m/s. In Figure 6, the eccentricity of the blade and the chord lengths can
be seen.

Figure 5. Curved blades assembled on rotor (number 010): front view (left) and side view (right).

Figure 6. Curved blade geometry (Mk010) with eccentricity details.
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Table 4. Geometric characteristics of GFRP blade 010 (center is the rotor hub center).

Seg. No.
Radius
[mm]

Chord
[mm]

Eccentricity from
Elastic Axis [mm]

Eccentricity from
Rotor Center [deg]

Pitch Angle
[deg]

1 17.25 5
2 34.50 5
3 51.75 45.14 −11.78 −13.2 5
4 69.00 46.38 −14.62 −12.2 5
5 86.25 31.20 −5.61 −3.8 5
6 103.50 22.08 7.09 3.9 5
7 120.75 16.77 21.14 10.1 5
8 138.00 14.00 35.17 14.8 5
9 155.25 12.22 49.37 18.5 5
10 172.50 8.35 62.85 21.4 5

3.2. Increasing Velocity (VV) Measurements
3.2.1. Typical Behavior

Figure 7 presents an automated plot summary from a curved GFRP blade measurement
with increasing velocity, used for preliminary data validation. The top graph displays wind
tunnel velocity, as measured by the Pitot–Prandtl Tube, which varied from 5 to 24 m/s
during this test. The second graph illustrates two variables over time: revolutions per
minute (rpm), represented in blue on the primary axis, and mechanical power, depicted in
red on the secondary axis. The rpms begin to increase abruptly at 5 m/s, reaching nearly
80% of the maximum value, and continues to rise slowly until the cutoff speed at 22 m/s,
where it then drops sharply to zero. Correspondingly, mechanical power, calculated as the
product of mechanical torque and angular velocity, increases in tandem with the rpm. The
constancy of mechanical power between 5 and 22 m/s suggests that the torque remains
approximately stable, as both rpm and power plateau.

The third graph provides a detailed analysis by plotting each power data point against
the corresponding wind speeds measured by the Pitot–Prandtl tube, offering insights into
the blade’s mechanical performance. Notably, this graph shows that beyond 15 m/s, the
mechanical power appears to plateau completely, indicating the activation of the passive
control features of the flexible curved blade concept.

The final graph displays the Power Coefficient (Cp) against the calculated Tip–Speed
Ratio (TSR), derived from wind speed measurements taken by the Pitot–Prandtl tube This
graph reveals that the TSR extends beyond 8, and the Cp curve increases non-linearly,
following a power-law relationship with TSR. Notably, the higher values of TSR are linked
to low wind speeds, arising because the curved GFRP blade starts rotating from rest and
rapidly accelerates to 80% of its maximum rpm within a narrow range of wind speeds,
leading to observable variability at these high TSR values. It is important to acknowledge
that while comparisons of Cp against TSR are typically useful for evaluating different
wind blade designs, the results obtained from this study using a blade with a rectangular
cross-section cannot be quantitatively compared to those from blades with aerodynamically
efficient profiles. Therefore, these plots should be primarily utilized for qualitative analysis.
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Figure 7. Example of automated plot summary for experiment id 58 (curved blade–GFRP material–vv
type–brake resistive load: 4 Ohm).

3.2.2. Power Output Control

Figure 8 displays the mechanical power measurements against wind speed velocity
for all increasing velocity tests of the curved GFRP blades, with data points color-coded by
brake settings (as resistive loads) and distinct shapes representing different experiment IDs.
This figure is pivotal as it illustrates the behavior of the rotor across a range of wind speeds,
providing a crucial assessment of how well the curved blade adheres to the established
design criteria.
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Figure 8. Mechanical power of curved GFRP blade vs. the wind speed (with different load settings).

The graph shows that experiments with higher brake settings result in the commence-
ment of blade rotation at higher wind speeds, which is consistent with observations made
with both straight and curved isotropic rotors in the first part of this series. For example, a
brake setting of 10 correlates with starting velocities above 13 m/s. Notably, once the rotor
starts rotating, a sharp increase in power is typically observed. This behavior indicates that
the rotor equipped with the flexible curved blade concept requires overcoming some initial
inertia under high load conditions but rapidly achieves nominal power (and rpm) levels
once rotation begins, supporting the design criterion for quick startup.

Additionally, the figure demonstrates that with higher brake settings, higher power
outputs are observed, suggesting that the rotor can effectively reach and maintain its power
output under varying load conditions. Between high speeds, and specifically between the
nominal and the cutoff speeds, power output ranges from 70% to 100% of the maximum
recorded, indicating that the blade’s power output remains stable and predictable, meeting
another key design criterion.

A critical observation related to safety is how the blade behaves at cutoff speeds.
The graph indicates that beyond certain wind speed thresholds, the rotor’s rpm decrease
sharply, demonstrating the curved GFRP blade’s ability to halt operation under excessive
wind conditions to prevent structural damage, thus fulfilling the design criterion for
initiating stalling mechanisms at safe operational thresholds. Additionally, it is observed
that the cutoff speed increases with decreasing load, likely due to the lower torque values
developed by the blade under these conditions.

Overall, Figure 8 is essential for verifying the curved GFRP blade’s performance
against design expectations, demonstrating its capability to respond effectively to varying
wind conditions, manage power output efficiently, and ensure operational safety through
appropriate stalling mechanisms.
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3.2.3. Rotational Velocity Control

Figure 9 presents the rotational velocity (measured in rpm) of the curved blade against
wind speed. This plot demonstrates that the rpm of the curved GFRP blade follow a
consistent pattern across all brake settings, with only minor reductions in maximum rpm
as the brake load increases, slightly altering the startup and stopping behaviors.

Figure 9. Rotation velocity of blade vs. the wind speed during test (with and without brake).

More specifically, for brake settings ranging from 2 to 8, the rpm increase sharply
between wind speeds of 4 and 6 m/s. At the highest brake setting of 10, the rpm do not
begin to increase until the wind speed reaches 13 m/s (which also explains why higher
brake settings were not utilized).

Additionally, the maximum rpm decrease as the brake load decreases, asymptotically
approaching a minimum. This minimum value of maximum rpm is observed at wind
speeds of 8 and 10 m/s.

Overall, this data indicate that the rotor equipped with the curved GFRP blade behaves
in a controlled and predictable manner regarding rpm, regardless of the brake setting
within a certain range of wind speeds. This consistent performance suggests that the
desired control features of a WECS can be effectively achieved through the curved GFRP
blade design.

Figure 10 depicts the Power Coefficient (Cp) versus Tip–Speed Ratio (TSR) for all
increasing velocity tests of the curved blade across different brake settings. Data points are
color-coded by brake setting and are differentiated by distinct shapes representing various
experiment UIDs. While all brake settings exhibit a trend of increasing Cp with increasing
TSR, significant differences are evident among the settings.
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Figure 10. Coefficient of Power with respect to Tip Speed Ratio for curved blade measurements.

Specifically, higher brake settings correspond to lower TSR values and decreased Cp
values. This correlation can be attributed to the rapid increase in rpm during startup,
which achieves a high proportion of the maximum rpm at very low wind speeds. Due to
the rpm increasing quickly within a short timeframe—and thus within a narrow range
of wind speeds—the Tip Speed Ratio, defined as

(
λ = rotational velocity

wind speed

)
, experiences a

fast-changing numerator (which grows to values of 80% of the max rotational velocity) with
a relatively stable denominator (which is in the order of 20% of the maximum wind speed).
Consequently, TSR values are considerably higher compared to those seen in conventional
wind turbines.

Additionally, lower braking settings are associated with higher maximum TSR and Cp
values. This is because, under lower loads, the rotor starts to rotate at lower wind speeds,
enabling a quicker ramp-up in rotational velocity.

It is important to note that the findings from this plot should primarily be interpreted
qualitatively rather than quantitatively. This advisement stems from the fact that such plots
are generally more informative under constant velocity conditions, which will be discussed
in further detail later in the analysis. This context is crucial for understanding the behavior
of the curved blade under variable operational conditions.

In conclusion, the data from this graph further suggest that the curved GFRP blade
concept being tested exhibits performance characteristics similar to those found in Wind
Energy Conversion Systems (WECSs) with active control systems. Specifically, the rotor
equipped with this curved blade design demonstrates a quick startup and maintains
relatively constant rpm across a broad range of wind speeds. These findings underscore the
potential of the curved blade design to effectively mimic the dynamic response and control
typical of actively managed systems, providing a strong foundation for further exploration
and development of this technology.

3.3. Constant Velocity (RR) Measurements
3.3.1. Typical Behavior of Constant Velocity (RR) Measurements

Figures 11 and 12 display two automated plot summaries side by side from constant
velocity (RR) measurements for experiments with IDs 50 and 69. The key distinction
between these plots is that the first graph (exp_id: 50) uses a ramp increase in resistive load,
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while the right graph (exp_id: 69) uses a step increase in resistive load. These plots serve
as tools for preliminary data validation and are used here to underscore the differences in
behavior between ramp load and step load configurations.

Figure 11. Example of automated plot summary for ramp load: exp_id 50 (flexible blade–GFRP
material–rr type–10 m/s–ramp load).
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Figure 12. Example of automated plot summary step load for exp_id 69 (curved blade–GFRP
material–rr type–10 m/s–step load).

Starting from the top plot, both graphs display wind tunnel velocity from the Pitot–
Prandtl tube, which remains around 10 m/s throughout the tests. This velocity shows the
typical variability inherent in this type of testing, with no significant differences between
the two experiments.

The second graph from the top illustrates the rotational velocity (rpm) on the primary
axis and mechanical power on the secondary axis. Here, the impact of the different loading
strategies becomes apparent. In the left graph (ramp load), as the brake load gradually
increases, the rotational velocity begins to drop, while mechanical power rises until it
reaches a critical point where both power and rpm start to decline. In contrast, the right
graph (step load) shows that the mechanical power increases in steps, with rpm exhibiting
a corresponding stepped decrease.

The third graph, which plots each mechanical power data point against different wind
speeds, offers limited informational value due to the narrow range of wind speeds tested.
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The final graph at the bottom of the figure depicts the Power Coefficient (CP) against
the calculated Tip–Speed Ratio (TSR), with both scenarios showing a TSR range from 0 to 3.
In this graph, the differences between the ramp and step methods are more pronounced.
Specifically, in the ramp load scenario, CP values appear to drop from the maximum
towards zero in a less structured manner, whereas in the step load scenario, a pattern
resembling inclined lines is observable. These lines illustrate the “settling” of rpm following
an abrupt step change in the load. This visualization provides clearer insight into the
blade’s response dynamics, particularly demonstrating that while the two methods show
similar results in the latter half of the TSR range (from the maximum Cp value to the
maximum TSR), the step load approach offers more descriptive results in the initial half of
the TSR range.

3.3.2. Power Coefficient vs. Tip–Speed Ratio Plots

Figure 13 shows the Power Coefficient (Cp) versus Tip–Speed Ratio (TSR) for all
constant velocity tests of the curved blade, with data points color-coded by nominal
velocity and grouped by the load type (ramp or step). The black dashed lines are auto-
matically calculated through the Locally Weighted Scatterplot Smoothing (LOWESS) local
regression algorithm.

Figure 13. Power Coefficient vs. Tip–Speed Ratio for different velocities of the curved GFRP blade.
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A significant observation from this figure is the distinct difference between the ramp
and step responses across the TSR range from zero to the maximum value. The step
response, which aligns more closely with expected Cp vs. TSR diagrams, was preferred for
its repeatability and clearer data patterns. Beyond the maximum TSR value, the responses
between the two loading types appear similar. This difference in behavior can be attributed
to the stepped response providing more time for the rotor hub to settle into a new rpm
equilibrium and stabilize, allowing for more reliable data collection. Conversely, in the
ramped load scenario, the rotational velocity decrease is too rapid, resulting in insufficient
data capture.

Another prominent feature is that although the maximum Cp values are low compared
to conventional wind turbine blade designs, they reach appreciably high levels of about
0.2, particularly at lower wind speeds, which is slightly over one-third of the Betz Limit.
The decrease in Cp values with increasing wind speed indicates that less energy is being
harvested relative to the available energy in the wind. This pattern, similar to observations
in previous sections of this work, underscores the curved GFRP blade concept’s ability to
initiate rotor hub rotation early and to control and stabilize power output at a nominal
level. This performance is akin to that of actively pitch-controlled Wind Energy Conversion
Systems (WECSs), suggesting that the curved GFRP blade concept effectively meets the
design criteria. This capability demonstrates the potential of the curved blade design
to function efficiently in variable wind conditions, emulating some advantages of active
control systems while employing passive mechanisms.

3.3.3. Measurement Repeatability

Figure 14 presents displays the Power Coefficient (Cp) versus Tip–Speed Ratio (TSR) for
all experiments at a nominal wind speed of 10 m/s, grouped by load type. This graph gives
crucial insights for the evaluation of the measurement repeatability. The measurements
depicted involve a stepped increase in load, manually adjusted by an operator, which could
potentially introduce variability. Despite these challenges, the graph demonstrates that the
measurements for the stepped load increases display commendable repeatability across
different days, even without a strictly defined protocol. This consistency lends credibility to
the reliability of the results.

Figure 14. Curved GFPR blade’s Power Coefficient vs. Tip–Speed Ratio curve at 10 m/s wind speed
for different measurements.
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When comparing these results to those obtained under ramped load conditions,
the step case typically shows slightly lower Cp values for the same TSR values in the
higher TSR range. However, in the lower TSR value range, due to the greater number of
measurements taken in the step load case, it provides a more detailed depiction of behavior.
This enhanced data collection under step load conditions better illustrates the turbine’s
performance across a broader range of operational scenarios, underscoring the effectiveness
of this measurement approach in capturing the blade performance.

4. Discussion

4.1. General Performance of the GFRP Blade Concept

The performance of the curved, passively controlled GFRP blades developed in this
study under a wide range of wind speeds is presented in Figure 15. Three distinct opera-
tional regions can be observed: (a) Initial (Buildup) Region, (b) the Second (Plateau) Region,
and (c) the Tertiary (Braking) Region.

Figure 15. Experiment ID 58 power output vs. wind speed curve at 10 m/s for the passive rotor with
diameter 345 mm, 3 layers GFRE, with ±1σ confidence intervals.

The Initial (Buildup) Region as depicted in Figure 15 spans from 0 to 4 m/s. The curve
showing power output versus wind speed begins at zero and rises sharply. The minimal
twisting deformations during the early phase are crucial for maximizing torque, which aids
in initiating blade rotation. As the curve approaches nominal wind speeds (around 5 m/s in
this test), there is a noticeable stabilization in power output. This corresponds to the blade’s
design feature where the twisting deformation starts to self-regulate. The gradual change
in pitch, influenced by the material’s elastic properties and blade geometry, modulates the
power effectively, preventing any abrupt spikes or drops in energy production as the blade
transitions to higher operational speeds. This illustrates how the curved GFRP material
and blade design contribute to a controlled and efficient ramp-up in power, aligning with
the design criteria for quick startup and efficient energy capture at nominal speeds.

Second (Plateau) Region: This region extends from the nominal wind velocity (5 m/s)
to near the cutoff wind velocity (20 m/s). Here, the pitch angle adjusts in response to
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increases in wind velocity. As the wind velocity exceeds a desirable level, the pitch angle
decreases to deepen the blade’s entry into the stall region, thereby reducing power yield.
If the power output falls below the nominal level, the pitch angle increases to raise the
incidence angle, allowing the blade to gradually exit the stall region. This mechanism is
designed to maintain a stable, flat power output curve, which can be observed in the figure.

Tertiary (Braking) Region: Beyond the cutoff wind velocity, this region aims to safely
halt the turbine rotation. When the wind velocity exceeds the cutoff threshold, the pitch
angle changes significantly, forcing the blade into a deep stall. This action effectively
reduces the turbine’s rotation until it stops completely. Conversely, if the wind velocity
drops below the cutoff threshold, the pitch angle increases, which raises the incidence angle
and transitions the blade back into the Second (Plateau) Region to optimize power output.

It should be noted that the actual power output values are dependent on the load
setting, as can be seen in Figure 8.

The analysis confirmed that the curved GFRP blade design, despite its simple planar
geometry, successfully met all the established design criteria: quick start-up and rapid
achievement of nominal power, maintenance of stable power output between nominal and
cutoff velocities, and secure shutdown beyond cutoff speeds. This demonstration affirms
the curved concept’s full capability to meet the functional criteria outlined earlier. This
success underscores the viability of designing and manufacturing passively controlled
wind turbine blades that could potentially incorporate all the advantages of active pitch
and stall control systems found in Wind Energy Converter Systems but with the added
benefits of simplicity and cost efficiency inherent in passive systems. While the initial
results are promising, there are several considerations for scaling up, which could affect
the dynamics and forces involved.

4.2. Resistive Load Setup

To address the limitations identified with the mechanical brake system in the initial
study—specifically, its non-linear response characteristics and slow adjustment times
which hindered effective power optimization—this study introduced a new approach
for applying load to the wind turbine rotor. By integrating a generator connected to a
resistive load via a rheostat, we aimed to refine the wind turbine blade testing methodology.
The mechanical brake previously used had settings that did not correspond to measurable
physical quantities that could be adjusted rapidly, making it challenging to track the optimal
power point effectively. The shift to a resistive load was driven by the need for a method
that offered more linear and swiftly adjustable load application. Although this innovative
approach enhanced the clarity of load-response relationships, the setup still encountered
several challenges that affected its capacity to precisely achieve optimal power tracking.

Firstly, the resistive load setup allowed for quick adjustments but did not support
real-time digital control, crucial for tracing optimal power values dynamically as wind
conditions change. This limitation persisted despite the shift from a mechanical braking
system, indicating that further enhancements are necessary to fully capitalize on the
potential of this new method.

The load was applied using two distinct methods: a continuous, gradual increase
(ramp) and discrete, incremental steps (step). The step-wise method proved particularly
effective, as it facilitated more consistent stabilization of the rotor hub’s rotational velocity,
enhancing data reliability, especially at lower Tip–Speed Ratio (TSR) values. This method
also enabled more precise control over experimental conditions, allowing for detailed
performance analysis across a broad operational range.

Despite these advancements, the method of manually adjusting the stepped increases
by an operator introduced potential variability. However, the results demonstrated com-
mendable repeatability across different testing days, which reinforces the reliability of
the findings despite the lack of a strictly defined protocol. Comparatively, the step load
conditions typically showed slightly lower Cp values for the same TSR values in the higher
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TSR range (see Figure 14); however, it offered a richer depiction of behavior in the lower
TSR range due to a greater number of measurements.

Moreover, while the Cp values obtained under ramped load conditions were generally
higher, the clarity and control provided by the step approach made it more favorable for
consistent data collection. This suggests that while the new loading method has significantly
improved the experimental setup, ongoing adjustments and development are required to
optimize this system for real-time power optimization and to further enhance the fidelity
of data collection for wind turbine performance assessments.

5. Conclusions

This paper is the second installment in a two-part series investigating a novel flexible
curved blade concept for wind turbines. In the first part, we fabricated and tested straight
and curved blades with NACA4415 airfoil profiles using isotropic polymeric materials.
Although the curved isotropic blades demonstrated some desirable control characteristics
like fast starting, keeping power output from increasing uncontrollably and ultimately a
power plateau beyond critical wind speeds, they fell short of meeting all design criteria.
Notably, the nominal power was reached well beyond the nominal velocity, and the blades
failed to safely shutdown at or beyond the cutoff velocity. Furthermore, in the first part
of the series, the influence of load settings on power measurements and the mechanical
brake’s inability to track the maximum power point were identified as significant issues.

Building on these findings, this work aimed to explore the potential of adjusting the
GFRP orientation to enhance the blade’s flexibility, tailor its aerodynamic performance,
and meet specific design criteria: quick start-up and rise to nominal power, stable power
output between nominal and cutoff velocities, and safe shutdown beyond cutoff speeds. A
secondary goal was to explore a different measurement setup that might enable optimal
power yield to be obtained at different operating conditions.

To this end, identical GFRP blades with three layers oriented at 20 degrees relative to
the blade’s longitudinal axis were fabricated from flat sheets of resin-impregnated three-
layered GFRP. Each blade measured approximately 155 mm in length and was assembled
onto a rotor hub with a final diameter of 355 mm, set at a fixed pitch angle of 5 degrees.
This setup was then tested in a wind tunnel.

The methodology employed in this study to arrive at the optimal geometry and
layup was labor-intensive and largely intuitive, reflecting the developmental stage of our
simulation tools. The process was iterative, with each test cycle refining the blade design
and setup based on the previous results. These experiences underline the need for further
development of our tools and methods, which will be covered in subsequent publications.

Among various GFRP blades with different geometries and curvatures that were
fabricated and tested, results are reported here for blade number 010. The analysis demon-
strated that the curved GFRP blade design successfully met all the prescribed design
criteria, showcasing that the curved concept is capable of achieving in full the functional
criteria that were reported earlier. This success underscores the feasibility of designing and
manufacturing passively controlled wind turbine blades that could potentially offer all
the benefits of active pitch and stall control Wind Energy Converter Systems but with the
simplicity and cost-efficiency of passive systems.

Despite the positive outcomes, this work primarily involved planar geometry as the
blade was flat, being cut from a GFRP sheet. The achievement of design criteria with this
simple geometry suggests that similar results might be feasible with more aerodynamically
efficient cross-sectional profiles, warranting further investigation.

Moreover, a new approach to load application was explored by connecting the rotor
shaft to a generator and employing a resistive load via a rheostat. This method provided a
clearer and more linear relationship to load application compared to the mechanical brake
used previously. Although this approach facilitated quick load adjustments, it did not
allow (at least in the first iteration of our setup) for real-time digital control necessary for
optimal power point tracking.
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Two methods for applying load were explored in this study: a ramp method, where
load is increased continuously and gradually, and a step method, where load is applied in
discrete increments. Notably, the step-wise method was found to be more effective than the
ramped method. It allowed the rotor hub’s rotational velocity to stabilize more consistently,
which significantly improved data collection, particularly at lower Tip–Speed Ratio (TSR)
values. Finally, the Power Coefficient (CP) values obtained from the ramped approach were
generally slightly higher than those from the step approach.

Future Work

Further work in this study will focus on several key areas to enhance the understand-
ing and application of curved wind turbine blade technology. First, there is a need to
develop and refine the computational code used for designing and simulating the blades.
More detailed presentations of the code will be provided, alongside comparisons between
predicted and actual performance metrics. Consideration will also be given to making the
code open source, which would facilitate broader collaboration and innovation in the field.

The investigation will continue with an emphasis on the flexible curved blade concept
using Glass-Fiber-Reinforced Polymer (GFRP)-oriented materials. Future studies will detail
the manufacturing processes, material orientation techniques, and resultant aerodynamic
performances of these blades. Comprehensive results from these investigations will be
reported to assess the viability and efficiency of the GFRP blades in practical applications.

Another significant aspect of upcoming research will involve a thorough analysis of
the thrust/drag forces and the dynamic loading on both the rotor and the blade. There is
also an imperative to quantify the flutter and dynamic behavior of the blades under various
operational conditions. Although preliminary data are available, detailed studies are
required to fully understand these dynamics and implement necessary design adjustments.

Scaling up the design from laboratory or small-scale models to larger, potentially
commercial-sized applications is another critical area of focus. This scaling will help in
understanding the challenges and adjustments needed for larger turbine implementations.

Additionally, improvements in the experimental setup are planned, particularly
the inclusion of a Maximum Power Point Tracking (MPPT) system. Integrating MPPT
technology will enhance the capability to precisely find the optimal operational condi-
tions for the turbine systems, thereby maximizing efficiency and output under varying
environmental conditions.

Together, these efforts will not only deepen the understanding of flexible wind turbine
blades but also push forward the boundaries of renewable energy technology, making it
more adaptable, efficient, and applicable on a larger scale.
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Abstract: One of the most important and efficient sources of green electricity is catching air currents
through wind turbine technology. Wind power plants are located in areas where the energy potential
of the wind is high but it varies. The time variation of the wind generates fluctuations in the power
produced by the wind farms that is injected into the grid. This elevates, depending on the intensity,
problems of network stability and the need for balancing energy, thus raising both technical and
cost issues. The present paper analyzes the behavior of a wind turbine (WT) over time in varying
wind speed conditions, highlighting that without automation algorithms, a WT is far from the
operation at the maximum power point (MPP). However, even when it is brought to operate at MPP,
there are still significant variations in the power injected into the network. These power variations
can be compensated if the wind system has energy storage facilities for the captured wind. All of
these assumptions are analyzed using improved mathematical models and processed in simulations,
with experimental data used as input from a wind turbine with an installed power of 2.5 [MW] in
operation on the Romanian Black Sea coastal area. Consequently, the paper demonstrates that during
an operation in the optimal area, from an energy perspective, the wind turbine’s maximum power
point requires a storage system for the captured wind energy.

Keywords: wind system; wind turbine; time-varying wind speeds; peak power points and power
gaps; wind energy storage

1. Introduction

Regarding the energy crisis and socio-economic development correlated with climate
change, as well as energy security in a geopolitical context, many countries have initi-
ated the transition from an energy system predominantly dependent on fossil fuels to a
diversified and sustainable energy mix [1], with an increasing share of green energy [2].

The purpose of this paper is to analyze the necessity of installing captured wind
energy storage facilities in wind systems that operate at variable wind speeds over time [3].
This will ensure that the electroenergetic system continues to operate as intended and that
the wind turbine operates at its maximum power point (MPP), at the optimal mechanical
angular speed (MAS), and at the optimal power point. Energy storage systems can be
categorized based on their storage configuration as local, distributed, or centralized [4].
The optimal configuration of the storage systems must be carried out according to different
algorithms so that they ensure the reliability of the system and contribute to the improve-
ment of the use of energy from renewable sources within the energy system [5]. At the
same time, the storage facility must be properly sized [6] so as to cover the energy gaps,
as well as to minimize costs [7]. Storage pumping plants with large storage capacities are
used as storage facilities [8].
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In existing systems, the load on the electric generator (PEG) is adjusted based on the
wind speed value [9,10] and the optimal speed’s dependency on wind speed. The actual
wind speed may be different from the speed measured by the sensor on the nacelle, which
is why different methods are used to determine the actual wind speed value [11]. In all
cases, wind systems must operate optimally from an energy point of view at time-varying
wind speeds [12,13]. The wind turbine (WT) must run at the optimal MAS, ωOPTIM, or
the optimal rotational speed, nOPTIM, in order to accomplish a maximum capture of wind
energy at a given wind speed [14,15]. Thus, the provision of auxiliary services can also
be achieved by regulating the frequency [16]. Due to the significant mechanical inertia of
the wind system, operating the WT at the MPP and at the MAS, ωOPTIM, is a complicated
challenge at time-varying wind speeds [17]. Different control strategies are used with
different types of algorithms, such as PI to control the power output [18] and optimal
operation according to wind speed [19,20]. The adjustment of the electric generator’s load
in accordance with the wind speed, v, is the basis for having the WT operating at the ideal
mechanical angular speed and the MPP [12].

The function PWT(ω), which represents the WT power characteristic, reaches its maxi-
mum MPP at the optimum mechanical angular speed (ωOPTIM)—the reference quantity
for the control system [21,22]. When operating at the MPP, the time variation of the wind
speed imposes the time variation of the mechanical angular speed. At optimal energy
control of the wind system, the time variation of the wind speed must be identical to the
time variation of the mechanical angular velocity ω.

Thus, the problems treated in the paper consider the operation of wind turbines at
the MPP at variable wind speeds over time. Major difficulties appear in wind systems
operating at variable wind speeds, while the specialized literature has addressed these
aspects mainly at constant wind speeds. The novelties brought about are: the wind speed
being variable over time means that the MPP operating point is not fixed, and in this sense,
the authors of this article analyze these aspects; the operation at the MPP is achieved by
prescribing the value of the power at the electric generator, and this paper presents the
fact that, at wind speeds increasing over time, the power value at the electric generator
must decrease, and at wind speeds decreasing over time, the power value at the electric
generator must grow.

The main sections of this paper are an overview of the main implemented storage
facilities for wind power, an analysis of the wind and mechanical speeds at the generator,
the MPP of the operating WT on the power curve at variable wind speeds, the determination
of the mathematical model for the WT, the development of an algorithm for determining
power losses, discussion, results, perspectives, and the references used.

2. Maximum Capture of Wind Energy and the Need for Its Storage

Obtaining electricity through the extensive growth of wind systems poses major
obstacles for the electroenergetic system in the sense that [11]:

1. With time-varying wind speeds, the electrical power provided by wind systems in the
national energy system is variable, depending on the wind speed;

2. Due to the high-value equivalent moment of inertia, J, it is necessary to adjust the
power of the electric generator in order to ensure that the mechanical angular speed, ω,
equals the ωOPTIM, in order to achieve an operation of the WT at the maximum power
point and at time-varying wind speeds, in addition to the significantly time-varying
WT power [23,24]:

ω = ωOPTIM = kV·v (1)

At high values of the J and at significant variations in wind speed, as well as at high
values of its derivative, the value of the power at the electric generator can even become
negative, which requires a switch to a motor regime, in which case there are power gaps in
the network.
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3. When a WT operates at its maximum power point, electric power fluctuations are
produced by:

• The power generated by WTs is directly proportional to the cube of the wind
speed;

• Inertial power, PINERTIAL, is dependent on the wind speed and its derivative:

PINERTIAL = J·(dω/dt)·ω = J·(kV)3·(dv/dt)·v (2)

In cases where the variations in the time of the optimal rotational speeds (optimal
mechanical angular speeds) are identical to the variation in the wind speed in time, a
maximum wind energy will be captured.

In the utilization of wind systems, the fluctuation of the power injected into the grid is
a key consideration. From the perspective of the stability of the network, it is desired that
the value of the injected power be as constant as possible [25], even if the value of the wind
speed varies over time, which is an apparently unsolvable contradiction. However, wind
energy storage facilities can be implemented to solve this issue of wind systems.

Two significant valid storage solutions were identified in the specialized literature [26,27]
of the field: storage in batteries and storage in terms of hydraulic power.

In [11], a hydraulic energy storage system is presented, which involves the use of
hydro-towers and an asynchronous generator with a wound rotor. The control of the ω is
accomplished by adjusting the rotor power of the generator. Consequently, the converter
that connects the rotor of the generator to the pumping station operates at a low power
level. The nacelle’s support pillar is constructed in the form of an upper tank, while the
lower tank serves as a reservoir, a lake, or the sea with a significant capacity. The doubly
fed induction generator’s rotor transfers power to the hydraulic storage system through
a permanent magnet synchronous machine, functioning as a motor during pumping and
as a generator when converting hydro energy into electricity. The power flow in the rotor
circuit is two-way. During periods of high wind power, water is pumped from the lake
water source to the hydro tower, where it stores the excess energy. When required, this
stored energy is then released back into the lake or ocean.

In [10], a wind system with synchronous generator and pumped storage is presented
on the Greek island of Ikaria. The hybrid power plant consists of three hydroelectric units
(H1: 1.05 MW, H2-3: 2·1.55 MW) all equipped with Pelton turbines, a pumping station,
8 fixed speed pumps, and 4 variable speed pumps with a variable speed of 0.25 MW each
and a 3·0.9 MW wind farm.

In small standalone systems, frequency and voltage control as well as power sys-
tem stability are difficult problems at significantly time-varying wind speeds. Currently,
the pumping station is controlled to track electricity production, compensating for the
variations in wind power that can disrupt frequency control. The latter is provided by
diesel units, which must be replaced by hydroelectric turbines if a high penetration of
renewable energy sources is desired. However, this introduces significant challenges for
frequency regulation due to the slow response of hydroelectric units, water column inertia,
and wind turbines.

In [8], a classic model of a wind turbine and pumped storage hydropower plant is
presented in Tunisia, where the wind power plant has an installed capacity of 200 MW. It is
stated that a high penetration of energy from wind sources raises the problem of instability
of the Tunisian energy system, caused by the intermittency and fluctuation of wind speed,
which varies significantly over time. This has an impact on the frequency and voltage of
the system. It should, however, be noted that by using wind energy storage facilities, these
deficiencies can be eliminated.

The conducted study assesses the energy efficiency of wind power plants operating
at significant time-varying wind speeds, highlighting solutions based on energy storage
systems to ensure the desired outcome: high energy efficiency—performing at the MPP
and ensuring electrical grid stability.
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The study was carried out at time-varying wind speeds and based on the measure-
ment of three fundamental quantities: wind speed, v, power, PEG, and MAS, ω, at the
electric generator.

In order for the wind turbine to operate in the MPP at variable wind speeds over time,
it is necessary to change the load on the electric generator, depending on the wind speed
value [11].

Capturing maximum wind energy at time-varying wind speeds [28] in harsh weather
conditions that can cause damage to the system [29,30], and in the absence of a storage
system, significantly disrupts the operation of the power system [12], creating instability in
the system.

Considering the problem of storing wind energy at time-varying wind speeds, it
becomes necessary to operate the wind turbine at the point of maximum power and at the
optimal mechanical angular velocity for the following reasons:

• The operation of the electrical system is not affected;
• Compensation for the fluctuations in wind energy is attained at a local or regional

level;
• The discrepancy between the need for grid power and the generation of wind power

has been resolved;
• At the local level, collaborative coordination allows for the planning of electricity

distribution and expansion in isolated systems;
• It is possible to create a flexible electricity source by harnessing short-term kinetic

energy and long-term hydroelectric potential energy.

The authors incorporated the mathematical model of the WT into their simulations in
Scientific WorkPlace 4.0, being confident that it accurately reflects the power output of the
WT, known as the PWT(ω,v) function [31]. Different forms of the WT power characteristics
PWT(ω,v) [32,33] have been documented in several sources.

The most advantageous case is determined by three parameters, specifically a, b, and
c, in the following format [34]:

PWT(ω,v) = ρ·π·Rp
2·Cp(λ)·v3 = a(V/ω − b)·e−c(v/ω)·v3 (3)

where: ρ—air density in the WT operating location, Rp—rotor blade radius, Cp(λ)—power
conversion coefficient, λ = ω·Rp/v.

The determination of parameters a, b, and c is accomplished through the measurement
of several factors, including v, PEG, and MAS at EG n/ω. By carefully measuring and
analyzing these variables, the specific values for a, b, and c can be established. It is
imperative to have a thorough grasp of the mathematical model of the wind turbine (MM-
WT) [35], which is also dependent on its constructive characteristics [36,37], in order to
effectively regulate the system and maintain the turbine’s performance at its maximum
power capacity [38].

Considering the experimental data obtained from the GEWE-B2.5 series, a 2.5 MW
wind turbine (WT) with a rotor diameter of 100 m is used to establish the mathematical
model of the WT (MM-WT). This model takes into account an equivalent inertia moment
(turbine + gearbox + generator) of J = 5372.5 kgm2 and the nominal power obtained at the
generator level, which operates at a rotational speed of 1500 rpm. The WT is currently
operational on the Romanian Black Sea coast [9].

The simulation uses a mathematical representation of the WT, shown in the follow-
ing format:

PTV(ω,v) = 6.5086·105 (v/ω − 1.7488·10−2)·e−41.495(v/ω)·v3 [W] (4)

The PWT(ω,v) is contingent upon the v and the ω. The maximum power output at v is
achieved at ωOPTIM:

ωOPTIM(v) = 24.046·v [rad/s] (5)

100



Energies 2024, 17, 5079

value obtained by canceling the derivative of the power WT:

dPWT(ω,v)/dω = 0 (6)

The wind speed [12] undergoes fluctuations as time progresses, with the wind system
consistently operating within a transient state. These states are assessed through the
equation governing kinetic momentum [15]:

J·dω/dt = MWT − MEG (7)

where: the mechanical angular speed is measured at the shaft of the electric generator, EG;
the time derivative of the mechanical angular velocity, dω/dt; the moment related to the
shaft of the electric generator, MWT, is determined by the wind turbine; the electromagnetic
moment at the EG shaft, MEG.

The power equation is obtained by multiplying the kinetic moment equation with the
velocity, ω:

J·(dω/dt)·ω = PWT − PEG (8)

or with the inertial power:
PINERTIAL = PWT − PEG (9)

where PWT refers to the useful power provided by the wind turbine, relative to the electric
generator shaft, PEG represents the electromagnetic power of the electric generator at
the shaft.

By solving the equation for kinetic moment, one can observe the progression of the
process [39,40] through dynamic visualization at various rotational speeds. In order to
optimize wind energy capture at a specific wind speed, the wind turbine needs to operate
at the ωOPTIM [15].

Considering the relationship (1) between the optimal velocity and the wind speed,
Equation (1), follows:

J·(dωOPTIM/dt)·ωOPTIM = PTW-MAX − PEG-OPTIM (10)

Thus, the optimal power of the electric generator is obtained:

PEG-OPTIM = PWT-MAX − J·(kV)2·dv/dt·v = kP·v3 − J·(kV)2·dv/dt·v (11)

The power fluctuations PEG-OPTIM are generated by the power of the WT via the term
kP·v3, inertial power J·(kV)2·dv/dt·v by the wind speed v, and its derivative dv/dt.

At high values of J and significant fluctuations in wind speed, particularly in an
upward trend where the derivative of wind speed, dv, is also high, the PEG-OPTIM value
diminishes and may even turn negative. These power fluctuations, in the absence of storage
facilities, are transmitted in the grid and create instability in the energy system.

At J = 511.92 kgm2, the optimum of electromagnetic power is reached:

PEG-OPTIM = PWT-MAX − 24.0462·511.92·dv/dt·v (12)

and with:
PWT-MAX − 2792.8·v3 (13)

result:
PEG-OPTIM = 2792.8·v3 − 2.96·105·dv/dt·v (14)

The real fluctuation of wind velocity is depicted in Figure 1 [8]. Upon closer examina-
tion, the wind speed variation during the time intervals A-B and B-C, as given in Figure 1,
is analyzed. This analysis aims to determine the optimal power, denoted as PEG-OPTIM, at
the electric generator. The objective is to ensure that the wind turbine operates at the point
of maximum power.
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Figure 1. Real variation of wind speed.

The values of wind speed at points A, B, and C are as follows (Table 1):

Table 1. Wind speed at operating points.

Time t [s] Speed v [m/s] Point

0 10.47 A
3.433 8.13 B
6.631 9.52 C

A linear change in wind speed between point A and point B yields the following outcome:

v(t) = 10.47 + [(8.13 − 10.47)/3.433]·t = 10.47 − 0.732·t (15)

The power given by the WT is:

PTV-A-B(ω,t) = 650860·[(10.47 − 0.732·t)/ω − 1.7488·10−2]·
e−41.495·[(10.47 − 0.732·t)/ω]·[(10.47 − 0.732·t)3 (16)

It is considered that the WT, at point A, does not operate at the point of maximum
power, with the value of MAS being:

ωA = 122 [rad/s] < ωopt-A = 24.046·10.47 = 251.76 [rad/s] (17)

2.1. Maximizing the Power Output of a Wind Turbine by Aligning It with the Maximum
Power Point

Achieving the turbine’s maximum power point involves accelerating to the optimal
MAS, which can be done most efficiently through two methods:

• Disconnecting the EG from the grid (a slower approach);
• Switching to motor operation of the electric generator (a quicker approach).

The EG is considered to be disconnected from the grid and has the MAS of value
ω(0) = 122 [rad/s]. From the equation of powers in the form:

J (dω/dt)·ω = PWT(ω, t) (18)
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it is obtained: ⎧⎪⎨
⎪⎩

511.92· dω
dt ·ω = 650860·

(
10.47−0.73171·t

ω

)
− 1.7488·10−2

e−41.495( 10.47−0.73171·t
ω )·(10.47 − 0.73171·t)3

ω(0) = 122

(19)

By resolving it, the outcome is the temporal fluctuation of the mechanical angular
speed, ω. At time t*, as illustrated in Figure 2, ω—the MAS is measured to have a value of:

ω(3.3) = 197.6 [rad/s] (20)

which is close to the optimal MAS:

ωOPTIM(v) = 24.046·(10.47 − 0.732·t) =
24.046·(10.47 − 0.732·3.3) = 197.67 [rad/s]

(21)

At time t = 3.3 [s] when the optimal mechanical angular speed, ωOPTIM and real ω are
equal, and the system operates in the turbines maximum power point.

At time t*, the wind speed is measured:

v(3.3) = 10.47 + [(8.13 − 10.47)/3.433]·3.3 = 8.2207 [m./s.] (22)

and, from the WT power characteristic, PWT(v, ω) at ω(3.3):{
P = 650860

( 8.2207
ω − 1.7488·10−2)·e−41.495( 8.2207

ω )·8.22073

ω = 197.67
(23)

results in power developed by the WT of:

PWT(8.2207) = 1.5516·106 [W] (24)

Figure 2. Variations of optimal and actual mechanical angular speeds.

2.2. Maintaining the Wind System in the Turbine Maximum Power Point

The PEG at the shaft of the electric generator is derived from the power equation when
the generator is operating at its MPP:

J(dω/dt)·ω = PWT − PEG (25)

The ωOPTIM, during MPP operation, is determined by the wind speed value as:

ωOPTIM(v) = 24.046·v (26)
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In order to achieve optimal performance, it is necessary for the current mechanical
angular velocity to be equal to the optimal mechanical angular velocity. This can be
expressed as ω = ωOPTIM, resulting in the power equation:

J·(dωOPTIM/dt)·ωOPTIM = PWT-MAX − PEG-OPTIM (27)

or:
24.046·J·(dV/dt)·24.046·v = PWT-MAX − PEG-OPTIM (28)

Thus, based on the knowledge of the dependence of the optimal rotational speed
towards wind speed, the optimal power of the electric generator is obtained:

PEG-OPTIM = PWT-MAX − 24.0462·J·(dv/dt)·v (29)

At the equivalent moment of inertia of value J = 511.92 [kg·m2], the optimal electro-
magnetic power is obtained:

PEG-OPTIM = PWT-MAX − 24.0462·511.92·(dv/dt)·v
= 2792.8·v3 − 2.96·105·(dv/dt)·v (30)

At time t*, once the WT has been brought in MPP, the EG is connected to the grid and
charges to the power:

P*EG = P*WT –J·(dω-OPTIM/dt)·ωOPTIM = P*WT –2.96·105·(dv/dt)·v (31)

By employing simulation techniques, an examination is conducted within the MPP
region to identify the specific instances in time when power gaps emerge.

2.3. Time Intervals When Wind Speed Increases and Power Gaps Occur

The examination of the current wind speed fluctuations, as illustrated in Figure 1,
reveals distinct time periods during which the wind speed increases and falls. When
operating within the MPP range, the electric generator’s optimal power output, PEG-OPTIM,
will experience fluctuations due to wind conditions, potentially resulting in power gaps at
certain times.

Case Study 1—The Appearance of Power Gaps

The analysis focuses on the functioning of the system once it has reached the maximum
power point of the turbine. It is assumed that at time t*, the WT operates at point B, which
represents the maximum power point as depicted in Figure 1 (Table 1).

At t* = 0 the system operates in state B, at the point of the maximum power of the
turbine, when the ωOPTIM is equal to the actual angular velocity ω:

ωOPTIM = ω = 24.046·8.13 = 195.49 [rad/s] (32)

With the v* = 8.13 [m/s], the EG load corresponds to the power P*EG:

P*EG (0) = P*WT-MAX = kp·v3 = 2792.8·8.133 = 1.5008·106 (33)

Considering the wind speed variation on the B-C interval as linear, it follows:

vB-C(t) = 8.13 + [(9.52 − 8.13)/6.631 − 3.433)]·t (34)

The wind energy that has been harnessed, denoted as Ewind, is determined through
the integration of the power generated by the wind turbine:

Ewind =
∫

PWT·dt (35)
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or:
Ewind/dt = PWT (36)

The B-C interval is divided into four subintervals:

• Subinterval 1—at a sampling rate of 1s, at t* = 1 s, the wind speed value results in:

v*1 = 8.13 + [(9.52 − 8.13)/6.631 − 3.433)]·1 = 8.5646 [m/s] (37)

The wind speed varies linearly from 8.13 m/s to 8. 5646 m/s:

vB-C-1(t) = 8.13 + (8.5646 − 8.13)·t = 0.4346·t + 8.13 (38)

and the ωOPTIM is:
ωOPTIM-1 = ω = 24.046·(0.4346·t + 8.13) (39)

The equations of motion and energy are obtained as:⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

511.92· dω
dt ·ω = 650860

[
(0.4346·t + 8.13)/ω − 1.7488·10−2]

e−41.495[(0.4346·t+8.13)/ω](0.4346·t + 8.13)3 − 1.5008·106

dE
dt = 650860

[
(0.4346·t + 8.13)/ω − 1.7488·10−2]·e−41.495[(0.4346·t+8.13)/ω](0.4346·t + 8.13)3

ω(0) = 195.49
E(0) = 0

(40)

In a single second, a wind energy of magnitude Ewind(1) = E(1) = 1.6236·106 [J] is
obtained. If the system is functioning at its peak power output, the captured wind energy
within that time frame is:

Ewind−MAX(1) =
1∫

0

PWT−MAX ·dt =
1∫

0

[
2792.8·(0.4346·t + 8.13)3

]
·dt = 1.6254·106 [J] (41)

In the same time interval, the debited electricity is:

Eelectrical(1) =
1∫

0

PEG·dt = 1.5008·106 [J] (42)

At t* = 1 [s], as shown in Figure 3, the mechanical angular velocity ω has the value
ω(1) = 196.71 [rad/s] compared to the optimal mechanical angular speed:

ωOPTIM-1 = ω = 24.046·8.5646 = 205.94 [rad/s] (43)

Figure 3. Optimal and real MAS variations on subinterval 1.
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Since ωOPTIM-1 > ω(1), at t = 1 [s], the maximum power point of the turbine has not
been reached. When the value of inertial power is positive, P*INERTIAL > 0:

P*INERTIAL-1 = J·[(ω*OPTIM)2 − (ω*)2]/2Δt
= 511.92·[(205.94)2 − (196.71)2]/2 = 9.5126·105 [W]

(44)

on subinterval 2, due to the positive value of the inertial power, the load of the electric
generator is decreased to the power level:

P**EG-2 = P*EG − J·[(ω*OPTIM)2 − (ω*)2]/2Δt
= 1.5008·106 − 9.5126·105 = 5.4954·105 [W]

(45)

• Subinterval 2, at t = 2 [s], the value of the wind speed is:

v*2 = 8.13 + [(9.52 − 8.13)/6.631 − 3.433)]·2 = 8.9993 [m/s] (46)

During subinterval 2, the wind speed experiences a linear change from 8. 5646 m/s to
8. 9993 m/s

vB-C-2(t) = 8.5646 + (8.9993 − 8.5646)·t = 0.4347·t + 8.5646 (47)

while the optimal mechanical angular speed, ωOPTIM, is:

ωOPTIM-1 = 24.046·(0.4347·t + 8.5646) (48)

In subinterval 2, compared to subinterval 1, the time origin has been shifted by 1 s,
and this is repeated thereafter at each analyzed subinterval.

We obtain the equations of motion and energy in the form:⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

511.92· dω
dt ·ω = 650860

[
(0.4347·t + 8.5646)/ω − 1.7488·10−2]

e−41.495[(0.4347·t+8.5646)/ω](0.4347·t + 8.5646)3 − 5.4954·105

dE
dt = 650860

[
(0.4346·t + 8.5646)/ω − 1.7488·10−2]·e−41.495[(0.4346·t+8.5646)/ω](0.4346·t + 8.5646)3

E(0) = 0
ω(0) = 196.71

(49)

The wind energy captured in one second is Ewind(1) = E(1) = 1.8883·106 [J]. When
operating in MPP, in the same time interval, the captured wind energy is:

Ewind−MAX(1) =
1∫

0

PWT−MAX ·dt =
1∫

0

[
2792.8·(0.4346·t + 8.5646)3

]
·dt = 1.8927·106 [J] (50)

The produced electricity is:

Eelectrical(1) =
1∫

0

PEG·dt = 5.4954·105 [J] (51)

At t = 1 [s], the mechanical angular speed ω has the value ω(1) = 209.58 [rad/s], being
lower compared to the optimal mechanical angular speed, as shown in Figure 4.

ωOPTIM-2 = 24.046·8.9993 = 216.4 [rad/s] (52)

Because ωOPTIM-2 ≥ ω(1) at t = 1 [s], the maximum power point of the turbine has not
been reached. With the value of inertial power being positive, the EG load should decrease,
below subinterval 3, to the value:

P*INERTIAL-3 = J·[(ω*OPTIM)2 − (ω*)2]/2Δt
= 511.92·[(216.4)2 − (209.58)2]/2 = 7.4361·105 [W]

(53)
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P**EG-3 = P*EG − J·[(ω*OPTIM)2 − (ω*)2]/2Δt
= 5.4954·105 − 7.4361·105 = −1.9407·105 [W] < 0

(54)

With the value of the power at EG being negative, it requires its transition into
engine mode.

Figure 4. MAS optimal and real variations on subinterval 2.

In order for the value of the actual mechanical angular speed to reach, on subinterval
3, the value of the ωOPTIM, it is necessary to switch EG to motor mode. Practically, this
is a difficult operating mode, and, for this reason, the generator is disconnected from
the network.

• Subinterval 3, with the power value at the EG being negative on subinterval 3, it
discharges. So, P**EG-3 = 0.

At t = 3 [s], the value of the wind speed is:

v*3 = 8.13 + [(9.52 − 8.13)/6.631 − 3.433)]·3 = 9.4339 [m/s] (55)

On subinterval 3, the wind speed has a linear variation from 8.9993 [m/s] to 9.4339 [m/s].

vB-C-3(t) = 8.9993 + (9.4339 − 8.9993)·t = 0.4346·t + 8.9993 (56)

and the optimal mechanical angular velocity, ωOPTIM, is:

ωOPTIM-3 = 24.046·(0.4346·t + 8.9993) [rad/s] (57)

So, the system of differential equations governing the motion and energy is obtained
in the following form:⎧⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

511.92· dω
dt ·ω = 650860

[
(0.4346·t + 8.9993)/ω − 1.7488·10−2]

e−41.495[(0.4346·t+8.9993)/ω](0.4346·t + 8.9993)3

dE
dt = 650860

[
(0.4346·t + 8.993)/ω − 1.7488·10−2]·e−41.495[(0.4346·t+8.9993)/ω](0.4346·t + 8.9993)3

E(0) = 0
ω(0) = 209.58

(58)

In one second, the captured wind energy is Ewind(1) = E(1) = 2.1869·106 [J].
When operating at the MPP, the captured wind energy, in the same time interval, has

the value:

Ewind−MAX(1) =
1∫

0

PWT−MAX ·dt =
1∫

0

[
2792.8·(0.4346·t + 8.9993)3

]
·dt = 2.1877·106 [J] (59)
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The debited electricity is zero Eelectrical(1) = 0 [J].
At t* = 1 [s], as shown in Figure 5, the mechanical angular speed ω has the value

ω(1) = 229.06 [rad/s] and has exceeded the optimal mechanical angular velocity:

ωOPTIM-3 = 24.046·9.4339 = 226.85 [rad/s] (60)

At the time moment t3, as shown in Figure 5, the ω has reached the optimal value.
In this point, the wind turbine operates at the maximum power point at the optimum
mechanical angular speed. The value of the captured wind energy is found in the electricity
injected into the grid and in the kinetic energy of the rotating masses.

Figure 5. Optimal and real MAS variations on subinterval 3.

On the three subintervals, the kinetic energies are:

ΔEkinetic−1 = J
[ω(1)]2 −

[
ω(0)2

]
2

= 511.92
(196.71)2 − (195.49)2

2
= 1.2247·105 [J] (61)

ΔEkinetic−2 = J
[ω(2)]2 −

[
ω(1)2

]
2

= 511.92
(209.58)2 − (196.71)2

2
= 1.3384·106 [J] (62)

ΔEkinetic−3 = J
[ω(3)]2 −

[
ω(2)2

]
2

= 511.92
(229.06)2 − (209.58)2

2
= 2.1871·106 [J] (63)

In conclusion, on the three subintervals, the debited energies and powers are (Table 2):

Table 2. Energies and powers on the three subintervals.

Subinterval Ewind [J] Ewind-MAX [J] PEG [W] ΔEkinetic [J]

1 1.6236·106 1.6254·106 1.5008·106 1.2247·105

2 1.8883·106 1.8927·106 5.4954·106 1.3384·106

3 1.1869·106 1.1877·106 0 2.1871·106

On an interval of 3 s, in which the wind speed increases 8.13 [m/s] < v(t) < 9.4339 [m/s],
the energy evolutions are reflected in Figure 6.

Through the energy balance, it can be confirmed that the captured wind energy, Ewind,
is found in the injected electricity, Eelectric, and the kinetic energy of the masses in rotational
motion, ΔEkinetic.

Energy balance on subinterval 1, Ewind = 1.6236·106 [J] is located in:

Eelectrical + ΔEkinetic = 1.5008·106 + 1.2247·105 = 1.6233·106 [J] (64)
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Energy balance on subinterval 2, Ewind = 1.8883·106 [J] is located in:

Eelectrical + ΔEkinetic = 5.4954·105 + 1.3384·106 = 1.8879·106 [J] (65)

Energy balance on subinterval 3, Ewind = 2.1869·106 [J] is located in:

Eelectrical + ΔEkinetic = 0 + 2.1871·106 = 2.1871·106 [J] (66)

The general energy balance on interval 1 → 3 is:

Ewind = 1.6236·106 + 1.8883·106 + 2.1871·106 = 5.6988·106 [J] (67)

is found in the injected electricity, Eelectrical, and the kinetic energy of the masses in rotational
motion, ΔEkinetic:

Eelectrical + ΔEkinetic = 1.6233·106 + 1.8879·106 + 2.1871·106 = 5.6983·106 [J] (68)

At t3, maximum wind energy is captured, even if the EG is discharged, (P**EG-3 = 0).
The turbine operates at the MPP and at the optimal mechanical angular speed. This energy
is not injected into the grid (P**EG-3 is zero) but is found in the kinetic energy of the masses
in rotational motion. Apparently, the operation of the turbine is, from an energy point
of view, not in the optimal zone. This time moment, presenting a power gap, involves
disadvantages for network stability.

Figure 6. The variations of captured wind energy and electric power.

Based on the variations of the energy as highlighted in Figure 6, we are able to
conclude that:

1. The values of the injected electricity, Electrical, decrease (power at the generator de-
creases);

2. The differences in the values of the kinetic energies ΔEkinetic increase and compensate
for the decrease in the injected electricity;

In conclusion, during increased wind speed, power gaps can occur if the values of
the derivative of the wind speed, dv, and the equivalent moment of inertia, J, exceed
certain values.

2.4. Time Intervals in Which the Wind Speed Decreases
Case Study 2—MPP Area at Decreasing Wind Speed

From Figure 7, we select the time interval D-E (Table 3), in which the wind speed decreases.
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Figure 7. D-E time interval with decreasing wind speed.

Table 3. Speed at operating points.

Time t [s] Speed v [m/s] Point

1.198 10.47 A
39.858 9.52 D
43.073 7.145 E

It is considered that at point D, as shown in Figure 7, the WT operates at the MPP and
at the same values of the optimal mechanical angular speeds and real MAS:

ωOPTIM-D = 24.046·9.52 = 228.92 [rad/s] (69)

For the value of the wind speed vD = 9.52 [m/s], the load of the EG is at a PEG-D power of:

PEG-D = P*WT-MAX = kP·v3 = 2792.8·9.523 = 2.4096·106 [W] (70)

On the D-E interval, considering the linear wind speed variation results in:

vD-E(t) = 9.52 + [(7.1245 − 9.52)/43.073-39.858)]·t = 9.52 − 0.73872·t (71)

The D-E interval is divided into three subintervals, similar to the previous case:

• For subinterval 1, with the sampling being 1s, at t* = 1 [s], the wind speed value results in:

v1* = 9.52 + [(7.1245 − 9.52)/43.073-39.858)]·1 = 8.7813 [m/s] (72)

Wind speed has a linear variation from 9.52 m/s to 8. 7813 m/s:

vD-E-1(t) = 9.52 + (8.7813 − 9.52)·t = 9.52 − 0.7387·t (73)

and the ωOPTIM is:
ωOPTIM-1 = 24.046·(9.52 − 0.7387·t) (74)

In a second, valuable wind energy is captured: Ewind(1) = E(1) = 2.1382·106 [J]
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In operation, at the point of maximum power, the wind energy captured over the same
time interval has the value Ewind-MAX(1) = 2.1434·106 J, and the electricity flowed has the
value Eelectrical(1) = 2.4096·106 J.

At t* = 1 s, as shown in Figure 8, the mechanical angular velocity has the value
ω(1) = 226.59 [rad/s] compared to the optimal mechanical angular velocity:

ωOPTIM-1 = 24.046·8.7813 = 211.16 [rad/s] (75)

Figure 8. Optimal and actual VUM variations on subinterval 1.

Since ωOPTIM-1 < ω(1), the value of the inertial power being negative, P*INERTIAL < 0:

P∗INERTIAL−1 = J
(ω∗OPTIM)2 − (ω∗)2

2Δt
= 511.92

(211.16)2 − (226.59)2

2
= −1.7289·106 [W] (76)

the load of GE to increase power, on subinterval 2, to:

P ∗ ∗EG−1 = P ∗EG −J
(ω∗OPTIM)2 − (ω∗)2

2Δt
= 2.4096·106 + 1.7289·106 = 4.1385·106 [W] (77)

• Subrange 2 to t = 2 [s], the wind speed value is:

v2* = 9.52 + (8.7813 − 9.52)·2 = 8.0436 [m/s] (78)

The wind speed has a linear variation from 8.7813 m/s to 8.0426 m/s:

vD-E-2(t) = 8.7813 + (8.0426 − 8.7813)·t = 8.7813 − 0.7387·t (79)

for which the optimal mechanical angular velocity, ωOPTIM, corresponds to:

ωOPTIM-2 = 24.046·(8.7813 − 0.7387·t) (80)

Proceeding as in the previous case, it follows that in one second, the value of the cap-
tured wind energy is Ewind(1) = E(1) = 1.6549·106 [J]. The wind energy captured, in the same
time interval, at an operation at the maximum power point is Ewind-MAX(1) = 1.6656·106 J,
and the produced electricity has the value Eelectrical(1) = 4.1385·106 J.

At t* = 1 s, the mechanical angular velocity has the value ω(1) = 204.06 [rad/s],
compared to the optimal mechanical angular velocity:

ωOPTIM-2 = 24.046·8.0426 = 193.39 [rad/s] (81)

Because ωOPTIM-2 < ω(1), and with the value of the inertial power being negative,
P*INERTIAL < 0:
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P∗INERTIAL−2 = J
(ω∗OPTIM)2 − (ω∗)2

2Δt
= 511.92

(193.39)2 − (204.06)2

2
= −1.0855·106 [W] (82)

increase, on subinterval 3, the load of GE to power:

P ∗ ∗EG−2 = P ∗EG −J
(ω∗OPTIM)2 − (ω∗)2

2Δt
= 4.1385·106 + 1.0855·106 = 5.224·106 [W] (83)

• Subinterval 3 to t = 3 [s], the wind speed value is:

v3* = 9.52 + (8.7813 − 9.52)·3 = 7.3039 [m/s] (84)

Wind speed drops from 8.0426 m/s to 7.3039 m/s:

vD-E-3(t) = 8.0426 + (7.3039 − 8.0426)·t = 8.0426 − 0.7387·t (85)

and the optimal mechanical angular velocity, ωOPTIM, is:

ωOPTIM-3 = 24.046·(8.0426 − 0.7387·t) (86)

In one second, the captured wind energy is Ewind(1) = E(1) = 1.2619·106 [J]. The wind
energy captured, in the same time interval, at an operation at the maximum power point is
Ewind-MAX(1) = 1.2647·106 J, and the produced electricity has the value Eelectrical(1) = 5.224·106 J.

At t* = 1 s, the mechanical angular velocity ω has the value ω(1) = 161.74 [rad/s],
compared to the optimal mechanical angular velocity:

ωOPTIM-3 = 24.046·7.3039 = 175.63 [rad/s] (87)

At time t3, as shown in Figure 9, the optimal mechanical angular velocity, ωOPTIM-3,
equals the mechanical angular velocity, reaching the maximum power point, and thus the
tuning algorithm is validated.

Figure 9. Optimal and actual MAS variations on subinterval 3.

Because ωOPTIM-3 > ω(1), the value of the inertial power is positive, P*INERTIAL > 0:

P∗INERTIAL−3 = J
(ω∗OPTIM)2 − (ω∗)2

2Δt
= 511.92

(175.63)2 − (161.74)2

2
= 1.1994·106 [W] (88)
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should, over the next sub-time frame, decrease the GE load to:

P ∗ ∗EG−3 = P ∗EG −J
(ω∗OPTIM)2 − (ω∗)2

2Δt
= 5.224·106 − 1.1994·106 = 4.026·106 [W] (89)

The value of the captured wind energy is found in the electricity flowed into the
system and in the kinetic energy of the rotating masses.

On the three subintervals, the variations of kinetic energies are:

ΔEkinetic−1 = J
(ω(1))2 − (ω(0))2

2
= 511.92

(226.59)2 − (228.92)2

2
= −2.7166·105 [J] (90)

ΔEkinetic−2 = J
(ω(2))2 − (ω(1))2

2
= 511.92

(204.06)2 − (226.59)2

2
= −2.4835·106 [J] (91)

ΔEkinetic−3 = J
(ω(3))2 − (ω(2))2

2
= 511.92

(161.74)2 − (204.06)2

2
= −3.9624·106 [J] (92)

In conclusion, on the three subintervals, the powers and energies are (Table 4):

Table 4. Power and energy values on the three subintervals.

Subinterval Ewind [J] Ewind-MAX [J] PEG [W] ΔEkinetic [J]

1 2.1382·106 2.1434·106 2.4096·106 −2.7166·105

2 1.6549·106 1.6656·106 4.1385·106 −2.4835·106

3 1.2619·106 1.2647·106 5.224·106 −3.9624·106

Over an interval of 3 s, during which the wind speed decreases, 7.145 m/s < v(t) < 9.52 m/s,
developments in captured wind energy and power output are given in Figure 10.

Figure 10. Variations in captured wind energy and electrical power.

The energy balance in this case is:

Ewind = Eelectric + ΔEkinetic (93)

and on the three subintervals, this results in:

Ewind-1 = 2.1382·106 ≈ Eelectric + ΔEkinetic = 2.4096·106 − 2.7166·105 = 2.1379·106 [J] (94)

Ewind-2 = 1.6549·106 ≈ Eelectric + ΔEkinetic = 4.1385·106 − 2.4835·106 = 1.655·106 [J] (95)

Ewind-3 = 1.2619·106 ≈ Eelectric + ΔEkinetic = 5.224·106 − 3.9624·106 = 1.2616·106 [J] (96)
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In time intervals, when wind speed decreases, no power gaps occur, although mechan-
ical angular velocity tends towards the optimal mechanical angular velocity. The turbine
does not operate at the MPP, and yet the power output into the system is greater than the
power given by the WT, the difference being from the kinetic energy of the rotating masses.
In terms of the stability of the energy system, this is an advantage.

Observations resulting from variations in energy values given in Figure 10:

1. The values of the electrical power flow, PEG, increase, although the wind speed decreases;
2. The differences in the kinetic energy values ΔEkinetic, in absolute value, increase and

compensate for the decrease in the values of the captured wind energies;
3. The values of captured wind energies decrease in direct proportion to the decrease in

wind speed.

In conclusion, in time intervals, when wind speed decreases, no power gaps occur and,
on the contrary, there is an increase in electrical power, whatever the values of the velocity
derivative wind, dv/dt, and the equivalent moment of inertia J. This extra electrical power
comes, as mentioned, from the kinetic energy of rotating masses. The surplus power must
be stored, and only the electricity forecasted in advance given to the national energy system.

3. Results and Discussion

3.1. Fundamental Aspects

With the results obtained, the following relevant aspects can be highlighted:

1. It has been shown that during time intervals when wind speed increases, the power
output in the system decreases if the turbine is operating at the point of maxi-
mum power;

2. It has been shown that, in the time intervals when the speed decreases, the power
debited in the system is higher than the power given by the turbine, which is an
advantage for the stability of the energy system;

3. It has been demonstrated that the turbine can operate at its maximum power point
at any wind speed value, regardless of restrictions, if a wind energy storage system
is available;

4. Bringing the system to the point of maximum turbine power is achieved in the shortest
time by decoupling EG from the grid or switching EG to engine mode;

5. By estimating the difference between the optimal mechanical angular velocity and the
current mechanical angular velocity, one can prescribe the power value at the generator;

6. The operation of the WT at the MPP is ensured by the correlation of the EG power
with the wind speed and its variation;

7. During periods when wind speed increases, power gaps occur (disconnect the gener-
ator from the mains) if operation in the energy-optimal area is required;

8. During periods when wind speed decreases, no power gaps occur, although operation
in the energy optimal zone is required.

3.2. Discussion

1. The method presented lays the foundation for a control that takes into account wind
speed and mechanical angular speed;

2. The system shall be brought to the point of maximum power by calculating the
values of the variations in the kinetic energies of the rotating masses, values obtained
by measurements;

3. At increasing wind speeds over time, power gaps occur under conditions where
operation at the maximum power point is required;

4. At decreasing wind speeds over time, no power gaps occur, although operation is
required at the maximum power point and the electrical power debited into the
system is greater than the power given by the turbine, the surplus power coming
from the various kinetic energies of the rotating masses.
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4. Conclusions

In this paper, it was demonstrated that wind energy storage is necessary if the wind
turbine is operating at its maximum power point. The power generated by the electric
generator comes from the power developed by the wind turbine and from the variation in
the kinetic energies of the rotating masses and the energy stored in them during the period
of time in which a significant decrease in wind speed occurs (an interesting statement that
may seem contradictory). It has been shown that operating in the energy-optimal zone at
the peak power point of the turbine requires a system to store captured wind energy. The
behavior of the wind turbine at wind speeds variable in time was analyzed, and it was
observed that, at significant variations in wind speed, the value prescribed to the generator
may be negative, in which case a power gap is created in the national electricity system.
The optimal area from an energy point of view was visualized. The simulations presented
were based on real variations of wind speed at turbine hub height in the Romanian Black
Sea coast area.
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Abbreviations

Symbol/Abbreviation Meaning

WT wind turbine
MPP maximum power point
MAS mechanical angular speed
EG electric generator
PEG power at the electric generator
PWT power of wind turbine
v wind speed
J inertia moment
n rotational speed
ω mechanical angular speed
ωOPTIM optimum mechanical angular speed
nOPTIM optimum rotational speed
kv proportionality factor
PINERTIAL inertial power
ρ air density in the wind turbine
Rp rotor blade radius
Cp(λ) power conversion coefficient
MWT moment related to the shaft of the electric generator
MEG electromagnetic torque at the electric generator
kp the proportionality factor for power
Ewind wind energy
Eelectrical electrical energy
ΔEkinetic kinetic energy of the masses in rotational motion
NPS National Power System
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Abstract: In the introduction to this article, a brief overview of the generated energy
and the power produced by the photovoltaic systems with a peak power of 3 MWp and
different tilt and orientation of the photovoltaic panels is given. The characteristics of the
latest systems generating energy by wind turbines with a capacity of 3.45 MW are also
presented. In the subsequent stages of the research, the necessity of balancing the energy in
power networks powered by a mix of renewable energy sources is demonstrated. Then,
a calculation algorithm is presented in the area of balancing the energy system powered
by a photovoltaic–wind energy mix and feeding the low-emission hydrogen production
process. It is analytically and graphically demonstrated that the process of balancing the
entire system can be influenced by structural changes in the installation of the photovoltaic
panels. It is proven that the tilt angle and orientation of the panels have a significant impact
on the level of power generated by the photovoltaic system and, thus, on the energy mix
in individual hourly intervals. Research has demonstrated that the implementation of
planned design changes in the assembly of panels in a photovoltaic system allows for
a reduction in the size of the energy storage system by more than 2 MWh. The authors
apply actual measurement data from a specific geographical context, i.e., from the Lublin
region in Poland. The calculations use both traditional statistical methods and probabilistic
analysis. Balancing the generated power and the energy produced for the entire month
considered in hourly intervals throughout the day is the essence of the calculations made
by the authors.

Keywords: renewable energy source; photovoltaic systems; wind turbines; energy mix;
energy grid balancing; low-emission hydrogen production

1. Introduction

In an era of growing energy demand and the need to reduce greenhouse gas emissions,
renewable energy sources (RESs) are becoming a key element of the energy transition [1]. In
the third decade of the 21st century, humans can draw energy from many renewable sources
available on land and at sea [2]. Photovoltaics (PV) [3] and wind turbines [4] are currently
among the most popular RES technologies. Despite their obvious advantages, balancing
energy in the power system, the stability of which is crucial for the reliable operation
of the grid, remains a challenge [5,6]. Solar and wind energy are considered as rather
unstable sources which are heavily dependent on the weather conditions [7]. Photovoltaic
systems work best on sunny days, reaching peak production at noon, but their efficiency
decreases during cloud cover, and they cease work at night [8]. Wind turbines generate

Energies 2025, 18, 846 https://doi.org/10.3390/en18040846
118



Energies 2025, 18, 846

energy depending on the wind speed, which means that production is variable both on
an hourly and daily scale. This variability causes difficulties in ensuring the continuity of
energy supply and requires the use of advanced power balancing technologies [9]. Energy
balancing methods in a mix based on PV and wind are as follows:

1. Energy storage. Energy storage systems, such as lithium-ion batteries, allow for the
storage of surplus generated energy during periods of high production and its use
during periods of energy shortage [10]. Energy storage technologies in the form of
compressed air (CAES) or hydrogen (Power-to-Gas) are also being developed [11].

2. Integration with flexible energy sources [12]. Mix balancing requires combining
unstable RESs with more predictable energy sources, such as gas or hydroelectric
power plants [13]. These can act as power reserves in the event of a drop in PV and
wind generation.

3. Digital solutions and smart grids (Smart Grid). Advanced network management
systems enable dynamic control of energy flows [14]. By using predictive algorithms,
it is possible to optimize the operation of the network depending on the forecasts of
the energy production from RES and the demand of the recipients [15,16].

4. Diversification of location and scale [17,18]. Distributed photovoltaic systems and
wind farms located in different parts of the country can partially compensate for local
differences in the weather conditions [19].

Balancing the energy mix based on PV and wind turbines is technically feasible
but requires an integrated approach [20]. Investments in energy storage, intelligent grid
management systems, and flexible backup sources are key [21]. In the long term, the
development of such technologies will contribute to the creation of a stable, sustainable,
and ecological energy system. Photovoltaic systems and wind turbines play an essential
role in the decarbonization of the energy sector [22]. Although balancing the mix dominated
by these sources is a challenge, the development of storage technologies, smart grids, and
forecasting gives hope for its full integration [23]. An example of investment in renewable
energy sources in the form of photovoltaic systems and wind turbines is shown in Figure 1.
Energy transformation is an ongoing process; however, the direction of the change is
unmistakably positive.

 
Figure 1. Components of the photovoltaic and wind energy mix located in the Lublin region in Poland.

Poland is the fifth largest producer of hydrogen in the world and the third largest in
Europe, but it is mainly gray hydrogen. A significant part of this hydrogen is produced in
Zakłady Azotowe in Puławy for the production of ammonia and artificial fertilizers, which
in itself is an excellent base for the development of innovative technologies in the field of
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green hydrogen [24]. The Lublin region is also characterized by human capital in the form
of highly qualified specialists and graduates of technical and natural science universities,
has industrial traditions, and, crucial for green hydrogen, is characterized by excellent
conditions for the development of renewable energy sources.

Despite its great potential, the technologies for producing green hydrogen are not
yet mature enough to give this energy carrier an economic justification, i.e., to allow it to
compete with fuels based on hydrocarbons or gray hydrogen in industry [25]. In connection
with this, active actions are being taken in the Lublin region in Poland to create a supply
of green hydrogen at the place of its future use, and preparations are being made for the
implementation of the following:

• Infrastructure for the distribution of power from renewable energy sources located in
the region to future locations for the production of green hydrogen [26].

• Creation of infrastructure for the production of green hydrogen on an industrial and
municipal scale, importantly located near future hydrogen recipients [27].

The infrastructure for the distribution of power, referred to above, has been internally
called the half-ring of the Lublin Hydrogen Valley and, according to the currently imple-
mented project, has a length of up to 100 km [28]. According to the assumptions of the main
investor, the half-ring of the Lublin Hydrogen Valley will be open to connecting the renew-
able energy sources and energy storage facilities and to power the electrolyzers belonging
to external entities [29]. The idea of the half-ring as an open integrator of green hydrogen
technology is to create economies of scale through joint effort; to create a strong substantive,
technical, and production base for hydrogen technologies in the region; and to disperse the
risk of innovation among all partners. The business goal of the half-ring is to optimize the
entire value chain aimed at reducing the price of produced hydrogen [30]. Due to sharing
the same connection infrastructure by many RES installations, energy storage facilities,
and many electrolyzer installations connected to the half-ring, their CAPEX savings will
be able to translate into a reduction in the cost of producing a unit of electricity, which, in
the case of green hydrogen, is its main price-setting factor [31]. In addition, the half-ring
will enable, regardless of the location of RES sources, the production of hydrogen directly
at the recipient, i.e., without losses on compression, expansion, and transport [32] and
without the need to invest in the construction and operation of expensive infrastructure
for this purpose [33,34]. Savings related to balancing and transmitting electricity within
the half-ring will be very beneficial for the price of hydrogen and for all participants in the
Lublin Hydrogen Valley half-ring [35].

The availability of renewable energy around the world means it already plays a
leading role in the decarbonization of the energy sector [36]. A thorough review of the
scientific literature and the state of the art in the market shows that hybrid solar–wind
power systems have been the main solutions to the challenges centered around reliable
power supply, sustainability, and energy costs for several years [37]. However, there are
still various challenges in the renewable energy industry, especially with regard to limited
peak periods. According to the authors, the main challenges for hybrid solar–wind systems
at present are overproduction, enabling policies, and storage of electricity.

In balancing networks powered by RES, it is very important to have an appropriate
strategy for managing the energy produced and consumed. Nordström et al. [38], con-
ducting case studies from several countries around the world, prove that there is no “one
size fits all” approach to continuous balancing with high shares of Variable Renewable
Energy. The main challenges depend on the system capacity and its connection possibilities,
available technologies, and basic balancing principles. According to the authors, in the
case of energy systems performing energy balancing with fine time granularity close to
real time, the main challenge is frequency balancing at low levels of inertia. In the case
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of other systems considered, the main emphasis is on operating the system in the most
economically viable way. However, the most important conclusion from the presented
analyses should be the pursuit of engaging more technologies in order to contribute to
continuous balancing.

Shavolkin et al. [39] proposed to improve the operation of a hybrid solar–wind system
by equipping it with an energy storage with control of the power drawn from the network.
The aim of the research was to increase the degree of use of energy from own renewable
sources for self-consumption purposes while limiting the degree of battery discharge,
taking into account deviations in the load schedule and generation of energy sources
in relation to the calculated (forecasted) values. A mathematical 24 h model of energy
processes was developed, taking into account the error in estimating the state of charge
of the energy storage. The results of modeling using archive data on generation from
renewable sources confirm the effectiveness of the proposed solutions.

The challenges of power balancing processes in power grids depend largely on the
geographical location of the system and the prevailing conditions for renewable energy
production. Fang et al. [40] assessed the potential and temporal complementarity of wind
and solar energy in the northwestern provinces of China. Using the ERA5 reanalysis
data on wind speed and solar irradiance, an assessment was conducted to determine the
potential and spatial distribution of wind and solar energy in these provinces.

Nefabas et al. presented an hourly dispatch model to analyze the challenges of
balancing the system and curtailing wind power in the future Ethiopian power grid
system [41]. The model presented by the authors was validated using historical data
and used to analyze the grid system in 2030 under different scenarios. The influence of
hydropower generation in network balancing was considered.

Boubii et al. noticed a gap in existing renewable energy systems, especially in the area
of stability and efficiency under variable environmental conditions [42]. This helped to
develop a new hybrid system combining photovoltaic (PV) and wind energy. The novelty
of this study lies in the adopted methodological approach, integrating dynamic modeling
with a sophisticated control mechanism. The mechanism presented in this paper is a
combination of model predictive control (MPC) and particle swarm optimization (PSO). It
is designed to take into account the fluctuations inherent to PV and wind energy sources.

In addition, a new trend has emerged that is very helpful in balancing energy systems.
This is the virtual power plant (VPP), which can play a very important role in energy
system management, offering dynamic solutions to the challenges of renewable energy
integration, grid stability, and demand management [43]. Today, PPVs are sophisticated
devices that combine a variety of energy assets, including solar panels, wind turbines,
battery storage systems, and demand response units.

Singh et al. [44] proposed the use of advanced machine learning algorithms, in particu-
lar support vector regression. This resulted in significant improvement in the efficiency and
reliability of power systems. The SVR algorithm utilizes extensive archival data in the form
of energy production, detailed weather patterns, and dynamic network load conditions.
The aim of this advanced modeling was to accurately forecast the energy production from
renewable energy sources. The authors’ approach allowed for increased grid stability by
better balancing supply and demand, mitigating the variability and irregularity of the
generated power from renewable energy sources. Many authors promote more balanced
integration of renewable energy into the microgrid, contributing to cleaner, more resilient,
and efficient energy infrastructure. The results of such studies provide valuable insights
into the development of smart energy systems capable of adapting to changing conditions,
paving the way for future innovations in energy management.
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Many publications indicate the need to coordinate the use of hydrogen technologies
and electricity in order to change the direction and shape of energy use in the power
grid [45]. Electrolytic systems for hydrogen production are quite demanding receivers
of electricity, while hydrogen fuel cells are very good generators of electricity. Therefore,
hydrogen technologies can be used to balance power grids in the area of energy supply
and reception. Moreover, hydrogen is a good medium for storing energy for longer periods
ranging from several weeks to several months. The above literature analysis shows that the
research presented in the article is consistent with global trends in balancing power grids
powered by RESs using hydrogen technologies and energy storage systems. The computa-
tional algorithm presented in the article fills the gap in the research results consisting of the
accurate calculation of the size of the energy storage system using statistical and probabilis-
tic methods. The authors follow current trends in science and in the commercialization of
research results in the form of new technologies appearing on the market. Participation
in the Intersolar Europe 2024 trade fair in Munich allowed us to notice that the offer of
companies selling energy storage for RES systems is already extensive. However, the price
of both small home energy storage (up to 20 kWh capacity) and large industrial ESS (over 1
MWh) remains relatively high. Therefore, the size of the energy storage must be calculated
precisely, and its cost must be included in the business plan of the entire investment. RES
developers must develop and present such calculations to the banks that are financing
such multi-million investments. This article presents an algorithm that allows to balance
the energy produced in the photovoltaic–wind mix and calculate the size of the energy
storage system needed. Moreover, the methods of influencing the performance of each RES
(photovoltaic system and wind turbine) are presented, which confirms that it is possible to
construct the performance of the photovoltaic–wind mix. The measurement data from the
real systems were employed for calculations and analyses. The power generated by a wind
turbine with a maximum power of 3.45 MW was supplemented by the power generated by
a photovoltaic system with a peak power of 3 MWp. Two variants of panel assembly in a
photovoltaic system were presented and compared. The first one includes the traditional
method of assembly towards the south (because the system under study is located in
Poland on the northern hemisphere of the Earth), which allows to maximize the amount
of energy produced. The second variant consists of the assembly of panels in a direction
close to east–west, which is used to balance the power networks powered by RESs. This
article presents precise statistical and probabilistic calculations of the power generated by
individual energy sources and their mix. A major achievement is the analytical presentation
of the process of power balancing and determining the size of the energy storage system.
The authors argue that it is possible to have a structural influence on the construction
and performance of photovoltaic systems, which may have a significant impact on the
power balancing of the entire system and contribute to reducing the capacity of the energy
storage system.

2. Materials and Methods

The authors used the Anaconda3 2024.10-1 platform in their research. It is a com-
prehensive open-source platform designed for Python users working in the fields of data
analysis, machine learning, and broadly defined computational sciences. Due to its com-
prehensiveness and user-friendliness, Anaconda has become one of the most popular
tools among data scientists, software engineers, and researchers. The Anaconda platform
provides everything one needs to start working with the data, both the Python interpreter
itself and a wide set of libraries and tools that are necessary for processing, analyzing, and
visualizing the data. Any user can commence work immediately, avoiding the need to
manually install libraries such as NumPy, pandas, Matplotlib, or Scikit-learn. Anaconda
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includes over 1500 built-in libraries, which allow for starting projects quickly without
worrying about compatibility issues or installing additional packages. The authors used
the Anaconda platform for Python 3.7 programming because of their familiarity with this
programming environment. The platform uses the Conda package manager, which allows
for easy installation, updating, and management of packages and their dependencies. It
works independently of the system package manager, which reduces the risk of conflicts.
The authors value Anaconda for its ability to quickly launch Jupyter Notebook v7 for
working with interactive code, data analysis, and visualizations. Anaconda has a large user
community and rich documentation, which makes it easy to troubleshoot and learn.

Figure 2 graphically depicts the data processing algorithm used in this article. The
calculations were performed for a 3.45 MW wind turbine and for two design variants of
the photovoltaic systems.

Figure 2. Data flow diagram.

The variant termed fv1 (in Figure 2) concerns the installation of panels in the south
direction, while the variant fv2 concerns the installation of panels in the direction close
to east–west. In the first phase, the characteristics of individual RES sources were made,
taking into account the generated power, produced energy, and cyclicality and seasonality
in the operation of the systems. Then, statistical and probabilistic analyses related to
the generation of power and energy production for the created energy mixes (for two
variants of the photovoltaic panel arrangement fv1 and fv2) were presented. Probabilistic
calculations are of particular importance, since they allow to determine both the generated
power and the amount of energy produced with accuracy to the probability distribution.
The next phase of the research included the process of balancing the energy production
system from the photovoltaic–wind mix, taking into account the energy receivers in the
form of hydrogen generation systems. The process of balancing the energy production and
reception system was presented for several power levels of hydrogen electrolyzers. In this
way, the amount of excess energy and its deficit in individual hourly intervals of the day
were calculated. Energy surplus and deficit modeling allowed us to determine the size of
the energy storage system required. The final discussion includes determining the impact
of individual PV system design variants on the amount of hydrogen produced from the
PV–wind mix.

3. Component Characteristics

In this section, the authors characterize all the components of the low-emission hydro-
gen production system using a mix of renewable energy sources and an energy storage.
Particular attention is paid to the influence of the geographical and construction context on
the performance of the entire system. The geographical context includes the exact selection
of the location for the wind turbine and the photovoltaic system. The engineering context
includes the selection of the power of individual sources, the selection of components for
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their construction, and aspects related to the tilt angle and azimuth of the photovoltaic
panels. The authors attempt to prove in an analytical and graphical way that it is possible
to design a system for generating energy from RESs, which affects the size of the energy
storage and the amount of low-emission hydrogen produced.

3.1. Power Generation by Photovoltaic Systems

The location of the photovoltaic system has a huge impact on its performance in
the form of instantaneous generated power and the amount of energy produced. The
decision to build a photovoltaic system in a given country in the world is of particular
importance. The longitude and latitude of the photovoltaic system location (called the
geographic context) determine the amount of electricity produced in individual months
and has been the subject of many scientific works. The geographic context primarily affects
the seasonality of the overlap of seasons and the height of the sun above the horizon, which
affects the length of the day and, thus, the amount of energy produced. However, even
within a small country, the geographic context can have a dozen or so percent impact
on the performance of a photovoltaic system. This is due to the different local climatic
conditions related to sunlight, cloudiness, and wind conditions. Photovoltaic systems
located in Poland near Lublin are characterized by several percent higher efficiency than
those located in the vicinity of nearby Warsaw (located 170 km away).

The Lublin region has the best solar conditions in Poland, and this is confirmed by
the data on the amount of energy produced from the peak power of installed photovoltaic
systems. In our region, 1200 kWh of energy can be obtained from 1 kWp of installed power,
as shown in Figure 3.

Figure 3. Solar exposure conditions in Poland and their impact on the performance of photovoltaic
systems [46].
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Figure 4 depicts two time series describing the generation of instantaneous power
by two photovoltaic systems that differ in the engineering context. The first one (fv1) is
a classic approach to ground mounting of the photovoltaic systems facing exactly south
(Lublin in Poland is located in the northern hemisphere) with an optimal tilt angle of 40◦.
The peak power of the fv1 photovoltaic system is 3 kWp. Its performance has been scaled
to a peak power of 3 MWp to achieve an appropriate level to the power of the wind turbine.
The second engineering context (fv2) includes the installation of photovoltaic systems on
flat roofs of buildings. The panels are mounted towards the east and west at a small angle of
15◦, azimuth 295◦. The physical appearance of both variants of the development is shown
in Figure 5. It was decided to present such a comparative analysis in order to confirm the
possibility of shaping the generated power by photovoltaic systems during the day.

 

Figure 4. Time series of power generated every 15 min by the photovoltaic systems with different
panel mounting orientations during the entire month of May 2024.

  
(a) (b) 

Figure 5. Various engineering contexts of panel assembly in photovoltaic systems: (a) photovoltaic
panels mounted towards the south; (b) photovoltaic panels mounted in the east–west direction.

The differences in power generation during the day by both systems are shown in
Figure 6. The system mounted on the roof starts generating power significantly earlier
than the ground system. However, it achieves significantly lower maximum power at high
noon. The authors’ task is to compare and describe quantitatively the differences in the
operation of both systems and the impact of these differences on energy balancing in the
low-emission hydrogen production system and on the size of the energy storage system
needed for this.

125



Energies 2025, 18, 846

 
Figure 6. Daily course of generated power by photovoltaic systems with different panel mounting
directions on 1 May 2024.

The first analytical method used to describe the similarity (or lack thereof) of measure-
ment data is their mutual correlation. The correlation is presented in Figure 7.

 
Figure 7. Correlation in the generated power by photovoltaic systems with different orientation of
photovoltaic panels.

The difference in energy production between south-facing and east- and west-facing
photovoltaic systems is due to the characteristics of solar radiation and the angle of inci-
dence of sunlight during the day. South-facing panels achieve the highest efficiency in the
northern hemisphere regions because of the following:

• They maximize the total amount of energy reaching the panels during the day.
• Production peaks at noon, when the sun is at the highest point in the sky and the angle

of incidence of sunlight is most optimal.
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• The typical annual production for a well-optimized system in Poland is around 1000–
1200 kWh per kWp.

East- and west-facing panels generate energy at different times of the day:

• East: energy production is maximum in the morning and decreases in the afternoon.
• West: production increases in the afternoon and decreases in the morning.
• These systems spread production better throughout the day but do not achieve as high

total production as south-facing systems.

The typical annual production for such systems in Poland is around 900–1000 kWh per
kWp, which is 10–15% lower than for south-facing panels. The differences in production
during the day for both solutions are as follows:

• For south-facing PV panels: they generate peak power at noon, which often coincides
with periods of high energy demand, but production before noon and in the afternoon
is much lower.

• For east- and west-facing PV panels: production is more evenly distributed through-
out the day, which can better match consumer demand in the morning (east) and
afternoon (west).

Although the energy production is lower, the east–west orientation has some advantages:

• Optimal use of space: on flat roofs, east–west systems can accommodate more panels
because there is no need to maintain large spacing between rows (less shading problems).

• Better match to demand: in some cases, the production spread better meets the needs
of households and businesses.

The optimal orientation depends on your energy consumption profile and local condi-
tions. If your energy needs are concentrated at certain times of the day, the orientation can
be adjusted to maximize efficiency during these times of the day.

The course of the mean hourly power generated by the fv2 photovoltaic system during
the entire month of May 2024 is shown in Figure 8.

Figure 8. The course of the mean hourly power generated by the fv2 photovoltaic system during the
entire month of May 2024.

Further analyses will be conducted for an energy mix consisting of a 3.45 MW wind
turbine and a 3 MWp peak photovoltaic system with different panel orientations (south—
fv1 and east–west—fv2).

3.2. Generating Power with Wind Turbines

In the case of wind turbines, the key decision is whether they are to be installed on
land or offshore. Offshore and onshore wind turbines differ in many ways, mainly due to
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their location and environmental conditions [47]. Offshore wind turbines are characterized
by the following features [48,49]:

• They are usually located far from the coast, where winds are stronger and more stable.
• Extreme environmental conditions, such as salt water, moisture, and strong waves,

require additional protection against corrosion.
• The infrastructure must be resistant to the effects of sea currents, waves, and poten-

tial ice.

Onshore wind turbines are characterized as follow:

• They are located on hills, on open plains, or in mountainous regions where winds are
sufficiently strong.

• Less extreme environmental conditions, which reduces construction and mainte-
nance costs.

Wind turbines installed at sea are usually larger than onshore ones, with rotors with
diameters exceeding 200 m [50]. The power of a single turbine can reach up to 15–20 MW,
which is necessary to use expensive infrastructure. Smaller turbines are usually installed
on land, with rotor diameters of 100–150 m. Their typical power is 1.5–4 MW [51].

Investments in turbine systems installed at sea are characterized by higher construction
and installation costs, mainly due to the need to use ships, deep-sea foundations, and
underwater infrastructure [52]. Maintenance and service are also more expensive, requiring
specialist equipment, e.g., service vessels [53]. Land-based wind turbines are characterized
by lower construction and service costs, with easier access to the turbines and lower
technological requirements. Land-based investment is cheaper to implement, but it is more
difficult to find suitable locations with good wind conditions [54].

Land-based and offshore wind turbines also differ significantly in terms of efficiency.
Offshore turbines are characterized by a higher capacity utilization factor (40–60%) as a
result of more stable winds [55]. They also have a smaller impact on the local community,
for example, in the form of noise [56,57]. Wind turbines installed on land have a lower
capacity factor (20–40%) due to more variable winds [58]. They also have a greater impact
on the landscape and local communities (e.g., noise, impact on animals). Offshore wind
turbines are more expensive but have a greater potential for energy production, while
onshore turbines are cheaper and easier to maintain, but they are limited by local wind and
social conditions [59]. The choice of technology depends on the energy and budget goals of
the project [60].

Similarly to the case of insolation, the Lublin region has good wind conditions [61].
In almost all general studies, wind conditions are indicated as rather favorable, as shown
in Figure 9. However, in the local context, they are favorable and allow for obtaining an
annual power factor of 30 to 35%.

Figure 10 presents a time series of power generated by the wind turbine during the
month of May. The data were obtained as a result of processing wind speed measurements
on a 140 m high measuring tower. Wind speeds were mean values measured in 10 min time
intervals. As a result of sampling measurements in such time intervals, almost 4500 records
were obtained during the entire month of May. The measured wind speed was used to
calculate the power generated by the Vestas 3.45 MW turbine (Vestas Wind Systems A/S,
Aarhus, Denmark) using its characteristics. A wind turbine with the assumed power is
currently operating at the location of the measuring tower. The course of generated power
clearly shows that the measured wind speeds repeatedly allow the turbine to operate at
maximum power. Calculations show that during a month, the wind turbine is able to
produce 729.663 kWh of energy at a mean wind speed of 6.4 m/s. The monthly power factor
is therefore 28%. The authors’ experience shows that May is a rather average month for
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wind energy production. May is not a representative month characterizing the production
of a given turbine in a given location throughout the year. It was chosen at random to
present the possibilities of balancing the energy produced in the photovoltaic–wind mix.

 

Figure 9. Wind conditions in the Lublin region in Poland [62].

 

Figure 10. Time series of power generated by a wind turbine during the month of May [9].

The course of the mean hourly power generated by the 3.45 MW wind turbine during
the entire sample month of May is shown in Figure 11. The graph below covers a daily
time window.

Figure 11. The course of the mean hourly power generated by the 3.45 MW wind turbine during the
entire sample month of May [9].

129



Energies 2025, 18, 846

4. Results

Photovoltaic and wind system operators and managers typically analyze the perfor-
mance of their systems over a one-month period. This is usually the period of settlement
with the energy supplier for the energy taken by the customer and delivered to the power
grid. A period of one month is also long enough that the daily performance of photovoltaic
and wind systems can be treated as invariant within the scope of seasonality [63]. Figure 12
depicts the hourly mean values of power generated by a 3 MWp peak photovoltaic system
oriented east–west and a 3.45 MW wind turbine and their mix.

Figure 12. Mean hourly power generated by a 3 MWp peak east–west oriented photovoltaic system
and a 3.45 MW wind turbine and their mix in May 2024.

Data on the generation of these two RESs and their mix were subjected to traditional
statistical analysis, and quantile calculations were made [63]. Quantile analysis carries a
lot of information for people involved in power balancing in the power grid because its
results were calculated with accuracy to the probability distribution. The data presented
in Table 1 show that in an hourly perspective covering the entire month of operation, the
wind turbine is a much more stable source of energy than the photovoltaic system. The
probability that the power generated by the photovoltaic system will be equal to or less
than 372.26 kW is 50%. With almost 30% probability, the power produced will be equal to 0
kW. It should be noted that the mean hourly values of generated power during the entire
month of May are still being considered.

Table 1. Basic statistics and quantiles for individual renewable energy sources and their combinations.

Country Mean Std Min 10% 20% 30% 40% 50% 60% 70% 80% 90% 95% 99% Max

Pfv 24.00 701.58 767.69 0.00 0.00 0.00 0.02 62.59 371.26 840.46 1335.10 1628.42 1834.47 1862.38 1910.59 1923.91
Pwt 24.00 981.98 381.12 340.18 571.07 713.29 738.33 815.31 853.63 1082.67 1184.00 1308.77 1499.95 1567.79 1713.21 1753.61

Combined 24.00 1683.56 594.34 906.09 1086.54 1221.41 1312.26 1352.76 1493.21 1583.53 1921.28 2367.06 2659.17 2666.06 2710.45 2723.47

The hourly power values generated by the mix of a 3 MWp peak east–west-oriented
PV system and a 3.45 MW wind turbine are shown in a box plot in Figure 13. The box
plot shows the distribution of the data using several key statistical measures. The box
plot contains Minima and Maxima (non-outlier values), Lower Quartile (Q1), Median, and
Upper Quartile (Q3). This tool is useful for quick analysis of the distribution of the data,
detecting asymmetries, and identifying outliers.

Figure 14 represents the share in the energy mix of the mean hourly power values
generated by a 3 MWp peak photovoltaic system oriented to the south (fv1) and a 3.45 MW
wind turbine. Figure 15 shows the share in the energy mix of the mean hourly power
values generated by a 3 MWp peak photovoltaic system oriented to the east–west (fv2) and
a 3.45 MW wind turbine.

A comparison of the data presented in Figures 14 and 15 clearly indicates that there
were increases in the share of photovoltaic energy in the mix at 6:00 a.m. (from 11 to 20%),
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at 7:00 a.m. (from 40 to 58%), at 8:00 a.m. (from 50 to 74%), and at 9:00 a.m. (from 63
to 72%). Then, we observe the decline in the share of photovoltaic energy in the mix at
10:00 a.m. (from 70 to 69%), at 11:00 a.m. (from 72 to 69%), at 12:00 p.m. (from 75 to 72%),
etc. The largest percentage of the decrease occurred at 6:00 p.m. (from 46 to 39%). These
data clearly indicate that, as a result of the east–west orientation of the photovoltaic system,
the share of energy from it in the energy mix increased significantly in the morning hours.
The share of energy coming from this photovoltaic system simultaneously decreased by
several percent from 10:00.

 

Figure 13. Hourly values of the power generated by the mix of a 3 MWp peak east–west-oriented PV
system and a 3.45 MW wind turbine in box plot form.

Figure 14. Share in the energy mix of mean hourly values of power generated by a 3 MWp peak
photovoltaic system oriented towards the south (fv1) and a 3.45 MW wind turbine [9].

Figure 15. Share in the energy mix of mean hourly values of power generated by a 3 MWp peak
photovoltaic system oriented east–west (fv2) and a 3.45 MW wind turbine.

The share of the mean hourly power values generated by a 3 MWp peak photovoltaic
system oriented east–west (fv2) and a 3.45 MW wind turbine in the energy mix in a
standardized form in the range 0–1 is presented in Figure 16.
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Figure 16. Share in the energy mix of mean hourly values of power generated by a 3 MWp peak
photovoltaic system oriented east–west (fv2) and a 3.45 MW wind turbine—standardized presentation
in the range 0–1.

The balancing of energy in the power grid is not influenced only by the amount of
energy produced from the photovoltaic–wind mix. In this complicated process, the load on
the network, which results from the type of electrical receivers used, is of great importance.
In this article, the only receiver will be the low-emission hydrogen generation system. It
usually takes the form of an ISO container-mounted water electrolyzer in alkaline, PEM, or,
increasingly, AEM technology [64]. This section of the article will present the simulations
related to the use of energy obtained from the previously presented photovoltaic–wind
energy mix to power low-emission hydrogen production systems with a capacity of 750
to 1750 kW [65]. Figure 17 shows the probability of powering the hydrogen generation
system with energy from the photovoltaic–wind mix. Table 2 presents the same data but
in tabular form. Their analysis shows that the energy produced in the mix is sufficient to
power the selected load levels needed to power water electrolyzers at specific hours of the
day. For example, in the hourly interval marked as 14:00, the energy from the mix is able to
supply with probability 1 electrolyzers operating at all possible power levels from 750 to
1750 kW. However, it is already able to supply with probability 1 electrolyzer powers of
750, 1000, and 1250 kW between 10:00 and 14:00. For some analyses, it is more convenient
to present the calculation results in tabular form. In the case of a probability of less than 1,
it means that the energy from the mix is not sufficient to meet the energy demand of the
green hydrogen generation systems. The missing energy must be drawn from the power
grid. Significant amounts of energy are clearly missing at night, in the morning, and in the
evening. From this shape of the graph, we immediately conclude that the excess energy
produced from the mix should be stored and returned to the hydrogen generation process
when required.

Figure 17. Probability of generating individual power levels from a solar–wind mix.
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5. Discussion

The Python programming language tool can generate very useful graphs to visualize
the energy balancing strategies in power systems. For example, Figure 18 presents the
excess and the deficit of energy production from the mix on an hourly basis for different
levels of the electrical load.

Figure 18. Excess and deficit energy production from the mix on an hourly basis for different electrical
load levels.

Table 3 summarizes both the overproduction and the deficit in energy production
in the photovoltaic–wind mix over the daily period. Table 3 also includes the results of
their modeling.

Table 3. Energy balance for individual levels of generated power from the solar–wind mix.

Level
Energy Surplus

[kWh]
Energy Deficit

[kWh]
Balance
[kWh]

Energy Surplus
(Model) [kWh]

Energy Surplus
(Model) [kWh]

Level_1000 16,265.17 140.37 16,273 132.9 16,265.17
Level_1250 11,380.81 −975.27 11,133.25 −727.35 11,380.81
Level_1500 7271.36 −2865.82 7331 −2925.1 7271.36
Level_1750 5074.42 −6668.88 4866.25 −6460.35 5074.42

Level_1683.58 5391 −5391

The balancing characteristic of the energy system powered by the photovoltaic–wind
mix for different external load levels is presented in Figure 19. Both graphical visualization
and mathematical calculations allow for the precise calculation of the point of intersection
of the characteristic with the x-axis. Perfect balancing occurs for the receiver power of
1724.38 kW for (fv1) and 1683.58 kW for (fv2). The receiver power needed for ideal
energy balance for variant (fv2) decreased as a result of the photovoltaic system (fv2)
producing smaller amounts of energy during the day. This situation will affect the smaller
amount of green hydrogen produced during the day. However, this is only less than
2.5% of production.

Figure 20 shows the characteristics of energy surplus and deficit for individual power
levels of hydrogen electrolyzers. From the graphical presentation and mathematical calcu-
lations, it is evident that for the ideal balancing point of 1724.38 kW, the surplus energy
and the deficit energy are equal and have values of 7409 kWh. The simplest and most
accurate interpretation of the obtained results is that they constitute an ideal calculation of
the energy capacity of the required energy storage. For variant (fv2), the same calculations
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were made, and the energy storage capacity was 5391 kWh. This means a fairly large
decrease compared to the energy storage system (ESS) capacity for variant (fv1).

Figure 19. Balancing characteristics of an energy system powered by a photovoltaic–wind mix for
different external load levels.

Figure 20. Characteristics of energy surplus and deficit for individual power levels of hydrogen electrolyzers.

6. Conclusions

This article was introduced with a brief description of the generated energy and power
produced by the photovoltaic systems with a peak power of 3 MWp and different tilt and
orientation of photovoltaic panels. The characteristics of the latest systems for generating
energy by wind turbines were also presented. In the subsequent stages, the necessity
of balancing energy in power networks powered by a mix of renewable energy sources
was demonstrated. Then, a calculation algorithm was presented in the area of balancing
the energy system powered by a photovoltaic–wind energy mix and powering the low-
emission hydrogen production process. It was analytically and graphically demonstrated
that the process of balancing the entire system can be influenced by structural changes in
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the installation of the photovoltaic panels. It was proven that the tilt angle and orientation
of the panels have a significant impact on the level of power generated by the photovoltaic
system and thus by the energy mix in individual hourly intervals. It is worth emphasizing
that the authors used the actual measurement data from a specific geographical context,
i.e., from the Lublin region in Poland. Both traditional statistical methods and probabilistic
analysis were employed in the calculations. This means that the results obtained were
accurate to the probability distribution. Balancing the generated power and the energy
produced for the entire month considered in hourly intervals throughout the day is the
essence of the calculations made by the authors. The results obtained can be the basis for
conceptual assumptions and economic analyses related to investments in the design and
creation of new renewable energy generation capacities for the production of low-emission
hydrogen. Based on the calculations and analyses carried out, the following conclusions
can be drawn:

1. The orientation of photovoltaic panels in the east–west direction significantly affects
the amount of energy produced in individual hourly intervals compared to the ori-
entation of the panels to the south. As a result of the orientation of the panels in the
east–west direction, a significant increase in the share of energy from the photovoltaic
system in the energy mix was observed in the hourly interval from 6:00 to 9:00 and a
slight decrease in the remaining hours. However, it is worth noting that the hourly
interval of the increase in production falls on the morning peak hours, when the cost
of energy drawn from the power grid is very high.

2. As a result of the orientation of the panels in the east–west direction, the power of the
powered electrolyzers needed for perfect system balancing was reduced by less than
2.5%. This will reduce the production of green hydrogen by less than 1 kg per day.
However, as a result of the orientation of the panels in the east–west direction, better
energy balancing in the system was achieved, and the required energy storage system
was reduced by over 27% from 7409 kWh to 5391 kWh. In this way, the thesis put
forward at the beginning of this article that a structural influence on the construction
and performance of photovoltaic systems is possible, having a very large impact on
the power balancing of the entire system and contributing to the reduction in the
capacity of the energy storage system, was positively verified. This means that it is
possible to design the performance of the photovoltaic–wind mix for the production
of low-emission hydrogen.

According to the authors, in the future, the presented analyses should be extended to
include economic calculations. By assigning the cost of energy drawn from the network
and energy returned to the network by the energy mix to individual time intervals, specific
amounts related to earning on effective balancing of the energy network can be obtained.
According to the applied calculation algorithm, it is worth performing the analyses for all
months of the year, because the article made calculations for only one month of the year.
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Abstract: For effective wind turbine operations, it is essential to maintain the power limit
and reduce the stress on the drive train in the presence of disturbance and uncertain
conditions. In our work, we propose a Model Predictive Control (MPC) framework with
quadratic cost functions, incorporating control input and state constraints to mitigate the
challenge of disturbance rejection and uncertainty analysis for the wind turbine operation.
We have tailored the algorithm to the practical parameters of the National Renewable
Energy Laboratory’s (NREL) Controls Advanced Research Turbine (CART) model. We
illustrate the impact of wind disturbances on achieving the optimal control law and evaluate
the performance of integral MPC in disturbance rejection for the wind turbine operation,
comparing it with the constrained optimal control law outcomes. The simulation results
also show the efficacy of integral MPC for the uncertainty in the initial conditions of the
wind turbines. This is shown by the propagation of the first two moments, i.e., mean
and variance, for the states of the wind turbine. Further, we obtained the control law and
mean–variance propagation for the variation in disturbance intensity. The overall results
prove the efficacy of using the MPC framework for uncertainty analysis and disturbance
rejection to obtain optimal operation in wind turbines.

Keywords: disturbance rejection; model predictive control; uncertainty analysis; renewable
energy

1. Introduction

Wind power is a highly promising sustainable renewable energy source, poised to
make a substantial contribution to global energy needs [1]. According to the Interna-
tional Energy Agency (IEA), in 2022, wind power generation surged by 265 TWh (14%
increase), surpassing 2100 TWh [2]. However, this growth, second only to solar PV, must
still catch up to the trajectory needed to achieve the goal of Net Zero Emissions by 2050.
The 2022 Inflation Reduction Act in the United States of America allocated significant
funding for wind power [3] to various places. As a result, the East Coast of the United
States of America launched its first large-scale offshore wind project, which is expected to
have 62 operational turbines in the near future. The variable power output of wind turbines
is heavily influenced by environmental disturbances such as wind speed, wind direction,
and turbulence [4]. Aerodynamic disturbances [5] present a major challenge in different
forms, such as turbulent wind inflow, wind shear, and gusts. These challenges have the
potential to lead to unsteady aerodynamic loading on the blades of the wind turbine. These
fluctuations reduce the energy conversion efficiency of the wind turbine system and induce
fatigue loads that can compromise the structural health of the wind turbine components
over time. Another challenge is structural disturbances [6] such as tower shadow effects,
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blade tower interactions, and dynamic coupling between different wind turbine compo-
nents, further complicating the behavior of the whole system. Addressing disturbances is
crucial to enhancing the efficiency and longevity of wind turbines. The challenge lies in
minimizing the fatigue caused by these disturbances while maximizing the power output
of the whole system [7,8]. Larger wind turbines, designed to produce more power, are
particularly susceptible to significant fatigue, which can shorten their operational lifespan.
Therefore, effective disturbance rejection not only improves the wind turbine efficiency but
also extends the lifetime of components, leading to better cost benefits of operating the wind
turbine. This focus on mitigating environmental disturbances encourages researchers to
develop methods that optimize the power output of wind turbines without compromising
their durability.

Wind turbines typically operate in four distinct regions, each with specific control
objectives determined by the wind speed and power, as illustrated in Figure 1. We focus on
the operation of wind turbine in Region 3, the full load region, where the turbine generates
rated power at wind speeds exceeding the rated speed but below the cut-out speed. In this
region, the primary control objective is maintaining power output at the rated level while
ensuring the turbine’s safe operation.

Figure 1. Working region profile for the wind turbine.

In a wind turbine, the aerodynamic torque is governed by the pitch angle and blade
position, which are regulated to achieve the desired power output. To enhance wind turbine
performance and mitigate structural fatigue due to disturbance, pitch angle control methods
have been explored in [8,9]. Traditionally, Proportional Integral Derivative (PID) controllers
have been used for wind turbine control [10], with controller gain adjusted for different
requirements such as power output and drive train twist. However, the effectiveness of these
controllers can vary depending on the operational regions, with some being more suited
to specific regions and others transitioning between regions [11]. Various other methods
have been explored to tackle this challenge, including adaptive controllers [12], feedback
linearization techniques [13], robust control [14], a nonlinear controller [15], and methods
based on Maximum Power Point Tracking (MPPT) [16] to enhance the turbine efficiency.

Since the late 2000s, methods employing optimization techniques in controlling wind
turbines have been explored [17]. As a result, various methodologies utilize MPC formula-
tions to enhance the wind turbine operation [18–20]. Using various practical constraints
on parameters of the system, these methods achieve the control objectives like enhancing
power generation or mitigating tower loads [21] in the wind turbine operation. MPC proves
highly beneficial for wind turbine control because it manages multivariable constraints
on both system inputs and states. It also provides predictive functionalities, allowing for
optimized control inputs by considering future predictions for disturbance rejection [22,23].
However, the MPC approach must be appropriately explored for effective disturbance
rejection problems in wind turbine operations, which is the main purpose of our work.

In this work, we have formulated an optimal control framework using a linear MPC-
based approach for wind turbine operation in Region 3, focusing on designing a pitch
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angle controller for disturbance rejection and uncertain initial conditions. We used practical
parameters from the NREL’s Controls Advanced Research Turbine (CART) model and
defined the optimal control problem with a quadratic cost function involving state variables
and control inputs. We have considered the constraints on the state and input of the wind
turbine system and compared the results with those of unconstrained MPC to analyze the
effectiveness of the MPC framework.

Recognizing that the operation of wind turbines is continuously exposed to distur-
bances, we previously discussed the MPC framework for disturbance rejection in [24]. Our
findings showed that MPC performs satisfactorily even in the presence of disturbances. In
this work, we have utilized integral MPC for disturbance rejection to address the losses due
to steady-state error. Although integral MPC may slow down the system, it significantly
reduces the steady-state error, enhancing overall performance in managing disturbances of
the system. We have also shown the integral MPC results for the wind turbine’s varying
initial conditions and the change in disturbance intensity to analyze the effectiveness of
MPC for uncertainty analysis. In our work, we have utilized a deterministic approach
for computationally efficient and systematic exploration of how disturbance inputs affect
a wind turbine’s dynamic response. This can be helpful in isolating specific uncertainty
sources and their impact on system behavior, enhancing reproducibility and clarity in as-
sessing stability. The mean and variance propagation plot provides the uncertainty analysis
for the initial conditions by analyzing the expected value and the corresponding dispersion
of states of wind turbines about the mean at future times. The results strengthen the efficacy
of the proposed MPC controller design in the case of uncertainty in initial conditions and
change in disturbance intensity. It facilitates the scope to evaluate and improve our control
action strategy, providing wind turbines with more efficient and reliable operation.

The structure of the paper is outlined as follows. Section 2 presents the formulation
of wind turbine dynamics. In Section 3, we detail the optimal control formulation for
disturbance rejection and provide the preliminaries for the statistical analysis. We provide
the MPC problem formulation for the wind turbine in Section 4. Section 5 showcases the
simulation results. Finally, Section 6 summarizes the entire paper and highlights potential
directions for future research.

2. Dynamics of the Wind Turbine

In this section, we will discuss the dynamics of the wind turbine model used in our
work. We will first discuss the details of the nonlinear equations of the system, which are
further linearized around the operating point of the wind turbine system.

The rotor of a wind turbine includes blades and a hub, which convert wind energy into
mechanical energy. In high wind speed conditions, the turbine’s control system adjusts the
pitch angle of the blades to maintain a consistent power output from the system. The drive
train of the wind turbine transmission can be simplified using a two-mass model, as illustrated
in Figure 2. It is assumed that the gearbox operates with perfect mechanical efficiency.

The wind turbine model’s nonlinear generalized dynamics are described by the fol-
lowing mathematical equation:

ż = F(z) + Bu. (1)
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Here , F(z) is given as below and whose variables are discussed ahead:

F(z) =

⎡
⎢⎢⎢⎣

f1

f2

f3

f4

⎤
⎥⎥⎥⎦ =

⎡
⎢⎢⎢⎢⎢⎣

Pr(z1,z4,V)
z1 Jr

− z1Ds
Jr

+ z2Ds
Jr

− z3Ks
Jr

z1Ds
Ng Jg

− z2Ds
N2

g Jg
+ z3Ks

Ng Jg
− Tg

Jg

z1 − z2
Ng

− 1
τβ

z4

⎤
⎥⎥⎥⎥⎥⎦. (2)

The control input matrix for the wind turbine is denoted by B =
[
0 0 0 1

τβ

]T
, with the

state vector z =
[
ωr ωg δ β

]T
and control input u = βr. Using these variables, we can

write Equation (1) as:

ż =

⎡
⎢⎢⎢⎢⎢⎣

Pr(z1,z4,V)
z1 Jr

− z1Ds
Jr

+ z2Ds
Jr

− z3Ks
Jr

z1Ds
Ng Jg

− z2Ds
N2

g Jg
+ z3Ks

Ng Jg
− Tg

Jg

z1 − z2
Ng

− 1
τβ

z4

⎤
⎥⎥⎥⎥⎥⎦+

⎡
⎢⎢⎢⎣

0
0
0
1
τβ

⎤
⎥⎥⎥⎦βr. (3)

The mechanical power (Pr) captured by the wind turbine is given by Pr =
1
2 πρR2V3Cp(z1, z4, V). The nonlinear power coefficient (Cp), which depends on the pitch
angle (β) and tip-speed ratio (λ), is shown in Figure 3, and the expression is given as:

Cp = 0.22(116λt − 0.4z4 − 5)e−12.5λt , (4)

λt =
1

λ + 0.08β
− 0.035

β3 + 1
, λ =

ωrR
V

. (5)

Other parameters of the wind turbine dynamical equation are given in Table 1.

Table 1. Parameters of the model.

Parameter Definition

ωr, ωg Rotor speed , Generator speed

δ, β Twist angle , Pitch angle

τβ Time constant of pitch actuator

βr,Tg Pitch angle control, Generator torque

Jr, Jg Rotor inertia, Generator inertia

Ng, λ Gear ratio, Tip-speed ratio

Ds, Ks Drive-train damping, Spring constant

R,ρ,V Rotor radius, Air density, Wind speed

Cp Power conversion coefficient

We linearize the nonlinear dynamics of the wind turbine model given in (3) around an

operating point z̃ =
[
2.14 188.4 0 25

]T
to obtain the system matrix A for the linearized

model of wind turbine. The elements of A are computed as the partial derivatives of F with
respect to z, evaluated at z̃ with values as follows:
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∂ f1(z)

∂z1
= −Ds

Jr
− 1

Jrz1
[
Pr

z1
+ 0.11πρR3V2 178.5 − 1450λt + 5z4

(λ + 0.08z4)2 e−12.5λt ],

∂ f1(z)

∂z2
=

Ds

Ng Jr
,

∂ f1(z)

∂z3
= −Ks

Jr
,

∂ f1(z)

∂z4
=

0.11πρR2V3

z1 Jr
{(178.5 − 1450λt + 5z4)[

−0.08
(λ + 0.08z4)2 +

0.105z2
4

(z3
4 + 1)2

]− 0.4}e−12.5λt ,

∂ f2(z)

∂z1
=

Ds

Ng Jg
,

∂ f2(z)

∂z2
= − Ds

N2
g Jg

,

∂ f2(z)

∂z3
=

Ks

Ng Jg
,

∂ f2(z)

∂z4
= 0,

∂ f3(z)

∂z1
= 1,

∂ f3(z)

∂z2
= − 1

Ng
,

∂ f3(z)

∂z3
= 0,

∂ f3(z)

∂z4
= 0,

∂ f4(z)

∂z1
=

∂ f4(z)

∂z2
=

∂ f4(z)

∂z3
= 0,

∂ f4(z)

∂z4
= − 1

τβ
.

Our work uses the linearized state-space representation of the wind turbine dynamics
as ż = Az + Bu. For the simulation results in MATLAB, we adopt discrete-time dynamics
with a zero-order hold on inputs. Next, we will discuss the theory of constructing the MPC
formulation aimed at disturbance rejection and a quick overview of uncertainty analysis.

Figure 2. Two-mass model for wind turbine operation.
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Figure 3. Power coefficient.

3. MPC Problem Formulation for Disturbance Rejection

In our work, we propose an MPC framework for the wind turbine system’s distur-
bance rejection and uncertainty analysis. In this section, we will discuss the various MPC
frameworks that are utilized in our work. These are based on the linearized state-space
representation of the wind turbine dynamics obtained in the previous section.

3.1. MPC Framework for Constraints

MPC is a robust tool for solving optimal control design problems, providing significant
advantages over traditional PID controllers, such as handling constraints and rejecting dis-
turbances. This section presents a formal methodology for applying MPC to determine the
optimal control law for disturbance rejection for a discrete-time linear dynamical system. We
consider the dynamics of the form:

z(k + 1) = Az(k) + Bu(k), y(k) = Cz(k), (6)

where z ∈ R
n represents the state variables, u ∈ R

m is the control input, and y(k) denotes
the measured outputs.

Assumption 1.

A1. The pair (A, B) is stabilizable, and the pair (A, C) is detectable. The dynamical systems
focus on full-state feedback.

A2. Consider constant constraints across the prediction horizon. Therefore, at each time step, we
have constant matrices given as Mi = M, Ei = E, and bi = b.

For now, we assume the dynamics are free from disturbances, delays, model errors,
and noise. Our goal is to solve the finite horizon optimal control problem by minimizing
the cost function J (z(0), u) = z	(N)Pz(N) + ∑N−1

i=0 {z(i)	Qz(i) + u(i)	Ru(i)}, where,
Q 
 0, P 
 0, R � 0, u = [u(0), . . . , u(N − 1)], and N is the prediction horizon. The control
horizon is often chosen to be shorter than the prediction horizon. In such cases, the remain-
ing control inputs are either held constant or set to zero. However, in our work, we set the
control horizon equal to the prediction horizon. By utilizing the recursive relation of the
state equation, we can express the following for Equation (6):

⎡
⎢⎢⎢⎢⎣

z(1)
z(2)

...
z(N)

⎤
⎥⎥⎥⎥⎦ =

⎡
⎢⎢⎢⎢⎣

A

A2

...
AN

⎤
⎥⎥⎥⎥⎦z(0) +

⎡
⎢⎢⎢⎢⎣

B 0 · · · 0
AB B · · · 0

...
... · · ·

AN−1B AN−2B · · · B

⎤
⎥⎥⎥⎥⎦

⎡
⎢⎢⎢⎢⎣

u(0)
u(1)

...
u(N − 1)

⎤
⎥⎥⎥⎥⎦. (7)
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The above dynamic model using the stack variables is given as:

Z = Φz + ΓU. (8)

Similarly, the cost function by stacking the variables from above is given as J (z(0), U) =
z	(N)Pz(N) + ∑N−1

i=0 [z	(i)Q(i)z(i) + u	(i)R(i)u(i)]. The matrix form for the cost func-
tion is given as:

J (z(0), U) = z	(0)Q(0)z(0) +

⎡
⎢⎢⎢⎢⎣

z(1)
z(2)

...
z(N)

⎤
⎥⎥⎥⎥⎦

	⎡⎢⎢⎢⎢⎢⎣

Q(1) 0 · · · 0
... Q(2)

... 0
. . .

0 0 · · · P

⎤
⎥⎥⎥⎥⎥⎦

⎡
⎢⎢⎢⎢⎣

z(1)
z(2)

...
z(N)

⎤
⎥⎥⎥⎥⎦+

⎡
⎢⎢⎢⎢⎣

u(0)
u(1)

...
u(N − 1)

⎤
⎥⎥⎥⎥⎦

	⎡
⎢⎢⎢⎢⎣

R(0) 0 · · · 0
0 R(2) · · · 0
...

...
. . .

...
0 · · · · · · R(N − 1)

⎤
⎥⎥⎥⎥⎦

⎡
⎢⎢⎢⎢⎣

u(0)
u(1)

...
u(N − 1)

⎤
⎥⎥⎥⎥⎦. (9)

We can also write the compact form as J (z, U) = z	Qz + Z	ΩZ + U	ΨU. Here,
z = z(0). Following from Q(i) 
 0, and P 
 0, we obtain Ω 
 0. Similarly, from R(i) � 0,
we obtain Ψ � 0. Now, we substitute for Z from (8). On further simplification, the quadratic
cost function in U is given as:

J (z, U) =
1
2

U	GU + U	Fz + z	(Q + Φ	ΩΦ)z, (10)

where G := 2(Ψ + Γ	ΩΓ) and F := 2Γ	ΩΦ. Additionally, G ∈ R
(m∗N)×(m∗N) where m is

the number of the control inputs at each stage. The last term of the above expression does
not depend on U and, therefore, is not considered for the optimization. Since G is positive
definite, the optimization problem is convex. The analytical solution for optimal control
law is obtained by solving ∇uJ = 0 and given as U�(z) = −G−1Fz. Here, we consider
the Receding Horizon (RH) approach, so we only apply the first entry of the above optimal
control sequence as:

u�
RH(z) = [Im×m 0m×m . . . 0m×m]− G−1Fz = −KRHz, (11)

where KRH is the linear state-feedback control law.
The linear inequality constraints for the optimal control problem can be expressed as

Miz(i) + Eiu(i) ≤ bi ∀i = 0, . . . , N − 1 and MNz(N) ≤ bN . We observe that for Mi = 0,
the constraints exclusively involve control inputs. Conversely, for Ei = 0, the constraints
solely pertain to states. Furthermore, we can also consider the output constraints in terms of
states as y(i) = Cz(i). Following Assumption A2. and combining all inequality constraints,
we obtain:⎡

⎢⎢⎢⎢⎣
M0

0
...
0

⎤
⎥⎥⎥⎥⎦z(0) +

⎡
⎢⎢⎢⎢⎣

0 0 · · · 0
M1 0 · · · 0

0 M2
. . . 0

0 0 · · · MN

⎤
⎥⎥⎥⎥⎦

⎡
⎢⎢⎢⎢⎣

z(1)
z(2)

...
z(N)

⎤
⎥⎥⎥⎥⎦+

⎡
⎢⎢⎢⎢⎣

E0 0 · · · 0

0
. . . · · · 0

0 0 · · · EN−1

0 0 · · · 0

⎤
⎥⎥⎥⎥⎦

⎡
⎢⎢⎢⎢⎣

u(0)
u(1)

...
u(N − 1)

⎤
⎥⎥⎥⎥⎦ ≤

⎡
⎢⎢⎢⎢⎣

b0

b1
...

bN

⎤
⎥⎥⎥⎥⎦. (12)

In its condensed form, the expression from above becomes Dz +MZ + ΣU ≤ C.
By substituting Z from (8), and further simplification, we derive SU ≤ C +W . Subse-
quently, we incorporate this constraint equation into the cost function defined in (10).
The optimization problem with constraints is then solved using quadratic programming
solvers like quadprog in MATLAB. The solver iteratively solves the optimization problem
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at each time step, computes U, implements it into the system, advances the horizon by one
step, and repeats the process.

Remark 1. The constraint optimization infeasibility problems can be solved using slacking [25].
The hard constraint of u(i) � ū is replaced with the soften constraint as u(i) � ū + ξi. Here, ξi

denotes the slack variable and is kept as small as possible. As a result, the cost function is given as
minU,ξi Jnew = J + κξ ξ2, where κξ denotes the weights assigned some large value.

We have discussed the constrained MPC framework above. Next, we will use the
above MPC algorithm to incorporate disturbance rejection and integral control.

3.2. MPC with Disturbance Rejection and Integral Control

On adding disturbance to the dynamical equations given in (6), we obtain the dynam-
ics with disturbances as follows:

z(k + 1) = Az(k) + Bu(k) + Bdd(k), (13)

y(k) = Cz(k) + Ddd(k). (14)

The augmented state-space model is given as:

za(k + 1) = Aaza(k) + Bau(k), y(k) = Caza(k). (15)

Here, za(k) =
[
z(k) d(k)

]T
, Aa =

[
A Bd

0 I

]
, Ba =

[
B 0

]T
, and Ca =

[
C Dd

]
. At

each point k, the disturbance d(k) is measurable and assumed to remain constant over the
prediction horizon, meaning d(k + 1) = d(k).

Remark 2. The assumption of constant disturbance augments integrating modes in the model,
i.e., eigenvalues at 1. It ensures that the constant disturbances are rejected.

For the above dynamical model, the augmented cost is given as J (z(0), d(0), U) =

z	(N)Pz(N) + ∑N−1
k=0 [z	(k)Qz(k) + u	(k)Ru(k)]. In terms of the augmented variables,

the cost is given as J (z(0), d(0), U) = z	a (N)

[
P 0
0 0

]
za(N) + ∑N−1

k=0 [z	a (k)
[

Q 0
0 0

]
za(k) +

u	(k)Ru(k)]. Now, using the state-space model and the cost function, we can obtain
the optimal control law by using the approach from the previous subsection. To un-
derstand the impact of control with disturbance rejection, we consider the control law
obtained in (11). For the disturbance rejection, we obtain the augmented control law u(i) =

−Kaug

[
x(i) d(i)

]T
. On further simplification, we obtain u(i) = −Kaugx(i)− Kaugd(i),

where the first term corresponds to the feedback control and the second term to feedfor-
ward control action. A similar analysis can be extended for the constrained MPC case
as well.

Now, to ensure that the system’s output can accurately follow a constant desired
reference value without any steady-state error in the optimal control problem, we add
integral control to the original control problem discussed so far. This augmented control
law is represented as u(t) = −Kz(t) + uI(t). Here, uI(t) = −KI

∫ t
0 e(τ)dτ denotes the

integral control component. In discrete-time settings, we express the dynamics for this
integral control variable as q(k + 1) = q(k) + [y(k)− r(k)]. This formulation allows us
to derive the augmented state dynamics given as zI(k + 1) = AIzI(k) + BIu(k) + GIr(k).

Here, zI(k) =
[
z(k) q(k)

]T
, AI =

[
A 0
C I

]
, BI =

[
B 0

]T
, and GI =

[
0 −I

]T
. Using
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the MPC framework, we can use the augmented dynamic model with constraints to derive
the optimal control law.

So far, we have discussed the various MPC framework for the disturbance rejection in
the wind turbine system. Next, we will briefly discuss the scope of uncertainty analysis in
our work.

3.3. Uncertainity Propogation

In this work, our main motivation is to use a deterministic approach for uncertainty
analysis to achieve a computationally efficient and systematic exploration of the wind
turbine system’s response to structured variations in disturbance inputs to the dynamic
model. It will allow us to clearly isolate and understand the influence of specific uncertainty
sources on the wind turbine’s dynamic behavior [5]. These techniques also provide repro-
ducibility and clarity in tracing cause–effect relationships, which is particularly important
when analyzing the wind turbine system’s stability and control margins [26]. Next, we
provide some fundamentals of the uncertainty analysis.

For a discrete random variable Z with outcomes (zi, i = 1, . . . , n) and corresponding
probabilities (pi, i = 1, . . . , n), the expected value of Z is calculated as E(Z) = ∑n

i=1 zi pi.
It gives the weighted average of all possible values of Z, with the weights being the
probabilities of those values. Similarly, the higher k-th moments of Z are computed as
E(Zk) = ∑n

i=1 zk
i pi. These moments provide information about the shape of the distribution

of Z. For example, the second moment (k = 2) can be used to calculate the variance, which
measures the spread of the values around the mean.

Similarly, for a continuous random variable Z : Ω → R in the sample space Ω
and its Probability Density Function (PDF) PZ(z), the expected value of Z is defined as
E(Z) =

∫ ∞
−∞ zPZ(z) dz. It gives the continuous weighted average of all possible values

of Z, where the weights are provided by the PDF, PZ(z). Higher moments of Z for a
continuous random variable are given as E(Zk) =

∫ ∞
−∞ zkPZ(z) dz and provide insights

into the characteristics of the distribution of Z.
For the uncertainty analysis of the wind turbine system, we have analyzed the con-

troller’s performance under varying initial conditions and disturbance intensities for the
wind turbine operation. We conducted the study by scaling the disturbance amplitude both
positively and negatively. Time-domain simulations were performed for each case, and we
computed the propagation of the wind turbine system’s state (rotor speed, generator speed,
twist angle, and pitch angle) mean and variance over the simulation horizon. The analysis
provided the statistical characterization, where the mean captured the nominal trajectory
and the variance indicated the wind turbine system’s sensitivity to disturbances.

So far, we have provided the mathematical framework for the MPC formulation of dis-
turbance rejection and the scope of uncertainty analysis for the wind turbine system. Next,
we will discuss the framework to obtain the optimal control law for wind turbine operation.

4. MPC Formulation for Wind Turbine Operation

This section discusses formulating an optimal control problem framework for distur-
bance rejection and uncertainty analysis in wind turbine operation, employing a linear
MPC approach. Our approach involves formulating a quadratic cost function, as discussed
in Section 3. The goal of the control regulation problem is to find an optimal control
strategy for the wind turbine system that minimizes the cost function J . Specifically, our
cost function aggregates the deviations of all wind turbine dynamics system states from a
reference value r. This regulatory framework is well-suited for our purposes, given that we
have linearized the original nonlinear wind turbine dynamics around an operational point

z̃ =
[
2.14 188.4 0 25

]T
, as detailed in Section 2. To quantify the penalties for states

148



Energies 2025, 18, 2504

and the control input of the system, we utilize penalty weight matrices denoted as P, Q,
and R. It is important to note that these penalty weights remain constant across the control
prediction horizon.

We have considered limitations on the control input u and its variation Δu, alongside
constraints on the pitch angle z4 and its deviation Δz4. These constraints are specified as:

−1◦ ≤ z4, u ≤ 90◦, −10 ≤ Δz4, Δu ≤ +10. (16)

Precise control over pitch angle is crucial in the operational context of wind turbines
in Region 3. Enforcing strict boundaries on both the pitch angle state and control input is
essential to ensure optimal wind turbine performance. Consequently, we have applied the
constraints exclusively to the pitch angle state out of the four states involved. Next, we will
discuss the simulation results obtained based on the abovementioned problem formulation.

5. Simulation Results

For simulation results using our proposed MPC framework, we have considered the
Controls Advanced Research Turbine (CART) model [27], an experimental wind turbine
developed by the National Renewable Energy Laboratory (NREL). This turbine is a 1.5 MW
variable-speed pitch-controlled model. The parameters used in our work for the CART
model are outlined in Table 2.

Table 2. Parameters of the model [15].

Parameter Value Parameter Value

ωr (rad/s) 2.1428 Ng 87.965
Pe ( MW) 1.5 Ds (N m s/rad) 1.0 × 107

τβ ( s) 1 Ks (N m/rad) 5.6 × 109

Jr (kg m2) 2.96 × 106 R ( m) 35
Jg (kg m2) 53 ρ (kg/m3) 1.225

Based on the theory discussed in the introduction section, the turbine is expected to
operate in Region 3, to regulate power output to the rated level by adjusting the pitch
angle. This region corresponds to wind speeds ranging from 12 m/s to 24 m/s, and a mean
wind speed of 18 m/s is selected for control input calculations in our simulation results.
Furthermore, the linear model is discretized using a sampling time of Ts = 0.1 s, and the
penalty weights are set as P = I4×4, Q = I4×4, and R = 1. The simulation period is 300 s,
and the figures are displayed for a reduced time span for clarity and better visualization of
the results.

Initially, the unconstrained MPC was simulated using two distinct prediction hori-
zons, denoted as N = 3 and N = 10, to analyze the impact of the prediction horizon.
The eigenvalues of the resultant closed-loop system are presented in Table 3. The eigen-
values represent the stability characteristics of the closed-loop wind turbine model under
the unconstrained MPC with prediction horizons, N = 3 and N = 10. Each eigenvalue
corresponds to the poles of the wind turbine model’s closed-loop transfer function, which
are directly linked to the stability of the wind turbine system. Since the placement of the
eigenvalues in the complex plane determines whether the system is stable or unstable, we
can see from the values of Table 3 that all the eigenvalues lie inside the unit circle in the
complex plane (for the discrete-time model). Therefore, the wind turbine CART model
considered in our work operates under stable conditions. The stability condition is further
verified by all the simulation results discussed in the following section. The eigenvalues
have been computed using MATLAB’s eig() function by simulating the closed-loop wind
turbine dynamics using prediction horizons N = 3 and N = 10.
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Table 3. Eigenvalues for a closed-loop wind turbine system.

Eigenvalues N = 3 N = 10

λ1 0.9251 + 0.0125i 0.8883 + 0.0769i

λ2 0.9251 − 0.0125i 0.8883 − 0.0769i

λ3 0.2452 + 0.0435i 0.2452 + 0.0435i

λ4 0.2452 − 0.0435i 0.2452 − 0.0435i

Figure 4 shows the convergence of the states of the wind turbine dynamics to the
operating point. It is evident that, when choosing a higher prediction horizon (N = 10),
the value converges quickly as the control algorithm decides by looking further into the
future than before. The longer-term view allows time to make the adjustments as necessary.
However, the increase in the convergence rate by choosing a larger prediction horizon
results in higher control input for the system, as evident from Figure 5. It is supported
numerically from the value of receding horizon control gain in Table 4. This is justified as
the controller tries to compensate for the potential disturbances to the turbine operation
over a longer time span and takes more aggressive control action.

Table 4. Receding horizon control gain.

N = 3 −6.8072 −0.0166 16.0869 0.2603

N = 10 −40.1319 −0.0689 15.2870 0.9769
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Figure 4. Propagation of states for the unconstrained case.

In real-world operation, the pitch angle actuator places strict limitations on the wind
turbine system in terms of both the magnitude of its movement and how quickly it can
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change position. The MPC problem takes the constraints of the system as outlined in
Table 5. The propagation of the states of the system is illustrated in Figure 6. As the
prediction horizon extends, the convergence rate also improves, although at a slower pace
compared to the unconstrained scenario because of the constraints imposed on the pitch
angle rate of change, i.e., how quickly the pitch angle rate of the wind turbine can change.
This is considered for the physical limitation and safe operation of the turbine. Similarly,
the control input is larger on increasing the prediction horizon, as shown in Figure 7.
However, it is less aggressive than the unconstrained case discussed before.
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Figure 5. Control action for the unconstrained case.

Table 5. Constraints.

Parameter Description Value

βlim Pitch angle limit −1◦ to 90◦

β̇lim Pitch rate limit ±10◦/s

As highlighted in the introduction section, in practice, environmental disturbances
impact wind turbines’ operation. The variation could be in wind speed, wind direction, tur-
bulence, etc. We have considered the disturbance signal shown in Figure 8 into the system
Equation (13) to study and mitigate the effect of the disturbances on the performance of the
wind turbine. The simulation is done with a prediction horizon N = 3. In Figure 9, the re-
sults are shown in solid lines for the convergence of the system states for the constrained
MPC with disturbance rejection. It measures the controller’s adaptability to changing wind
conditions and analyzes how quickly the controller acts to the disturbance. The control
input is shown in solid blue lines in Figure 10. The controller is working effectively in
response to the disturbance to the wind turbine.

Moreover, to further enhance the control performance of the wind turbine for distur-
bance rejection, we have implemented integral control to reduce the steady-state error of
the system. Firstly, it is helpful in rotor speed regulation to maximize the energy capture
while maintaining safe operation. Further, it is useful for optimizing the blade pitch angle
to control power production and mitigate loads on turbine control. It also regulates the
generator torque to maintain the grid stability and maximize the output power. In Figure 9,
it can be seen that the steady-state error has decreased by using the integral MPC. This
comes at the expense of a reduced convergence rate of the system because the accumulated
error influences the control input gradually in the integral MPC, leading to a slower adjust-
ment process. The integral term, as given in Section 3.2, reacts to past errors, which slows
down the immediate response to changes. To further quantify the performance comparison
of the controllers for the wind turbine system, the value of Integral Absolute Error (IAE)
is computed as IAE =

∫ |e| dt. It is calculated for a 300 s simulation time and presented
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in Table 6. It verifies the objective of reducing the steady-state error in the wind turbine
operation by using the integral control MPC.
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Figure 6. Propagation of states for the constrained case.
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Figure 8. Disturbance signal injected to the system.
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Figure 9. State propagation with MPC disturbance rejection.
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Figure 10. Control input for the disturbance rejection case.

Table 6. Integral Absolute Error of States.

Variable Constrained MPC Integral MPC

ωr 8.0671 2.2428

ωg 708.2074 195.8734

δ 0.0001 0.0001

β 76.4240 37.3294

To further verify the effectiveness of the controller action for disturbance rejection,
we have obtained the statistical analysis for varying initial conditions of the wind turbine
operation. Figure 11 shows the first moment, i.e., mean propagation, and it is evident that the
mean propagation of all the states of the wind turbine converges to the designated operating

point of the wind turbine, i.e., z̃ =
[
2.14 188.4 0 25

]T
. It shows that the controller can

guide the turbine to its desired operational state regardless of initial conditions, even in
the presence of disturbance, ensuring reliable performance. It also provides an important
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aspect of integrating wind power into the larger power grid. The controller action effectively
maintains the operating speed of the rotor for energy conversion and stable power generation.
The convergence of generator speed ensures grid synchronization and is essential for consistent
electrical power output. Effective pitch angle control indicates the adaptability of the wind
turbine to disturbance and uncertain environmental conditions, i.e., capturing maximum
energy while ensuring longevity. Lastly, the convergence of the twist angle ensures effective
aerodynamic performance of the wind turbine system. Further, in Figure 12, we have shown
the variance propagation of all the states of the wind turbine system dynamics. Following
the mean propagation analysis, once the states converge to the operating point of a wind
turbine, the variance value converges to zero. The convergence of variance to zero for all the
states signifies a stable, efficient, and reliable wind turbine operation, enhancing both the
performance and longevity of the system.

In our work so far, we have shown the effectiveness of the integral MPC for disturbance
rejection and uncertain initial conditions. To further consolidate the effectiveness of the
controller action, we have considered the variation in the intensity of the disturbance.
As shown in Figure 13, the disturbance intensity is varied by ±50% to the intensity shown
in Figure 8. The wind turbine system is subjected to both extremes of the disturbance
to study the effect of the controller action. In Figure 14, the results for the states of the
wind turbine system show that the controller action can guide the system to the designed
operating point for both extremes of the disturbance. The results are almost similar in terms
of the system’s rotor speed, generator speed, and twist angle. However, the difference in
controller action is visible for the pitch angle of the wind turbine. When the disturbance
increases, the controller adjusts the pitch angle to reduce the aerodynamic load on the
blades, preventing potential damage and maintaining the power output of the system.
Conversely, when the disturbance decreases, the pitch angle is adjusted to maximize the
energy captured by the wind turbine.
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Figure 11. Mean propagation for uncertain initial states.
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Figure 12. Variance propagation for uncertain initial states.
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Figure 13. Disturbance signal with base (B), lower (L), and higher (H) intensities.
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Figure 14. System states with MPC controller exposed to disturbances of different intensities.
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As before, we have considered the case of uncertainty in the initial conditions of the
wind turbine operation and obtained the mean and variance propagation for the states of
the system. The mean propagation in Figure 15 shows that all the states converge to the

designated operating point of the wind turbine, i.e., z̃ =
[
2.14 188.4 0 25

]T
. Figure 16

shows the convergence of variance propagation of all the states to zero once the operating
point for the wind turbine has been reached. Overall, we can conclude that the convergence
of the mean propagation and the reduction of variance propagation to zero in the state
variables under initial condition uncertainties with variable disturbance intensity highlight
the effectiveness and robustness of the wind turbine’s integral MPC. It ensures the turbine
can achieve and maintain its designated operating point reliably, enhancing performance
and operational stability.
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Figure 15. Mean propagation for uncertain initial states for different disturbance intensities.
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Figure 16. Variance propagation for uncertain initial states for different disturbance intensities.

6. Conclusions

MPC framework is invaluable in achieving optimal control objectives for wind turbine
systems due to its ability to incorporate numerous practical constraints on system states
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and inputs, its predictive algorithmic nature, and the ability to reject disturbances. In this
paper, we developed a linearized model of a wind turbine, which was then employed
in formulating an MPC problem to mitigate the effects of disturbances. Our simulation
outcomes demonstrate the effectiveness of MPC in meeting specified constraints even when
disturbances are present. Additionally, integral control was implemented to minimize
the wind turbine system’s steady-state error. We also show the control action for the
uncertain initial conditions of the states of the wind turbine. The mean and variance
propagation shows the effectiveness of the designed controller for the operation of the
wind turbine system. Further, the results obtained for the variable disturbance intensity
and uncertain initial conditions showed the effect of MPC on enhancing performance
and operation stability. The results are discussed using the deterministic uncertainty for
the computationally efficient and systematic exploration of the wind turbine’s dynamic
response. Our goal in this work was to establish foundational insights into the effect of
specific disturbances, emphasizing rejection using the MPC algorithm framework, serving
as a basis for potential future probabilistic studies.

In future work, we plan to explore the random sampling approach to complement the
deterministic analysis and provide a more robust uncertainty quantification for the wind
turbine model. Moreover, the obtained results are promising for further implementation of
the proposed approach in real wind farms, which can be achieved by integrating it into
existing turbine control architectures with real-time optimization capabilities. However,
some practical challenges may require detailed analysis for successful implementation,
such as wind turbine model accuracy, computational demands for the extensive system,
and reliable wind disturbance estimation. We will be looking to address these challenges
in future work. One possible solution to explore is to develop an operator-theoretic data-
driven model of wind turbines, including developing MPC algorithms robust to stochastic
wind speed disturbance.
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Abstract

Ensuring the structural integrity of wind turbines is crucial for the sustainability of wind
energy. A significant challenge remains in transitioning from mere defect detection to
objective, scalable criticality assessment for prioritizing maintenance. In this work, we
propose a novel comprehensive framework that leverages multispectral unmanned aerial
vehicle (UAV) imagery and a novel standards-aligned Fuzzy Inference System to automate
this task. Our contribution is validated on two open research-oriented datasets representing
small on- and offshore machines: the public AQUADA-GO and Thermal WTB Inspection
datasets. An ensemble of YOLOv8n models trained on fused RGB-thermal data achieves
a mean Average Precision (mAP@.5) of 92.8% for detecting cracks, erosion, and thermal
anomalies. The core novelty, a 27-rule Fuzzy Inference System derived from the IEC
61400-5 standard, translates quantitative defect parameters into a five-level criticality score.
The system’s output demonstrates exceptional fidelity to expert assessments, achieving
a mean absolute error of 0.14 and a Pearson correlation of 0.97. This work provides
a transparent, repeatable, and engineering-grounded proof of concept, demonstrating
a promising pathway toward predictive, condition-based maintenance strategies and
supporting the economic viability of wind energy.

Keywords: defect criticality; fuzzy logic; artificial intelligence; multispectral fusion;
sustainable energy; UAV inspection; wind turbine blades; YOLO; condition-based
maintenance; structural health monitoring

1. Introduction

As the global energy landscape pivots towards sustainability, wind power has be-
come a cornerstone of renewable generation, with installed capacity expanding at an
unprecedented rate. However, the long-term economic viability of this multi-trillion-dollar
investment hinges on the effectiveness of Operations and Maintenance (O&M) strategies.
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A comprehensive review by Sun et al. highlights that ensuring the in situ structural in-
tegrity of turbine blades is a critical, yet unresolved, challenge [1]. These massive composite
structures face relentless environmental and operational stresses, leading to damage that
can degrade performance or precipitate catastrophic failures [2]. Consequently, O&M
activities constitute a substantial fraction of the levelized cost of energy, particularly for
offshore installations where non-contact inspection methods are essential to mitigate the
high costs and risks of manual assessment [3].

The advent of Unmanned Aerial Vehicles (UAVs) has revolutionized data acquisition
for structural health monitoring, offering a safe and efficient alternative to traditional
methods, as surveyed by Zhang et al. [4]. The integration of advanced communication
protocols like 5G and microservice architectures further enhances the autonomy and scala-
bility of UAV-based inspections, enabling near real-time data streaming and distributed
processing [5]. However, the immense volume of data collected necessitates automated
analysis pipelines. While deep learning models, particularly the You Only Look Once
(YOLO) architecture, have proven highly effective for raw defect detection [6,7], a signifi-
cant ‘criticality gap’ remains. A simple list of detected flaws is insufficient for informed
decision-making, as noted in studies on multi-type defect detection [8]. The urgent need is
to move beyond detection to diagnosis and prognosis, a challenge reviewed by Sun et al.
in the context of machine learning applications for fault diagnosis [9].

A robust criticality score, which quantifies the severity of a defect, is the missing link
needed to transition from reactive, time-based maintenance to predictive, condition-based
maintenance (CBM) [10]. Such a system must align with established engineering principles,
as outlined in international standards like IEC 61400-5 [11] and industry taxonomies
from the Electric Power Research Institute (EPRI) [12]. To our knowledge, this paper
introduces the first end-to-end framework to bridge this gap by explicitly grounding an
interpretable AI model in these standards. Our primary contribution is a transparent,
‘glass-box’ Fuzzy Inference System (FIS) that translates quantitative defect parameters
into a standards-aligned criticality score. By validating our approach on diverse public
datasets, the large-scale offshore AQUADA-GO video collection [13] and the multispectral
Thermal Wind Turbine Blade (WTB) Inspection dataset [14], we introduce a reproducible
and engineering-grounded solution. We demonstrate that this fusion of multispectral data
and explainable AI provides an actionable tool for optimizing maintenance, enhancing
safety, and ensuring the long-term sustainability of wind energy assets.

This paper introduces a complete, end-to-end framework designed to bridge this
criticality gap. Our work builds upon foundational research in UAV inspection and AI-
based detection but makes several novel contributions aimed at creating a system that
is not only accurate but also transparent, reliable, and directly applicable in a real-world
industrial setting. The goal of this study is to improve the objectivity and efficiency of wind
turbine blade maintenance by developing an automated system that moves beyond simple
defect detection to provide a reliable, standards-aligned criticality assessment. The primary
objective is to create a transparent, data-driven tool that can prioritize repairs, optimize
resource allocation, and enhance operational safety.

The major contributions of this work are as follows:

• A robust multispectral detection framework, built on an ensemble of YOLOv8n mod-
els, that achieves a state-of-the-art mean Average Precision (mAP@.5) of 92.8% on
the combined public AQUADA-GO and Thermal WTB Inspection datasets. In this
context, ‘multispectral’ refers to the combined use of the visible Red–Green-Blue (RGB)
and long-wave infrared (thermal) spectra.
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• A novel 27-rule ‘glass-box’ FIS for severity scoring, whose knowledge base is explicitly
derived from the engineering principles of the IEC 61400-5 standard. The system
demonstrates exceptional fidelity to expert assessments, achieving a mean absolute
error of 0.14 and a Pearson correlation of 0.97.

• A comprehensive and reproducible validation of the entire framework, featuring
(i) ablation studies that quantify the critical impact of each component, (ii) a formal
protocol for establishing expert-derived ground truth validated by a high inter-rater
reliability (Fleiss’s κ = 0.85), and (iii) a global sensitivity analysis confirming the FIS’s
robustness to ±20% parameter variations.

The remainder of this manuscript is structured to detail every aspect of this frame-
work. Section 2 provides an extensive review of the state of the art in relevant fields.
Section 3 describes our methodology, from data acquisition and processing to the design of
the proposed FIS. Section 4 presents the comprehensive empirical results and validation.
Section 5 interprets these findings, discusses their implications, acknowledges limitations,
and proposes future research directions. Finally, Section 6 summarizes the work and its
contribution to the sustainable management of critical wind energy assets.

2. Related Work

The automated assessment of wind turbine blades is a multidisciplinary field drawing
from advances in remote sensing, computer vision, and artificial intelligence. The evo-
lution from hazardous manual inspections to autonomous systems has been driven by
the maturation of UAV platforms capable of dynamic trajectory adaptation and precise
maneuvering [15]. The diagnostic power of these platforms is determined by their sensor
payloads. While high-resolution RGB cameras are standard for capturing surface details
and enabling techniques like image stitching [16], the integration of thermal imaging has
proven essential for a comprehensive non-destructive evaluation [17]. Thermal sensors
reveal subsurface anomalies by detecting minute temperature variations, a technique
validated for both blades and electrical components [18]. Research continues to explore
more advanced modalities, such as hyperspectral imaging for identifying material degra-
dation or icing [19], and the broader context of UAVs is expanding with developments
in edge computing and thermal image processing incorporated with thermodynamics
principles [20].

Effectively leveraging multispectral data hinges on intelligent fusion strategies, a topic
thoroughly surveyed by Zhang et al. [21]. This can occur at the hardware level, as with the
Multi-Spectral Dynamic Imaging (MSX) technology used in the Thermal WTB dataset [14],
or through post-processing. Transform-domain methods, such as those using wavelets,
have been successfully applied to enhance defect saliency in fused images [22], a principle
also demonstrated in AI-based video fusion applications [23]. These traditional techniques
are increasingly complemented by deep learning approaches that learn optimal fusion rules
directly from data, using architectures like IFCNN [24] or FusionNet [25]. The core idea of
combining data from multiple sensors to assess system health extends beyond imaging,
as demonstrated in the performance degradation assessment of wind turbine gearboxes
using vibration and operational data [26].

The automated analysis of this imagery is dominated by deep learning, which has
supplanted classical computer vision methods. The performance of modern object detectors
is built upon foundational architectures like ResNet [27] and the availability of large-
scale pre-training datasets. Detection architectures have diverged into two main families:
high-accuracy two-stage models like Faster R-CNN [28] and its descendants, Cascade
R-CNN [29] and Mask R-CNN [30], which have been adapted for blade inspection [31], and
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high-speed single-stage models like EfficientDet [32] and the YOLO family [33]. The latter’s
balance of speed and accuracy has made it a popular choice for detecting various defects,
from multi-scale surface flaws to specific cracks [34–36]. To further enhance robustness,
ensemble learning [37], combining multiple models to reduce variance, is a widely adopted
strategy [38].

The final frontier is translating detection into decision support, a task for which AI-
driven criticality assessment is essential. A comprehensive review by Al-Agha et al. high-
lights this trend [39], while another work explores alternative machine learning techniques
for damage classification [40]. Fuzzy logic, with its ability to model the linguistic reasoning
and uncertainty of human experts, has emerged as a particularly suitable paradigm. Pre-
vious work has demonstrated its potential for creating integrated detection-to-criticality
pipelines [41]. The field is advancing towards more sophisticated methods, including
adaptive neuro-fuzzy systems that can learn from data [42], a technology proven in related
aerospace applications [43]. Furthermore, research into automated rule-based generation
using techniques like ant colony optimization seeks to address the knowledge acquisition
bottleneck [44]. Our work contributes to this area by proposing a fuzzy system that is not
only accurate but also transparent and explicitly grounded in established international
engineering standards, a crucial step for real-world adoption and certification. Unlike
prior works employing adaptive neuro-fuzzy systems that can be opaque, our approach
utilizes a static, Mamdani-type FIS where every rule is explicitly defined, making the entire
reasoning process from sensor data to final score fully auditable by human experts.

While the reviewed literature demonstrates significant progress in sensor technology,
data fusion, and deep learning for defect detection, a persistent gap remains in translat-
ing these high-accuracy detections into transparent, reliable, and actionable maintenance
decisions. The purpose of this research is to bridge this gap by developing an integrated
framework that not only identifies defects with high precision but also assesses their criti-
cality based on established engineering standards. To achieve this, this study addresses
three primary tasks: (i) the development of a robust multispectral defect detection frame-
work using an ensemble of deep learning models validated on diverse public datasets,
(ii) the design and implementation of a novel explainable FIS whose knowledge base is
explicitly derived from the IEC 61400-5 standard, and (iii) a comprehensive empirical
validation of the end-to-end system to quantify its accuracy, reliability, and practical value
for condition-based maintenance.

3. Materials and Methods

The framework proposed in this study introduces a comprehensive, multi-stage
methodology for progressing from raw, multispectral UAV imagery to an actionable and
quantitative assessment of wind turbine defect criticality. This process is designed as a
cyber-physical system that synergizes automated data processing with formalized expert
knowledge. The overall architecture, depicted in Figure 1, is structured into three primary
computational blocks that sequentially refine the data from initial detection to a final,
integrated criticality score.

As illustrated in Figure 1, the workflow proceeds from raw data ingestion to a final
decision support output. Block 1 (Data-Driven Detection and Measurement) is responsible
for processing the raw imagery to identify defects and extract a rich set of quantitative
features. Concurrently, Block 2 (Knowledge Modeling and Expert Priors) formalizes
domain expertise into a set of physics-informed models that provide an initial estimate of
criticality for different defect types. Finally, Block 3 (Fuzzy Fusion and Decision Support)
serves as the integration core, employing a Fuzzy Inference System (FIS) to intelligently
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fuse the data-driven measurements from Block 1 with the knowledge-based estimates from
Block 2. This is achieved through a sequence of fusion, aggregation, and defuzzification
steps, which yield a robust, calibrated, and transparent final criticality score, Cfinal, ready
for operational use.

Figure 1. High-level architecture of the proposed framework. Block 1 ingests multispectral data
(xRGB, xTH) and metadata (h, L), using a YOLOv8 ensemble to detect ROIs and an image processing
pipeline to extract normalized, photogrammetrically scaled features (m = Zp/ f ). Block 2 encapsu-
lates domain expertise within a 27-rule Mamdani fuzzy base, utilizing defect-specific membership
functions (μc) to generate preliminary criticality estimates (Cexp(Mc)). Block 3 serves as the decision
core, fusing (z = ffuse) the data-driven and knowledge-based inputs. It then performs aggregation
and centroid defuzzification to produce a final, calibrated criticality score (Cfinal) with an associated
Expected Calibration Error (ECE).

3.1. Input Data and Defect Localization

The initial input to our system consists of multispectral image data streams, denoted as
xRGB for the visual spectrum and xTH for the thermal spectrum, captured by the UAV. This
imagery is augmented with essential flight metadata, including the UAV’s altitude (h) and
its location (L) relative to the turbine structure. The foundational computational step is the
detection of potential defects within these images. For this task, we employ an ensemble of
three fine-tuned YOLOv8n deep learning models, chosen for their state-of-the-art balance
of speed and accuracy. The output of this initial stage is a set of candidate detections for
each image frame, where each detection is a structured data object containing the unique
frame identifier, the predicted defect class, the pixel coordinates of the bounding box,
and the model’s confidence score. This initial set serves as the input to the main criticality
assessment workflow, with each bounding box defining the Region of Interest (ROI) for
subsequent detailed analysis.

3.2. Block 1: Data-Driven Detection and Measurement

This block forms the data-driven foundation of the framework, processing raw sensor
inputs to produce a structured set of quantitative defect parameters.

3.2.1. Data Synchronization, Normalization, and Feature Extraction

Once a defect is localized within an ROI, its corresponding data from both the RGB
and thermal streams are synchronized. The raw pixel values (y) within the ROI undergo
channel-wise normalization, ŷ = (y − μ)/σ, to standardize the intensity distributions
and ensure robustness to variations in lighting and sensor calibration. Subsequently,
an extensive, sequential image processing pipeline is executed on the synchronized and
normalized ROI. This pipeline is designed to extract a precise and objective set of physical
and thermal parameters, ensuring that all subsequent analysis is based on repeatable,

163



Energies 2025, 18, 4523

quantitative measurements. The process culminates in the generation of two feature
vectors for each detected defect Di: vRGB, containing geometric (e.g., area, perimeter) and
textural parameters from the visual spectrum, and vTH, containing thermal parameters
(e.g., max/min/avg temperature, temperature gradients) from the infrared spectrum.

3.2.2. Region of Interest (ROI) Extraction and Preprocessing

The analysis begins by isolating the defect. Using the bounding box coordinates
(xi

ensemble, yi
ensemble, Wi

ensemble, Hi
ensemble) provided by the YOLOv8 ensemble, the corre-

sponding ROI is cropped from the original, undistorted source image Iundistorted. This is
represented by the function fcrop, which is formalized as follows:

Ii
ROI = fcrop(Iundistorted, xi

ensemble, yi
ensemble, Wi

ensemble, Hi
ensemble). (1)

Next, to mitigate high-frequency noise (e.g., from sensor imperfections or atmospheric
interference) while preserving the sharp edges that are critical for defining defect bound-
aries, a bilateral filter, fbilateralFilter, is applied to the extracted ROI as follows:

Ii
smooth = fbilateralFilter(Ii

ROI, d, σcolor, σspace), (2)

where d is the diameter of the pixel neighborhood, σcolor is the filter sigma in the color
space, and σspace is the filter sigma in the coordinate space.

We empirically determined optimal values of d = 9, σcolor = 75, and σspace = 75 for
this application through a grid search optimizing for edge preservation on a validation
subset.

3.2.3. Contrast Enhancement and Adaptive Binarization

To enhance the visibility of defect features, particularly in challenging lighting condi-
tions such as shadows or glare, we apply Contrast Limited Adaptive Histogram Equaliza-
tion (CLAHE) as follows, where the clip limit CL was set to 2.0 to prevent oversaturation,
and the grid size GS was set to (8, 8) pixels:

Ii
equalized = fCLAHE(Ii

smooth, CL, GS). (3)

Unlike global histogram equalization, CLAHE operates on small tiled regions of the
image, which prevents the over-amplification of noise in relatively uniform areas.

The contrast-enhanced image is then segmented into foreground (defect) and back-
ground pixels through adaptive thresholding (Equation (4)), which calculates a localized
threshold for each pixel based on the intensity distribution in its neighborhood.

Ii
binary = fadaptiveThreshold(Ii

equalized, BS, C), (4)

where the block size BS for the thresholding neighborhood is 11 pixels and C = 2 is a
constant subtracted from the local mean.

This method in Equation (4) is highly effective for images with non-uniform illumination.

3.2.4. Morphological Filtering and Geometric Feature Extraction

The raw binary image Ii
binary may contain small spurious artifacts. To refine the

defect mask, morphological operations are performed. An erosion operation (Equation (5))
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is first applied to remove small isolated white pixels, followed by a dilation operation
(Equation (6)) to restore the original size of the primary defect region.

Ii
eroded = ferode(Ii

binary, S), (5)

Ii
processed = fdilate(Ii

eroded, S), (6)

where S is a (5 × 5)-elliptical structuring element.
From the final processed binary image Ii

processed, contour analysis is performed to

identify all distinct object boundaries. The largest contour, Ci
defect, is assumed to correspond

to the primary defect. A set of geometric parameters is then computed from this contour,
as detailed in the following Equations (7)–(9):

Ai
pixels = fcontourArea(Ci

defect), (7)

Pi
pixels = farcLength(Ci

defect), (8)

(xi, yi, Wi
defect, Hi

defect) = fboundingRect(Ci
defect), (9)

where Ai
pixels is the defect area in pixels, Pi

pixels is its perimeter, and the final line gives the
dimensions of the minimal bounding rectangle.

3.2.5. Photogrammetric Scaling and Calibration

To convert these pixel-based measurements into physically meaningful units, a scaling
factor mi is computed for each defect, accounting for the UAV’s distance to the target and
the camera’s optical properties, as shown in the following Equation (10):

mi =
Zi · p

f
, (10)

where Zi is the distance to the defect, p is the physical size of a sensor pixel, and f is the
lens focal length.

The scaling factor mi allows for the calculation of a set of real-world physical parame-
ters Sphysical = {Wi

real, Hi
real, Ai

real, Pi
real}. Crucially, the ‘Defect Size’ input to our FIS uses

the metric area Ai
real (in mm2), not the pixel area, to ensure that the assessment is invariant

to inspection altitude.
In this work, Zi in Equation (10) was not treated as a fixed constant but measured

directly using the onboard Real-Time Kinematic (RTK) Global Navigation Satellite System
(GNSS) integrated in the UAV, which provides an accuracy of ±0.02 m at the typical
operating range. The camera intrinsics (p, f ) were calibrated prior to each flight campaign
using a standard checkerboard pattern and the photogrammetric pipeline proposed by
Zhang [45]. To assess the potential influence of this residual altitude uncertainty on the
final criticality score, we performed a first-order error propagation analysis. Differentiating
Equation (10) with respect to Z yields the uncertainty in the scaling factor, as follows:

δmi =
∂mi

∂Zi ΔZ =
p
f

ΔZ, (11)

where ΔZ = ±0.02 m represents the worst-case GNSS error.
Substituting typical values for the sensor’s pixel pitch (p) and lens focal length ( f ) from

the manufacturer’s datasheets yields a relative uncertainty in the calculated metric defect
area of less than 3%. We propagated this uncertainty through the trapezoidal membership
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functions used in our FIS; the resulting change in membership grade was consistently below
0.08 on the [0, 1] scale for all but the very smallest defects, which are of lowest criticality. We
therefore concluded that, for the precision of the RTK system used, no additional correction
or uncertainty term was necessary for the FIS.

3.2.6. Thermal Analysis

For defects with a thermal component, an analogous analysis is performed on the ra-
diometric thermal data within the contour Ci

defect to extract key temperature characteristics,
as detailed in the following Equations (12)–(14):

Ti
min = min

(x,y)∈Ci
defect

T(x, y), (12)

Ti
max = max

(x,y)∈Ci
defect

T(x, y), (13)

Ti
avg =

1
Ni ∑

(x,y)∈Ci
defect

T(x, y), (14)

where T(x, y) is the temperature at pixel (x, y) and Ni is the number of pixels within
the contour.

To ensure consistency, all thermal data from the different sensors used in the public
datasets are standardized to degrees Celsius (◦C) before being passed to the analysis
pipeline. The key input to the FIS, the ’Thermal Signature,’ is the differential temperature
ΔT = Ti

max − Tambient, where Tambient is the average temperature of a non-defective region
adjacent to the defect.

These physical and thermal parameter sets are then encapsulated into a final com-
prehensive data model, Di

complete, for each defect, which serves as the input to the integra-
tion module.

3.3. Block 2: Formalization of Expert Criticality Functions

Operating in parallel to the data-driven parameterization, Block 2 of our framework
translates the qualitative assessment criteria of human experts into formal mathematical
models. These models provide an initial knowledge-based estimate of criticality, Cexp(Mi),
for a given defect type Mi (e.g., Mcrack, Merosion, Mhotspot). Each model is designed to reflect
the underlying physics of the failure mode associated with that defect type, providing
a physics-informed baseline before the fuzzy integration stage. A crucial component of
these models is the inclusion of a weighting coefficient that depends on the specific turbine
component where the defect is located. These coefficients, presented in the Supplementary
Materials, are derived from engineering standards and expert consultation, and quantify
the structural or operational importance of each component. For instance, the criticality
model for a crack (Mcrack) is given by the following Equation (15):

Cexp(Mcrack) = βc ·
∫ L

0
wvisible(s) · |r′(s)| · (1 + κ(s))ds, (15)

where βc is the component-specific weighting factor, L is the crack length, wvisible(s) is its
visible width along its path s, |r′(s)| accounts for its tortuosity, and κ(s) is its curvature.
This model captures the principle from fracture mechanics that longer, wider, and more
complex cracks pose a greater risk.
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Similarly, the model for erosion (Merosion) is primarily a function of the affected area,
while the model for overheating (Mhotspot) depends on the temperature differential and the
spatial temperature gradient. The explicit forms for these models are as follows:

Cexp(Merosion) = γc · Areal, (16)

Cexp(Mhotspot) = ηc · (ΔTmax)
2 · |∇2T|, (17)

where γc and ηc are component-specific weights, Areal is the erosion area, ΔTmax is the max
temperature difference, and |∇2T| is the mean absolute temperature Laplacian.

These models yield an initial physics-informed criticality score before fuzzy integra-
tion. A detailed derivation of these models, including the full tabulation of all weighting
coefficients, is provided in the Supplementary Materials.

3.4. Block 3: Fuzzy Logic Integration for Final Criticality Assessment

The core novelty of our framework lies in the integration module (Block 3), which
employs a Mamdani-type FIS to intelligently fuse the objective data-driven measurements
from Block 1 with the knowledge-based estimates from Block 2. The logic of this fusion
is governed by a knowledge base of 27 IF-THEN rules, the complete set of which is
provided in Appendix A, Table A1. This rule base was explicitly designed to ensure that
the final criticality score is both empirically grounded and consistent with established
engineering principles, with its design directly mirroring failure mode considerations
from the IEC 61400-5 standard (see Appendix A, Table A3 for illustrative examples of this
mapping).

3.4.1. Fuzzification of Data-Driven and Expert-Driven Inputs

The process begins with fuzzification. Each crisp physical parameter pi
k within the

comprehensive data structure Di
complete (e.g., ‘Defect Area,’ ‘Max Temperature Difference’)

is mapped to a set of linguistic variables (e.g., Small, Medium, Large) via trapezoidal mem-
bership functions μpk (x). These functions were parameterized using a hybrid approach,
where initial estimates from a panel of domain experts were refined by aligning the function
breakpoints with the empirical quantiles of the training data distribution (see Appendix A,
Table A2 for details). A global sensitivity analysis, presented in Appendix A, Figure A1,
confirmed that the system’s output is robust to moderate (±20%) variations in these pa-
rameters, which validates the stability of this custom rule-based approach. An example
function is defined in the following Equation (18):

μpk (x) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎩

0, x ≤ ak;

(x − ak)/(bk − ak), ak < x ≤ bk;

1, bk < x ≤ ck;

(dk − x)/(dk − ck), ck < x < dk;

0, x ≥ dk,

(18)

where [ak, dk] defines the support of the fuzzy set and [bk, ck] defines its core.
The fuzzy sets representing all of a defect’s physical parameters are then aggregated

into a single data-driven fuzzy set, μ′
D(x), using the t-norm (minimum) operator shown in

Equation (19).
μ′

D(x) = min
k

μpk (x). (19)
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Concurrently, the crisp output from the expert model, Cexp(Mi), is also fuzzified into
an expert-driven fuzzy set, μCexp(x), using the Gaussian membership function shown in
the following Equation (20):

μCexp(x) = exp

(
− (x − Cexp(Mi))

2

2σ2

)
, (20)

where σ controls the uncertainty or ‘fuzziness’ of the expert estimate.

3.4.2. Weighted Aggregation of Fuzzy Sets

To intelligently combine these two fuzzy sets, the system first quantifies their degree
of agreement. This is achieved by calculating the cosine similarity, S(Di), between them,
which serves as a robust measure of overlap in the fuzzy domain (Equation (21)). This
similarity score is used to determine the relative weights for the final aggregation.

S(Di) =

∫
X μ′

D(x) · μCexp(x) dx√∫
X [μ

′
D(x)]2 dx ·

√∫
X [μCexp(x)]2 dx

. (21)

This agreement coefficient, S(Di) ∈ [0, 1], is then used to determine the relative
weights of the data-driven evidence and the expert model’s estimate in the final assessment.
The weights, wD and wexp, are calculated using the sigmoidal function in Equation (22),
which allows for a smooth transition, as follows:

wD =
1

1 + e−k(S(Di)−θ)
; wexp = 1 − wD, (22)

where k controls the steepness of the transition and θ is the inflection point (typically 0.5).
This ensures that when the data and the expert model are in high agreement, the result

is reinforced; when they disagree, their contributions are balanced. The final aggregated
fuzzy set for the defect’s criticality, μfinal(x), is then computed as a weighted sum as follows:

μfinal(x) = wD · μ′
D(x) + wexp · μCexp(x). (23)

3.4.3. Defuzzification for a Final Criticality Score

The conclusive step in the framework is defuzzification, which converts the final fuzzy
set μfinal(x) back into a single crisp numerical value. For this, we employ the centroid (or
center of gravity) method, which is formulated in Equation (24).

Cfinal(Di) =

∫
X x · μfinal(x) dx∫

X μfinal(x) dx
. (24)

Equation (24) calculates the center of the area under the membership function, ef-
fectively providing a weighted average of all possible criticality values. The resulting
score, Cfinal(Di), represents the system’s comprehensive and integrated assessment of the
defect’s severity. This continuous value is then normalized and mapped to the discrete 1–5
integer scale defined by the EPRI damage taxonomy, rendering it directly interpretable and
actionable for O&M teams to prioritize repair and maintenance activities.

3.5. Experimental Setup

This section details the experimental environment used to evaluate the proposed
cyber-physical framework, including the data management procedures, hardware plat-
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form, and the major software components employed throughout the study. To facilitate
reproducibility, every piece of software is identified by name and version, accompanied by
a bibliographic reference, and the key parameters of the hardware platform are reported.

3.5.1. Dataset Curation and Preprocessing

The experiments were based exclusively on two publicly available datasets to ensure
the reproducibility of our findings. The first, AQUADA-GO [13], consists of high-resolution
RGB videos captured during offshore inspections of small (approximately 2 MW) turbines.
The second, the Thermal WTB Inspection dataset [14], contains onshore inspections con-
ducted with a FLIR thermal camera, where each thermal frame is co-registered with an
RGB image and enhanced by MSX. Table 1 provides a detailed summary of the datasets,
including the total number of images, distinct inspection flights, and the distribution of
annotated defects across the three primary classes.

Table 1. Dataset card and split summary. The table provides counts of images (frames), distinct blades
(flights), and annotated defects per class for the two public datasets used in this study. The final row
shows the total counts for the combined dataset used for training and evaluation.

Dataset Images Blades Cracks Erosion Hotspots

AQUADA-GO (RGB) 15,420 24 850 1230 –
Thermal WTB (RGB-T) 3850 12 320 450 210

Total Combined 19,270 36 1170 1680 210

To avoid bias caused by temporal correlation in video data, both datasets were split
into training, validation, and test sets in an 80:10:10 ratio at the level of blade flights rather
than individual frames. All frames associated with a single blade and flight were assigned
to the same fold, ensuring that the test set contains inspections of turbines entirely unseen
during training. For each training fold, we applied random spatial augmentations, scaling,
cropping, and flips, followed by color and brightness jittering. These transformations were
implemented using the torchvision v0.20.1 [46] library, chosen for its rich collection of
augmentation primitives and GPU support.

3.5.2. Defect Detection and Fusion Pipeline

Detection of candidate defects relied on an ensemble of three YOLOv8n detectors.
Each detector was implemented using the Ultralytics YOLOv8 framework (release 8.2)
built on PyTorch v2.4.0 [47]. Training was performed for 100 epochs with the Adam
optimizer, an initial learning rate of 0.001, and a cosine annealing schedule, with random
seeds set globally to ensure reproducibility, as detailed in the Supplementary Materials. To
assemble the detections from individual models, we employed the Weighted Boxes Fusion
algorithm implemented in the Weighted-Boxes-Fusion v1.0.8 package [48]. Low-level image
processing tasks such as bilateral filtering, CLAHE equalization, and contour extraction
were carried out with OpenCV v4.10.0 [49].

During early development, we explored synthesizing a thermal channel for AQUADA-
GO by fusing textural features extracted via the DWT. This simulation was implemented
with PyWavelets v1.6.0 [50]. To validate the surrogate modality, we collected 50 paired RGB
and LWIR frames with a handheld FLIR T840 camera and compared the simulated and
true temperature difference maps using the Pearson correlation coefficient. The resulting
r-value of 0.45, far below the 0.6 threshold recommended for modality substitution, led
us to discard the simulated channel in favor of a dual-head architecture. In this design,
the network backbone is shared between RGB and thermal branches, but the LWIR head is
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only activated when genuine thermal data are available. For the RGB-only AQUADA-GO
dataset, the thermal branch was masked during training and inference. For these RGB-only
cases, the ‘Thermal Signature’ input to the FIS was programmatically set to a crisp input of
0, corresponding to the ’Low’ fuzzy set, allowing the system to determine criticality based
on defect size and location alone.

3.5.3. Hardware and Software Environment

All software was orchestrated using Python 3.12.3. Numerical operations were per-
formed using NumPy v2.1.0 [51] and SciPy v1.14.1 [52], while tabular data handling was
facilitated by pandas v2.2.3 [53]. Bootstrap resampling and statistical analyses were imple-
mented with scikit-learn v1.5.1 [54] and visualized with Matplotlib v3.9.2 [55]. The FIS was
implemented with scikit-fuzzy v0.5.0 [56].

The experiments were run on a workstation equipped with an Intel® CoreTM i9-
13900K CPU, 64 GiB of RAM, and an NVIDIA® RTX 3090 GPU with 16 GiB of VRAM.
The CUDA environment was provided by CUDA Toolkit v12.4.1 and cuDNN v8.9.7 The
UAV mentioned in the context of our supplementary field case studies was a DJI M300
(SZ DJI Technology Co., Ltd., Shenzhen, China) fitted with a FLIR A65 camera (Teledyne
FLIR LLC, Wilsonville, OR, USA) for radiometric thermal imaging and an RTK GNSS
module (Emlid Tech Korlátolt Felelősségű Társaság, Budapest, Hungary) offering altitude
measurements with 2 cm precision; this platform was used for validation purposes only
and not for generating the primary training datasets. Photogrammetric calibration of the
RGB camera was accomplished using OpenCV’s calibration routines.

3.5.4. Evaluation Protocol

Performance metrics were computed according to standard object-detection practice.
Precision, recall, mean Average Precision at IoU threshold 0.5, class-wise F1-scores, and
the quadratic-weighted κ statistic were derived on the test set. To quantify the uncertainty
of these estimates, we employed a BCa bootstrap with B = 10,000 resamples. Resampling
was stratified by dataset and defect class, with complete blade flights treated as the unit
of resampling to preserve temporal correlations. Confidence intervals were computed
following the approach of Efron and Tibshirani, and all code for the bootstrap procedure is
provided in our public repository.

The Fuzzy Inference System was validated against a ground-truth dataset created
by a panel of three certified O&M engineers, as detailed in the Supplementary Materials.
Each expert scored defects on the held-out set using the five-level EPRI taxonomy, and the
median score served as the reference label. The system’s continuous outputs were com-
pared with these labels using mean absolute error and the Pearson correlation coefficient.
Implementation of the FIS drew upon the scikit-fuzzy library for membership function
evaluation and defuzzification and was executed on the same workstation described above.
All source code, trained model weights, and configuration files necessary to reproduce our
experiments are available at our repository (see Data Availability Statement).

3.5.5. Ethical Considerations

Finally, the supplementary field data used for the case study were collected in accor-
dance with all local and national aviation regulations. Flight permissions were obtained
from the relevant airspace authorities, and explicit consent was secured from the wind
farm operator. To protect privacy and commercial sensitivities, all imagery was processed
to remove any identifying features of the site or personnel.
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4. Results

This section presents a comprehensive empirical evaluation of the proposed frame-
work, meticulously dissecting its performance from initial defect detection to final criticality
assessment. The analysis is performed exclusively on two publicly available and diverse
benchmarks: the large-scale, offshore AQUADA-GO dataset [13], featuring high-resolution
video, and the Thermal WTB Inspection dataset [14], which provides fused RGB and ra-
diometric thermal imagery. We first quantify the performance of the detection module,
including visual analytics of its behavior. Subsequently, a series of ablation studies iso-
lates the contribution of each system component. We then validate the fuzzy criticality
system’s accuracy and calibration against expert-derived ground truth and conclude with
a comparative analysis against state-of-the-art methods and an illustrative case study from
field data.

4.1. Defect Detection Performance and Computational Profile

To establish the efficacy of our detection framework, we benchmarked our final
model, a three-model YOLOv8n ensemble trained on fused multispectral data, against two
systematically ablated baselines. Performance was evaluated on the combined held-out test
sets from both datasets. The primary metrics, reported as the mean and 95% Bias-Corrected
and accelerated (BCa) confidence interval derived from 10,000 bootstrap resamples, are
summarized in Table 2. This uncertainty quantification provides a robust measure of
the stability of our performance estimates. Paired bootstrap tests confirmed that the
performance differences between all three configurations were statistically significant
(p < 0.01) for both mAP@.5 and F1-score.

Table 2. Comparative defect detection performance on the combined test sets. Results are reported
as mean ± 95% Bias-Corrected and accelerated (BCa) confidence interval. Best results are shown in
bold. The final column reports precision at an operating point that yields ≤ 0.05 false positives per
image (FPPI).

Model Configuration Precision (%) Recall (%) F1-Score (%) mAP@.5 (%)
Precision@FPPI

≤ 0.05 (%)

Single YOLOv8 (RGB Only) 82.5 ± 1.8 79.1 ± 2.0 80.8 ± 1.9 81.7 ± 1.7 78.4
Single YOLOv8 (Multispectral) 89.1 ± 1.4 87.3 ± 1.5 88.2 ± 1.4 88.9 ± 1.3 89.5
Proposed Ensemble (Multispectral) 93.2 ± 1.0 91.5 ± 1.1 92.3 ± 1.0 92.8 ± 0.9 93.5

The proposed ensemble using fused multispectral data demonstrates a clear and sta-
tistically significant performance advantage over the baseline configurations. The results
unequivocally demonstrate a tiered improvement at each stage of methodological enhance-
ment. The baseline RGB-only model establishes a respectable mAP@.5 of 81.7%. The
introduction of the thermal data channel provides the most significant performance leap,
boosting the mAP by 7.2 percentage points to 88.9%. This underscores the profound diag-
nostic value of the thermal spectrum for revealing defects, such as incipient delamination,
that are often invisible in visual light. Finally, the application of three-model ensembling
provides a further statistically significant refinement, achieving a final mAP of 92.8%. This
multi-model approach effectively mitigates the prediction variance of individual models,
leading to more robust and reliable detections across the diverse environmental conditions
present in the datasets. Figure 2 illustrates Receiver Operating Characteristic (ROC) curves
for the three defect classes.

The mean area under the curve (AUC) was 0.97 (see Figure 2), indicating strong
discrimination between defective and non-defective regions. Following IEC operational
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risk metrics, we determined the confidence threshold that yields at most 0.05 false positives
per image; at this operating point, the precision of the ensemble reached 93.5%, as reported
in Table 2.

To assess the robustness of our models to domain shift, a critical concern when deploy-
ing models in varied real-world environments, we conducted cross-dataset experiments
where a model trained on one dataset was evaluated on the other without any fine-tuning.
The results are presented in Table 3.

Figure 2. ROC curves for the three defect classes: ‘Crack,’ ‘Erosion,’ and ‘Hotspot’.

Table 3. Cross-dataset evaluation to quantify domain shift. Models were trained on one dataset and
evaluated on the other without fine-tuning, revealing the performance degradation that occurs when
models encounter out-of-distribution data.

Training Dataset Test Dataset mAP@.5 (%) F1-Score (%)

AQUADA-GO (RGB) Thermal WTB 76.4 74.1
Thermal WTB (RGB–T) AQUADA-GO 84.2 81.8

As summarized in Table 3, the mAP dropped significantly to 76.4% when transferring
from the offshore AQUADA-GO to the onshore Thermal WTB dataset, and to 84.2% in
the reverse direction. These results provide a quantitative baseline for the domain gap
and highlight the critical need for external validation and the development of domain
adaptation strategies for operational deployment, a point we elaborate on in the Discussion.

Further visual analytics provide deeper insight into the system’s behavior, as shown in
Figure 3. The per-frame inference latency, benchmarked on an NVIDIA RTX 3090 GPU over
5000 frames, is consistently low, with a mean of 118.4 ms and a standard deviation of 12.1 ms
(Figure 3a), making the system suitable for high-throughput offline analysis. The model
demonstrates robust performance across the three primary defect classes, with the F1-scores
shown with 95% confidence intervals in Figure 3b; performance is highest for ’Hotspot’
defects, which have a uniquely salient Thermal Signature. Finally, an analysis of the
relationship between ensemble size and performance (Figure 3c) reveals that mAP@.5 gains
begin to plateau after three to four models, justifying our choice of a three-model ensemble
as an optimal balance between accuracy and computational cost.
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(a) (b)

(c)

Figure 3. Visual analytics of the detection module: (a) per-frame latency histogram; (b) class-wise
F1-scores with 95% BCa confidence intervals (CIs); and (c) heatmap showing the relationship between
ensemble size, confidence threshold, and resulting mAP@.5, illustrating that performance gains
diminish beyond three models.

4.2. Ablation Studies

To rigorously quantify the contribution of each component to the framework’s overall
efficacy, we conducted a series of ablation studies, with results summarized in Table 4. The
rationale for each scenario was to isolate and measure the impact of a core methodological
choice on final system performance. Removing the thermal channel caused the most
severe degradation, increasing the criticality mean absolute error (MAE) by 150% and
confirming that multispectral data are the cornerstone of reliable assessment. The removal
of ensembling also resulted in a significant 4.1-point drop in F1-score. Simplifying the
FIS from 27 to a more generalized 15 rules more than doubled the criticality MAE; this
experiment was designed to test the necessity of a nuanced rule base to capture expert logic,
and the significant performance drop justifies our use of the more comprehensive 27-rule
set. Finally, the system showed high resilience to a simulated +5 ◦C thermal calibration
drift, with the MAE increasing by only 0.04, demonstrating the robustness of using relative
temperature differentials rather than absolute values.
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Table 4. Detailed ablation studies quantifying the impact of removing key system components on
final performance. The degradation in metrics, shown relative to the baseline performance of the full
framework, highlights the critical contribution of each part to the overall system efficacy.

Ablation Scenario Affected Module Primary Metric Baseline Ablated Impact Analysis (Δ and % Change)

Thermal Channel
Removed (RGB only)

Criticality
Assessment Criticality MAE 0.14 0.35 +0.21 (+150.0%): Loss of thermal data

catastrophically degrades severity assessment.

Defect
Detection F1-score (%) 92.3 82.2 −10.1 pts: Confirms thermal data are crucial

for robust detection of multiple defect types.

Ensemble Learning
Removed (Single Model)

Defect
Detection F1-score (%) 92.3 88.2

−4.1 pts: Demonstrates that ensembling
provides a significant boost in accuracy and
robustness.

Fuzzy Rule Count
Reduced (27 → 15 rules)

Criticality
Assessment Criticality MAE 0.14 0.29

+0.15 (+107.1%): A comprehensive nuanced
rule base is essential to accurately model
expert logic.

Simulated Thermal
Drift (+5 ◦C)

Criticality
Assessment Criticality MAE 0.14 0.18

+0.04 (+28.6%): System shows high resilience
due to its reliance on relative, not absolute,
temperature.

4.3. Validation of the Fuzzy Criticality Assessment

The system demonstrated exceptional fidelity to expert judgment, achieving an overall
MAE of 0.14. To account for the ordinal nature of the 1–5 scale, we also computed the
quadratic-weighted Cohen’s κ, obtaining κ = 0.89 (95% BCa confidence interval: 0.86–0.92),
which indicates almost perfect agreement with the human panel. Class-wise F1-scores
for the five severity levels were [0.94, 0.91, 0.88, 0.90, 0.93], demonstrating balanced per-
formance across the entire criticality spectrum. Importantly, there were zero instances in
which a ground-truth rating of 5 was assigned a rating below 4 by the automated sys-
tem. This absence of severe downgrades is a critical safety key performance indicator for
any operational deployment. The Pearson correlation coefficient between the system’s
continuous output and the experts’ median score remained high at r = 0.97 (p < 0.001).
The confusion matrix in Figure 4, generated by rounding the system’s continuous output
to the nearest integer, shows a strong diagonal concentration, visually confirming the high
level of agreement.

Figure 4. Confusion matrix for the five-level criticality assessment, comparing the system’s rounded
output with the expert-assigned ground-truth ratings. The high concentration of values along the
main diagonal indicates excellent agreement across all severity levels. A color bar has been added to
provide a scale for the cell counts.
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4.4. Reliability and Calibration of Criticality Scores

Beyond accuracy metrics like MAE, it is crucial for a decision-support system to
produce well-calibrated and reliable outputs. A well-calibrated system’s confidence in its
prediction should match its actual correctness. To evaluate this, we generated reliability
diagrams for the five-level criticality output, as shown in Figure 5. The plots show that the
predicted confidence for each class aligns closely with the observed accuracy, with all points
lying near the diagonal identity line. The overall Expected Calibration Error (ECE) was low
at 0.034, indicating that the system’s outputs are not only accurate but also trustworthy,
a vital characteristic for high-stakes maintenance decisions.

Figure 5. Reliability diagrams for the five discrete criticality levels. Curves show empirical accuracy
vs. predicted probability in 10 equal-width bins with 95% bootstrap confidence intervals. The diagonal
line denotes perfect calibration. Expected Calibration Error (ECE) and Maximum Calibration Error
(MCE) are reported in the legend; see Section 4 for metric definitions.

4.5. Comparative Analysis and Field Case Study

As shown in Table 5, our proposed framework outperforms five recent state-of-the-art
methods in wind turbine defect analysis across key metrics.

Table 5. Comparative analysis of the proposed framework against five state-of-the-art defect detection
methods. Our framework demonstrates superior performance, particularly in the balanced F1-score
and overall mAP. Note: Results for other methods are as reported in their respective publications;
training datasets and protocols may vary. Best results are shown in bold.

Method Data Modality Precision (%) Recall (%) F1-Score (%)

Liu et al. [35] RGB 81.2 78.5 79.8
He et al. [34] RGB 84.5 82.1 83.3
Zhou et al. [18] Fused RGB-T 89.3 85.4 87.3
Zhao et al. [22] Fused RGB-T 91.8 89.2 90.5
Zhao et al. [36] RGB 88.6 86.9 87.7

Proposed Framework Fused RGB-T
Ensemble 93.2 91.5 92.3

Our approach shows particular strength in the F1-score, which we attribute to the
synergistic effects of multispectral fusion and ensemble-based inference. Compared with
the enhanced SSD model by Zhao et al. [22], our framework achieves a 1.8-point higher F1-
score, a gain primarily attributable to the superior robustness of the three-model YOLOv8
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ensemble, which mitigates individual model variance and improves generalization across
the diverse conditions found in the validation datasets.

The system’s real-world value is best illustrated by a case from our supplementary
field data. During a routine inspection of turbine T-17B, the system flagged a ‘Hotspot’
on the generator housing with a criticality score of 5.0, corresponding to a ‘Severe’ rating.
The thermal camera registered a significant anomaly with a ΔT of over 20 ◦C against
its surroundings, while the RGB image appeared entirely normal. The automated alert
triggered an immediate manual inspection, which revealed a critical internal fault in the
cooling system. Maintenance logs indicated that this intervention occurred approximately
48 h before a scheduled component replacement, with engineers noting that a failure
was imminent. This case provides a powerful vignette of the system’s value proposition:
moving beyond simple surface inspection to preemptive, condition-based intervention that
prevents catastrophic failures and costly unscheduled downtime.

5. Discussion

The empirical results presented in the preceding section strongly validate our central
thesis: that an integrated framework marrying multispectral data, ensemble deep learning,
and standards-aligned fuzzy logic can provide an accurate, transparent, and reliable solution
for the automated criticality assessment of wind turbine defects. This section synthesizes these
findings, contextualizes them within the broader landscape of scientific literature, addresses
the inherent limitations of the study, and charts a course for future research.

5.1. Interpretation of Principal Findings

Our principal finding is that the synergy between the framework’s components creates
a system far more capable than the sum of its parts. The final mAP of 92.8% for defect
detection (Table 2) represents a state-of-the-art result, outperforming recent benchmarks
as shown in Table 5. The ablation study (Table 4) reveals the critical importance of data
fusion. The 10.1-point drop in F1-score upon removing the thermal channel is not merely
an incremental decline; it signifies a fundamental loss of diagnostic capability. It is this
channel that enables the system to ‘see’ into the subsurface of the blade, identifying thermal
anomalies indicative of delamination, moisture ingress, or bonding failures—defects that
are often precursors to the most catastrophic failure modes and are completely undetectable
by RGB-only systems like those in [34,35]. This strongly corroborates the findings of [14]
and extends the principle to a broader range of data types, including large-scale offshore
video. Another practical consideration is the handling of negative classes. Precision
at high recall is critical for O&M workflows because false-positive alarms can overload
maintenance queues. Our ROC analysis (Figure 2) and the Precision@FPPI≤ 0.05 metric
reported in Table 2 demonstrate that the ensemble maintains high specificity even when
the false-positive rate is constrained to a level compatible with IEC operational risk metrics.

The core novelty of this research is the transparent FIS. Achieving a criticality MAE of 0.14
and a Pearson correlation of 0.97 against expert ratings is a powerful demonstration that the
nuanced, experience-based reasoning of human engineers can be successfully encapsulated
within a formal, repeatable, and scalable computational system. This addresses a major gap in
the literature, which has focused heavily on detection accuracy but has largely neglected the
subsequent, more crucial step of severity assessment. The explicit grounding of our FIS design
in the IEC 61400-5 standard is what sets this work apart (see Table A3 in Appendix A). While
other studies have used fuzzy logic [42], they have not established this formal, auditable
link to internationally recognized engineering principles. This creates a ‘glass-box’ model
where any assessment can be interrogated: an operator can see not only the final score but
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also precisely which rules (e.g., ‘the rule concerning large defects in high-stress zones’) were
triggered and with what intensity, as detailed in Table A3 in Appendix A. This constitutes
a significant contribution to the field of explainable AI for industrial applications, building
operator trust in a way that opaque black-box models cannot.

5.2. Practical Implications for Condition-Based Maintenance

The practical ramifications of this framework for wind farm operators are profound. It
provides the core enabling technology for a genuine CBM strategy, a long-sought goal in the
industry. Instead of relying on fixed, time-based inspection schedules or reacting to failures,
operators can continuously assess asset health and make data-driven decisions. By providing
a prioritized list of defects with objective severity scores, the system allows O&M managers to
allocate finite resources (technician time, equipment, and budget) with maximum efficiency,
as illustrated by the T-17B field case. High-severity defects posing imminent risks can be
addressed immediately, while low-severity issues can be scheduled for repair during planned
downtime, minimizing lost production and maximizing annual energy production.

Furthermore, the standardized and repeatable nature of the assessment creates a con-
sistent digital audit trail of a turbine’s health over its life cycle. These longitudinal data are
invaluable for tracking defect propagation rates, validating repair effectiveness, informing
future blade designs, and providing objective evidence for insurance claims or asset transfers.
While the current FIS is static, these historical data provide the foundation for future exten-
sions, such as dynamic or recurrent models capable of forecasting defect evolution. While a
full-scale deployment would generate terabytes of raw image data per inspection campaign,
the framework’s output is a compact, actionable list of annotated defects (e.g., a few kilobytes
in a structured format like CSV or JSON), drastically reducing the cognitive and data load on
human analysts and aligning with standard industrial data management protocols.

5.3. Limitations and Threats to Validity

Despite the promising results, academic integrity demands a frank acknowledgment
of the study’s limitations and threats to its validity, which also serve as a valuable roadmap
for future research.

A primary limitation concerns domain shift and the external validity of our findings.
The AQUADA-GO dataset originates from offshore inspections of relatively small (≤2 MW)
turbines in marine climates, whereas the Thermal WTB Inspection data come from onshore
sites with mild, temperate conditions. As a result, the current models may not generalize
perfectly to utility-scale ≥ 5 MW platforms or to radically different operating environments.
Our cross-dataset evaluation (Table 3) provides quantitative evidence of this challenge,
showing a performance drop of up to 15% in mAP. This degradation likely stems from a
combination of factors, including differences in ambient lighting, atmospheric haze com-
mon in offshore environments, sensor characteristics between the different UAV platforms,
and subtle variations in defect morphology between the smaller offshore turbines and the
larger onshore models. Figure 6 visualizes this covariate shift using t-SNE, showing that
the feature embeddings from the two datasets form distinct clusters.

A second limitation, affecting construct validity, is that our framework currently
operates on 2D imagery. This inherently limits the analysis, as it cannot directly measure
defect depth or volume, which are critical parameters for assessing certain types of damage
like erosion or gouges. We also note that our initial attempt to simulate a thermal channel for
AQUADA-GO using DWT fusion yielded only moderate correlation (r = 0.45) with actual
LWIR measurements. Based on this result, we did not pursue other simulation approaches,
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reinforcing the principle that modality fusion should be grounded in physically meaningful
data rather than synthetic proxies.

Figure 6. t-SNE projection (perplexity = 35, random_state = 42) of multispectral feature embeddings
highlighting domain shifts between AQUADA-GO (RGB) and Thermal WTB (RGB-T). Points are
colored by acquisition domain; ellipses show 95% covariance estimates.

5.4. Future Research Directions

The limitations identified above naturally chart a course for future research. The clear
next step to address the 2D imagery constraint is integration with 3D digital twins. Local-
izing defects on a 3D mesh, created using SfM or MVS on the UAV video stream, would
enable far richer parameterization (e.g., true area on a curved surface, volume of material
loss, and geodesic distance between defects) and a more sophisticated structural assessment.
Furthermore, to address the critical challenge of domain shift, future work must focus on
mitigating this domain gap through domain adaptation techniques, such as correlation
alignment [57] or feature-space augmentation [58]. This must be coupled with an expansion
of training data to include more diverse and challenging scenarios, such as (i) large-scale
offshore turbines (≥5 MW), (ii) ice-prone Nordic installations where low-temperature icing
can alter spectral signatures, and (iii) desert sites experiencing severe leading-edge erosion
from sand abrasion. Developing domain-adaptive models trained on such a comprehensive
dataset is essential for building a truly universal inspection tool.

Finally, while the system is efficient for offline analysis, real-time, on-board inference
remains a challenge. Our current inference time (mean of 118.4 ms; see Figure 3a) is the
primary bottleneck and is too high for power-constrained edge devices, corresponding to a
throughput of approximately 8.4 frames per second. Future research must therefore focus
on model optimization to create lightweight yet accurate models suitable for deployment on
platforms like the NVIDIA Jetson series. Key avenues to explore include network quantization
(e.g., converting model weights to 8-bit integers), structured pruning (removing redundant
network weights and channels), and knowledge distillation (training a smaller ’student’ model
to mimic the predictive behavior of our larger, more accurate ’teacher’ ensemble). Moreover,
a further avenue of research is the multimodal fusion with Supervisory Control and Data
Acquisition data, as we did for enhancing fire hazard detection in solar power plants in our
joint work [59]. Correlating a visually detected defect with anomalous vibration signals or a
drop in power output would provide the most complete picture of an asset’s health, moving
the field towards a truly holistic, system-level understanding of wind turbine integrity.
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6. Conclusions

In this study, we have designed, implemented, and rigorously validated a comprehen-
sive end-to-end framework for the automated criticality assessment of wind turbine defects,
directly addressing a pivotal challenge in the sustainable management of wind energy
assets. Our holistic methodology successfully integrates the diagnostic power of multi-
spectral UAV-acquired data, the pattern recognition capabilities of an ensemble of deep
learning detectors, and the transparent reasoning of a knowledge-based Fuzzy Inference
System. By validating our system on two diverse public datasets, we have demonstrated its
robustness and reproducibility. Our optimized multispectral detection framework achieved
a state-of-the-art mAP@.5 of 92.8%, with ablation studies confirming that the fusion of
visual and thermal data is the single most critical factor for high performance.

The core scientific contribution is our novel 27-rule Mamdani-type FIS, whose ‘glass-
box’ design is explicitly grounded in the engineering principles of the IEC 61400-5 standard.
This system’s five-level criticality output shows exceptional agreement with assessments
from certified human engineers, validated by a low MAE of 0.14, a high quadratic-weighted
κ of 0.89, and excellent calibration. The framework provides operators with a powerful
decision-support tool, enabling a paradigm shift from reactive to predictive maintenance.
This directly enhances operational safety, optimizes maintenance expenditure, and increases
asset availability, thereby supporting Sustainable Development Goal 7 by improving the
economic viability and reliability of wind power.

While acknowledging current limitations, our work establishes a clear roadmap for fu-
ture research focusing on three key areas: enhancing model generalization through domain
adaptation techniques to mitigate performance drops in new environments, integrating 3D
digital twins for more sophisticated geometric analysis, and optimizing models for efficient
on-board edge deployment to enable real-time autonomous inspection capabilities. These
advancements will pave the way for the next generation of intelligent structural health
monitoring systems.
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AI Artificial Intelligence
AUC Area Under the Curve
BCa Bias-Corrected and accelerated
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DWT Discrete Wavelet Transform
ECE Expected Calibration Error
EPRI Electric Power Research Institute
FIS Fuzzy Inference System
FPPI False Positives per Image
GNSS Global Navigation Satellite System
IEC International Electrotechnical Commission
LWIR Long-Wave Infrared
MAE Mean Absolute Error
mAP Mean Average Precision
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MSX Multi-Spectral Dynamic Imaging
O&M Operations and Maintenance
RGB Red–Green–Blue
ROC Receiver Operating Characteristic
ROI Region of Interest
RTK Real-Time Kinematic
t-SNE t-Distributed Stochastic Neighbor Embedding
UAV Unmanned Aerial Vehicle
WTB Wind Turbine Blade
YOLO You Only Look Once

Appendix A. Fuzzy Inference System Details

This appendix provides supplementary details for the Fuzzy Inference System
(FIS), ensuring full transparency and reproducibility of the criticality assessment module.
Table A1 presents the complete 27-rule matrix that forms the core of the system’s knowledge
base. Table A2 provides the exact parameters used for all membership functions, which
were derived via a hybrid expert- and data-driven process as described in the Supplemen-
tary Materials. Figure A1 shows the results of a global sensitivity analysis, confirming
the system’s robustness to parameter variations. Table A3 provides further illustrative
examples of how specific fuzzy rules are explicitly linked to the engineering principles
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and failure mode considerations derived from IEC standards, grounding the AI system in
established domain knowledge.

Table A1. The complete 27-rule matrix for the Mamdani FIS. The table shows the logical mapping
from combinations of fuzzified inputs (‘Defect Size,’ ‘Location,’ and ‘Thermal Signature’) to an output
‘Criticality’ level.

IF Defect Size Is AND Location Is AND Thermal Signature Is THEN Criticality Is

Large

Blade Root
High Severe
Medium Severe
Low Severe

Mid-span
High Severe
Medium High
Low High

Blade Tip
High High
Medium Medium
Low Medium

Medium

Blade Root
High Severe
Medium High
Low High

Mid-span
High High
Medium Medium
Low Low

Blade Tip
High Medium
Medium Low
Low Low

Small

Blade Root
High High
Medium Medium
Low Low

Mid-span
High Medium
Medium Low
Low Negligible

Blade Tip
High Low
Medium Negligible
Low Negligible

Table A2. Membership function parameters for the FIS. The trapezoidal parameters (a, b, c, d) define
the support and core of each fuzzy set. Parameters for ‘Defect Size’ are in metric units (mm2) to
ensure scale invariance. All parameters were derived by expert elicitation combined with fitting to
empirical quantiles of the training data, as detailed in the Supplementary Materials.

Input Variable Linguistic Term a b c d

Defect Size (mm2)
Small 0 0 50 100
Medium 50 100 400 500
Large 400 500 1000 1000

Thermal Signature
(ΔT in ◦C)

Low 0 0 2 4
Medium 3 5 8 10
High 9 12 25 25
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Figure A1. Sensitivity analysis of the Fuzzy Inference System. The curve illustrates how the MAE
varies when all membership function breakpoint parameters are perturbed jointly by a factor ranging
from −20% to +20%. The MAE remains below 0.18 across the entire tested range, indicating that the
FIS is robust to moderate parameter variations.

Table A3. Illustrative mapping of specific fuzzy rules to engineering principles derived from
IEC 61400-5/23. This demonstrates how the rule base is grounded in established safety and structural
integrity standards.

Rule ID Fuzzy Rule Summary Corresponding IEC 61400 Principle/Rationale

1, 2, 3 A large defect at the blade root is always ‘Severe,’
regardless of its Thermal Signature.

Aligns with IEC 61400-5 [11] requirements for
fatigue life analysis and damage tolerance.
The blade root is the area of maximum bending
moment and stress concentration. Any significant
structural flaw in this region has the highest
probability of catastrophic propagation.

4, 10, 19 Any defect with a High Thermal Signature at the
blade root is at least ‘High’ or ‘Severe.’

Relates to IEC 61400-23 [60] (full-scale structural
testing). A significant thermal anomaly indicates a
potential subsurface failure (e.g., delamination,
adhesive disbond). When located in the highest
stress region, this combination represents a critical
risk of structural failure from within.

9, 18, 27 A defect at the blade tip with a low Thermal
Signature is rated as ‘Medium’ or ‘Low.’

The blade tip experiences the lowest structural
loads but the highest aerodynamic velocities.
Defects here are less critical from a structural failure
perspective but can impact aerodynamic efficiency
and noise. The criticality is therefore downgraded
compared with the root.

24, 27 A small non-thermal defect away from the root is
considered ‘Negligible.’

Reflects practical maintenance triage. Small
superficial flaws in low-stress areas do not
compromise the blade’s integrity and typically only
require monitoring during the next inspection cycle,
rather than immediate intervention.
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