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Abstract

This study addresses the challenge of integrating wind energy into power systems due to its
natural variability by employing machine learning techniques to predict wind power generation
using real field data from a Senvion MM82 wind turbine in France. Five algorithms—Random
Forest, Decision Tree, XGBoost, CatBoost, and Linear Regression—were evaluated using standard
performance metrics, with Linear Regression emerging as the most accurate. The research
highlights the critical role of data preprocessing, feature engineering, and the inclusion of
meteorological and operational parameters, ultimately demonstrating the potential of machine
learning to enhance forecasting accuracy, support grid integration, and improve the reliability of
renewable energy systems.

Keywords: Wind energy, machine learning, artificial intelligence, forecasting

Résumé

Ce mémoire fin d’études aborde le défi de I'intégration de I'énergie éolienne dans les réseaux
électriques en raison de sa variabilité naturelle, en utilisant des techniques d’apprentissage
automatique pour prédire la production d’énergie éolienne a partir de données réelles collectées
sur une éolienne Senvion MMS82 en France. Cing algorithmes — Random Forest, Arbre de
Décision, XGBoost, CatBoost et Régression Linéaire — ont été évalués selon des métriques de
performance standard, la Régression Linéaire s’étant révélée la plus précise. L'étude souligne
I'importance du prétraitement des données, de l'ingénierie des caractéristiques, ainsi que de
I'intégration des parameétres météorologiques et opérationnels, démontrant ainsi le potentiel de
I'apprentissage automatique pour améliorer la précision des prévisions, faciliter I'intégration au
réseau et renforcer la fiabilité des systemes d’énergie renouvelable.

Mots clés : Energie éolienne, apprentissage automatique, intelligence artificielle, prévision
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General Introduction

General Introduction

Renewable energy technology has become crucial for addressing climate change and energy
supply challenges. Since the 1980s, wind energy has significantly contributed to renewable
energy sources [1] ,It plays a crucial role in satisfying the rising global demand for electricity and
is an important sector of the global renewable energy industry. As we see in the Figure 1, the four

main types of renewable energy are Wind energy, Solar energy , Ocean energy , Biomass energy.

Wind Energy Solar Energy Biomass Energy Ocean Energy

Figure 1:The four main renewable energy
The transition to renewable energy sources has become an unavoidable factor due to the
degradation of environmental conditions and exhaustion of fossil fuel resources. Renewable
energy from resources like solar, wind, biomass, and ocean energy offers sustainable
alternatives; wind energy is an important contributor because it is scalable and technologically
mature[2]
All mega-projects in the world have been rapidly implemented due to their comparative

advantages concerning wind power against carbon emission reductions, operational costs, and




General Introduction

energy security-for example, Gansu Wind Farm 7,965 MW, Hornsea Offshore Wind Farm 1,800
MW(3]

Wind power capacity has shown a rapid increase recently and has become a promising source of
renewable energies. For example, 8.4% of the total U.S. utility-scale electricity generation is
provided by wind turbines in 2020, and it is expected to reach 20% by 2030 and 35% by 2050 [4].
The significant advantage of wind energy is avoiding approximately 189 million metric tons of
CO2 emissions and reducing water usage by about 103 billion gallons compared to traditional

power sources [4].Figure 2 shows the general layout of an onshore wind farm .

(1) WF connection
(2) Busbar
() Transformer

@ Transmission line

Figure 2:the general layout of an onshore wind farm[5]

However, the main challenges in wind power management reside in its intermittent fluctuations
mainly due to weather conditions, which makes its integration into a power grid a challenging
task [6]. Thus, predicting wind power is undoubtedly necessary for the efficient integration of
wind turbines into the power grid. Over the last two decades, there has been increasing interest
in developing accurate wind power prediction methods[7], Two main types of models can be
distinguished: physical-based and data-driven models [8], Physical models employed

atmospheric motion equations for estimating the evolution of meteorological measurements,

2




General Introduction

and then they used the estimated meteorological variables for wind power prediction[9],
Essentially, predicting wind power via a physical model using numerical weather estimation is
accomplished in two phases: at first, wind speed is predicted and then transformed into wind
power[10], However, physical models are generally costly and time-consuming to design,
producing low prediction precision for a local area [11].

In contrast to physical approaches based on very complex differential equations, the data-based
models derive functional dependencies directly from the data to build a model that describes the

relations between wind power and other input variables [12]

Efficiently predicting wind power is vital to help operators integrate wind turbines in smart-grids
and improve the management of power output. Our study attempts to predict wind power
generation from Senvion MM82 dataset using five common machine learning models, namely :
Random forest, Decision Tree , XGBoost, CatBoost, Linear Regression. The remaining manuscript
is organized as follows; chapter 2 gives a bibliographic study on the prediction of wind energy
using machine learning , chapter 3 describes our research methodology , including the input and
the output parameters and and their importance in predicting wind power, and the selection of
machine learning models , chapter 4 focuses on the simulation part including evaluation metrics

results and discussion. Our manuscript is included by conclusions and perspectives.




Chapter I: Generalities

Chapter I. Generalities

This chapter explores the growing role of renewable energy in contributing to a solution
for the environment and sustainability issue caused by the increasing consumption of fossil fuels.
As global energy demands rise with population growth and technological advancement,
traditional sources of energy—primarily fossil fuels—are making a huge contribution to climate
change and global warming. In response to this, researchers have proposed several measures to
mitigate their effects, including improving energy efficiency, developing clean energy
technologies, and alternative fuel utilization.

Among these alternatives, renewable energy is the most viable and promising long-term
solution. This chapter introduces the most significant sources of renewable energy—solar, wind,
biomass, and ocean energy—with their technologies, real-world applications, and prominent
worldwide projects. Wind power is treated in greater detail, including its mechanisms, turbine
technologies, large-scale implementations, as well as wind power output forecasting using
machine learning.

By giving an overview of all these renewable energy technologies and resources, this
chapter indicates how they have the potential to substantially substitute for fossil fuels and

achieve a more sustainable energy future.
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.1 Renewable energy

Increasing population and technological development have resulted in high consumption of fossil
fuels that are non-renewable resources, and these pose severe environmental threats, especially
to global warming and climatic changes [13]. This situation has aroused researchers all over the
world to look for means of reducing or totally eliminating the use of fossil fuels. In order to reduce
dependence on fossil fuels and their contribution to climate change, there are three effective
ways that may help, namely: (a) efficiency improvement of conventional power generation
systems by means of waste heat recovery [14]; (b) development of environmentally friendly
energy conversion systems, including fuel cells [15]; and (c) alternative fuels from natural
resources with less harmful environmental impact [16]. Of the alternatives, renewable energy is
the most promising avenue to accept and can probably enable the reduction or complete
elimination of dependency on fossil fuels.

In the last decade, phenomenal growth has been observed in the development and deployment
of renewable energy technologies. Various renewable sources such as solar [17], wind [18],
biomass [19], and ocean energy [20] are already in use or under significant development for
large-scale power supply. Some of these major projects that have been executed across the world

are presented in Table 1.

Table 1:Examples of the largest renewable energy projects of different technologies around the

world:

Hydroelectric

China 2003 22,500 [21]
Power
Hydroelectric Brazil and
1984 14,000 [22]
Power Paraguay
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Photovoltaics

Photovoltaics &
Hydroelectric

Power

Photovoltaics

On-ShoreWind
Farm
On-ShoreWind
Farm
On-ShoreWind
Farm
Biomass Power

Plant

Biomass Power

Plant

Biomass Power

Plant

Parabolic
trough and
solar power

tower

(CsP)

India

China

China

China

United States

India

United

Kingdom

Finland

Poland

Morocco

2018

2015

2020

2009

2010

2012

2002

2012

2016

2245 [23]
2130 [24]
2200 [25]
7965 [26]
1550 [27]
1500 [27]
740 [28]
240 [29]
220 [30]
580 [31]
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solar power
tower United States 2014 377 [32]
(CsP)
Parabolic
trough United States 2014 280 [33]
(CsP)

1.1.1 Types of renewable Energy

1.1.1.1 Solar Energy

The world can boast of solar energy as the most accessible source of renewable energy. It covers
all types: solar thermal [34] and solar photovoltaic (PV) technologies [35], which have already
been implemented in so many areas, such as use on houses [36], desalination [37], transportation
[38], drying [39], and irrigation[40]. Various research projects have sought to elaborate on these
developments and their practical applications. Some of the most promising options that would
deliver both heat and electricity are the Concentrated Solar Power technologies. Major
investment was poured into developing CSP worldwide with tens of commercial systems entering
service since 2005. Much remains to be done in order to make the CSP a reliable and affordable
source of energy. There are two main types of solar collectors: line focus, which generates solar
energy along a collector's focal length, and point focus, which concentrates sunlight onto a point.
Examples of line-focus collectors include parabolic troughs and linear Fresnel reflectors.
Examples of point-focus collectors include solar thermal towers and parabolic dishes [41]. A

schematic of these collectors is shown in Figure 3.
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Solar Tower (2) - (b)

:
ool

Reflector
Absorber tube

A9 ¥ % B 2 2% «_ Solar field piping

Heliostats

. (©) (c)

Curved -
mirrors

/ [, \\ r\
s i \ Receiver— —
Z'_/L_I engind  ASaSr )
[
Absorber tu be
and reconcentrator Reflector

Figure 3: Recent available CSP technologies: (a) solar thermal tower, (b) parabolic trough

collectors,(c) linear fresnel reflectors, (d) parabolic dish [42].

I.L1.1.2 Wind Energy: We will discuss it in section 1.2
1.1.1.3 Biomass Energy

Biomass follows a wide range of applications, starting from traditional approaches in combustion
methods [43] to its direct usage in fuel cells for producing electricity [44]. Although biomass is
commonly burned, it may not be the most effective method for using the full energy potentiality
of various biomass resources. Converting biomass into biofuels, such as biodiesel [45] and
biochar [46], offers promising alternatives that can be used over a wide range of applications.

In this Figure 4 we will see different types of biomass energies are available:
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Forestry Residues Animal Residues
Municipal Solid Wastes B as Industrial Residues
0m ass
« Energy — P |
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@

Figure 4: Biomass energy sources.

1.1.1.4 Ocean Energy

Current efforts in renewable energy increasingly focus on harnessing ocean energy, since oceans
constitute about three-quarters of the Earth's surface. Indeed, much research is currently in place
to unlock the full potential of this promising source of energy [29]. Some of the leading
approaches under consideration include wave power and tidal currents, which are very
consistent and predictable, thus more suitable for electricity generation than other renewable
energy sources [47] . Whereas the theoretical potential of marine energy could cover world
energy needs, present ocean energy is developed modestly. Significant research is in progress to
find out the most suitable sites to harness the energy resource, quantify the efficiency of ocean
energy conversion devices, quantify the power that can be delivered, and study the
environmental effects. As the industry is expanding, governments worldwide are implementing
policies to encourage the use of ocean energy [48] , like we see in Figure 5 The PacWave's first

marine energy project in Oregon.
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Shore-based facilities
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Figure 5: PacWave's first marine energy project in Oregon

.2 wind energy
1.2.1 Concept of Wind Energy

Wind energy refers to the kinetic energy harnessed from air movement in the atmosphere,
wherein wind turbines are used to transform this kinetic energy into electrical energy (Boyle,

2012). [49]
1.2.2 Understanding Wind Turbines: Components, Functionality, and Types

The main components of a wind turbine are its tower, blades, and the nacelle, which houses the
generator, gears, and control system. Similar to how an airplane wing provides lift for a plane,

the wind propels the blades into motion. The generator inside the nacelle receives energy from

10
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the turbine through the driving shaft. After the generator has converted the kinetic energy that
is being produced into electrical energy, the transformer will deliver that energy to the grid,As
can be seen in Figure 6, the two primary classifications of present wind turbines are known as
horizontal axis wind turbines (HAWT) and vertical axis wind turbines (VAWT). The HAWTs
dominate the majority of the wind sector since they are more efficient and produce more
electricity than VAWTSs. Since VAWTs are situated close to the ground and are consequently less

exposed to the wind, reducing power production, they are inherently unreliable [50].

~—— Rolor
Blade

Rotor Demeter

< >
Verlical
o Reducer _/Ast
® 8 H
enerato!
% / 7 | Rotor
s I+ Blades
S & |
Wind (? Honzonta! i
Drection Axis ey
A ¥ h | R A
Support
' Tower
+«—Support Towe!
Horzontal Turbine Reducer

Generator

Figure 6: Wind turbine types: VAWT and HAWT [51].

By converting the wind’s kinetic energy, wind energy may either be transformed directly into
mechanical power or indirectly into electrical energy. The wind turbine is an essential part of any
wind energy system since it is the component responsible for converting the potential energy of
the wind into a form of mechanical power that can then be used in various contexts. At the

11




Chapter I: Generalities

beginning of the 20th century, construction began on the first wind turbine designed to generate
electrical power. Despite the fact that wind turbine technology has been steadily advancing,
enormous advances have been particularly achieved in wind turbine design[52].

Modern technical advancements and refinements of a turbine and its components have resulted
in considerable improvements in produced power production and efficiency. Furthermore,
advancements in particular generators, as well as the usage of power electronic devices, have
enabled gearless turbine designs[53].

Several large-scale wind projects based on two technologies, i.e., on-shore and off-shore,
implemented worldwide are shown in Table 2

Table 2: Largest wind energy projects around the globe.

Power plan Installed
Technology country year ) reference
name capacity(MWw)

Gansu Wind On-Shore

) China 2009 7965 [3]1,[54]
Farm Wind Farm
Gansu Wind .
On-Shore United
Energy . 2010 1550 [54]
Wind Farm States
Center
Muppandal On-Shore
) o ) India 1986 1500 [54]
Wind Farm Wind Farm
Hornsea Off-Shore United
. ) ) 2022 1800 [55]
RN Wind Farm Kingdom

Hornsea Off-Shore United
. . . 2019 1200 [55]
Project one Wind Farm Kingdom

The Jiuguan Wind Power Base, also known as the Gansu Wind Farm Project, is a group of huge
wind farms currently being constructed on the western side of the Gansu province in China. The
Gansu Wind Farm Project is located in a desert area adjacent to the city of Jiuquan at two distinct
places in Guazhou County, as well as close to Yumen City, in the northwest province of Gansu
(which has an availability of wind power). These sites are part of Guazhou. The complex only uses
7.965 MW of its installed capacity, while it has a projected capacity of 20 GW and is now running
at less than 40% capacity utilization of its existing 8 GW [3].

The Alta Wind Energy Center in California has been crowned the wind farm with total turbines of
1320 MW, and there are plans to extend it to 3000 MW in the future. At the end of 2012, it had
440 wind turbines as part of its infrastructure. In the United States, 815 wind farms have been
placed into service, with a total power capacity of 60 GW. This is sufficient to power 15 million

12
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residences in the United States. Wind power has overtaken solar as the leading source of newly
installed capacity in the United States. The United States has reclaimed its position as the world’s
leading wind power market. China’s wind power capacity has hit 75 GW, making it the nation
with the highest installed capacity globally [56].

The Hornsea Project Two wind farm, which will become one of the largest offshore wind projects,
received approval from the British government in August 2016, allowing it to continue with its
construction. It can generate 1.8 GW of electricity when fully operational. This project is an
expansion of the 1.2 GW Hornsea Project (offshore wind farm), which was already cleared for
construction. The Hornsea Project comprises 300 wind turbines made by Dong Energy, is now
under development and will produce enough energy to power 1.6 million households. The
project’s location will be around 90 kilometers (55 miles) east of Yorkshire’s coast in England [55].

.2.3 Advantages of Wind Energy

Renewable source of energy: It is inexhaustible and available in many parts of the world (IPCC,
2011) [57]

Carbon emission reduction: Wind energy is clean since it does not emit harmful emissions to the
atmosphere, hence environmental-friendly (Sovacool, 2009) [58].

Low operating cost: It requires very minimal maintenance costs after installation compared to
conventional sources of energy (GWEC, 2020) [59].

I.2.4 Disadvantages and Challenges of Wind Energy

Wind speed variability: This leads to fluctuations in energy production (Ackermann & Soder,
2002) [60].

Impact on wildlife: Wind turbines kill birds and bats (Kuvlesky et al., 2007) [61].

High initial costs: It is pretty capital-intensive to establish wind farms (Wiser & Bolinger, 2019)
[62].

1.2.5  Future Developments in Wind Energy

Wind energy technology is constantly evolving. Among the progresses made in wind energy is
the invention of floating wind turbines that will be installed in deep seas and improved storage
technologies for overcoming fluctuating energy generation (IRENA, 2021) [63].

13
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.3 The role of machine learning in predicting wind power

Machine learning provides a fresh perspective on the prediction of energy generation and
performance of wind power installations, thus acting as a viable alternative to conventional
analytical models. Most conventional methods rely on complex systems of differential equations
[64] .that require heavy computational resources and generally take longer to yield results with
acceptable accuracy. By embracing machine learning, it's possible to discern patterns within
multi-dimensional data in such a way that the resulting models are robust, resistant to outliers,
and handle noisy data well.

To solve this, techniques to be used include SVR, RT, RF, and ANNs. The methods of prediction
will differ depending on the strategy to be followed-physical, statistical, machine learning, or a
hybrid that incorporates elements of these approaches. The predictions may also differ, being
either direct, where the output power is forecasted directly, or indirect, where wind direction
and speed are predicted and output power derived from power curves. Other ways to distinguish
between prediction techniques are by the time frame over which they predict: short term,
medium-term, and long-term forecasts. Physical modeling deals with complicated environmental
attributes around the wind turbines, hence, involving the identification, collection, and pre-
processing of those physical characteristics. It enjoys a lesser demand on historical data
compared to statistical models. However, such systems are kind of complex while developing and
operating [65]).

In the view of statistical modeling, it becomes necessary that prior to modeling proper, there
exist certain assumptions to be satisfied which, sometimes conflict with the reality of the nature
of wind-a non-stationary phenomenon. ANN, regression trees, Random Forests, and Support
Vector Regression can equally be applied in nonlinear modeling jobs such as prediction of wind
energy. Other models are directed toward minimizing the error across the training set, while SVR
is toward fitting as many data points as possible within a specified error margin, hence focusing
on minimizing the upper bound of expected risk through structural risk minimization. Meanwhile,

RT, RF, and ANN depend on empirical risk minimization.
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A pragmatic approach to establishing error intervals based on general noise functions can be
developed, allowing us to select model parameters effectively and refine them for data fitting
[66].1t's important to note that SVRs, like RT and RF, are sensitive to the chosen input variables,
necessitating thorough data preparation before feeding them into the models. Techniques like
wavelet transformation help break down time series data into components that are more
stationary [67]. An efficient variant of SVR, known as least-squares SVR, simplifies the problem
to a linear one, which makes it more computationally efficient than the standard SVR or ANN.
Coupled with wavelet transformation, it has shown the ability to outperform ANN for wind
energy forecast as far as 24 hours ahead. Conventional SVR method can also be used by using a
Euclidean distance-based approach to choose and identify the data segments whose patterns are
most closely related to the reference forecasting sequence [68]. Chosen segments can then be
used for model training. Unlike some approaches, an indirect method is adopted here, treating
wind speed as the dependent variable. By predicting wind speed and applying power curves, we
can estimate the actual wind energy generated. It's important to recognize that fluctuations in
wind energy production, such as sudden ramps, can negatively impact the grid. Therefore, timely
predictions are essential for implementing optimal strategies to mitigate adverse effects on grid
stability [69].

In order to enhance the prediction performance of ramps using SVR, the importance of each
variable is evaluated and the selection process is simplified. An orthogonal test is adopted, which
has shown better results compared to other methods like Spearman correlation, Gray
correlation, and principal components analysis. All four methods have been applied with the SVR
model. Ensemble techniques, such as Random Forest, have promise for accurate wind energy
forecasting and easily conduct feature importance assessments [70]. As a non-parametric model,
RF does not require extensive parameter tuning, often a resource-intensive process. A further
refinement, Quantile RF, extends standard RF and produces confidence intervals around its
predictions [71]. It is also underlined that the selection of appropriate input data is necessary, as
well as the issue must be treated from the viewpoints of correlation and importance of the
features. We are thus enabled to model just those features bearing valuable information

concerning the problem at hand [72]. ANNs represent a very useful tool in many applications,
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such as pattern recognition, forecasting, monitoring, and optimization of control and design in
the sector of wind energy.

For effective prediction, one needs to ensure that the independent variables capture the
underlying intricacies of the phenomenon being studied. At face value, it may seem as though
the more the variables, the better the outcome; however, this poses a different set of problems
which, if not managed properly, will lead to several disadvantages resulting from too many
variables. As the number of variables increases, so does the data needed to properly analyze the
data increase correspondingly [73] ,This increase in information volume tends to have adverse
generalization, besides overfitting or underfitting issues with increased requirements in training
time and computational resources.

Principal Component Analysis, or PCA, is really helpful when several variables need to be handled
yet retaining the majority of the information [74]

A number of scientific researches suggest that ANN can be efficiently used in order to cope with
complex problems [75] Bursts happen seldom and their prediction is also difficult, thereby
affecting the result of forecasting [76] . However, in cases without bursts, ANN has proved its
efficiency. Comparing forecasted values with actual wind energy produced after the forecast,
maximum error obtained was 6.52%. Neural network used in forecasting was optimized using
genetic algorithms and better forecasts were obtained than those without such optimization.
Another architecture which is seen to be quite promising for forecasting electric power produced
by wind turbines is the multi-layer perceptron (MLP) [77]. This forecast was performed for a
short-term horizon using the Levenberg-Marquardt learning algorithm. The training and test sets
had a MAPE less than 3.26%. An interesting approach is to collect and use data from two different
locations [78] with different characteristics-one site with high winds and the other with low
winds-within a single model. Further, another study has used a feed-forward neural network
(FFNN) and came to the conclusion that the prediction accuracy depends on the time horizon
selected. Specifically, the accuracy of long-term forecasts tends to decline, while that of short-

term ones improves [79].
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Figure 7: Forecasting Wind Patterns Using Machine Learning [80]
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Chapter Il. Bibliographic study

This chapter highlights recent research work on wind power forecasting using Artificial
Intelligence techniques, i.e., Machine Learning (ML) and Deep Learning (DL). According to the
study, models such as Artificial Neural Networks (ANNs), Support Vector Machines (SVMs),
ensemble-based methods, and hybrid methods have been proven to improve short- and
medium-term wind power prediction. Key conclusions suggest that the inclusion of
meteorological information and SCADA system outputs enhance prediction accuracy by a
significant amount. Ensemble and hybrid strategies, especially those involving data filtering or
signal decomposition techniques (e.g., wavelet transform, SSA), outperform standard models in
dealing with variability and noise in wind data. Further, research underscores the importance of
model interpretability, and interpretable models are utilized by leveraging techniques such as
SHAP for explaining model choices. Overall, the integration of advanced Al methodologies
provides stable, precise, and scalable solutions to wind power prediction, allowing renewable

energy systems to be optimized and stabilized.

1.1 Previous studies on wind power prediction using Artificial Intelligence ( Machine

Learning and Deep Learning)

Various data-driven approaches have been developed in the literature to improve wind power
prediction. Traditional time-series methods, including the autoregressive moving average
(ARMA) model and its variants, have been widely used for short-term wind power
forecasting [81], The method in [82]used an ARMA model to forecast hourly wind power. It
showed good forecasting performance for one hour ahead and declines in precision further along

in time. These models are simple to construct and convenient to implement. However, it is worth
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while noticing that traditional time-series models (e.g., ARMA and its variants) can reach a
satisfying performance when wind power data show regular variations, but the forecast error is
obvious when the wind power time series shows irregular variations. In [83], a coupled strategy
integrating ARMA and an artificial neural network (ANN) has been proposed to short-term
forecast wind power. This study showed that the coupled approach provided a better forecasting
performance compared to the standalone ARMA and ANN.As we see in the Figure 8 Block

diagram of ARIMA (0,1,1) model of wind power time series.

ARIMA(0,1,1)
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Figure 8: Block diagram of ARIMA(0,1,1) model of wind power time series.[84]

On the other hand, several studies have investigated the wind power prediction using machine
learning and deep learning techniques (Artificial Intelligence). For instance, Nielson et al. [85]
conducted a research to enhance the accuracy of power prediction from wind turbines using
atmospheric information in artificial neural network (ANN) models. Machine learning techniques,
ANNs, trained with atmospheric input parameters (e.g., wind speed, temperature, pressure,
turbulence) and turbine operation data were employed by the authors. Their strategy
demonstrated that using atmospheric conditions greatly enhances prediction accuracy compared
to turbine data-based models. The results presented enhanced accuracy of short-term power
forecasting, reducing errors and closely approximating wind power generation variability. The

study concluded that applying atmospheric inputs into ANNs is a valid option for optimizing the
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efficiency of wind energy, improving grid management, and ensuring reliability in renewable
energy. The technique bridges loopholes in traditional models by addressing the significant role
that environmental parameters contribute to energy prediction.

In another study, A. Alkesaiberi et al. [86] conducted a comparative analysis to evaluate the
accuracy of machine learning (ML) methods for wind power prediction. The authors contrasted
and compared several ML models, i.e., support vector machines (SVM), random forests, and
artificial neural networks (ANN), against meteorological inputs and past wind power output. The
authors highlighted the importance of feature and hyperparameter optimization in their method
for enhanced prediction accuracy. The results showed that models based on ANN performed
better than other methods regarding accuracy and reliability, particularly in detecting nonlinear
correlations in wind power data. The study concluded that machine learning, specifically ANNs,
offers a strong platform for accurate wind power prediction, which can optimize energy output
and grid stability. Additionally, the authors emphasized that integrating meteorological
parameters into forecast models will maximize the efficiency and scalability of renewable energy
systems. Their work recommends the application of advanced ML techniques to support

sustainable energy management.
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Figure 9 : Machine learning-based wind power forecasting framework [86].

In [87], Singh et al. conducted a work to improve power prediction of wind turbines based on
SCADA system data and machine learning (ML) techniques. The authors studied big SCADA data
sets in order to establish the most influential operational and environmental factors affecting the
performance of a turbine. Regression algorithms and ensemble techniques were utilized by the
authors for power prediction and detection of performance anomalies based on ML models. The
findings revealed that ML-based techniques, especially ensemble models, demonstrated
excellent accuracy in short-term power forecasting and fault detection, superior to conventional
statistical models. The research concluded that combining SCADA data with ML improves
predictive precision, facilitating proactive maintenance and maximized energy generation. The

authors identified the potential application of ML-based SCADA analytics to reduce downtime,
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extend the life of the turbines, and improve grid stability, advocating its application in wind

power management systems.

Furthermore, Lee et al. conducted this work to enhance the prediction of wind power using
ensemble learning techniques. The authors proposed and compared various ensemble models,
including Random Forest, Gradient Boosting, and Stacking, with meteorological data and
historical turbine operation data from SCADA systems. The strategy was centered on combining
base learners (e.g., decision trees, neural networks) to enhance the stability of predictions. The
results demonstrated that ensemble models, particularly Stacking-based models, were more
stable and accurate compared to individual machine learning methods, with reduced error rates
in short- and medium-term forecasts. The study concluded that ensemble learning frameworks
significantly improve wind power prediction reliability by avoiding model-specific weaknesses
and detecting complex data patterns. The authors highlighted the importance of such models in
practice to achieve the optimal integration of wind energy into power systems, reduce operating
uncertainties, and enhance sustainable energy planning. They also advocated for extensive use
of ensemble approaches in renewable energy systems for enhancing forecasting accuracy and

grid resilience [88].

Also, Cakiroglu et al. [89] conducted a study to develop interpretable ensemble learning models
for wind turbine power prediction with the inclusion of SHAP (SHapley Additive exPlanations)
analysis for transparency. The authors used data-driven ensemble methods, namely Random
Forest, Gradient Boosting, and Stacking, trained on SCADA-derived operation and meteorological
datasets. The authorsincorporated SHAP values for feature importance quantification and model
decision explanation to render the models more interpretable. The results indicated that
ensemble models had better predictive accuracy compared to individual-algorithm approaches,
whereas SHAP analysis revealed the most important predictors to be wind speed, turbulence,
and turbine operating parameters. The study concluded that the combination of ensemble
learning and SHAP not only provides high accuracy but also interpretable insights into the

dynamics of wind power, fostering trust in ML-driven predictions. The authors emphasized the
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necessity of interpretable models for operation optimization, maintenance planning, and grid
integration, and advocated for their application in real-world wind energy systems to sacrifice

performance for interpretability.

On the other hand, a study was conducted by S. Liu et al. [90] to enhance short-term wind turbine
power prediction by integrating machine learning (ML) with digital filtering techniques. The
authors employed ML techniques, such as artificial neural networks (ANNs) and support vector
machines (SVM), along with digital filters (i.e., low-pass or wavelet filters) for the filtration of
noisy SCADA data as well as meteorological inputs. Their solution was to reduce signal noise and
extract informative temporal patterns to enhance prediction performance. The result indicated
the hybrid framework (ML + digital filter) significantly outcompacted single ML models with
enhanced precision and stability in 24-hours-ahead prediction. The article concluded that
prefiltering raw data with digital filters is highly effective at eliminating uncertainties due to
noise, thereby enhancing ML model reliability in wind power prediction. The authors highlighted
the practical benefits of this approach to grid operators through enhanced energy dispatch
planning and the scheduling of turbine maintenance. They encouraged the application of hybrid

methods in addressing real-world data quality problems in renewable energy systems.
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Moreover lJiajun et al. [91] conducted a study to improve ultra-short-term wind forecasting
precision by combining wavelet transform, deep belief networks (DBN), and ensemble learning.
They proposed a hybrid model that employs wavelet transform to decompose the wind speed
signals to capture multi-scale features, DBN to extract high-level features and predict, and
ensemble learning for added robustness. The results demonstrated that their approach
outperformed traditional models in predictive accuracy and stability, particularly in handling non-
stationary wind data. They concluded that the combination of signal decomposition, deep
learning, and ensemble techniques is appropriate for reliable wind energy prediction, which can
simplify grid operation and the integration of renewable energy.

Additionally Wang et al. [92] conducted a study to enhance the precision of wind power
forecasting by creating a hybrid model that integrates singular spectrum analysis (SSA) and a
hybrid Laguerre neural network (HLNN). SSA was utilized to break down raw wind power data
into trend, periodic, and noise components in order to reduce non-stationarity. HLNN, which
involves integrating Laguerre filter structures into neural networks, was subsequently employed
to model complex temporal patterns in the decomposed data. Their results indicated that the
hybrid model possessed higher prediction accuracy and stability compared to conventional
methods, with lower mean absolute error and improved robustness for short-term forecasting.
They concluded that the coupling of SSA and HLNN is an efficient method for resolving issues
posed by noisy and irregular wind power data and is a trustworthy tool for optimizing the grid

integration of renewable energy.

As well Harrou et al. [93] conducted this study using data-driven technologies to monitor solar
and wind power systems. They applied modeling and data analysis to improve anomaly detection
and performance optimization of the systems. The results obtained show a significant
improvement in monitoring accuracy and reduced downtime. The authors conclude that such
data-driven technologies are efficient in making renewable energy more reliable and efficient,

thereby facilitating a more sustainable energy transition.
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In [94] Hanifi et al. offered a critical overview of wind power forecasting methods, their historical
evolution, current trends, and future trends. They elaborated on various methods, e.g., statistical
methods, physical models, artificial intelligence methods, and hybrid methods. The authors
concluded that machine learning-based methods and hybrid methods are more accurate
compared to traditional methods. They also stressed the importance of including meteorological
data and wind farm parameters to improve forecasts. Lastly, Hanifi et al. highlighted the current
issues of wind volatility and model complexity and suggested that future research should be

directed towards improving the robustness, scalability, and interpretability of forecast models.

Besides , Santhosh et al. [95] reported a comprehensive review of the recent advances and
techniques for wind speed and wind power forecasting for improved integration of renewable
energy. They covered a wide range of techniques including statistical models, artificial
intelligence-based models (such as neural networks and support vector machines), and hybrid
models. The authors concluded that the highest performance in terms of accuracy and reliability
was achieved by using hybrid models that combined physical models and machine learning
algorithms. They inferred that there is a need to enhance wind speed and wind power predictions
to maximize the integration of renewable energies into power networks, thus minimizing

operational expenses and enhancing grid stability.

Over and above that , Rajagopalan et al. [96]. conducted this study to predict wind power
generation and analyze forecasting errors. They used Autoregressive Moving Average (ARMA)
modeling in an effort to generate short-term wind power forecasts, As we can see in Figure 1 the

Autoregressive Moving Average (ARMA) forecasting model . The result was that ARMA is able to
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detect trends and variations in wind power generation with relatively low forecasting errors. The
authors concluded that the method can be used to improve the integration of wind power into

power grids, and emphasized error analysis to make the forecast models optimal.

Beyond that Lima et al. [98] conducted a study with the objective of developing a meteorological—
statistical model for short-term wind power prediction. They used techniques that combine
meteorological information and statistical techniques to improve the accuracy of the predictions.
The results obtained show that their model is capable of predicting the variability of wind power
generation in short terms accurately, which is crucial for an optimal integration of wind energy
into power grids. The authors conclude that the model possesses the ability to be a good tool for
wind power producers and grid operators in reducing uncertainties of this power source's

intermittent nature.

Over and above that C. Croonenbroeck et al. [99] conducted a comparative study of time series
models for short- to medium-term wind power forecasting.

They employed a series of modeling approaches, from simple classical time series (e.g., ARIMA)
to advanced techniques such as long-memory models (ARFIMA) and dynamic regression models.
The results showed that ARFIMA and dynamic regression models possess greater forecast
precision than the simpler models. The authors concluded that the choice of model depends
strongly on particular wind data features and that the most appropriate models for wind power
forecasting are those that are able to identify both short-scale variation and long-term trends.
This study recognizes the necessity of model adjustment to data specificities with the aim of
improving forecast quality in wind energy.

Along those lines Gallego et al. [100] conducted a study of local wind direction and wind speed
on the management of wind power fluctuation using precise reference towards very short-term

forecast for off-shore wind farms. Authors employed statistical treatment and forecasting
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procedures to examine influences from local winds with varying capacity to produce winds. They
found that wind direction and velocity have significant effects on affecting the variability in power
output, especially in short time scales.

The findings reveal that inclusion of such local factors in the predictive models would improve
the accuracy of wind power predictions significantly. The authors determine that local wind
conditions must be taken into account in order to optimize the management and integration of
wind power into grids, especially in offshore sites where weather conditions may be quite

unstable.

In parallel Karaman et al .[101] contributed to the forecasting of wind power using machine
learning models. Authors explored different machine learning methods for improving the
performance of wind power forecasting using meteorological variables and historical values. It
was concluded that machine learning methods, especially neural network-based and ensemble-
based models, have superior performance over traditional methods. The authors concluded that
the usage of these models allows energy resources to be managed better and the
implementation of wind power in electricity grids to be increased. This article highlights the
requirement for advanced machine learning algorithms for optimizing renewable energy

production.

In a similar vein Azimi et al. [102]carried out this work with a goal of refining the accuracy in
forecasting wind power. They introduced a hybrid approach using wavelet analysis techniques
along with data mining instruments like artificial neural networks (ANNs) and support vector
machines (SVMs). The approach aims at modeling both linear and nonlinear patterns in time
series of wind power..

The results show that the proposed hybrid model outperforms traditional approaches in

precision and reliability, wherein there is a significant reduction of prediction errors. The authors
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conclude that by coupling wavelet analysis and data mining techniques, they are able to model
the complex variability of wind power better which is crucial in optimizing energy , system

management on the basis of renewable energies.

Furthermore , Demolli et al. [103] conducted a study on wind power generation forecasting using
daily wind speed data and machine learning models. They implemented different machine
learning methods, including artificial neural networks (ANNs), support vector machines (SVMs),
decision trees, and random forests, for wind power generation forecasting. The results showed
that models based on ANN and SVM were most precise in predicting. The authors concluded
that application of machine learning methods is highly effective for enhancing the accuracy of
wind generation forecasting, and this is particularly critical for optimized integration of

renewable energy and effective management of the power grid.
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Chapter IIL. Research Methodology

This chapter outlines the research methodology used to predict wind power generation
using various machine learning methods. The study is grounded on the data that is collected from
a Senvion MM82 wind turbine located in France that has been recording wind power data at an
interval of every 10 minutes since 2017. The approach emphasizes the importance of learning
input and output variables as well as latent distribution and temporal relationships in the data.

To enhance the precision of prediction, several machine learning models are explored and
contrasted, including Random Forest, Decision Tree, XGBoost, CatBoost, and Linear Regression.
All these models are described in relation to their structure, advantages, and suitability for the
regression task in wind power forecasting. With the utilization of these models, the most
effective approach to scalable and precise forecasting can be ascertained based on the non-

Gaussian and complicated nature of wind power data.

lll.1 The input and the output parameters and their importance in predicting wind

power

To determine the performance of the machine learning models proposed for wind power
prediction, a dataset of measurements of wind power at a location in France has been utilized. A
multi-site data collection approach increases the strength and applicability of the results in
comparison to concentration on single sites or types of wind turbines. The French data was
collected with a Senvion MM82 wind turbine that is 80 meters tall and has been generating data

every 10 minutes since 2017.
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The inputs are :

Date.YYYY (Year) , Date.MM(Month) , Date.DD (Day), Time.HH (Hour) , Time.MM (Month), Time
(Total Time)

The output is:

P (Power) [Watts]

DateYYYY Date.MM Date.DD Time.HH Time.MM  Time —
Pl

Input Output

One of the most crucial steps in the analysis of wind power data is to investigate its underlying
distribution and temporal dependencies therein. In Error! Reference source not found., violin p
lots are shown for the distribution of wind power time-series data for a turbine located in France.
These violin plots provide a complete picture by overlaying box plots, which indicate the median
and interquartile range, with density plots, describing the overall spread and shape of the data.
The finding from Figure 11 is an interesting observation: the wind power data is not of Gaussian
distribution type; instead, it is of non-Gaussian nature. This indicates that the data deviates from
the typical bell-shaped curve of normal distributions. Additionally, we note variations in both the
distributions and shapes of data throughout France, indicating the potential influences of
geographic features like prevailing winds and local topography in characterizing different wind

regimes.[104]
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Figure 11 : Violin plots (a) of wind power time series data distribution for the wind turbine located

in France [104]

.2 The selection of Machine Learning models

I1.2.1 Random forest

Random forest, or random decision forest, is an ensemble learning method which can be used
for classification, regression, and other purposes. The algorithm builds many decision trees
during training. For classification problems, the output of the random forest is the most voted
class by the trees. For regression problems, the output is the average or mean prediction of the
trees [105]. random decision forests address the issue of decision trees overfitting their training

data.
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Kam Ho [105] employs the random subspace method, which in his account is a method for
implementing the "stochastic discrimination" approach to classification of Eugene Kleinberg.

Leo Breiman and Adele Cutler developed an extension of the algorithm in 2006 and patented
"Random Forests." The algorithm extension consists of Breiman's concept of "bagging" with
random feature selection, initially described by Ho and then separately by Amit and Geman. The

outcome is an ensemble of variance-controlled decision trees.[106]
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Figure 12 : Random forest [107].

I11.2.2 Decision Tree

Decision tree learning is a supervised learning technique that is widely applied in statistics, data

mining, and machine learning. Regression decision trees or decision trees are employed as

R
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models for prediction for classification or regression by this technique to make conclusions from
an array of observations.

Classification trees are built in cases where the target variable can assume individual discrete
values. In such tree models, class labels are indicated by leaves, and feature relations which lead
to labels are given by the branches. Regression trees, in contrast, handle cases where the target
variable can assume real values, typically referred to as real numbers. This concept may be
further generalized to pairs of any type of objects that have pairwise dissimilarity, for instance,
sequences of categories.

One of the most significant reasons why decision trees are a favorite among the machine learning
community is that they are easy and straightforward to interpret [108]. Here’s the diagram of

decision tree in Figure 13

The first node of

Root Node -
the decision tree
Internal Node — ——  Internal Node — Connected to
deeper nodes
Not connected to
—— Leaf Node

deeper nodes

| |

Also Leaf Nodes

Figure 13: decision tree in machine learning
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11.2.3 XGBoost

XGBoost or (eXtreme Gradient Boosting) is a distributed and open-source machine learning
library. XGBoost makes use of gradient boosted decision trees, which is a supervised algorithm
for learning with gradient descent being used to boost. XGBoost is said to be very efficient, fast,
and also highly scalable for big data.

XGBoost is a highly optimized gradient boosting written by Tiangi Chen at the University of
Washington. It is based on the same fundamental algorithm, which involves combining weak
learner trees into strong learners through residual accumulation. The library has been

implemented in many programming languages like C++, Python, R, Java, Scala, and Julia[109]

custom tree
building
algorithm

eXtreame Gradient
Boosting

Used for:
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* rankmgv - - M can be executed on
with custom loss - B YARN

. “functions

Figure 14 : XGBoost Algorithm — Objective.[110]

11.2.4 CatBoost

CatBoost is a gradient-boosting method of high performance specifically designed to deal with
categorical features. CatBoost was constructed by Yandex and is highlighted for its ability to

handle categorical data with minimal preprocessing required. It possesses exceptionally high
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accuracy during predictive modeling with minimal parameter adjustment required. It is optimized
with implementation that facilitates it to train on large sets quickly. Due to its flexibility,
overfitting resistance, and simplicity, CatBoost is a favorite among machine learning practitioners

for regression and classification tasks. [111]

CatBoost utilizes a number of approaches that are employed to increase the accuracy and
efficiency of the gradient boosting. They include decision tree optimization, feature engineering,

and an optimized algorithm referred to as ordered boosting. [112]

With each algorithm iteration, CatBoost approximates the negative gradient of the loss function
against the current prediction. The gradient is used for prediction updates by adding a scaled
copy of the gradient to the existing predictions. The scaling factor is determined using a line
search algorithm that aims to optimize the loss function. CatBoost builds decision trees using a
process referred to as gradient-based optimization.[112]

In the process, trees are trained such that they would fit the negative gradient of the loss
function. This allows trees to concentrate on the regions in the feature space that have the
greatest impact on the loss function and make their predictions more efficiently. [112]

Here’s the flow diagram of the catboost model in Figure 15[113]
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Figure 15: The flow diagram of the catboost model

ll1.2.5 Linear Regression

Linear regression is a fundamental technique widely used in statistical modeling and machine
learning [114]. It is utilized to examine how an independent variable correlates with dependent
variables, either single or multiple [115]. Linear regression is based on finding the line that best
fits or runs through a collection of points, basically through minimizing the difference between
forecast points and the actual points observed [116].

linear regression is a method models a linear equation, or a straight line, through the data set
[117]. This line represents the best estimation of the dependent variable based on the values of

the independent variables [115].
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Figure 16: Linear Regression model [118]
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Chapter IV. Simulation part

This chapter presents a thorough examination of machine learning models used for the
prediction of wind power with focus on the measurement of the effect of various quantitative
measures in judging model performance. It talks about significant evaluation metrics such as
Mean Squared Error (MSE), Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and
the Coefficient of Determination (R?) and explains how they are used to measure prediction
accuracy and model credibility. The chapter describes the approach of comparing different
regression models like Linear Regression, Decision Tree, Random Forest, CatBoost, and XGBoost
using a systematic experimental design approach. It also describes data preprocessing, model
training, model testing, and how methods of lagged data are incorporated to enhance the
predictive ability. The outcome and visualizations in terms of violin plots and comparison tables
are deeply provided with the strengths and weaknesses of each of the models. In general, this
chapter gives the foundation for selecting the optimal predictive model based on extensive

performance assessment.
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IV.1 Evaluation metrics ( R?, MAE , MAPE , RMSE,MSE)

In the final step, we continue with model evaluation by comparing predicted outcomes with real
data. We use several metrics to assess performance, including the coefficient of determination
(R"2), mean absolute error (MAE), root mean squared error (RMSE), and Mean Squared Error
(MSE). The R”2 value indicates the goodness of fit of the model; the closer to 1, the more
satisfactory the fit. On the other hand, we look for lower values of RMSE, MAE and MSE because

these imply that the model makes more accurate predictions and has good performance.

R2 signifies the portion of variability in the target variable that can be anticipated based

on the independent variables.

_ ?:1(’5% - ’g’i)z

R2=1 ~
Ly —4i)?

(IV.1)

. RMSE guantifies the disparity between predicted and actual values by considering the

standard deviation of the error.

1 ~
RMSE = |51, O - 907 1v.2)
o  MAE measures the absolute difference between the predicted and actual values.
n _ ~
MAE = M (IV.3)

MSE stands for Mean Squared Error.

1 ~
MSE = ~%is, (4 — 90 (Iv.4)
where n represents the number of samples, y; denotes the actual value of the response variable,

and ¥, refers to the predicted value.
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IV.2 Results and discussion
IV.2.1 Program presentation

This Figure 17 shows a screenshot of our machine learning workflow built in Orange, where our
dataset is used to train and evaluate several regression models: XGBoost, CatBoost, Linear
Regression, Decision Tree, and Random Forest. The models are assessed using the Test and Score
widget to compare their performance. Additionally, a Data Table displays the dataset, and a Violin
Plot visualizes feature distributions. This setup allows for efficient model comparison and data

analysis.

= i

data Tab T
Data Table Test and Score

XgBoost o s 3

CatBoost

e # ch

Linear Regression
Violin Plot Tree Random Forest

Figure 17: Screenshot of the simulation program of our study
We initially tried using orange for our study, but the outcomes were not satisfactory.
Consequently, we switched to Python and applied a lagged data technique, which helped us

achieve good results.
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IV.2.2 Power (P) [Watts]

This violin plot presents a close-up of the power (P) value distribution of our study . The violin
curve indicates the data point density at different levels of power. Most informative perhaps, the
power distribution is skewed, with a very high density of power values at the lower end of the
spectrum. This can be identified from the large base at the bottom of the plot, and this indicates
that the majority of the observations have been made about very low levels of power.

As we move along the y-axis, the spread narrows considerably, and there are less data points
toward the middle ranks of power. However, we do notice a bulge at the end of the plot,
reflecting a second cluster of higher-value powers. The double form is typical of a bimodal
distribution where the data clumps around two distinct ranges—one at low power and another
at high power, with reduced numbers between them.

The white dot centered is the median power, and the thick black bar is the interquartile range
(IQR), or the middle 50% of the data. The pale black line, drawn vertically, is the whole range
from min to max values of power. The range highlights a few of the extreme values or outliers,
which could potentially be at the very high levels, which may be instances of peak power

utilization.
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Figure 18 : Violin plot of Power(P)[Watts]
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Figure 19 : Prediction framework of our study
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Figure 19 presents the prediction framework of our study. It begins with experimental
preparation, in which the theoretical or physical system—such as a wind turbine—is subjected
to controlled conditions. This is to ensure that data collected is relevant, reliable, and consistent
for purposes of prediction.

Following the installation, the data gathering process is collecting real-time or historical data
from various sources, typically through sensors on the wind turbine or through environmental
monitoring units. These sources may include wind speed, direction, temperature, and turbine
power output, among others, and are all important for proper modeling.

Once data is collected, it is structured as input data. Preprocessing of the data happens in this
stage, and such preprocessing may include cleaning (removing noise or outliers), normalization,
and feature engineering to enhance the quality and usefulness of the dataset. These operations
ensure that input is presented to the machine learning models such that efficient learning and
generalization can be achieved.

The second phase involves training and testing. In this phase, machine learning models are
trained on a portion of the dataset. The trained models are tested against another independent
test set in an effort to gauge their performance. This division serves to prevent overfitting and
guarantee that the models will perform well on new data.

Evaluating the prediction model is accomplished by matching predicted output against actual
measured data. Various performance metrics, such as Root Mean Square Error (RMSE), Mean
Absolute Error (MAE), or the Coefficient of Determination (R2), are used to quantify the accuracy
and robustness of the models. Finally, the results are tabulated in the predicted vs. measured
comparison, providing visual or statistical information on how well the model performs, for
further tuning or model selection.

Generally, this experimental arrangement ensures a straightforward, data-driven process from
system configuration to accurate wind power forecasting, according to machine learning best

practices.

43



General conclusion

IV.4 Lagged data technique

The Lagged Data Technique is a technique applied mainly in time series analysis and forecasting
model building, where historical values of a variable are used as extra inputs (or features) in a
model to assist in forecasting future or current values. The historical values, which are referred
to as "lags," are indicative of how the variable performed at earlier time steps, e.g., one day ago,
one week ago, or one month ago. Adding such lagged versions of a variable, analysts may detect
temporal trends, patterns, or autocorrelation in the data, which typically are required for doing

accurate predictions.

It is most common in models such as AR (AutoRegressive), ARIMA, and machine learning models
operating with sequence data. For example, when forecasting today's temperature, one might
use the temperature of the last one or few days as input features. Lagged data will have the
ability to show patterns among past and current values to give information on how previous
behavior will influence the future. Care should be taken to ensure that the data are ordered by

time and addressed the missing values lagging often creates at the beginning of a dataset.

In the initial phase of our study, we utilized Orange3, a visual programming tool for data mining,
to forecast wind power generation. However, the results obtained were suboptimal in terms of
predictive accuracy and flexibility for advanced feature engineering. Consequently, we
transitioned to a Python-based approach using Jupyter Notebook, which provided greater
control over the modeling process. This allowed us to implement techniques such as lag-based
feature engineering, which incorporates historical power output values to improve the

performance of machine learning models.

To incorporate temporal dependencies into the model, we created a lag-based feature from the
target variable P. Specifically, we used the previous time step's power value (P_lagl) as an input
feature. This allows the models to learn from historical patterns. The lagging process was applied
to both training and testing datasets, and the initial rows with missing values due to lagging were

removed to ensure data integrity.
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Below is the Lag Feature (Code Block) we used in our python code:

def add_lag_features(df, lags=[1]):
for lagin lags:
df[f'P_lag{lag}'] = df['P'].shift(lag)

return df.dropna().reset_index(drop=True)

# Apply to both training and testing datasets
train_df = add_lag_features(train_df)
test_df = add_lag_features(test_df)

IV.5 Models evaluation

The Table 3 presents a comparison of the performance of five machine learning algorithms—
Decision Tree, Random Forest, Linear Regression, CatBoost, and XGBoost—on four critical
evaluation metrics: Mean Squared Error (MSE), Root Mean Squared Error (RMSE), Mean Absolute
Error (MAE), and R-squared (R2). The poorest of the five algorithms is the Decision Tree algorithm.
It has the highest MSE (96227.19), i.e., it has the highest average squared difference between
actual and predicted values. Similarly, its MAE (198.81) and RMSE (310.21) are also the greatest,
indicating that the predictions of the model are quite far away from the actuals. Its R? is 0.5589,
indicating that it only accounts for about 56% of variance in the data. Linear Regression works
best overall. It has the smallest MSE (26209.56), RMSE (161.89), and MAE (106.75), which
indicates that it is predicting more accurately. Its R* of 0.8799 also bears witness to this, the
model explaining around 88% of the variance in the target variable. The Random Forest model is
performing well too, the R being 0.8519, a notch behind Linear Regression. Its measures of error
(MSE =32296.39, RMSE = 179.71, MAE = 120.81) are larger, which means that while it captures
a high rate of variance, its individual predictions might be less precise than the Linear Regression
model. CatBoost's performance is in between. It obtains an MSE of 49,757.47 and an R of 0.7719,

which shows greater predictive power than Decision Tree and XGBoost models but less than
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Random Forest or Linear Regression. Its RMSE (223.06) and MAE (138.49) reflect medium-level
predictive precision. XGBoost works slightly better than Decision Tree but still lags behind the
rest of the models. It has an MSE of 74133.20, RMSE of 272.27, and MAE of 165.85. The R? value
of 0.6602 shows that it explains about 66% of variance in the target variable. Finally, Linear
Regression shows the best and most consistent performance of all the models according to all
four of the measures, followed by Random Forest. CatBoost and XGBoost both show medium

performance, and the lowest-performing model in the comparison is Decision Tree.

Table 3: Evaluation metrics of the used models

Model MSE RMSE MAE R?

96227.1871 310.2051 198.8136 0.5589
32296.3944 179.7120 120.8098 0.8519

Linear
26209.5602 161.8937 106.7462 0.8799
Regression

49757.4659 223.0638 138.4926 0.7719
74133.2038 272.2741 165.8477 0.6602

The comparison of five machine learning algorithms reveals that Linear Regression achieved the
best overall performance, with the lowest error values and the highest R? (0.8799), indicating
strong predictive accuracy. Random Forest followed closely, explaining 85% of the variance,
though with slightly higher error metrics. CatBoost and XGBoost delivered moderate
performance, while the Decision Tree algorithm performed the worst, with the highest error
rates and the lowest R? (0.5589), reflecting limited predictive capability. Overall, Linear
Regression proved to be the most reliable model for forecasting wind power in this study.

Figure 20 presents a diagram of the evaluation metrics showing what was discussed previously.
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Figure 20 : Coefficient of determination evaluation metric of the machine learning models
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General Conclusion

Our study discusses the application of machine learning algorithms to this complex task of
predicting wind power, which is the core requirement for the holistic integration of renewable
energy into today's power grids. Using real-time data collected from a Senvion MM82 wind
turbine in France, five different models from the ML toolkit were trained and their performance

evaluated with respect to several key performance metrics such as MAE, RMSE, MSE, and R?.

Among all the models, Linear Regression performed optimally, delivering the best trade-off
between simplicity and prediction accuracy. The article highlights the importance of proper data
preprocessing, feature engineering, and inclusion of relevant meteorological and operational
parameters to improve model performance. The lagged data methodology also played an

important role in improving the accuracy of time-series prediction.

By comparative analysis, our study proves that machine learning, when used appropriately,
presents a viable, scalable, and effective method for predicting wind power generation. This goes
a long way towards ensuring the stability, reliability, and optimization of renewable energy

systems.

Theresearch isin line with the emerging consensus that hybrid models—fusing physical and data-
driven methods—and real-time prediction systems can further increase wind power prediction

and assist more intelligent energy management in the future.

Perspective

In the future, the study will be further pursued by exploring hybrid prediction models using
several machine learning approaches to further improve accuracy in prediction. Furthermore, we
aim to develop an application that can predict wind energy from real-time data, and this will be

helpful tools for renewable energy operators and decision-makers.
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