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Abstract

The reliable integration of renewable energy into modern power systems critically
depends on accurate forecasting of wind energy and wind speed. However, the stochastic,
nonlinear, and non-stationary nature of wind presents persistent challenges for traditional
statistical and standard machine learning methods. This thesis addresses these challenges by
investigating advanced hybrid deep learning approaches that leverage signal decomposition,
spatiotemporal architectures, and transfer learning to improve forecasting accuracy and
robustness. For offshore wind power forecasting, a hybrid model integrating Ensemble
Empirical Mode Decomposition (EEMD) with Convolutional Long Short-Term Memory
(ConvLSTM) in an error-correction framework is proposed. This approach decomposes error
signals into multi-scale components and employs ConvLSTM to capture spatiotemporal
dependencies, thereby enhancing forecast reliability across multiple horizons. For wind speed
forecasting, a novel hybrid framework is introduced that combines Complete Ensemble
Empirical Mode Decomposition with Adaptive Noise (CEEMDAN) for signal decomposition,
a Bidirectional GRU-based Encoder-Decoder (Bi-GRU-ED) for temporal sequence modelling,
and a homogeneous transfer learning strategy that reuses and fine-tunes forecasting modules
across decomposed components. This design reduces training complexity while improving
forecasting accuracy and robustness under diverse operating conditions. Overall, the findings
contribute to more reliable wind forecasts and provide a strong foundation for future research in

multi-source renewable energy forecasting.

Keywords: Wind energy, wind energy forecasting, artificial intelligence techniques, neural

networks, Recurrent neural networks, pre-processing, hybrid models.



Résumé

L’intégration fiable des énergies renouvelables dans les systémes €lectriques modernes
dépend de manicre cruciale de la précision des prévisions de la production éolienne et de la
vitesse du vent. Cependant, le caractére stochastique, non linéaire et non stationnaire du vent
représente un défi persistant pour les méthodes statistiques traditionnelles et les techniques
classiques d’apprentissage automatique. Cette thése s’attaque a ces défis en explorant des
approches avancées d’apprentissage profond hybride, combinant décomposition de signaux,
architectures spatio-temporelles et transfert de connaissances, afin d’améliorer la précision et la
robustesse des prévisions. Pour la prévision de la production éolienne offshore, un modele
hybride intégrant la Décomposition Empirique en Mode (EEMD) avec un réseau Convolutional
Long Short-Term Memory (ConvLSTM) dans une architecture de correction d’erreur est
proposé. Cette approche décompose les signaux d’erreur en composantes multi-échelles et
utilise le ConvLSTM pour capturer les dépendances spatio-temporelles, améliorant ainsi la
fiabilité des prévisions sur plusieurs horizons. Pour la prévision de la vitesse du vent, un
nouveau cadre hybride est présenté, combinant la Décomposition Empirique Compléte en
Mode avec Bruit Adaptatif (CEEMDAN) pour la décomposition des signaux, un encodeur-
décodeur Bidirectionnel GRU (Bi-GRU-ED) pour la modé¢lisation des séquences temporelles,
et une stratégie de transfert de connaissances homogene qui réutilise et affine les modules de
prévision a travers les composantes décomposées. Cette conception réduit la complexité de
I’entrainement tout en améliorant la précision et la robustesse des prévisions dans des
conditions variées. Dans 1’ensemble, ces travaux contribuent a des prévisions €oliennes plus
fiables et fournissent une base solide pour les recherches futures sur la prévision des énergies

renouvelables multi-sources.

Mots-clés : Energie éolienne, prévision de I'énergie éolienne, techniques d'intelligence
artificielle, réseaux de neurones, réseaux de neurones récurrents, prétraitement, modéeles

hybrides.
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General Introduction

General Introduction

The growing need for clean, sustainable energy solutions has placed renewable energy
at the centre of the global energy transition. Renewable energy sources such as solar energy,
hydropower, geothermal energy, and biomass offer diverse and environmentally friendly ways
to meet rising electricity demands while reducing greenhouse gas emissions. Each of these
sources plays a unique and complementary role in building a resilient and sustainable energy
system.

Solar power, through photovoltaic and concentrated solar technologies, provides a
versatile and widely deployable source of clean electricity. Hydropower delivers reliable
baseload and peak-load power, with pumped-storage systems crucial for the grid. Geothermal
energy offers consistent, weather-independent generation, while bioenergy converts organic
matter into electricity, heat, and advanced biofuels. Marine energy, often referred to as ocean
energy, represents a growing frontier in renewable energy technologies. This category
encompasses tidal energy, wave energy, ocean thermal energy conversion (OTEC), and the use
of salinity gradients. Tidal and wave energy technologies harness the kinetic and potential
energy of ocean movements, while OTEC systems exploit temperature differences between
surface and deep ocean waters to generate electricity. Marine energy offers immense potential,
particularly for coastal and island nations, and its consistent nature provides a valuable

complement to more variable renewable sources like wind and solar energy.

Amid this diverse energy landscape, wind power has emerged as a leading force in the
renewable energy revolution. Both onshore and offshore wind energy play critical roles in
reducing carbon emissions and meeting global electricity demand. Onshore wind farms, valued
for their accessibility and cost-effectiveness, have become widespread, enabling communities
worldwide to benefit from clean, affordable energy. Meanwhile, offshore wind farms,
capitalizing on stronger and more consistent wind speeds, offer large-scale generation for
regions with high coastal energy need.

The integration of wind power into electrical grids is driving advancements in energy
storage, grid management, and forecasting techniques, which are essential for reliable and

efficient power delivery. The rapid scalability and environmental benefits of wind power make

(1)
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General Introduction

it indispensable for achieving carbon neutrality and supporting the transition to a sustainable
energy future. By combining wind power with other renewable sources, nations can build a
resilient energy system that addresses environmental challenges, enhances energy security, and
supports global development goals. Thus, while offshore wind benefits from superior wind
resources, onshore wind remains crucial due to its lower costs and easier maintenance.

Together, they form a complementary framework that supports diverse energy needs.
Problem Statement:

The inherently dynamic and unpredictable nature of wind stems from its dependency on
various atmospheric and environmental factors, making it a highly complex resource for power
generation. Unlike traditional energy sources, wind is neither steady nor entirely controllable,
which presents serious challenges in preserving stability in the grid and providing efficient
electricity generation. One major factor contributing to this complexity is its nonlinear
behaviour. Wind speed is highly sensitive to meteorological conditions, like pressure,
humidity, and temperature, which interact in intricate ways to create irregular variations. This
nonlinearity is further compounded by temporal variability. Wind speeds fluctuate over
multiple time scales, including short-term changes caused by turbulence or gusts, diurnal
patterns driven by thermal dynamics, and seasonal cycles influenced by weather systems.
These fluctuations result in uneven energy production, which is challenging to predict and
manage.

Spatial heterogeneity adds another layer of complexity, as wind is not uniform across
geographical locations. Topographical features like mountains, valleys, and coastlines
influence wind flows, while offshore winds, though often steadier, are still affected by marine
weather systems. Turbulence, characterized by irregular and chaotic air movement, disrupts
smooth wind flows and introduces unpredictability. Sudden gusts exacerbate this issue by
causing sharp spikes in wind power generation, which can destabilize the grid.

Wind behaviour is also heavily influenced by large-scale weather systems such as cyclones,
anticyclones, and jet streams. Accurately predicting these systems requires advanced
meteorological models, but even small errors in these models can propagate and affect wind
power forecasts. Additionally, wake effects in wind farms, where turbines impact each other’s
performance by reducing wind speed and increasing turbulence for downstream turbines,

further complicate the predictability of power output.

(2 )
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General Introduction

Thus, the variability and intermittency of wind make accurate forecasting critical for
scheduling power generation and managing reserves. Specifically, sudden drops in wind speed
can create power deficits, while unanticipated surges in generation can lead to grid overload if
not managed properly. To maintain stability, wind power must be balanced with more
predictable energy sources, often requiring backup systems like gas turbines or battery storage.
Consequently, this unpredictability also increases operational costs for utilities, necessitating
investments in flexible generation, grid upgrades, and energy storage solutions.

To address these challenges, Precise wind power forecasting is now a key instrument
for modern energy networks. It is essential for predicting energy production, facilitating the

seamless integration of wind power into the grid, and enhancing overall system reliability.
Research motivations:

This research is motivated by recent advancements in artificial intelligence (Al) and its
proven applications in processing big data and building predictive models. Al offers
unprecedented capabilities for addressing the complexities of wind power forecasting, as it can
capture intricate spatiotemporal dependencies and uncover patterns that traditional method’s
often miss. The resulting accurate forecasts are crucial for enabling grid operators and energy
planners to effectively manage variability, optimize energy storage systems, and ensure a

reliable balance between energy supply and demand amidst fluctuating wind conditions.

The present study aims to leverage these Al advancements to directly tackle the
challenges of wind variability. By developing innovative Al-based frameworks for wind power

forecasting.
Research objectives:

The main aim of this research is to improve the precision and dependability of wind power
forecasts by using sophisticated Al techniques. This overarching goal is pursued through the

following specific objectives:

+ To analyze large-scale wind datasets to identify key factors influencing wind power

variability and to pre-process the data for enhanced model performance.

+ To design and implement a hybrid forecasting framework that integrates advanced

artificial intelligence techniques to improve forecasting accuracy.

(3]
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General Introduction

+ To evaluate the proposed models using robust error metrics and conduct a comparative

analysis with established methods to validate their superiority.

The remainder of this dissertation is organized into four chapters, followed by a general
conclusion. Chapter I establishes the fundamental background on wind energy and forecasting
approaches. Chapter II reviews artificial intelligence models and frameworks applied to wind
power forecasting, with a particular emphasis on machine learning and deep learning
architectures. Chapter III presents the proposed forecasting frameworks, detailing the
integration of signal decomposition methods with advanced neural networks. Finally, Chapter
IV reports the simulation results, provides an in-depth discussion of the experimental findings,
and highlights the contributions and implications of this research. Finally, the General
Conclusion summarizes the entire work, highlighting the contributions, implications, and

potential future research directions.
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Chapter 1 Fundamental Concepts of Wind Energy and Forecasting Approaches

Fundamental Concepts of Wind Energy and Forecasting Approaches

I.1 Introduction

Wind energy is growing as an essential component of the global transition to renewable
energies, providing a clean and limitless source of electricity. However, its inherent
intermittency poses a major challenge for large-scale integration into modern power networks.
Unlike conventional generation, wind power is particularly tied to weather and geographical
factors., making it difficult to predict with complete accuracy [1]. This unpredictability affects
grid stability, operational planning, and energy market participation [2]. Consequently, the
development of reliable forecasting techniques has become a central research objective, as
accurate predictions mitigate the risks of imbalance, reduce reserve costs, and enhance the

overall efficiency of power system operations.

Wind energy forecasting includes a variety of methodologies, from physical and statistical
models to artificial intelligence (AI) and hybrid approaches, each with distinct strengths and
limitations. Forecasts are often classified by time horizon, spatial scale, or modelling technique,
and rely on diverse types of input data, including meteorological measurements, numerical
weather predictions, and historical turbine records [3]. Forecasting models' efficiency is highly
dependent on the quality of input data and the resilience of pre-processing steps. Moreover,
challenges such as handling missing values, detecting outliers, and managing uncertainty add
further complexity, highlighting the necessity of advanced methodologies capable of capturing

nonlinear and dynamic characteristics of wind energy systems [2].

In recent years, Al-based forecasting methods have demonstrated remarkable improvements
over traditional approaches by leveraging large datasets and learning complex temporal
dependencies. Models based on deep learning specifically showed abilities in enhancing both
short-term and long-term forecasting accuracy [4]. Nonetheless, the training phase requires
careful consideration of optimization algorithms, hyperparameters, and strategies to avoid
overfitting. Against this background, this chapter provides a comprehensive overview of wind
energy and its forecasting process, detailing the conversion mechanisms, system components,

and integration challenges, before examining the classification of forecasting methods, the role

(6 )
. J



Chapter I Fundamental Concepts of Wind Energy and Forecasting Approaches

of data pre-processing, and the fundamentals of training. This foundation establishes the

necessary context for the subsequent chapters.
1.2 The Origins of Wind Energy

Wind energy originates from the movement of air driven by pressure differences in the
atmosphere, where air flows from high to low-pressure zones. This process results from a
combination of factors, primarily the unequal heating of the Earth surface by solar radiation,
which creates large-scale circulation systems as warm air flows near the equator, and cooler air
descends near the poles. Local contrasts between land and water further generate breezes that
illustrate how thermal differences translate into wind formation [5]. The Earth rotation adds
another layer through the Coriolis effect, which deflects air masses and organizes them into
global patterns such as trade winds and westerlies. Geographical features also shape wind
dynamics: mountains, valleys, coastlines, and bodies of water can channel or intensify airflow,
while surface roughness and urban structures influence microclimates relevant for turbine
placement. Seasonal changes further modulate wind regimes, as shifts in heating between land
and ocean drive circulation patterns like monsoons, which strongly affect wind intensity and
persistence. Together, these mechanisms explain the variability, spatial distribution, and
temporal availability of wind energy resources across the globe [5]. Figure 1.1 presents the
geographical locations used in this study Tataouine in southern Tunisia, Adrar in Algeria, and
the German North Sea sector the three regions selected for their markedly different climatic

characteristics and high wind-energy potential.
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Figure I.1: Wind energy potential of the study case’s locations
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1.3 Wind Energy Conversion Process

The transformation of wind energy involves a series of steps that transform kinetic
energy of airflow to usable electrical energy using wind turbines and generators, which work in
tandem to harness and convert the energy of wind effectively, as shown in Figure 1.2. The
process of converting can be parted into two primary phases, Kinetic energy gets turned into

mechanical energy, and mechanical energy gets converted to electrical energy [6].

Wind

a

Gearbox

‘ Mechanical Power

Generator

ol Transformer

Figure 1.2: Wind energy conversion process

Wind energy is intrinsically kinetic energy, generated by moving air masses. The kinetic energy

E, of wind is given by Equation 1.1 [6].
(L)

Ek:lmv2
2

The m is the weight of the moving air ( kg ) determined using Equation 1.3and v is the wind
speed ( m/s ).
m=pAv (1.2)

Where p is the air density (kg/m?) and A is the swept area of the turbine blades (A=nr?, r is the
blade radius in meters). By combining these equations, the full power that comes from wind

P,..q can be expressed in Equation 1.3 [6].

p. =loay (L3)

wind 2
However, wind turbines cannot absorb all kinetic energy. Betz's Law theoretically states that
up to just 59.3% of the wind's kinetic energy may be harnessed. The turbine's actual

captured power is P .qpurea [6].
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Pcaptured = Cp Pwind (14)

Where C, is the coefficient of power (typically between 0.4 and 0.5 for modern turbines),

which reflects the efficiency of the turbine in converting wind energy into mechanical power.

The turbine's blades convert the wind's kinetic energy into mechanical energy, which in turn
drives the rotor and causes it to rotate. Equation 1.5 expresses the mechanical power P,

generated by the turbine.

P .=Tw (L5)

mech ™

Here 7 is the torque ( N m ), in addition o is the velocity of rotation (rad/s), respectively.

This P, is then transferred to an electrical generator to generate the electrical power P,
through Equation 1.6 [6].
PeleC:ngen Pmech (16)

Where the 7., represents the efficiency of the generator (typically 90-95%).

The overall effectiveness of the wind power transformation process accounts for the
efficiencies of both the turbine and the generator. The combined efficiency 1,1 given in

Equation 1.7.
r’total:r’gencp (17)

Equation 1.8 expresses the wind turbine system's final electricity generation.

1 1.8
Poutput:r’totaIPwind:ngenCPEpAV3 ( )

This equation demonstrates how multiple factors, such as turbine design, generator efficiency,

air density, and wind speed interact to determine the overall power output [6].
1.4 Key Components of the Wind Power System

A wind turbine structure is composed of several interconnected components
combined to effectively capture, convert, and Supply wind-generated energy as
usable electricity. These components are presented in Figure 1.3 [7]. In the core lies the wind
turbine structure, which contains the blades, rotor, nacelle, tower, and foundation. The blades,
through their aerodynamic design and swept area, absorb and transfer kinetic energy to the
rotor, which converts it into rotational mechanical energy [6]. This motion is transmitted to the

nacelle, where components such as the gearbox and generator convert the mechanical energy
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into electricity. The tower and foundation ensure structural integrity, stability, and access to
stronger wind currents. Supporting these primary elements are the control systems, which
enhance efficiency and safety by orienting the turbine through yaw motors, adjusting blade
pitch, and activating braking or overspeed protection mechanisms during extreme conditions.
This obtained electricity is subsequently filtered and transferred over electrical equipment,
transformers, and high-capacity cables, ensuring compatibility with grid standards and reliable

delivery, whether in onshore or offshore installations [6].

Nacelle

Control

Yaw system
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" To grid
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Figure 1.3: Wind turbines components

L.5 Types of Wind Power Systems

Wind energy systems are commonly classed either onshore, offshore, or hybrid
configurations, each offering unique advantages and constraints depending on geographical,
environmental, and technical conditions. Onshore systems, as shown in Figure 1.4, represent the
most widespread application of wind technology such as the Alta Wind Energy Center
(AWEC) in California, one of the largest wind farms in the world, with a capacity of
approximately 1,548 MW. They are deployed on land in areas with favourable wind resources,
benefiting from lower construction and maintenance costs and easier access to existing
infrastructure [8]. Their economic competitiveness has driven global adoption, though
challenges including land-use issues, noise, and visual consequences remain important

considerations for large-scale deployment [7].
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Figure 1.4: AWEC Onshore Wind Farm [9].

Offshore wind systems, illustrated in Figure 1.5, are in marine environments in which wind is
usually more forceful and stable compared on land. These projects allow the development of
large-scale farms with higher capacity factors while minimising land-use conflicts and reducing
aesthetic concerns such as in the Borssele offshore wind farm in the Netherlands, which has a
total installed capacity of approximately 752 MW. However, their implementation requires
advanced engineering solutions to withstand harsh marine conditions, specialised vessels for
installation and maintenance, and costly subsea transmission systems [10]. Some of the largest

wind farms worldwide are presented in Table I.1.

Figure L.5: Borssele Offshore Wind Farm [9].
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Table I.1: Some of the largest offshore and onshore wind farms

Wind Farm Name Type Country Capacity
Gansu (Jiuquan) Wind Power Base Onshore China 10,000 MW
Alta Wind Energy Center (AWEC) Onshore USA 3,000 MW
Jaisalmer Wind Park Onshore India 1,600 MW
Hornsea Wind Farm Offshore UK 5,000 MW
Dogger Bank Wind Farm Offshore UK 3,600 MW
Borssele Offshore Wind Farm Offshore Netherlands 1,500 MW

Hybrid wind systems, depicted in Figure 1.6 [7], integrate wind energy with

complementary resources such as solar, hydropower, or energy storage. By compensating for

the variability of wind through diversification, they provide more stable and reliable energy

output. These systems are particularly valuable for microgrids, remote or island communities,

and regions with limited grid connectivity, where reliability and flexibility are critical. While

hybrid solutions involve higher upfront costs and more complex operational management,

advances in storage technologies, smart grid control, and modular system design are addressing

these challenges, positioning hybrid systems as a promising pathway for resilient and

sustainable energy transitions [1].

Figure 1.6: Hybrid wind Power system
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1.6 Challenges of Variability and Uncertainty in Wind Power Generation

Wind power, though a clean and sustainable resource, is characterised by strong
variability and uncertainty stemming from its dependence on atmospheric conditions. The
random behaviour of wind speed and direction causes important fluctuations in power output
across different timescales, creating operational challenges for modern power systems. From a
grid management perspective, these fluctuations complicate the balance between supply and
demand, often requiring rapid reserve activation or curtailment. For systems that have
substantial wind energy penetration, this variability increases ramping requirements,

accelerates mechanical wear on conventional units, and ultimately raises operational costs [11].

Forecasting uncertainty compounds these challenges. Despite advances in numerical
weather prediction, short-term forecasts remain prone to errors due to turbulence, local
meteorological effects, and terrain influences. Such inaccuracies can cause overestimations,
risking supply shortages, or underestimations, leading to excessive reserve commitments and
inefficiencies in electricity markets [11]. These combined effects impact frequency regulation,
voltage stability, and reserve allocation, and in severe cases may trigger protective actions such
as load shedding or renewable curtailment. Consequently, developing more accurate, adaptive,
and robust forecasting approaches, particularly those harnessing artificial intelligence and
hybrid signal processing, is crucial to mitigate uncertainty, enhance system reliability, and

increase the successful integration of wind energy within grids.

1.7 Wind Power Forecasting Classifications

Wind power forecasting approaches could be classified systematically according to
several key dimensions, including time horizon, spatial dimension, model type, output time
step, and uncertainty handling, as in Figure 1.7 where each classification criterion addresses
specific aspects of the forecasting process, enabling a tailored approach to meet diverse

operational and planning needs [12].

The time horizon categorizes forecasts based on the lead time between prediction and the
expected wind power output. The spatial dimension refers to the geographical scale of the
forecast. The model type classifies forecasting approaches according to the methodological
framework used to generate predictions. The output time step indicates the temporal resolution
of the forecasted values. Forecasts can be generated at intervals ranging from minutes to several

hours depending on operational needs. The uncertainty handling dimension describes how
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forecasting models represent prediction uncertainty. Forecasts may be deterministic or

probabilistic, providing either single estimates or ranges of possible outcomes [13].

(Time horizons)
- Very short-term Wind turbine

- Short-term ° ° Wind farm
. T c Group of wind farms
- Medium-term Wind power

- Long-term -
forecasting

/\ O :
) - (Oulput time step)

( Models

Physical Single time step
Statistical 8 Multiple time step
Artificial intelligence ( Uncertamty )
hybrid
Deterministic
* Probabilistic

Figure 1.7: Wind power forecasting classification

1.7.1 Classification by Time Horizon

One of the most important classification criteria for forecasting wind energy is its time
horizon, as it determines the forecasting approach and its applications [12]. The primary time

horizons are described in Table 1.2, which includes.

» Very Short-Term Forecasting (Seconds to Hours)
» Short-Term Forecasting (Hours to Days)
» Medium-Term Forecasting (Days to Weeks)

» Long-Term Forecasting (Months to Years)

14
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Table 1.2: Wind Power Forecasting Time Horizon and its Primary Applications

Forecasting Time Range Typical Focus Area Primary Applications
Horizon

- Real-time grid adjustments
Seconds to Individual turbines or local - Frequency regulation
Very Short-Term _
Hours systems - Load balancing

- Immediate system response

- Day-ahead market operations
. . . - Unit commitment
Short-Term Hours to Days Wind farms or regional grids )
- Energy dispatch

- Resource scheduling

- Maintenance planning
Multiple wind farms /
Medium-Term Days to Weeks - Medium-term energy trading
Regional level ) ) i
- Regional generation forecasting

- Strategic planning
) , - Investment analysis
Long-Term Months to Years Regional or national scale . )
- Energy policy-making

- Infrastructure development

1.7.2 Classification by Spatial Dimension

The spatial dimension of forecasting refers to the geographical scope of the predictions, which
can range from individual turbines to large-scale regional assessments. The primary

classifications are listed below [14].

» Wind Turbine Level
Forecasting at the wind turbine level focuses on predicting power output for a single turbine.
This method is helpful during forecasting in the near future and turbine-specific optimisation. It
allows operators to monitor and control individual turbines to maximise efficiency and

minimise wear and tear.

» Wind Farm Level
At the wind farm level, forecasting predicts the aggregate power output of an entire wind farm.
This is commonly used for short-term forecasting and operational planning. It helps wind farm
operators manage the overall performance of the farm and ensure that power generation meets

grid requirements.

» Group of Wind Farms

15
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Forecasting for a group of wind farms assesses power generation across multiple wind farms in

aregion. This approach is suitable for medium-term forecasting and regional grid management.

1.7.3 Classification by Output Time Step

The output time step refers to the temporal resolution of the forecasting results, which can
vary depending on the application. The primary classifications include single and multiple time

steps [14].

» Single Time Step
Single-time step forecasting provides predictions for a specific point in time. This approach is
commonly used in very short-term forecasting for real-time applications. It is particularly
useful for applications that require immediate decision-making, such as grid stability and

frequency regulation.

» Multiple Time Steps
Multiple time step forecasting delivers predictions over a sequence of time intervals. This
approach is appropriate in short to medium-term forecasts as it offers more thorough view of
future power generation. It is commonly used for applications such as energy market operations

and maintenance planning.

1.7.4 Classification by Uncertainty Handling

Uncertainty is an inherent challenge in wind power forecasting given the volatile character of
wind energy. Forecasting approaches can be classified depending on the way they manage

uncertainty [15].

» Deterministic Forecasting
Deterministic forecasting provides a single predicted value for each time step. This approach is
simpler to implement but does not account for uncertainty. It is commonly used in applications

where a single, best-estimate forecast is sufficient.

» Probabilistic Forecasting
Probabilistic forecasting delivers a range of possible outcomes with associated probabilities.
This approach provides a more comprehensive understanding of potential variations and is
Especially effective in decision-making when there is uncertainty. Examples of probabilistic

forecasting include quantile regression and ensemble forecasting [15].
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1.7.5 Classification by Model Type

Wind power forecasting techniques are sometimes classed according to the underlying

techniques and methodologies used. The primary model types are fellow.

» Physical Models:

Wind power forecasting is grounded in atmospheric physics, numerical weather prediction
(NWP), and fluid dynamics, enabling the simulation of wind behaviour based on large-scale
meteorological and environmental data. NWP models, such as WRF, ECMWF, and GFS, solve
complex equations to predict atmospheric features such as temperature, air pressure, direction
and wind speed, making them particularly effective in medium and long-term forecasts
spanning several hours to days [14]. Computational Fluid Dynamics (CFD) models extend this
capability to microscale analysis by simulating fluid flow over complex terrains, optimising
turbine placement, and minimising wake effects in wind farms [16]. Radiative Transfer
Models, though primarily designed for solar irradiance studies, also contribute by modelling
the impact of solar heating on atmospheric circulation, which influences wind patterns over
longer timescales. Similarly, Energy Balance Models assess the flowing of energy between the
atmosphere and the surface of the earth to evaluate how variations in surface temperature,
humidity, or land use affect wind circulation [15]. While physical models offer predictive
capabilities for medium- to long-term horizons and strategic planning, their computational
intensity and data requirements can limit their application for highly localised or ultra-short-

term forecasts.

» Statistical Models

For wind power forecasting, exploit historical data to identify and model statistical
dependencies between past and future wind behaviour, making them particularly effective for
short-term horizons ranging from minutes to hours. Classical linear approaches, , include
Autoregressive (AR), Moving Average (MA), and combination of them in ARMA, capture
temporal dependencies and error structures in stationary time series, while ARIMA and its
seasonal extension (SARIMA) address nonstationary and periodic patterns through
differencing and seasonal components [14]. Multivariate extensions, such as Vector
Autoregression (VAR), and nonlinear formulations, such as the Nonlinear Autoregressive
Model with Exogenous Inputs (NARX), incorporate multiple meteorological variables and
nonlinear interactions to improve forecast accuracy [17]. Variance-focused methods like
Generalised Autoregressive Conditional Heteroskedasticity (GARCH) capture dynamic

uncertainty in wind fluctuations, supporting risk assessment [18]. Regression-type approaches
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identify the correlations across meteorological inputs and wind power, offering simplicity and
interpretability but limited capacity to model complex nonlinearities. Bayesian models provide
a probabilistic framework that integrates prior knowledge and updates forecasts as new data
become available, enhancing uncertainty quantification. Finally, Exponential Smoothing
methods emphasise recent observations, enabling fast adaptation to changing wind conditions
and supporting real-time operational decision-making. Statistical models are computationally
efficient, straightforward to implement, and well-suited to scenarios with abundant historical
data, although their reliance on past patterns can limit performance under rapidly changing

atmospheric conditions.

» Artificial Intelligence (AI) models

Established themselves as strong mechanisms for wind energy forecasting, providing
the capability of tracking difficult, nonlinear, and dynamic interactions between meteorological
data and power. In contrast to traditional statistical techniques, artificial intelligence models
such as Artificial Neural Networks (ANNs), support vector machines (SVMs), and deep
learning structures such as LSTM networks, or Long Short-Term Memory networks, may
identify complex patterns from large amounts of data without the need for predefined physical
models [1]. These models excel in integrating multi-source data, handling high-dimensional
inputs, and adapting to evolving operational conditions, which is essential for improving

forecast accuracy in variable and uncertain wind environments [12].

» Hybrid models

Combines several forecasting approaches to capitalize on their respective advantages while
compensating for the limitations of any single method. In wind power prediction, such models
can integrate physical principles, statistical techniques, and Al-based methods to represent both
the fundamental physical behaviour of the system and the complex nonlinear patterns learned
directly from the data [19]. Hybridisation can also involve enhancing a single predictive model
with complementary components such as advanced pre-processing methods or optimisation
algorithms for parameter tuning. Common strategies include sequential hybridisation, where
one method produces preliminary outputs that are refined by another, and parallel

hybridisation, which merges the outputs of several models [15].

1.8 Types of Data for Wind Power Forecasting
The forecasting relies on diverse datasets that capture both the atmospheric conditions driving
wind generation as well as the operational and technical features of the wind energy system.

Among these, meteorological data are the most critical, as they directly determine the potential
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energy available to turbines. Meteorological data can be sourced from on-site measurement
stations, remote sensing instruments such as LiDAR and SoDAR, reanalysis datasets like
ERAS [20], or by employing numerical weather prediction (NWP) frameworks, such as the
Weather Research and Forecasting (WRF) model [3].

Temporal data provide essential information about recurring patterns and cyclical behaviours in
wind speed and power output [3]. Factors like the hour of the day, the specific day of the week,
and the season as time series variables allow models to represent both daily and seasonal

variations.

Historical power output data form another core input to forecasting models. These records,
typically expressed in kilowatts (kW) or megawatts (MW), include turbine status logs and rated
capacity information. In supervised learning frameworks, historical power data often serve as
the target variable, however, they may also be used as predictors [21]. Incorporating these
records enables models to directly learn the mapping between atmospheric conditions and

actual turbine output.

Geographical and topographical information further refines forecasting accuracy. Static
features such as elevation, geographic coordinates, surface roughness, land cover, and terrain
type provide insights into how local landscapes influence wind flow. In large-scale wind farms,
turbine layout and spatial configuration must also be considered, as wake effects can create

localised reductions in wind speed and subsequent power losses [22].

The technical characteristics of wind turbines encompass parameters such as hub height, rotor
diameter, cut-in and cut-out wind speeds, rated power, and the associated power curves define
the operational envelope of the wind energy system. These parameters enhance the physical
realism of forecasting models and improve generalisation when applying models to new

turbines or locations [11].

Finally, numerical weather prediction models, such as WRF, supply forecasted meteorological
variables at varying lead times, spatial resolutions, and temporal scales. These data sources are
particularly valuable for short-term and day-ahead forecasting, where integrating physics-based
outputs with statistical or deep learning approaches has proven effective in boosting predictive
skill [1].

1.9 Overview of AI Models Training Pipeline

The development of artificial intelligence (AI) models follows a systematic training pipeline
designed to transform raw data into reliable predictive models. This pipeline provides a

structured framework that ensures methodological rigour across different applications. Within
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wind power forecasting, the model training process is of paramount importance as it integrates
heterogeneous meteorological variables, historical power measurements, and temporal
dependencies into an optimised model capable of delivering accurate and robust predictions
[23]. The Al training pipeline can be broadly divided into several sequential and interdependent

stages.

» Data Input

The initial phase consists of gathering and consolidating input data from pertinent sources. In
the context of wind power forecasting, this primarily entails meteorological information
features, historical turbine or farm-level power output, and contextual information such as
seasonal or geographical features. Ensuring the availability of high-quality data at this stage is

essential, as deficiencies in input reliability inevitably propagate through the pipeline [23].

» Data Pre-processing and Feature Engineering

Raw data often contains noise, inconsistencies, or missing values. Therefore, pre-processing
techniques such as interpolation, normalisation, standardisation, and outlier removal are
utilized to enhance the quality of data [24]. Feature selection and engineering are also critical at
this stage, as they enable the conversion of raw input variables into meaningful features that
improve the model’s learning capability [25]. In forecasting applications, this may include
lagged variables, temporal windowing, or derived statistical indicators. The data pre-processing
stage enhances training efficiency while simultaneously exerting a direct influence on the

model’s predictive accuracy [26].

» Model Initialization

Once the dataset is prepared, the model architecture must be defined. This involves selecting
the learning paradigm and specifying the structural design. Parameters are initialised either
randomly or based on heuristic rules. Proper initialisation is crucial since it affects both the rate

of convergence and the stability of the optimization procedure [27].

» Training Phase (Learning Process)

The training phase constitutes the core of the pipeline, during which the model iteratively learns
from the training dataset. An optimisation algorithm, most based on gradient descent and its
variants, is employed to reduce a predefined loss function that measures the difference between
the predicted and actual values. For time-series forecasting, the loss function often incorporates

statistical metrics [28].
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» Validation and Hyperparameter Tuning

To prevent the occurrence of overfitting, the model’s performance it is tested on a validation set
separate from the training data. Validation outcomes inform the tuning of hyperparameters.
Methods including grid search, random search, or more advanced strategies such as Bayesian
optimization are frequently applied. Additionally, early stopping mechanisms may be

employed to terminate training when validation error stagnates or increases [29].
» Testing and Performance Evaluation

After training and tuning, the model is subjected to testing on an independent dataset that has
not been used in earlier stages. This provides an unbiased estimate of generalisation capability.
The evaluation phase typically involves multiple error metrics in wind power forecasting.
Selecting appropriate evaluation metrics is crucial, as each metric highlights different,

complementary aspects of forecast quality [26].

In summary, the Al training pipeline provides a comprehensive framework that transforms raw
meteorological and power data into accurate predictive models. Each stage, ranging from pre-
processing to evaluation, it is pivotal for ensuring the reliability of the forecasting system. The
following chapters build on this by presenting Al methods including machine learning, deep
learning, and hybrid approaches together with their training, evaluation, and limitations in wind

power forecasting.

1.10 Data Pre-processing

Data pre-processing is a fundamental step in the development of reliable and accurate
deep learning models for wind power forecasting. Raw data, particularly meteorological and
power output data, often contain noise, inconsistencies, and missing values that can negatively
affect model performance. Pre-processing seeks to refine and structure raw datasets in a way
that maximizes the effectiveness of predictive algorithms [27]. Key approaches frequently
applied in this stage encompass exploratory data analysis, error correction, normalization and
scaling, extraction of relevant features, decomposition techniques, and division of data into

training and testing subsets.

1.10.1 Data Analysis

Data analysis involves systematically examining and processing raw datasets to derive
actionable insights that support model development and evaluation, especially in wind power
forecasting. This process typically employs statistical and graphical methods to summarize the

dataset, revealing important patterns, distributions, seasonal trends, and anomalies. Frequently
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used statistical tools include descriptive measures such as the mean, median, standard
deviation, and variance, correlation analysis (Pearson, Spearman), and stationarity tests
(Augmented Dickey-Fuller test) [18]. Graphical techniques may include time series plots,
histograms, box-and-whisker plots, autocorrelation and partial autocorrelation plots
(ACF/PACEF), and heatmaps for seasonal or hourly variations [30]. These analyses reveal the
underlying structure of the data, identify trends, assess periodicity, detect outliers, and evaluate
potential relationships between variables. A thorough data analysis ensures that the dataset is
well understood, guiding feature selection, pre-processing strategies, and the development of

forecasting models.

1.10.2 Data Cleaning

A vital pre-processing step to guarantee the precision and dependability of wind power
forecasting models. It encompasses identifying and addressing missing values, rectifying
inconsistencies, and eliminating outliers that may distort results. This ensures the dataset is

accurate, consistent, and prepared for analysis and model training [31].

1.10.2.1 Missing Data Imputation

Handling incomplete observations is a recurring challenge in time series forecasting which can
arise due to sensor malfunctions, communication errors, data corruption, or logging failures.
These missing entries can significantly impact model performance by introducing bias,
reducing data quality, and disrupting the temporal dependencies that forecasting models rely
on. Thus, the pre-processing of the data, including the careful treatment of missing values, is
crucial for accurate modelling [32]. Several imputation techniques exist, ranging from simple
statistical methods to more advanced model-based approaches. The selection of an appropriate
handling technique is influenced by the amount of missing data, its pattern, and the inherent

properties of the time series. Several imputation strategies are commonly employed [27].

» Mean/Median Imputation

A simple statistical approach involves substituting missing values with the mean or median
of the available data, as shown in Equation 1.9. Median imputation is generally favoured for
skewed distributions because it is more robust to outliers [27].

N
1 Z x; for x, missing (1.9)

X, =
N

» Forward/Backward Fill
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A temporal imputation method where missing entries are substituted with the most recent
available value (forward fill) or the next observed value (backward fill). This is particularly

effective for short gaps in continuous time series data.
X,=X,_,V X,=X,,, for x, missing (1.10)

» Linear Interpolation

Approximates missing values by interpolating a linear trend between the closest preceding and
succeeding known data points. Given time indices t; and f, surrounding the missing point t,
with corresponding values X, and X,,, the imputed value is computed proportionally along the

connecting line [27].

(L11)

» Spline Interpolation
Uses piecewise polynomial functions to achieve smoother transitions between known values,
often yielding more realistic estimates than linear interpolation, especially for datasets

exhibiting curvature or cyclical variation.

» Time Series Model-Based Imputation:
Fits a statistical forecasting model to the observed data, leveraging trends, seasonality, and
autocorrelation structures to estimate missing values in a manner consistent with the temporal

dynamics of the series [27].

» Machine Learning-Based Imputation
Employs predictive models to infer missing values based on patterns across multiple correlated

variables and time points, making it effective for complex, multivariate datasets [33].

1.10.2.2 Outlier Detection and Treatment

Outlier detection and treatment are essential steps in preparing wind power datasets, as extreme
or inconsistent values can distort model training and degrade forecasting accuracy. Outliers
may arise from sensor malfunctions, data transmission errors, or unusual weather events.
Methods for identifying outliers are typically grouped into statistical, model-based, and
graphical approaches. Statistical techniques, such as the interquartile range (IQR) method [34]

or Z-score analysis, identify points that deviate significantly from typical value ranges. Model-
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based techniques leverage regression residuals or machine learning algorithms to flag unusual
data behaviour. Visual inspection, using tools like boxplots, scatter plots, and time-series plots,

often provides intuitive insights into anomalous patterns [35].

Once detected, treatment options depend on the cause and severity of the outlier. Erroneous
values resulting from measurement faults may be adjusted through interpolative methods or
replaced with approximations based on nearby observations. Legitimate but extreme events,
such as unusually strong wind gusts, may be retained to preserve data realism and reflect

operational variability [27].

1.10.3 Normalization and Scaling

For models handling time series data, including wind power forecasting, normalizing, and
scaling inputs are critical steps to ensure effective learning. These transformations adjust the
range and distribution of features, allowing models to converge faster, learn more effectively,
and avoid dominance by variables with large magnitudes [27]. If features are not properly
scaled, those with larger values can dominate the learning process, resulting in biased
parameter estimates and reduced forecasting accuracy. The following techniques are among the

most widely adopted in wind energy data pre-processing were also summarised in Table 1.3.

» Min-Max Normalization
Min-max normalization linearly transforms feature values to fit within a specified range,

commonly [0, 1] or [-1, 1]. The transformation is defined in Equation 1.12.

i X— X,pin (I1.12)
X=—7"

X max X min

where x is the original value, X,;, and X, are the minimum and maximum observed values for
the feature, and X is the scaled result Here, x denotes the original value, X,,;, and X, represent
the observed minimum and maximum of the feature, and X is the resulting normalized value.

This method preserves relationships between data points and can improve optimization

convergence but is highly sensitive to outliers, which can distort scaling [36].

» Z-Score Standardization
Also known as standard scaling, adjusts features so that they possess a mean of zero and a
variance of one.

_Xx—p (1.13)
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Here, 11 represents the feature mean and o its standard deviation. This approach is especially
suitable for approximately Gaussian distributions and facilitates comparable variances across
features. While it is less affected by differences in magnitude compared to min-max scaling,

it remains sensitive to extreme outliers [37].

> Robust Scaling
Robust scaling reduces the influence of outliers by centring features around the median and
scaling according to the interquartile range (IQR).

),(_X—Q2 (1.14)
~ IQR

where Q, is the median, and IQR=Q;—Q, quantifies the dispersion of the central 50% of the

data, this method is ideal for skewed or heavy-tailed distributions, which are common in wind
power data due to occasional extreme events [24].
» Logarithmic Transformation
The logarithmic transformation is suitable for variables with right-skewed distributions or
spanning multiple orders of magnitude. It compresses large values and expands small ones,
stabilizing variance.

k=log(x+c) (1.15)

where c is a constant added to handle zero values, frequently present in wind power datasets

during calm wind conditions [24].

» Max-Absolute Scaling
Max-absolute scaling rescales features by dividing each observation with respect to the

feature’s largest absolute value using Equation 1.16.

)'<:|L (I.16)
X

max

is the largest absolute observed value in the feature; this technique preserves the

where ‘X max

sign of values, making it particularly effective for directional data such as wind vector
components. It is computationally efficient and works well with sparse datasets where most

values are near zero [24].

In practice, choosing an appropriate scaling or transformation approach depends on the data

statistical properties, the presence of extreme values, and the model specific requirements.
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Table 1.3: Summary of Data Normalization and Transformation Techniques
Technique Advantages Limitations
-Simple to implement -Sensitive to outliers
Min-Max -preserves relationships between values  -Can distort scaling if extreme values are
Normalization - suitable when feature distribution is present.
unknown.
7.5 -Handles features with different units -Assumes Gaussian distribution
-Score
-less affected by outliers than min-max  -Extreme outliers can still influence
Standardization o
-Maintains distribution shape. results.
-Robust to extreme values - May not be ideal for normally
Robust Scalin L o . .
5 -Preserves distribution shape. distributed data without outliers.
-Handles skewed distributions - Cannot be applied to zero or negative
Logarithmic :
-Reduces influence of extreme values. values
Transformation

-Transformation may distort small values.

Max-Absolute
Scaling

-Preserves sparsity in data

-Simple and fast to compute.

-Sensitive to outliers -Does not centre the

data.

1.10.4 Feature Extraction

Feature extraction denotes the transformation of raw inputs into a smaller, more informative

subset of features while retaining the essential structure of the dataset. This step important
where meteorological and operational datasets tend to be high-dimensional and exhibit strong
correlations [25]. By extracting a smaller number of representative features, the learning

process can be made more efficient and less affected by redundancy.

» Principal Component Analysis (PCA)

It is a commonly applied linear method for extracting relevant features. PCA transforms the
original dataset into a new coordinate space spanned by orthogonal principal components,
obtained through eigenvalue decomposition of the covariance matrix. The first component
represents the direction of maximum variance, followed by subsequent components that
capture decreasing variance while remaining orthogonal to the previous ones [25]. Formally,

for a data matrix, the covariance matrix is given in Equation 1.17.

n (L17)

C:lz (xi—u)(xi—p)T

ni=q
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where X; denotes the i observation and 1 the mean vector. Eigenvectors of C form the principal
directions, with the eigenvalues reflecting the proportion of variance captured by each

component.

Within the domain of wind power forecasting, PCA is typically used to correlated
meteorological inputs. A limited number of principal components can then be retained to
represent the dominant variability in the dataset, reducing dimensionality while preserving key

patterns for model training [25].

1.10.5 Data Decomposition

Data decomposition is a powerful pre-processing approach that breaks complex time series into
simpler, more interpretable subcomponents. In raw wind speed or power data often exhibit non-
stationary patterns, stochastic fluctuations, and measurement noise, which can obscure
underlying trends and hinder model training by breaking down the original signal into multiple
component sub-series, each representing distinct temporal or frequency characteristics such as
trend, seasonality, or high-frequency oscillations, forecasting models can be tailored to process

each component separately [12].

» Empirical Mode Decomposition (EMD)
EMD adaptively separates nonlinear and non-stationary signals into multiple oscillatory
components, referred to as Intrinsic Mode Functions (IMFs), together with a remaining trend.
The IMFs are extracted iteratively, the initial IMF captures the fastest oscillatory patterns, with
subsequent IMFs reflecting progressively slower variations. The final residual captures the
long-term trend [38]. EMD strength lies in its ability to represent multi-scale behaviour without
assuming linearity or stationarity. However, it is sensitive to noise It may also experience mode

mixing, in which multiple frequency components are combined within a single IMF [10].

» Ensemble Empirical Mode Decomposition (EEMD)
EEMD improves upon EMD by addressing mode mixing through noise-assisted analysis. It
repeatedly introduces independent white noise to the signal, applies EMD to each perturbed
version, and averages the derived IMFs, thereby reducing mode mixing. While more robust
than standard EMD, EEMD introduces additional computational cost and may still retain

residual noise [39].

» Complete Ensemble Empirical Mode Decomposition with Adaptive Noise (CEEMDAN)
CEEMDAN improves decomposition stability by sequentially extracting each IMF from the

residual of the preceding step while incorporating adaptive noise at every iteration. This
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approach reduces noise interference in the reconstructed signal and provides a more faithful
representation of the original data. Recognized as a state-of-the-art EMD variant for complex,
non-stationary time series, CEEMDAN offers enhanced reconstruction accuracy and

effectively mitigates mode mixing compared with earlier techniques [40].

» Wavelet Transform (WT)
The WT decomposes signals into components localized in both time and frequency, making it
particularly suitable for non-stationary, transient-rich data such as wind speed or power. Unlike
the Fourier Transform, which only conveys global frequency information, the WT utilizes
scaled and shifted mother wavelets to capture both rapid, high-frequency fluctuations and
slower, low-frequency trends. While the Continuous Wavelet Transform (CWT) provides
detailed multi-resolution insights, the Discrete Wavelet Transform (DWT) is generally

preferred in forecasting due to its superior computational efficiency [41].

» Variational Mode Decomposition (VMD)
VMD constitutes a more recent development in decomposition techniques, formulated as an
optimisation problem. It separates the signal into a fixed number of modes, each characterized
by a distinct centre frequency and constrained bandwidth. Unlike EMD-based methods, VMD
operates in a non-recursive manner and is inherently robust to noise. By enforcing compactness
of each mode in the frequency domain, VMD offers enhanced separation of overlapping

spectral components and improved resilience to measurement errors [4].

1.10.6 Data Splitting

Data splitting is an essential pre-processing step, ensuring robust model evaluation and
avoiding overly optimistic performance estimates. This process entails dividing the dataset into
separate subsets for training, validation, and testing [42]. Unlike typical machine learning
datasets, where random shuffling is often permissible, time series data is inherently ordered in
time. As a result, splitting strategies must preserve temporal structure to prevent the inadvertent
influence of future data on historical predictions, known as data leakage [42]. Table 1.4 shows
details on common Cross-Validation methods.

Formally, let the time series be represented in Equation 1.18.

X=X,Xp.... Xy (1.18)
In this context, N represents the total number of observations, and data splitting seeks to
separate X into non-overlapping partitions such that training sets precede their corresponding

testing sets in time.
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» Traditional Train-Test Split
In the simplest approach, the dataset is split into a training set and a testing set, where the
training set is employed to build the model, and the testing set assesses its predictive

performance on unseen data. Temporal ordering is strictly preserved.

X _[Xl’XZ""XNm“."}’Xtest:{xN,» ,...,XNW} (1.19)

train ™ |

where N, and N, denote the final indices of the training and testing subsets, offering a
method that is computationally efficient but may yield unstable estimates, especially for non-

stationary time series [42].

» Time Series Cross-Validation (Rolling Forecast Origin)
To address the variability inherent in a single division between training and testing sets, Time
Series Cross-Validation (TSCV) creates multiple splits, each respecting temporal ordering.
One of the most widely used strategies is Rolling Forecast Origin. Here, the training set
progressively expands, while the testing set consists of a fixed forecast horizon h [42].

For the k-th split.

Xtk = xl,xz...,xNk} X(k)—{xNk+1,...,xNk+h1 (1.20)

train > X test T J

Here N, represent an endpoint of the training set in split k, and h is constant across all splits.
This method evaluates the model over multiple forecasting periods, reducing bias in
performance estimates [28].

» Expanding Window Cross-Validation
Within Expanding Window Cross-Validation, the training subset starts from an initial portion
and expands iteratively, without omitting any earlier data points. Where testing set consists of

the next h future observations.

Formally, for fold k.

(k) _ (k) _
X rain= Xl:xz---:XNk}’Xzest—{xNkH:---:XNk+h} (1.21)

where N,>N,,,. This strategy provides notable advantages when more historical data is

expected to improve forecast accuracy, as it mirrors the gradual accumulation of observations

in real-world forecasting scenarios [28].

» Walk-Forward Validation
Walk-Forward Validation is a dynamic evaluation strategy where both the training and testing

windows move forward in time. At each iteration, the model is trained on data up to time N, and
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tested on the subsequent h points. After evaluation, the window is shifted forward, and the
process repeats.
For fold k.

x =[x .. (1.22)

train™ | s

(k) —
"XNJ"Xtest_[XNk+1""!xNk+h}

Here s, denote the starting index of the training window, which may remain fixed (anchored
walk-forward) or move forward (sliding walk-forward). This approach is particularly suited to

operational forecasting systems where models are continually updated as new observations

become available [28].

Table 1.4: Overview of Common Cross-Validation Methods for Time Series Forecasting

Method Description Advantages Limitations
Divides the dataset into training Simple and fast to May not represent
Traditional Train- and testing subsets, with no implement. temporal  dependencies;

Test Split overlap. results depend on split
choice.
K-Fold Cross- Divides the dataset to K Minimizes variability May still leak temporal

Validation contiguous folds, each used in performance information if not blocked;
(Blocked) once as a test set. evaluation. computationally heavier.
Uses an expanding training Mimics real Computationally
Time Series Cross- _ ) ) _ ) ) _ )
window and a fixed-size test set forecasting scenario; intensive; increasing

Validation (Rolling

Forecast Origin)

that moves forward in time.

training size over time.

Expanding Window

Cross-Validation

Like rolling forecast origin but
always starts from the first
the

observation, expanding

training set at each step.

preserves  temporal
order.
Uses all available

past data; realistic for

incremental learning.

Large training sets may
become computationally

expensive.

I.11 Training Fundamentals: Optimisation and Parameters

The successful training of artificial intelligence (AI) models for wind energy forecasting relies
on both the quality of the input data and pre-processing approaches, as well as the choice of
training procedures and hyperparameter configurations [29]. These elements determine the
model ability to converge efficiently and provide accurate predictions under varying
conditions. This section provides an overview of the essential training fundamentals, including
optimisation methods, activation functions, learning rate scheduling, batch configuration, and

iterative training strategies [29].
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I.11.1 Optimisation Algorithms

Optimisation algorithms constitute the core of training artificial intelligence models, as they

govern how the model parameters are updated to minimise the defined loss function.

The effectiveness of an Al model is strongly dependent on the choice of optimisation strategy,

since it has a direct impact on convergence speed, algorithmic stability, and the accuracy of the

outcome. In wind energy forecasting, where datasets are often nonlinear, noisy, and temporally

correlated, a robust optimisation algorithm ensures so that the model identifies the inherent

patterns while avoiding overfitting or diverging [29]. The goal of an optimisation algorithm is

to iteratively update the weights and biases of a neural network to align the predicted outputs

with the true values.

Table 1.5: The Main Categories of Optimization Algorithms

Category

Description

Representative Algorithms

Key Characteristics

First-Order

Utilize the first derivative

(gradient) of the loss

- Gradient Descent (GD): Uses the full dataset for

updates, precise but computationally expensive.

Scalable,

computationally

Gradient [function with respect to - Stochastic Gradient Descent (SGD): Updates|efficient, susceptible to
Methods  [model parameters. Efficient [with one sample per iteration, efficient but noisy.[local minima and
[43] and scalable for large oscillations.
datasets.
Extend gradient descent |- Momentum: Adds inertia term to smooth|Faster convergence,
Momentum- |Using information gathered [parameter updates. reduces oscillations,
Based Methods| from past gradients to |- Nesterov Accelerated Gradient (NAG) [45]]{widely used in deep
[44] accelerate convergence and [Anticipates future position, often yielding faster|learning.
decrease oscillations.  |convergence.
Dynamically adjust - Adagrad [46]: Adjusts learning rate based on|Adaptive, efficient for
Adaptive

Learning Rate

learning rates for each

accumulated gradients, effective for sparse data. -

complex problems.

parameter, enabling better [Adam (Adaptive Moment Estimation) [47]}Adam is among the
Methods handling of sparse or  |Combines momentum and RMSProp, offeringlmost widely used in
heterogeneous data. robust performance in deep learning. practice.
Second-Order - Newton’s Method: Uses Hessian for exact|High precision,

Methods
[48]

Use second derivatives
(Hessian) or

approximations

updates. - Quasi-Newton (e.g., BFGS, L-BFGS):

Approximate curvature for efficiency.

Memory-intensive, less
common in large-scale

deep learning.

Formally, this process strives to reduce a loss function L(0), with 6 denotes the model set of

parameters. The Main Categories of optimisation algorithms and descriptions, and the principal

characteristics are presented in Table 1.5.
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1.11.2 Activation Functions

Activation functions play a pivotal role in AI models, especially when it comes to neural

networks, by introducing non-linearity into the learning process.

Table 1.6: The most used Activation Functions for time series forecasting

Category Function Mathematical Expression Key Characteristics
Maps values to (0,1). .
Logistic 1 Suitable for probabilities
Sigmoid _ flx|l=—— -
Function 1+e but suffers from vanishing
gradients. 0 . )

Outputs in (-1,1). Zero-

Hyperbolic Scaled ef—e "
o f(x)=tanh|x]| =———— centered but still prone to _j; A
Tangent (tanh)  Sigmoid e +e o .
vanishing gradients.
1
Simple, efficient, 1
) ) mitigates vanishing
ReLU(Rectified Piecewise ]
f ( X ): max ( 0,x ) gradients, but can cause
Linear Unit) Linear )
“dying ReLU” (neurons
stuck at 0). ) )
Allows small negative
ReLU =] X,x>0 .
Leaky ReLU ) fl )— ’ slope (a\alpha) to avoid
Variant ax,x<0 .
dying ReLU. .
: 1 o
5
ELU Smooth Provides smooth negative e
(E tial  ReLU flx|= X, x>0 tputs, i i
Xponentia e = outputs, improvin
P ale’—1),x<0 P proving
Linear Unit) Variant convergence.
10
X, Converts outputs into ra
Normalized flx)= € N o
Softmax ) \ z X; probability distributions -/
Exponential e ) A
j across multiple classes. ya

Without the use of activation functions, neural networks would fundamentally operate as linear
models, irrespective of their depth and thus fail to learn and predict accurately [49]. By

converting the weighted average of inputs to a nonlinear output, activation functions enable
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deep learning models to approximate highly intricate mappings between inputs [49]. Table 1.6

describe the main used activation functions

Mathematically, an activation function f(-) maps the weighted input x (where x=W -h+b as
weights, h as the previous layer’s outputs, and b as bias) to the output of a neuron a=f(x)
where X is the pre-activation input (weighted sum of inputs + bias), f(-) is the non-linear

transformation and a is the neuron’s activated output.

1.11.3 Epochs, Iterations, Batch Size, and Learning Rate

The training of artificial intelligence (Al) models involves iterative optimisation processes
where data are repeatedly presented to the model to minimise prediction errors. Four
fundamental concepts that govern this process are epochs, iterations, batch size, and the
learning rate. A precise understanding and careful configuration of these parameters are crucial
for ensuring efficient convergence, avoiding underfitting or overfitting, and achieving high
predictive accuracy in wind power forecasting applications.

e Epochs: are the number of complete sweeps over the training dataset. Each epoch reflects a
complete cycle during which the model processes all available training samples and updates
its parameters accordingly. Generally, raising the range of epochs permits the algorithm to
acquire more intricate representations. However, excessive epochs may lead to overfitting,

where the model memorises noise instead of generalising to unseen data [50].

e [terations: denote the number of parameter updates that occur within a single epoch. The
number of iterations per epoch depends directly on the chosen batch size, defined as the
subset of training samples processed before a parameter update is performed [50].
Specifically, if the training dataset contains N samples and the batch size is B, the count of

iterations each epoch is defined via {I} rsub {e} = B/N.

e Batch Size: plays a key role in balancing computational efficiency and gradient stability. A
small batch size increases the stochasticity of gradient estimates, which can help escape
local minima but introduces higher variance in updates. Conversely, a large batch size
provides smoother gradients and computational efficiency due to vectorisation but may
reduce generalisation capacity. In practice, mini-batch training (with batch sizes ranging
from 16 to 512) is widely adopted since it achieves a combination of efficiency and stability

[50].
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e Learning Rate: adjusts the step size while parameters updates in the optimisation process.
A growth in learning rate might create divergence, preventing the algorithm from
converging, In contrast, an insufficient learning rate may result in excessively slow training

and suboptimal convergence [50].

In summary, the interplay among these hyperparameters defines the training dynamics. For
wind power forecasting, these hyperparameters tuning becomes even more critical for Al

models.

1.11.4 Overfitting Issue

Overfitting occurs whenever the model a learning model absorbs not just the underlying
patterns but also the noise and random oscillations, causing low generalisation on unseen data.
This issue is particularly critical in deep learning, where highly flexible models with
a considerable number of parameters are prone to memorising training examples rather than
learning the true functional relationships. Detecting overfitting typically involves monitoring
the gap between training and validation errors, a steadily decreasing training error coupled with
an increasing validation error is a common indicator [51].

To mitigate overfitting and enhance model generalisation, several regularisation techniques are
applied. Dropout deactivates a portion of neurons at random during training, lowering feature
co-adaptation. and promoting more robust representations. Early stopping monitors validation
performance and halts training once no further improvement is observed, preventing the model
from over-specialising. Batch normalisation normalises intermediate layer outputs, which
stabilises training while introducing a mild regularisation effect [51]. Data augmentation
artificially increases the diversity of training samples through transformations, resampling, or

noise injection, thereby reducing the model’s tendency to memorise specific examples [51].

1.12 Conclusion

This chapter has outlined the fundamental aspects of wind energy and highlighted the central
role of forecasting in addressing its variability and intermittency. By examining the conversion
process, system components, and integration challenges, it became evident that the reliability of
wind energy as a sustainable resource depends heavily on the accuracy of forecasting methods.
Accurate predictions not only improve grid stability but also optimise operational planning and
market participation, thereby reinforcing the importance of continuous progress in this area.

The discussion further emphasised the diversity of forecasting approaches, from statistical and
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physical models to more sophisticated Al-based approaches. It was shown that the outcome of
such approaches is highly dependent on the quality of input data and pre-processing stages,
which serve as the foundation for extracting meaningful patterns and ensuring model
robustness. As forecasting horizons extend and data complexity increases, the limitations of
traditional methods highlight the need for innovative approaches capable of handling nonlinear

dynamics and uncertainty.

In conclusion, the insights provided in this chapter establish a solid framework for
understanding the challenges, processes, and methodological landscape of forecasting. This
foundation prepares the ground for the subsequent chapters, where Al and hybrid models,

training strategies, evaluation techniques, and research gaps will be explored in greater depth.
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Al Models and Frameworks for Wind Power Forecasting

I1.1 Introduction

Artificial Intelligence (Al) has emerged as a cornerstone technology in advancing renewable
energy forecasting, particularly in wind power prediction. Traditional statistical and physical
models often struggle to capture the highly nonlinear and stochastic nature of wind behaviour.
Al techniques, by contrast, excel in identifying hidden patterns, learning complex relationships,
and generalising from large datasets, making them particularly suitable for both short-term and

long-term forecasting tasks [23].

This chapter provides a comprehensive overview of Al models applied in wind power
forecasting, covering approaches from conventional machine learning to cutting-edge deep
learning models and hybrid systems. Machine learning models, such as regression-based
methods, decision trees, and ensemble techniques, have demonstrated effectiveness in
modelling historical dependencies and improving forecast accuracy. Unsupervised learning
methods, including clustering and dimensionality reduction, play a crucial role in data pre-
processing and feature extraction [52]. Building on these foundations, deep learning models
such as recurrent neural networks (RNN), long short-term memory networks (LSTM), gated
recurrent units (GRU), and convolutional neural networks (CNN) have further advanced

forecasting accuracy by leveraging temporal and spatial correlations in wind data [19].

In addition to standalone models, hybrid approaches combine several models to exploit
complementary advantages while overcoming the limitations inherent to single methods,
enhancing robustness and adaptability [23]. This chapter also examines the training and
learning process, including optimisation strategies and hyperparameter tuning, followed by
evaluation techniques and benchmarking practices that ensure reliable and reproducible results.
Finally, the chapter identifies research gaps in the current body of work, highlighting existing

methods limitations and outlining how this thesis contributes to addressing these challenges.
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I1.2 Machine learning Models for wind power forecasting

Machine learning (ML) methods have been widely applied in wind power forecasting due to
their ability to model nonlinear relationships between meteorological variables and power
output. Unlike purely statistical approaches, ML techniques rely on data-driven learning to
automatically extract patterns and adapt to varying conditions. They are particularly more
effective in handling large, heterogeneous datasets and capturing complex dynamics in wind
behaviour. Depending on the learning paradigm, as Figure II.1 illustrates, ML methods are

typically grouped into supervised and unsupervised categories [53] [52].

Regression Models

¢ Linear Regression (LR)

* Principal Component Analysis (PCA) o K-Nearest Neighbors
¢ Regression (KNNR)
® Gaussian Process Regression (GPR)

[. K-Means clustering ] ® Support Vector Regression (SVR) ( Stacking-Based Models

¢ Stacked Generalization
(Stacking Ensembles)

v

® Gradient Boosting Machines

v

Ensemble Learning Models (GBM)
_ [* AdaBoost (Adaptive Boosting)

\ " |* XGBoost (Extreme Gradient
Supervised Boosting)
Learning Models Tree-Based Models * LightGBM (Light Gradient
Boosting Machine)
® CatBoost (Categorical
| Boosting)

Machine learning
techniques

Unsupervised )
Learning Models [ Boosting-Based Models

¢ Decision Trees (DT)

v

(Note: Tree-based models serve as the

base for many ensemble methods)

\ ) Bagging-Based Models

¢ Random Forest (RF)

Probabilistic and Bayesian ] >

¢ Extra Trees (Extremel
Models ( L

| Randomized Trees)

»| ® Bayesian Neural Networks
(BNN) Gaussian Process

® Regression (GPR) (also listed
under regression due to dual

nature)

Figure I1.1: Machine learning-based forecasting techniques

I1.2.1 Supervised Learning Models

Supervised learning models form the backbone of ML-based forecasting techniques. These
models operate by mapping input variables. The training process involves minimising a loss
function that quantifies prediction errors. Supervised learning in machine learning models can
be broadly categorised into regression-based models, tree-based models, Bayesian and

probabilistic models, ensemble models, and neural networks [53]. In the context of wind energy
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forecasting, supervised learning models' performance depends on data quality and
hyperparameter tuning. Below, we provide a detailed mathematical description and explanation

of key supervised learning models.

I1.2.1.1 Regression-Based Models

Regression-based models are widely used in wind speed and power forecasting to establish
mathematical relationships between input meteorological variables, such as wind speed, air
pressure, and temperature, and the target output, which is typically wind power. These models

range from simple linear regressions to more advanced machine learning techniques [54].

» Support Vector Regression (SVR)
SVR is a supervised learning technique derived from the principles of Support Vector
Machines (SVM)), originally developed for classification tasks. SVR is particularly effective for
modelling nonlinear relationships between input features and target variables. Instead of
minimising the mean squared error, SVR constructs a hyperplane that best fits the data while
maintaining a margin &, within which predictions are considered acceptable [55].

The core idea of SVR is to find a function f(x) that approximates the relationship between

inputs X and outputs y with a maximum deviation of € from the true values, while
simultaneously keeping the model complexity minimal. Mathematically, SVR model function
is given by Equation IL.1.
N
yIx1=2 (a;—a))k(x;, x|+b (IL.1)
i=1
Where ¥|(x| denotes the predicted wind power output given the input features. The coefficients

a; and CYZ:' are Lagrange multipliers associated with the support vectors, which define the
regression function. The kernel function k (x;,x) maps the input data into a higher-dimensional
feature space, enabling SVR to model both linear and nonlinear relationships. The choice of
kernel commonly the Radial Basis Function (RBF) is particularly important for capturing the
nonlinear variability of wind speed. The bias term b adjusts the position of the regression

hyperplane within this transformed space [56].

» Random Forest Regression (RFR)

RFR represents an ensemble approach that leverages a collection of decision trees to improve

forecast precision while mitigating overfitting. Instead of relying on a single tree, RFR
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generates multiple trees using different subsets of the dataset and averages their predictions.

The prediction formula for RFR is in Equation I1.2.

)

]_ M
yIxl=or 2 Tl(x (I1.2)

i=1

where 7 (x| is the final predicted wind power value, M denotes the number of trees in the forest,
and T, (x) represents the prediction made by the i decision tree. The number of trees M is a
key hyperparameter that influences both accuracy and stability. The strength of RFR lies in its

ability to reduce variance by aggregating the predictions of diverse models.

» K-Nearest Neighbors Regression (KNNR)

KNNR is a non-parametric model that predicts wind speed or power by exploiting the similarity
between the current input and historical observations [57]. Unlike parametric models that learn
an explicit function, KNNR operates by searching for the k closest data points Y; in the training
set and estimating the output as the average of their corresponding target values.

Mathematically, the prediction is expressed in Equation I1.3.

?h#%Zyi (I1.3)

The similarity between data points is usually determined using the Euclidean distance in

dlx)=y 3 xyx, .

j=1

Equation I1.4.

where d (X ,Xl-) represents the distance between the input point x and a training point X;. The
summation runs over all p input features, capturing the multidimensional nature of the wind
forecasting problem. KNNR is advantageous because it does not require assumptions about
data distribution and can model nonlinear dependencies. However, its computational cost

increases with large datasets [57].

» Gradient Boosting Machines (GBM)

GBM present an ensemble learning method in which decision trees are generated in sequence,
each one learning to correct the errors remaining from the previous tree [31]. Unlike Random
Forest, where trees are constructed independently, GBM improves its performance iteratively
through gradient-based optimisation of a loss function. The objective function minimised by

GBM is expressed in Equation I1.5 [31].
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L=

N k

Wy, 9.+, Q(f,) (IL5)

i=1 k=1

Here, L denotes the overall loss function, quantifying the discrepancy between observed wind

N

power values and their predictions. The first term, Z I(y,,y,) accounts for the individual
i=1

errors of each training example, where Y; is the observed wind power and Y; is the predicted
k

output. The second term, Z Q(f, ) serves as a regularization function that prevents overfitting
k=1

by controlling the model complexity. The number of boosting iterations is denoted by K, which
is a crucial parameter that determines how many weak learners (decision trees) contribute to the

final prediction which can be expressed in Equation I1.6.

ﬁuh;nummeF (IL6)

Where, ¥:(x| denotes the predicted value for input X;, and each [, represents a weak learner
(typically a decision tree) selected from the function space F. The number of boosting

iterations, K determines how many trees are combined in the ensemble [31].

11.2.1.2 Tree-Based Models

These models partition the input space through successive splits on feature values, producing a
hierarchical tree structure that isolates subsets of data exhibiting comparable target behaviours
[31]. They are particularly effective in dealing with heterogeneous meteorological data, as they
can capture interactions between multiple features without requiring extensive pre-processing.
The primary advantage of tree-based models lies in their interpretability and ability to model
nonlinearity without requiring feature transformations [58]. However, they may suffer from
overfitting if not properly regularised. The three most used tree-based models in wind power
forecasting are Decision Trees (DT), Random Forest (RF), and Extreme Gradient Boosting

(XGBoost).

» Decision Trees (DT)
DTs are non-parametric supervised learning models that partition the input space into
hierarchical regions to predict continuous outputs. In regression tasks such as wind speed or
wind power forecasting, DTs operate by recursively splitting the dataset into subsets based on
input features until homogeneity in the target variable is maximised within each region [31]. At
each internal node, the algorithm selects the feature and split point that minimises an impurity

function, commonly the Mean Squared Error (MSE), defined in Equation I1.7 [58].
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N
MSE=—3 (v, =7 (IL.7)
i=1
where Y; is the actual target value, y is the average target value in the node, and N is the number
of samples in that node. Once the tree is constructed, the prediction for a new input is obtained

by following the splits until reaching a terminal leaf node. The model output is computed as the

mean of the training observations assigned to that leaf, consistent with Equation II.8.

1
Y=oy (IL8)

Li=1
N, is the samples number in the corresponding leaf node.

While DT can capture nonlinear relationships between meteorological inputs and wind power

output, they are prone to overfitting when grown too deeply [58].

» Random Forest Regression (RFR)
As an ensemble learning approach RFR constructs a set of decision trees and aggregates their
predictions to enhance accuracy. Each tree is trained using a bootstrap sample of the training
dataset, while a random subset of features is considered at each split, which introduces diversity
within the ensemble. For regression tasks, The final estimate is derived by computing the mean

of the predictions from all individual trees Equation I1.9 [59].

H0=L 3 1,(x 1.9)

m=1
where 9 (x) denotes the predicted value, T, (x) represents the prediction from the m" tree, and
M is the number of trees in the forest. This averaging process reduces variance compared to a
single decision tree, making the model more robust to noise and fluctuations in meteorological
data. The incorporation of randomness in both data sampling and feature selection prevents
overfitting, a common limitation of individual decision trees. Random Forest can be
computationally demanding when a large number of trees are required, especially for high-

dimensional datasets [59].

» Extreme Gradient Boosting (XGBoost)
XGBoost is an efficient boosting-based ensemble technique in which decision trees are built in

sequence, with each tree designed to reduce the residual errors left by its predecessors. In
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contrast to Random Forest, whose trees are trained independently, XGBoost jointly optimises
prediction accuracy and model complexity by minimising a regularised objective function [58].

The objective function is defined in Equation I1.10.

N k
L(@)=21(y,3)+ 2. 2(f,) (IL.10)
i=1 k=1
where l(y Y i) measures the loss between the true wind power value y; and the prediction Y
(commonly squared error for regression), and £ (f,) is the regularization term applied to each
tree [ penalizing excessive depth and complexity to mitigate overfitting.

The model prediction is updated iteratively using Equation II.11 [60].

yilxl=y +nf (x) (IL11)
where 7 is the learning rate that controls the contribution of the newly added tree, and fo(x)

represents the output of the ¢ tree for input X;.

11.2.1.3 Bayesian and Probabilistic Models

Bayesian and probabilistic models offer a distinct advantage in wind power forecasting because
they provide not only predictions but also a quantification of the associated uncertainty [61].
Unlike deterministic approaches that produce a single estimate, Bayesian methods deliver a
probabilistic distribution over potential results [62].

The general predictive distribution in Bayesian regression is expressed by Equation 11.12.

plylx,D)=] p(y|x,w|plw|D)dw (IL12)

where y denotes the predicted output, x is the input feature vector, w represents the model

parameters, and D is the training dataset. The term p|w|D] is the posterior distribution of the

parameters given the data, and p(y|x,w| corresponds to the likelihood of the prediction under a
specific parameter configuration [61]. This formulation shows that the prediction accounts for
all possible parameter values, weighted by their posterior probabilities.

Among probabilistic approaches, Gaussian Process Regression (GPR) [1]. GPR models define
a distribution over functions, allowing flexible non-linear regression while maintaining a
probabilistic framework. A Gaussian process is completely defined by its mean function
m( x ) representing the anticipated value of the function at x and the corresponding covariance

(kernel) function k ( x, x') which defines how similar or correlated the function values are at two

input points x and x . A Gaussian Process can be defined in Equation I1.13 [1].
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f(x) eP(m(x),k(x,x)) (IL.13)

11.2.1.4 Ensemble Models

As an approach from machine learning family, Ensemble models combine multiple individual
predictors, referred to as base learners, to produce a more accurate and robust prediction than
any single model alone [63]. The motivation behind ensemble methods is the reduction of
variance, bias, or noise by leveraging the diversity of different learners. The three major

ensemble strategies are stacking, bagging, and boosting [63].

» Stacking
Stacking is an ensemble method that integrates multiple base learners by training a meta-model
to optimally combine their predictions [62]. The general prediction function for stacking can be

expressed in Equation I1.14.

./)\’(X):fmem(f1(lxt);f2(x);----)fM(XD (IL.14)

Where f 1(X) > (X) sl | are the predictions from the M base models, each trained on the
same input feature vector x and [ ., represents the meta-learner, which learns how to optimally

weight and combine the outputs of the base models while (x| is the final forecasted value

[62].

» Bagging
Bagging (Bootstrap Aggregating) improves prediction stability by training multiple base
models on different bootstrap samples of the training dataset [58]. Each model generates
predictions independently, and the final output is obtained by averaging. The general prediction

function can be written mathematically in Equation II.15.

Hlx)=L i (IL15)
| M
Where f,,[x] is the prediction from the m™ base learner trained on a bootstrap sample of the
dataset and M is the total number of base learners and (x| is the aggregated prediction,

typically the mean for regression tasks. Bagging reduces variance by averaging predictions

[58].

» Boosting
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Boosting sequentially trains base learners, where each subsequent model focuses on correcting
the errors of its predecessor. This creates a strong ensemble from multiple weak learners [58].

The prediction function in boosting is expressed in Equation I1.16.

y(x):Z a, f,(x) (II.16)

where f m( X ) is the prediction from the m™ weak learner and «,, is the weight assigned to the
m" learner, reflecting its relative importance in reducing errors, while M is the total number of

learners and (x| is the weighted sum of all learners predictions [58].

I1.2.2 Unsupervised Learning Models

Unsupervised learning models differ from supervised methods in that they do not rely on
labelled data consisting of input-output pairs. Instead, they aim to uncover hidden structures,
patterns, or groupings in the data by analysing its intrinsic properties. In the context of wind
power forecasting, unsupervised models are valuable for clustering meteorological data,
detecting anomalies, and identifying underlying regimes that influence wind behaviour, which

can later enhance the performance of supervised predictors [52].

» K-Means clustering
K-Means clustering represents one of the most extensively utilized techniques in unsupervised
machine learning, primarily designed to partition a dataset into K distinct clusters by
minimising the intra-cluster variance. In the context of wind power forecasting, it is particularly
useful for tasks such as classifying wind patterns, grouping similar meteorological conditions,
or clustering different geographical locations based on wind speed and wind power
characteristics [32]. This allows the identification of dominant wind regimes and provides a
structured understanding of heterogeneous wind behaviours. The optimisation problem of K-

Means is expressed through its objective function in Equation 1I.17.

k
7= 2 |x—ul (IL.17)

Where J is the total within-cluster variance (the objective to be minimized), K is the number of

clusters predefined by the user, x; € R’ represents the j" data point in a d-dimensional feature

space, C; denotes the set of data points assigned to cluster i, y; € R’ is the centroid of cluster i,
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defined as the mean of all data points in C; and Hx j—y,-”z is the squared Euclidean distance

between data point X; and its corresponding cluster centroid [32].
The algorithm proceeds iteratively in two main steps.
1. Assignment step: each data point is assigned to the cluster whose centroid is nearest in
terms of Euclidean distance.
2. Update step: Cluster centroids are updated by computing the mean of all data points
allocated to each cluster.
This iterative process continues until convergence is achieved, typically indicated by stability
in the cluster assignments or centroids fall below a predefined threshold. In wind power
forecasting applications, K-Means clustering enhances prediction by enabling data-driven pre-
processing [32]. for instance, wind speed time series can be clustered into different regimes
(e.g., low, medium, and high wind speed patterns). Forecasting models trained separately on
each regime often outperform a single global model, as they capture the heterogeneity of wind

behaviours.

In addition to clustering techniques such as K-means, dimensionality reduction methods like
Principal Component Analysis (PCA) are also categorised under unsupervised learning [25].
PCA, already detailed in 1.10.4 Feature Extraction section, is a statistical approach that
identifies the dominant directions of variability in the data without the need for labelled outputs.
Its ability to reduce high-dimensional meteorological inputs into a smaller set of informative

components.

I1.3 Stand-Alone Deep Learning Models for wind power forecasting

Stand-alone deep learning models represent the foundational category of neural
architectures applied directly to wind power forecasting, without combining them with other
models or pre-processing frameworks. These models are capable of automatically extracting
complex patterns from raw meteorological data, making them highly effective for capturing the
nonlinear and dynamic characteristics of wind speed and power generation [64]. Among them,
Artificial Neural Networks (ANNSs) are used as a basic structure for mapping input-output
relationships, while Recurrent Neural Networks (RNNs) and their advanced variants, such as
Long Short-Term Memory (LSTM) and Gated Recurrent Units (GRUs), are well-suited for
handling temporal dependencies in sequential wind data [19]. Convolutional Neural Networks
(CNNps), on the other hand, are particularly effective in identifying local correlations and multi-

dimensional features. Despite their architectural differences, all these models share the
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common goal of reducing forecasting errors through the optimisation of network parameters.
Figure 1.2 provides a conceptual view of stand-alone models, while Table II.1 shows a

comparative representation of the advantages and disadvantages of these models.

—( Stand-Alone Deep learning techniques )

Feedforward Neural Networks -
(FFNNs) / Artificial Neural Networks Multi-Layer Perceptron (MLP) ]
(ANNs) \

Stacked LSTM
Long Short-Term Memory (LSTM)

Bidirectional LSTM
—)(Recurrent Neural Networks (RNNs) Echo State Network (ESN) ]

. Stacked GRU
Gated Recurrent Unit (GRU)

Convolutional Neural Networks IENN
{CNNs) 2D CNN

Vanilla Transformer

—)( Transformer-Based Models Informer

Autoformer
Temporal Convolutional Networks
(TCNs)
Basic Autoencoder (AE) ]
—)( Autoencoder-Based Models Denoising Autoencoder (DAE) ]

Bidirectional GRU

L N N S

Variational Autoencoder (VAE) ]

. ) ‘ Composed of stacked Restricted
Decp Belief Networls (DBNs) Boltzmann Machines (RBMs). ]

Figure I1.2: Stand-Alone Deep Learning Models-based forecasting techniques

» Artificial Neural Networks (ANN)

Artificial Neural Networks (ANNs) represent one of the most widely applied deep learning
paradigms for wind power forecasting. Inspired by the biological neural system, ANNs are
capable of approximating complex, nonlinear relationships between input meteorological
features and the target output, such as wind speed or generated power. Their architecture is
composed of interconnected layers of artificial neurons, typically including an input layer, one

or more hidden layers, and an output layer [65]. Each neuron computes a weighted sum of its
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inputs, incorporates a bias, applies a nonlinear activation function, and transmits the resulting
signal to subsequent layers as presented in Figure I1.3. Through this layered structure, ANNs
can capture intricate dependencies that are often difficult to represent using statistical or
physical models. Equation I1.18 provides a mathematical expression for the output of a single
artificial neuron.

ylxI=f (IL.18)

n
b"'z Wi X;
i=1

Where y | x|is the predicted output of the neuron given the input vector x =[Xy, X,,..., X, ], while
w; represents the synaptic weight associated with the input X;, b is the bias term, which provides

flexibility by shifting the activation threshold, f(-) is the activation function that introduces

nonlinearity into the model [65].

‘. ,J.' 1 , b

wo ,Z f ._} f b -4 Z T;W;

: -~ i=1

Figure I1.3: Artificial Neural Networks mathematical

n

The summation term Z w; X; computes a weighted linear combination of the input features.
i=1

The bias b ensures that the activation function is not restricted to passing through the origin.

The activation function f(-) can take various forms depending on the task [49].

In practice, a complete ANN consists of multiple interconnected neurons arranged in hidden
layers, where the output of one layer serves as the input to the next. This hierarchical processing
enables the network to progressively capture increasingly abstract features from raw input data.
During training, the weights w; and biases b through optimisation algorithms such as stochastic
gradient descent (SGD) or Adam, with backpropagation applied using the backpropagation
algorithm with the objective of minimizing a loss function that evaluates the difference between

model predictions and actual outcomes [43].
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» Recurrent Neural Networks (RNN)
RNNSs constitute a neural network architecture designed to handle sequential data, rendering
them well-suited for time series tasks. By incorporating recurrent links, they maintain
information across previous time steps, in contrast to feedforward networks that assume input

independence [16], as appears in Figure I1.4. The general formulation of an RNN in Equation

I1.19.

h=f thxt+whhht—1+bh) (I.19)

y.=9(w,h+b,| (11.20)
where h, denotes the hidden state at time step t, which encapsulates both the current input X, and
the memory of the past state h,_,. The weight matrices W,,, Wy, and w,,Why respectively
represent the connections from input to hidden state, hidden to hidden state, and hidden to
output [16]. The terms b, and b, are bias vectors, while f (-) and g (-) are nonlinear activation
functions, commonly chosen as the hyperbolic tangent (tanh) or sigmoid functions for f, and
linear or softmax functions for g, depending on the prediction task. Finally, Y, represents the

predicted output at time t, reflecting the network’s ability to integrate sequential information for

forecasting purposes [65].

. < Next time step |‘ """ '

Figure I1.4: Recurrent Neural Networks Architecture

In Equation 1120, the hidden state h, acts as a dynamic memory that evolves over time,
preserving information from previous observations and updating itself with each new input.
This recursive mechanism allows RNNs to model complex temporal patterns, making them
especially effective in capturing wind speed fluctuations and power output variability.
However, traditional RNNs often suffer from issues such as vanishing or exploding gradients

during training, which hinder their ability to capture long-term dependencies [16].
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» Long Short-Term Memory (LSTM)

LSTMs represent an advanced class of RNN developed to overcome the vanishing and
exploding gradient problems that hinder the learning of long-term dependencies. Unlike
conventional RNNs, which struggle with retaining information across extended sequences,
LSTMs introduce a memory cell and a gating mechanism that regulate the flow of information
as illustrated in Figure I1.5 [66]. This design enables LSTMs to selectively retain, update, or
discard information over time, making them particularly effective for sequential forecasting
tasks such as wind power forecasting, where long-term temporal dependencies and dynamic

patterns play a critical role [67].
Forget Gate
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Figure I1.5: LSTM architecture

This gating architecture enables LSTMs to effectively retain relevant information across long
sequences while discarding irrelevant ones, thereby capturing both short and long-term

dependencies in sequential data such as wind power time series.

> Gated Recurrent Unit (GRU)

GRUs is a simplified form of the LSTM designed to decrease model complexity while retaining
the capacity to learn long-term dependencies in sequential data. In contrast to LSTMs, which
maintain separate hidden and cell states, the GRU employs a single hidden state vector, making
its architecture computationally more efficient while still alleviating the vanishing gradient
problem. The GRU introduces two primary gating mechanisms: the reset gate and the update

gate Figure I1.6, which together control the flow of information through the network [68].
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Figure I1.6: GRU structure

In Figure I1.6, sigmoid activation function is o, tanh is the hyperbolic tangent activation, X, is
the input vector at time t, and h,_, is the previous hidden state.

In the Gated Recurrent Unit (GRU), the reset gate r, determines how much of the previous
hidden state should be ignored, allowing the model to selectively forget past information that
may no longer be relevant. The update gate z, controls the balance between retaining
information from the past and incorporating new input, effectively acting as a memory filter.
Next, the candidate hidden state Flt arises from applying the tanh activation to a linear
transformation of the current input and the reset-filtered previous hidden state, which enables
the network to capture new features while considering selected past dependencies. Finally, as a
convex combination of the previous hidden state and the candidate hidden state the actual
hidden state h, in is updated, weighted by the update gate, for a smooth integration of previous

and new information to maintain long-term dependencies in sequential data [68].
> Bidirectional Mechanism

In bidirectional recurrent architectures such as Bi-RNN, Bi-LSTM, and Bi-GRU, the model
handles the input sequence in two directions forward and backwards, enabling the network to
capture dependencies from past as well as future contexts. In the forward pass, the hidden state
is obtained through a nonlinear transformation that integrates the current input and the prior
hidden state within the chosen recurrent unit, as expressed. Simultaneously, the backwards pass
computes the hidden state by processing the sequence in reverse, taking into account the current

input and the next hidden state [69]. Finally, At time step t, the hidden state is fully represented
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by merging the forward and backward hidden states, capturing contextual information from

both past and future time steps [70].

» Stacked Mechanism

Stacked recurrent models extend the capability of single-layer recurrent networks by stacking
several LSTM or GRU layers, enabling the network to capture hierarchical temporal features.
In this structure, the hidden states produced by one recurrent layer serve as the input to the next,
facilitating the capture of immediate temporal relationships in lower layers and higher-level,
long-range patterns in deeper layers. This deep stacking improves the expressiveness of the
model, making it suitable for handling the complex, multi-scale temporal dynamics often
present in wind power data [55]. Compared to single-layer configurations, stacked recurrent

architectures generally achieve better performance in forecasting tasks.

» Convolutional Neural Networks (CNN)

CNNs have been widely applied in time-series forecasting due to their capacity to
autonomously identify local temporal patterns. Unlike recurrent networks, CNNs process data
in parallel, making them computationally efficient. The fundamental building blocks of CNNss
include the convolution operation, activation function, and pooling layer, which together

reduce dimensionality while preserving essential features [71].

| Uy
sy

Time| n -

I | I | I I I |

Time Series of Convolutional Layel‘ Global Max-Pooling Fu“y Connected Layer
length n and width k

Figure I1.7: CNN key components

The convolution operation applies a kernel (or filter) W to the input sequence x, followed by a

bias term b generating a feature map.

y=(w*x)+b (IL.21)
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where * denotes the convolution operator. The extracted features are then transformed via a

nonlinear activation function typically ReLU.

h=0ly|=max (0,y,) (11.22)

To reduce dimensionality while retaining dominant information, a pooling layer is applied.
p,=pool|h,| (11.23)

The pooled features are then flattened and passed to fully connected layers, which combine

the learned representations and generate the final prediction.

y.=fp.| (11.24)

In a CNN, the input sequence x is first processed through the convolution operation in Equation
I1.21, where the kernel w slides over the input to extract local features and generate feature
maps Y,. These maps are then passed through the nonlinear activation function in Equation
I1.22, where o (+), often ReLU, introduces nonlinearity and ensures sparse representations [72].
To reduce dimensionality and enhance robustness against fluctuations, the pooling operation in
Equation I1.23 is applied, producing the pooled features p,. Finally, these pooled features are
flattened and passed to fully connected layers Equation II1.24, which integrate the extracted
hierarchical patterns to generate the final prediction ¥,. In summary, CNNs capture local spatial
dependencies through convolution and pooling operations, transform them into compact
feature representations, and subsequently map these features to predictions via fully connected
layers [73].

CNN can be applied in both one-dimensional (1D) and two-dimensional (2D) forms, depending
on the structure of the input data. CNN-1D is typically employed for sequential data, where the
convolutional filters slide along a single temporal dimension to capture local temporal
dependencies [15]. In contrast, CNN-2D is widely used for spatially structured data, such as
images or two-dimensional meteorological maps, where filters move across both horizontal and
vertical dimensions to detect spatial correlations. While CNN-1D is computationally more
efficient and suitable for forecasting tasks involving univariate or multivariate time series [73],
CNN-2D provides richer feature extraction when spatial or spatio-temporal patterns are critical
[74]. The choice between CNN-1D and CNN-2D thus relay on the input nature and the

forecasting objective [75].
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> Autoencoder-Based Models
Autoencoders constitute a class of unsupervised neural network architectures aimed at learning
efficient, low-dimensional representations of input data. They consist of two main components,
an encoder, which maps the input data x into a compressed latent feature representation z, and a
decoder, which reconstructs the input from this latent representation, as shown in Figure IIL.8.
By minimising the difference between the original input and its reconstruction, autoencoders

can extract meaningful patterns and non-linear correlations [76].

« Basic Autoencoder

Encoder: The encoder transforms X input data into a latent feature representation Z using

Equation I1.25.
z=f,[wyx+by] (11.25)

where W, and by, are the encoder’s weights and biases, and f.(-) is the encoder activation

function [14].
Decoder: By applying Equation 11.26, this component generates a reconstruction of the input

data based on the latent vector z.

X=fy(woz+by) (11.26)

where Wy and by are the decoder’s weights and biases, and f4(+) is the decoder activation
function.
Reconstruction Error: The quality of reconstruction is measured by the error between x and

x. Using Euclidean distance.
Alx,x=|x=%|] (11.27)

The objective is to minimize A, thereby ensuring the latent space captures the most relevant

features [14]. .
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Figure I1.8: Autoencoder structure
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+ Denoising Autoencoder (DAE)

DAE enhances robustness by deliberately corrupting the input data and training the network to
reconstruct the original clean signal. Specifically, the clean input x is transformed into a
corrupted version X through a stochastic corruption process, applied randomly to each training
sample or mini-batch. Among the common approaches, additive isotropic Gaussian noise
drawn from the distribution N (0,0°I ) is frequently employed. The encoder then learns to map
X into a latent representation that enables the decoder to recover the original clean input x,

thereby forcing the model to capture meaningful and noise-invariant features [77].

X=x+e,wherec N(0,0°1) (11.28)

Encoder:
z=f,[wyX+by] (11.29)

Decoder:
X=f4lwyz+b,| (11.30)

Reconstruction Error:
Alx,%=|x=%|] (IL31)

By forcing the model to recover original inputs from noisy versions, DAEs capture more robust
and generalizable feature representations, useful in wind power forecasting where data often

contains sensor noise or missing values [77].

*» Variational Autoencoder (VAE)

VAE extends the standard autoencoder framework by incorporating concepts from
probabilistic graphical models. Unlike deterministic encoders that map inputs directly to fixed
latent vectors, The VAE models the latent representation as a probability distribution,
commonly assumed to be a multivariate Gaussian. This enables the model to capture
uncertainty in the data and generate realistic synthetic samples, which can be particularly useful
in wind power forecasting under uncertain or incomplete conditions [19].

Formally, the encoder maps the input x to the parameters of a probability distribution, namely
the mean vector (x| and the variance (or standard deviation) vector o | x|. The latent variable z
is then sampled from this learned distribution using the reparameterization trick, which ensures

differentiability during training.

z=plx|+0o(x|Oe,wheree N(0,I) (I1.32)
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In Equation I1.32, x represents the input data, yt|x| is the encoder’s predicted mean vector for
the latent distribution, o (x) is the encoder’s predicted standard deviation vector, € is random
noise sampled from a standard normal distribution N (O,I ) and © denotes element-wise
multiplication, which injects randomness into z which is the resulting latent representation
sampled from the learned distribution.

The decoder then reconstructs the input from the latent variable z using Equation I1.33.

X =f4(wyz+by| (11.33)

x is the reconstructed input, f4(+) is the decoder mapping, W, and by are the decoder’s trainable
weight matrix and bias vector.
Training a VAE requires optimizing a special loss function known as the Evidence Lower

Bound (ELBO), which balances reconstruction accuracy and distribution regularization:

log py|x|z)|— Dy, (q,xlz|| plz]) (IL.34)

LVAE:qulex}

In Equation.I1.34, q@(z|x] is the encoder’s learned distribution of latent variables given the

input. pg(X|Z ) is the likelihood of reconstructing x from z, E%W} log pg(x ‘Z )] represents the

expected  reconstruction log-likelihood,  encouraging accurate  reconstructions,

DKL(q@(x|z)“ plz]) is the Kullback-Leibler (KL) divergence, which regularizes the learned

latent distribution so that it remains close to the prior p|z), usually chosen as a standard

Gaussian N (0,T). Figure I1.9 shows the structure of the VAE [19].

In summary, the VAE enhances robustness and generalization by combining reconstruction

learning with probabilistic regularization [19].
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Figure I1.9: Variational Autoencoder structure
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Other Common Deep Learning Models
In addition to recurrent, convolutional, and autoencoder-based approaches, other sophisticated
deep learning models have also attracted interest in wind energy forecasting. These models
offer alternative architectures and mechanisms for handling temporal dependencies and
uncertainty in complex datasets.
» Transformer-Based Models
Transformer architectures, first developed for natural language processing, have been
effectively applied to time series forecasting because they can model long-range dependencies
without using recurrent structures.

e Vanilla Transformer: It employs self-attention mechanisms to assign varying
importance to different time steps within the input sequence [78].

e Informer: A streamlined version specifically developed for forecasting extended
sequences. It reduces computational complexity through a ProbSparse self-attention
mechanism and introduces a generative-style decoder for faster predictions.

e Autoformer: Improves interpretability and long-horizon forecasting through the
decomposition of time series into trend and seasonal components within the self-

attention mechanism [78].

» Temporal Convolutional Networks (TCNs)

TCNs leverage causal and dilated convolutional layers to effectively extract temporal patterns
from sequential data across multiple scales. Unlike RNNSs, they process sequences in parallel,
allowing for faster training and stable gradient propagation. Their architecture ensures that

predictions at any time step depend only on past information [79].

» Deep Belief Networks (DBN5s)

DBNs are composed of stacked RBM layers that function as generative probabilistic models.
Hierarchical features are first learned through unsupervised layer-wise training, and the
network is subsequently refined using supervised learning. In wind energy forecasting, DBNs

can capture nonlinear and latent structures in the data [80].
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Table I1.1: Comparative Representation of Advantages and Disadvantages of Stand-Alone

Deep Learning Models
Model Advantages Disadvantages
RNN Captures sequential dependencies, suitable Suffers from vanishing gradients, weak
for simple time-series forecasting. at modelling long-term dependencies.
LSTM Handles long-term dependencies effectively, Computationally expensive, requires
widely applied in wind forecasting. large datasets.
Processes information in both directions, High computational cost, risk of
BiLSTM . ‘ .
improves temporal feature extraction. overfitting with small data.
Stacked  Learns hierarchical temporal features, Increased complexity, careful tuning
LSTM  enhances prediction accuracy. needed to avoid overfitting.
GRU More efficient than LSTM, effective for Less expressive than LSTM for very
medium-term dependencies. long sequences, lower flexibility.
CNN Strong at extracting local and spatial Less suited for sequential-only data,
features, efficient parallel processing. needs pre-processing.
TCN Captures long sequences via dilated Hyperparameter-sensitive; struggles
convolutions, stable training. with extremely long dependencies.
Long-range dependencies with self- High computational demand; data-
Transformer )
attention; scalable to large data. hungry.
Efficient for long sequences; optimized Complex architecture; resource-
Informer ) ) ] )
Transformer for forecasting. intensive tuning.
Decomposition-based, handles seasonality Limited to seasonal data; requires large
Autoformer ) ]
well; effective for wind data. datasets.
Strong feature learning via RBMs; useful in ) _
DBN _ _ Difficult to train; prone to overfitting.
early wind forecasting.
Learns compact representations; aids -
‘ ‘ o Sensitive to hyperparameters; weak
AE anomaly detection and dimensionality ‘
' standalone predictor.
reduction.
_ ' . Risk of overfitting; limited direct
DAE Robust to noisy data; improves data quality. ' .
forecasting ability.
VAE

Captures uncertainty in forecasts; generates Computationally intensive; may miss
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Model Advantages Disadvantages

probabilistic outputs. nonlinear dynamics.

Poor at modelling temporal
Simple, fast baseline model; easy to
MLP ‘ dependencies; low accuracy in
implement.
complex data.

. ' . o Needs large data; weak at capturing
ESN Fast training; efficient for quick predictions. )
long-term dependencies.

I1.4 Hybrid Models for wind power forecasting

Hybrid models in wind energy research integrate two or more methodological paradigms to
address the inherent complexity of atmospheric dynamics and power generation processes.
Wind speed and wind power time series are characterized by nonlinearity, non-stationarity,
intermittency, seasonality, and stochastic variability. Since no single modelling approach can
fully represent these features, hybridization constitutes a methodologically justified strategy for
improving predictive performance. The principal configurations of such hybrid approaches are

summarized in Table I11.2.

Hybridization may occur between statistical, machine learning, deep learning, pre-processing,
and optimization techniques as shown in Figure II1.10. The interaction among these categories
is not fixed but depends on the structure of the problem, the forecasting horizon, and the nature
of the available data. In many configurations, statistical models are employed to represent
linear trends, periodicity, and autocorrelation structures, while machine learning algorithms are
used to approximate nonlinear relationships between meteorological variables and wind power

output. This separation of linear and nonlinear components often improves predictive stability
and interpretability.
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Machine
Learning
Optimization Deep Learning
Techniques Techniques
Hybrid Models

Statistical

. —— i
Pre-processing —egje—————— Techniques
Techniques

Figure I1.10: The principal configurations of hybrid models

Deep learning techniques extend this capability by modelling complex temporal dependencies
and hierarchical feature representations. When combined with statistical approaches, deep
networks can focus on nonlinear residual structures after deterministic components have been
extracted [66]. Alternatively, deep learning models may operate alongside conventional
machine learning algorithms, either through feature extraction followed by regression or
through ensemble strategies that aggregate multiple predictors. Such combinations can reduce
variance, mitigate overfitting, and improve generalization performance across varying wind
regimes [81] [82].

Pre-processing techniques frequently constitute an integral element of hybrid frameworks.
Wind data are often noisy and highly volatile, therefore, decomposition methods, filtering
procedures, normalization, and feature selection mechanisms are applied to transform raw
signals into more structured subcomponents [39]. By reducing noise and isolating intrinsic
modes of variability, pre-processing simplifies the learning task and enhances model
convergence. In decomposition-based hybrids, each sub-series may be modelled separately and

later recombined [27].

Optimization techniques further reinforce hybrid systems by refining parameter selection and

structural configuration [83]. Evolutionary or swarm-based algorithms are commonly
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employed to tune hyperparameters, determine optimal lag structures, select relevant input
variables, or compute combination weights in ensemble models. In this sense, optimization
does not serve as a predictive mechanism on its own but operates as an adaptive layer that

enhances performance and robustness [84].

Thus, a hybrid model in wind energy forecasting can be understood as an integrated framework
in which at least two of these methodological categories interact to exploit complementary
strengths. Statistical approaches contribute structure and interpretability [85], machine learning
provides nonlinear mapping capability [17], deep learning captures complex temporal and
hierarchical patterns [86], pre-processing improves data quality and signal separability; and
optimization ensures efficient parameterization. The resulting architecture is not defined by
complexity alone, but by the coherent integration of methods selected to address the

multifaceted nature of wind energy systems.

Table I1.2: Hybridisation Strategies for Wind Power Forecasting

Hybrid
Conceptual Interaction Mechanism Primary Contribution
Configuration

o _ Decomposition of linear structure with Captures complementary
Statistical-Machine

) nonlinear mapping of residual linear and nonlinear
Learning ‘ _
dynamics behaviours
o Deterministic trend extraction .
Statistical-Deep ' o . Enhances stability and long-
) combined with hierarchical temporal _
Learning _ term dependency modelling
feature learning
Machine Learning-  Hierarchical feature representation Improves generalization and
Deep Learning with adaptive predictive integration =~ model robustness
Pre-processing- Signal transformation and complexity Mitigates noise and non-
Predictive Integration reduction prior to model inference stationarity effects
o . . Enhances convergence
Optimization- Algorithm-driven parameter and

‘ efficiency and predictive
Embedded Hybrid structural refinement
accuracy

I1.S Hyperparameter Tuning

Hyperparameter tuning denotes the procedure of identifying the most suitable configuration

values that control how a model learns from data. Unlike trainable parameters, which are
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optimised during training (e.g., weights and biases), the key hyperparameters in Table II.3 are
predefined settings that govern the learning process. Their selection plays a decisive role in

balancing underfitting and overfitting, shaping model complexity [29].

Selecting appropriate values for these hyperparameters is non-trivial, as their effects are often
interdependent and problem-specific. For example, a small learning rate generally improves
training stability by ensuring smoother convergence, while the batch size determines the trade-
off between training speed and the precision of gradient estimation [34]. Similarly, the number
of hidden units and layers should be carefully calibrated to capture nonlinear temporal
dependencies without introducing unnecessary computational complexity or risk of overfitting.
Selecting an appropriate hyperparameter tuning approach depends on the dataset’s complexity

and the available computational resources.

Given the high-dimensional nature of hyperparameter search spaces, systematic tuning

strategies are employed to identify optimal configurations including:

+ Grid Search: An exhaustive approach that evaluates model performance across all
possible combinations within predefined ranges. While computationally expensive, it

guarantees coverage of the search space [29].

+ Random Search: Randomly samples hyperparameter combinations, often achieving

competitive results at lower computational cost compared to grid search.

+ Bayesian Optimization: Employs probabilistic models to iteratively refine the search
toward promising regions of the hyperparameter space, balancing exploration and

exploitation [34].

+ Adaptive/Sequential Methods: Advanced strategies such as Hyperband or Population-
Based Training dynamically allocate resources to more promising configurations,

reducing time and computational overhead [34].
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Table I1.3: Key Hyperparameters in Deep Learning Models for Forecasting Applications

Hyperparameter Description Impact on Model
Step size used by the Controls convergence speed and stability;
Learning Rate optimizer to update weights. too high may cause divergence, too low

may slow learning.

Number of training samples Influences memory usage, training

Batch Size processed before updating  stability, and ability to generalize.
weights.
Full passes through the Affects convergence and risk of
Epochs training dataset. overfitting; too many may cause

overfitting, too few underfitting.

Fraction of neurons Prevents overfitting by reducing co-
Dropout Rate randomly deactivated during adaptation of neurons.
training.
Neurons number assigned to Determines model capacity; too few
Number of Hidden _ o _
U each hidden layer limits expressiveness, too many
nits
increased risks of overfitting.
Depth of the network. Enhances ability to capture complex
Number of Hidden ) ) o
representations but increases training
Layers

complexity.

Non-linear transformation ~ Shapes feature representations and
Activation Function ) o )
applied to neurons. affects training dynamics.

Algorithm used to minimize Determines efficiency and stability of
Optimizer . o
the loss function. training.

11.6 Model Evaluation and Validation

Model evaluation and validation are fundamental processes in artificial intelligence-based time
series forecasting, as they determine not only how well a model predicts but also how reliably it
can generalise to unseen conditions. Where data are nonlinear, nonstationary, and highly
influenced by features variability, a rigorous evaluation framework is essential to ensure both
accuracy and operational trustworthiness [19]. To achieve this, the evaluation process in this
work is structured into three key stages: (i) the use of performance metrics to quantitatively

assess predictive accuracy, (i1) benchmarking against baseline models to provide meaningful
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comparative insights, and (iii) interpretation and visualisation to translate results into practical

understanding for real-world deployment.

I1.6.1 Performance Metrics

The evaluation of forecasting models relies heavily on quantitative performance metrics that
measure the accuracy, consistency, and reliability of predictions. In wind speed and wind
power forecasting, where fluctuations are nonlinear and strongly influenced by environmental
conditions, selecting appropriate metrics is critical. No single metric is sufficient to capture all

aspects of predictive performance; hence, a combination of complementary metrics is often

employed.
1 N
Mean Squared Error [87] MSE= N Z (y,—9.) (I1.35)
t=1
1 N
Root Mean Square Error [87] RMSE = ~ z (y,— S,I)Z (I1.36)
t=1
1 N
Mean Absolute Error [87] MAE = N Z ‘ Y.~ j/t‘ (1.37)
t=1
N _ A
Mean Absolute Percentage Error MAPE = 100 z Yo~V (IL38)
[34] N = Y
N
A \2
Coefticient of Determination 2 ; (yi=5.)
R=1-—FF—""" (I1.39)
[88] —\2
:E: ( J/t__'J/t)
t=1
| nRMSE =—MSE 100
Normalized RMSE [87] 1 (I1.40)
F Z Y
t=1
| aE= MAE 1o,
Normalized MAE [89] 1 (IL.41)
F z Yi
t=1
Skill S SS) [90 s5=1— 2B noaa 11.42
ill Score (SS) [90] =T MAE (11.42)

baseline
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Where, Y, and Y, correspond to the actual and forecasted values, respectively, with the total

number of observations.

Table I1.4: Comparative Assessment of Forecasting Evaluation Metrics: Strengths and

Weaknesses in Wind Forecasting Tasks

Metric

Strengths

Weaknesses

MSE

Strongly penalizes large errors, making it
useful for highlighting severe forecasting

deviations.

Sensitive to outliers, which may
distort overall performance

assessment.

RMSE

The metric reports errors in the units of the
forecasted variable, making interpretation

more intuitive.

Overemphasizes large errors and less
representative of average

performance.

MAE

Compared to squared-error metrics, it offers
greater robustness to outliers while directly
representing the mean magnitude of the

CITOTS.

Does not discriminate between small
and large errors, limiting sensitivity to

extreme events.

MAPE

Expresses error in percentage, enabling scale-

independent comparison across datasets.

Undefined when actual values
approach zero; disproportionately

penalizes small denominators.

R2

Captures proportion of variance explained,

providing a global measure of model fit.

May be misleading for non-linear or
non-stationary data; does not reflect

error magnitude.

nRMSE

Enables fair comparison across different sites

or datasets by normalizing RMSE.

Normalization choice (mean, range,
etc.) influences interpretation,

reducing consistency.

nMAE

Scale-free measure that improves

comparability between datasets with different]

magnitudes.

Same limitations as MAE, with
additional sensitivity to normalization

method.

SS

Evaluates relative improvement over aj

reference model, highlighting practical

forecasting gains.

Dependent on baseline choice; poor
baseline selection can inflate

perceived performance.

Statistical Testing for Reliability:
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» Confidence Intervals (CI)

Confidence intervals quantify the uncertainty associated with performance metrics. For MAE
and RMSE, 95% intervals are determined by computing the standard error associated with the
mean, as expressed in Equation I1.43. They define the bounds within which the actual
performance of the model is expected to occur, highlighting whether the results reflect
consistent predictive behaviour rather than random fluctuations. For R* and MAPE, only point
estimates are presented, as these metrics are typically assessed using their absolute values
rather than their variation [91].

a:www.( ) (43

)

=]«

» p-values and Hypothesis Testing

The evaluation of performance differences relies on paired t-tests, as expressed in Equations
11.44 and 11.45. This test is well-suited to the forecasting since the errors for the different models
are calculated using the same dataset, this introduces a dependency that needs to be considered
[77]. Considering this dependency ensures that the comparison is fair and reliable, allowing
improvements to be interpreted as statistically meaningful rather than arising from random

variation [77].

(= d
Si (11.44)

N
p=2.(1-Tl|t|, N—1)) (11.45)

Where d is the mean of the differences between the paired errors of the two models and S, is the
standard deviation of the differences, while X is the sample mean of the metric t,/, y_; is the
critical value from the t-distribution for a 95% confidence level, N —1 is the degrees of freedom
and S is the sample standard deviation of the metric and T . is the cumulative distribution
function of the t-distribution [12] [27].

A small p-value, typically less than 0.05, indicates that the performance differences observed
are unlikely to have arisen by chance and can be considered statistically significant.

I1.6.2 Benchmarking Against Baseline Models

A critical element of the evaluation process is the systematic comparison of the proposed
forecasting framework with a set of baseline models. Benchmarking serves as a reference point,

allowing the predictive capability of the developed approach to be positioned within the
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broader landscape of established methods. By situating results in relation to existing
techniques, the analysis highlights not only the level of improvement achieved but also the
extent to which the framework addresses limitations of traditional approaches.

Beyond providing context, benchmarking ensures that reported gains are both meaningful and
quantifiable. Improvements are not evaluated in isolation but are measured against consistent
standards, which enhances the credibility of the findings. This approach makes it possible to
distinguish genuine advancements from outcomes that may simply reflect dataset
characteristics or random variation [52].

11.6.3 Interpretation and Visualization

While performance metrics provide quantitative evidence of accuracy, they do not always
reveal underlying trends, systematic biases, or contextual relevance [27]. Visualisation tools,
such as error distribution plots, scatter diagrams, and time-series overlays, complement
statistical measures by offering intuitive perspectives on how forecasts align with actual
observations. These graphical representations make it possible to detect patterns of over- or
under-estimation, identify temporal variations in model reliability, and highlight conditions

under which the forecasting framework performs the most [27].

Beyond descriptive purposes, visualisation also supports deeper analytical interpretation.
Evaluating the proposed methodology in comparison with established benchmark models
allows visual examination to reinforce or challenge the results derived from statistical testing.
This combined approach, incorporating both quantitative metrics and visual evidence, ensures a
comprehensive understanding of the model’s performance characteristics. Ultimately, the

integration of interpretation and visualisation strengthens the validity of the assessment [52].

I1.7 Limitations and Research Gaps

¢ Limitations of Existing Methods

Baseline forecasting methods, while widely used, frequently face difficulties in modelling the
intricate and nonlinear behaviour of wind energy. Many of these models rely on simplified
assumptions, which can lead to reduced adaptability across diverse operating conditions. Their
predictive accuracy is frequently limited, especially when dealing with highly variable

meteorological inputs or multi-horizon forecasting tasks.
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+ Identified Research Gaps

A key gap in the literature lies in the limited ability of existing models to provide consistent and
reliable forecasts across different datasets and forecasting horizons. In many cases,
improvements are demonstrated only within narrow experimental contexts, making it difficult
to generalise findings. Additionally, comparative studies often fail to establish a clear
framework for benchmarking performance in a way that highlights the true advancements of

newer approaches.

¢ How This Thesis Addresses the Gaps

This thesis overcomes these limitations by conducting a systematic benchmarking of the
proposed forecasting framework against a set of well-established baseline models. The
comparison is designed to evaluate performance under identical experimental conditions,
ensuring that improvements are clearly attributable to the strengths of the proposed method. By
providing a structured and transparent assessment, the thesis contextualises the predictive
capacity of the developed approach and demonstrates its capacity to surpass conventional

baseline models regarding accuracy and robustness.
I1.8 Conclusion

This chapter provided a comprehensive review of artificial intelligence techniques applied to
wind power forecasting, covering both conventional machine learning techniques and modern
deep learning architectures. Machine learning methods, including regression-based, tree-based,
Bayesian, and ensemble models, were highlighted for their ability to capture nonlinear
dependencies and improve forecasting reliability. Deep learning models, with their capacity to
model temporal dependencies and complex nonlinearities, were presented as a natural
progression toward more robust forecasting frameworks. Furthermore, hybrid models were
emphasised for their ability to integrate the strengths of individual methods and mitigate their

limitations, thereby enhancing predictive accuracy.

The chapter also addressed essential aspects of hyperparameter tuning and model evaluation,
including performance metrics, benchmarking, and interpretability. By systematically
reviewing these elements, the discussion identified the key limitations of existing methods and
the gaps that remain unaddressed. Finally, the chapter outlined how this thesis builds upon
these foundations by proposing advanced hybrid frameworks that integrate deep learning with

complementary techniques to deliver improved accuracy.
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The Proposed Forecasting Frameworks

II1.1 Introduction

The present chapter outlines the methodological framework developed to implement and
evaluate advanced approaches for wind power and wind speed forecasting. Building on the
theoretical background and model descriptions presented in earlier chapters, this section shifts
the focus toward the practical realisation of forecasting frameworks, highlighting both
standalone deep learning architectures and hybrid models enhanced by signal decomposition
techniques. The proposed approach relies on meteorological datasets gathered from

purposefully selected locations.

To ensure methodological rigour, the chapter is structured around the two forecasting tasks. For
wind power forecasting, the experimental design explores the application of LSTM networks,
ConvLSTM architectures, and a hybrid strategy that integrates EEMD decomposition with
deep learning models. In contrast, the wind speed forecasting task employs a more
sophisticated framework, bringing together CEEMDAN for signal decomposition, a Bi-GRU
encoder-decoder architecture, and a transfer learning scheme to improve the model’s

adaptability and robustness across varying forecasting conditions.

Both forecasting frameworks are presented as end-to-end pipelines, encompassing data pre-
processing, model training and forecasting stages. The pre-processing stage is highlighted for
its role in extracting intricate temporal and non-stationary structures from wind data, whereas
the deep learning models are employed to capture nonlinear behaviours and long-term temporal

dependencies.

In summary, this chapter establishes the methodological groundwork that supports the
experimental investigations presented later, offering a clear and systematic presentation of the
models, procedures, and frameworks employed. This methodological design enables an in-
depth and comparative evaluation of forecasting performance, ensuring both accuracy and

robustness under varied temporal horizons and operational contexts.
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I11.2 Datasets and Study Areas

To ensure the reliability of the forecasting framework, this study employs carefully selected
datasets from different geographical locations. The datasets provide comprehensive
measurements, and the following subsections describe in detail the wind power datasets used in

this work, along with the characteristics of the study areas from which they were collected.

I11.2.1 Wind Power Dataset

For this study, data were sourced from a Siemens SWT-3.6-120 turbine installed at the
Amrumbank West offshore wind farm in the German sector of the North Sea, positioned
approximately 35 km northwest of Heligoland Island and 18 km southwest of the Amrumbank
sandbank as a region characterized by strong and relatively stable wind resources. The precise

geographical location of the turbine is illustrated in Figure IIIL.1.

==
==
100 A
50 -

1057
{ bl
100+ —— Pressure
nster
l 257
Frision Hamburg 250 Gy
sty fo : | —— Wind direction
Emd Krehlen [IRAL. ] i ! Al o v i
z . ne 25 E
eeuwarden Groningen v Bbu 2 I“ ' il“ I“ “ l ' | ‘! — Wind specd 10 m
. . 7 Oldenburg _\
\ ] / L 5| Bremen / f ol
Assen Rt , 5 x

2500 Wind Power (KW)
0

25
—— Wind category
0 (I ————————————————————————————.—~, )

S T I O
Date

54°31'22"N 7°42'17"E

Figure II1.1: Wind power dataset description

Focusing on data from a single turbine unit offers distinct methodological advantages. Unlike
aggregated datasets, which may obscure fine-grained operational patterns due to averaging
effects, single-turbine datasets preserve the site-specific environmental influences and
machine-related operational characteristics. These include localized variations in wind speed,

turbulence intensity, and wake effects, as well as turbine-specific responses to environmental
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dynamics. Such granularity enhances the ability of forecasting models to learn detailed
temporal dependencies and nonlinear interactions, ultimately improving their predictive
performance. Moreover, the offshore setting of the Amrumbank West wind farm provides an
ideal testbed for wind forecasting research, as offshore wind conditions are typically less
influenced by terrain effects yet remain highly variable due to meteorological dynamics
designed to represent both immediate variations and longer-term temporal patterns. This makes
the dataset particularly suitable for evaluating forecasting approaches.

The dataset comprises hourly measurements over a nine-year period from January 2015 to
December 2023. It includes a range of meteorological variables and wind power measurements

relevant to offshore forecasting.

% Air pressure (Pa): affects air density and, consequently, the efficiency of energy capture.

% Wind speed (m/s) at 70 meters: Recorded at the turbine’s hub height, it serves as the main
factor influencing wind energy generation due to its direct influence on the available kinetic
energy.

¢ Relative humidity (%): modifies atmospheric characteristics and indirectly influences wind

dynamics.

X/
L X4

Wind direction (°): determines the yaw alignment of the turbine and its ability to optimally
harness wind energy.

¢ Wind speed (m/s) at 10 meters: provides insight into near-surface wind patterns and vertical

wind shear.

X/
L X4

Wind category (low, medium, high): a categorical feature classifying operational states and

typical wind regimes.

The selection of the six input features was guided by the corelation to the target label. While
including a larger number of variables could potentially improve the ability to capture nonlinear
interactions, this may also elevate the risk of overfitting while increasing the required
computational resources. Conversely, using fewer features may reduce complexity but would
likely compromise prediction quality.

The statistical properties of the selected variables are summarized in Table III.1, which presents
their mean values, standard deviations, and ranges. Of particular importance, A Spearman’s p
of 0.97 was observed between wind speed and wind power, reflecting a highly consistent
monotonic relationship. This finding reinforces wind speed as the most influential predictor of
power generation. The relationship is rooted in the fundamental physics of wind energy, which

can be expressed in Equation III.1 [23].
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Pm:%pvinr2CP (IL.1)

The formula defines P, as the power obtained from wind, with p indicating air density (kg/m?),
r the rotor radius (m), v,, the wind speed (m/s), and C, representing the turbine’s effectiveness

in converting wind energy into mechanical power [6].

Table II1.1: Wind Power Dataset statistical details

features Observation Average Std Dev.  Minimum Maximum
s
Relative humidity 72334 84.54 8.08 43.5 100
Air pressure 72334 101.38 1.09 96.9 104.83
Wind direction 70m // 208.11 92.69 0 359.94
Wind speed 10m /1 7.67 3.54 0.3 24.8
Wind category /l nan nan 0 3
Wind speed 70 m /l 8.98 4.15 1.3 30.38
Wind power (kW) // 532.64 807.7 0 3993.6

I11.2.2 Wind Speed Dataset

Two meteorological datasets collected from distinct geographic regions were employed to
forecast wind speed. The first dataset, hereafter referred to as Dataset 1, was obtained from
Adrar, Sebaa (Algeria) and spans the period 2015-2023. The second dataset, Dataset 2,
originates from Chennai in Tataouine (Tunisia) and covers the years 2016-2021. Both datasets
consist of hourly measurements of the following variables.

¢ Wind speed at 50 m and 10 m height (m/s).

¢ Atmospheric pressure (Pa).

% Ambient temperature (°C).

The first dataset includes 70,128 samples and the second 61,343, providing valuable insights
for forecasting by reflecting distinct wind patterns arising from different climatic and
topographical conditions. The Algerian site, located in a semi-arid desert environment
characterized by high wind potential and strong seasonal variability, whereas the Tunisian site

reflects a Mediterranean climate with more moderate but fluctuating wind patterns. Figure I11.2
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presents the geographical locations of the sites along with the correlation matrices of the dataset

variables.
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Figure II1.2: Wind Speed Datasets description

I11.3 Wind power forecasting methodology

The methodology adopted for wind power forecasting in this study is designed to combine data-
driven deep learning approaches with signal decomposition techniques to streamline the input
data for prediction models. Building upon the theoretical models discussed earlier, the
framework integrates deep models such as Long Short-Term Memory (LSTM) and
Convolutional LSTM (ConvLSTM), enhanced through Ensemble Empirical Mode
Decomposition (EEMD) for noise reduction and feature extraction. The key aim is to model
short-term temporal patterns alongside the complex nonlinear dynamics present in wind energy
output. This section outlines the step-by-step methodology, including data pre-processing,
model design, training strategies, and evaluation metrics, forming the foundation of the

forecasting experiments.
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I11.3.1 Long Short-Term Memory (LSTM)

The LSTM specifically designed to overcome the limitations of RNNSs, particularly the issue of
vanishing or exploding gradients when dealing with long sequences. Its core component is the
memory cell, which functions as an information reservoir and is regulated by three gates. The
input gate determines which new information is added to the memory, the forget gate decides
which past information should be removed, and the output gate controls what part of the stored
information is transmitted to the next layer. Through this structure, LSTMs can balance the
retention of long-term dependencies with the flexibility to discard irrelevant data, making them
well suited for time series forecasting tasks such as wind power prediction. The internal

structure of the LSTM is schematically illustrated in Figure I11.3 [19].

)

sk Convolution operator

Input shape
(n_samples ,n_steps, n_inputs) EI-) Concatenate

Figure II1.3: LSTM structure

The input gate i, in Equation IIL.2 regulates how much of the new information should be stored
in the memory cell at time step t. It considers the current input vector X, and the hidden state
from the previous step h,_;. An activation function sigmoid presented in Equation II1.3 is
applied to create a value between 0 and 1, which acts as a weight indicating the importance of
the incoming information. Mathematically, it is expressed as [39].

(II1.2)

lt:G(Wxixt+whiht71+wciOCt71+bi)
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olX|= (I11.3)

Here, w,; and wy,; denote the input and hidden weights, respectively, while b; is the associated

bias.

As described in Equation I11.4, the gate output is multiplied by the candidate vector U, which
encodes potential new information.

u,=tanh(wx,+w, h,_,+b,) (111.4)
with the hyperbolic tangent function defined in Equation IIL.5.

tanh (x)=4£—% (IL.5)

e +e "

The f, controls the proportion of previous memory that is preserved as a forget gate using

Equation III.6 in order of eliminating irrelevant information and avoiding memory saturation

[39].
fe=0(w,x+w,h_+w,Oc_ +b,) (11L.6)
The cell state ¢, is updated by combining the retained past memory C,_; and the new
information U, modulated by the respective gates [39].
c,=f,0c,_,+i,0u, (I11.7)

This step is central to the LSTM’s for preserving long-term dependencies across time steps.
The output gate 0, determines how much of the updated cell state is transferred to the final

output of the unit. It is given by [39].
Ot:G(onxt+whoht—l+wcoOct—l+b0) (IIIg)
The final hidden state h, is computed by filtering the updated cell state through a tanh

activation.

h,=o0,0tanh(c,) (I11.9)

I11.3.2 Ensemble Empirical Mode Decomposition (EEMD)

EEMD is an enhanced processing-signal technique developed to overcome the limitations of
the traditional Empirical Mode Decomposition (EMD). The original EMD often suffers from

mode mixing, a phenomenon where oscillatory components with different time scales are
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incorrectly merged into a single Intrinsic Mode Function (IMF), or conversely, components
with similar time scales are distributed across multiple IMFs [10]. This drawback reduces the
interpretability and reliability of the decomposition, particularly in complex, non-stationary
signals such as wind-related time series [66]. EEMD addresses this issue by introducing
controlled white noise into the original signal and performing multiple decompositions.
Through ensemble averaging of the resulting IMFs, the added noise cancels out, leaving a more
robust and physically meaningful representation of the underlying signal. Unlike fixed-basis
methods such as Fourier or wavelet transforms, EEMD is fully data-driven and adaptively
decomposes the signal into intrinsic oscillatory elements known as IMFs, known as IMFs, that
capture local variations in both frequency and amplitude. This adaptability makes EEMD
particularly well-suited for wind forecasting applications, where signals often exhibit strong
nonlinearity and variability [92].

The essential steps of the EEMD algorithm, are summarized in Figure I11.4.

( Original time series signal V(1) ] f -Stm.-tﬂyl

.
Add noise 11'(1)) (Addnoise (1) —on (Add noise 11 "(1)
A

W SIgr

Step 1
v y v
[ New slgnulv I(l)) ( New signal V:(t)l """ ‘ MNew sjgnalv‘(l) ) . :
----------- O it ittt Y bl N e et
EMD based method ) Step 2|
: e = — = N o — = ——— \\ E

L
v (CIMFo ) C_Fw ) - (CIMEo ) (R )

i( IMF D ) (CIMFIo ) - CIMFo ) (C Rw )

i( iMFo ) (CIMF.0 ) CiMFo Y (RO )

Step 3
Repeat step 1 and step 2

] Obtaining the ensemble mean of the
; IMFs and residuals

IMF (n, R,(»

.................................................................

A 4

Figure I11.4: EEMD Decomposition Steps
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As the first step, following Equation III.10, independent Gaussian white noise sequences,
denoted as n*(t) (s=1,2,...,s+1) are added to the wind power forecasting error V(t),

generating a perturbed signal V°(t][92].

Vitl=V(t)+n’(t) (I11.10)
In the second step, EMD is applied to the noisy signal to extract multiple IMFs and a residual

component. The formulation of V*(t|is subsequently provided in Equation II.11 [92].

(IIL11

M
V(t)=D) IMFE"™S(£)+RE™5(t)  m=1,2,3....... M
m=1 )

IMF:"P*(t) represents the IMF components, while R}, °(t) corresponds to the residual

m

sequence, both derived after applying EMD to the noisy signal.

In the third step, Steps 1 and 2 are performed repeatedly S times, incorporating a distinct white

noise sequence in every repetition [93].
[IMF™ ¢ ], IME S [¢), IMF5™ [t IMF™*(¢), R *[¢]] s=1,23......N

The fourth step involves deriving the ensemble mean of the IMFs and residuals, which cancels

out the added noise, as described in Equations II1.12, I11.13, and I11.14 [92].

N 11.12
IMFm[t):%ZIMFﬁMD’S(t) m=1.23....... M (HL.12)
s=1
1Y o (II.13)
RL[I)=—ZRM ’
Ns:l
i 111.14
Vi=S IME,[c+R, It (HL14)
m=1

I11.3.3 Convolutional Long Short-Term Memory (ConvLSTM)

The ConvLSTM is an advanced extension of conventional LSTM, specifically designed to
handle spatiotemporal sequence modelling. While standard LSTMs are effective in capturing
temporal dependencies, they rely on fully connected operations that disregard the spatial
correlations present in structured data such as images, videos, or meteorological fields.
ConvLSTM addresses this limitation by embedding convolutional operations within both the

input-to-state and state-to-state transitions of the LSTM architecture [74].
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In this formulation, the inputs, hidden states, and cell states are represented as three

dimensional tensors. The use of convolutions instead of matrix multiplications ensures that

local spatial structures are preserved and effectively propagated across time steps [10].

Figure IIL.5 depicts the overall architecture of the ConvLSTM model while mathematically

described in Equations III1.15-111.20, which detail the gating mechanisms and convolutional

operations governing information flow [74].

i=0(W_xX+W,*xH, +W_OC, ,+b,)
f=0(W *X+W,*H,_+W_ OC,_ +b)
C,=f,0C, ,+i,Ou,
u,=tanh(W *X +W, *H, +b, )
O,=0(w (X +W, *xH, +W_OC, ,+b,)

h,=0,0tanh(C,)

We

I @ Hadamard product
\ sk Convolution operator

Convolutional shape
(n_samples ,1 ,n_steps, n_kernel) E") Concatenate

Input shape
(n_samples ,1 ,n_steps, 1)

Figure II1.5: ConvLSTM structure

(IL.15)
(IIL.16)
(IL.17)
(IL.18)
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I11.4 Wind Power Forecasting Framework
The proposed forecasting framework, referred to as LSTM-EEMD-ConvLSTM, which
combines deep learning with error decomposition. As depicted in Figure I11.6, the methodology

is carried out through the following primary steps:

1. Initial Forecasting with LSTM

The LSTM model receives the selected meteorological features and observed wind power as

inputs and outputs the initial forecasted wind power, represented as ﬁ’n.

2. Error Extraction

The forecasting error series Er It is calculated as the difference between the observed wind

power values 13n and the forecasted values P,

3. EEMD Decomposition
The error sequence Er, is then decomposed using into a finite set of IMFs
(I MF,...... , IMF 15)and a residual component Res to isolate error fluctuations across multiple

frequency bands, facilitating more precise modelling.

4. Component Forecasting with ConvLSTM
The ConvLSTM network takes each IMF and the residual as inputs, producing predictions for

each component (W s ITnT e IEES/\ ﬁ.e\s) , which are subsequently combined to form the

reconstructed error sequence Er,,.

5. Final Forecast Reconstruction
The ultimate wind power forecast 13f[n], is derived by adding the reconstructed error Er, to

the initial LSTM forecasting P,[n].

To ensure robustness and consistency of the forecasting framework, a rigorous data pre-
processing pipeline was implemented. Min-max normalization was applied to all numerical
features to map them to a uniform scale. The target variable (wind power) and the categorical
feature (wind category) were excluded from normalization to preserve their interpretability and
operational meaning. Although the dataset exhibited only a minimal proportion of missing
values, these were carefully reconstructed using spline interpolation, which provides smooth

and continuous estimates suitable for time-series data.
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Figure II1.6: The proposed forecasting structure

For model development and evaluation, the dataset was divided into two distinct subsets, 85%
was allocated for training and validation, while the remaining 15% was held out as an unseen
test set. Furthermore, a time-series cross-validation strategy with 12 folds was applied to the
training subset. This approach generated multiple train-validation splits, allowing the LSTM
model to learn from diverse temporal segments and better capture dynamic dependencies in
wind power data. The outputs from the validation process were subsequently employed to
quantify forecasting errors, which were then used as inputs for the error correction component
(EEMD-ConvLSTM). This two-stage process ensured that the final model could maintain
reliable performance under varying conditions.

To strike an effective balance between resolution and historical context, extensive experiments
were conducted with varying timestep lengths. A window size of nine timesteps was identified
as optimal, offering a robust compromise between short-term variability and longer-term

temporal structure. Based on this configuration, input matrices were constructed from six
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meteorological variables alongside wind power values, forming 7x9 matrices denoted as
x; \(i=1,..,9\). Each matrix captures a sequence of nine consecutive time points (
t—8,t—7,...,t), which collectively serve as the historical input context for prediction. These
matrices were then supplied to the proposed forecasting framework to predict wind power one

step ahead (t+1), as depicted in Figure II1.7.
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Figure II1.7: Inputs sequence splitting
The selection of optimal hyperparameters is a crucial and complex step, requiring both
structured exploration and in-depth knowledge of the forecasting problem. To tune the
hyperparameters, this work employed the GridSearchCV technique in a structured manner,
ensuring fair and reproducible selection of model configurations [94]. The finalized
hyperparameter settings for both the baseline LSTM and the error correction models are
presented in Table III.2. Following training, the LSTM model was validated on unseen data,

and the wind power forecasting error Er,, is determined by the difference between the actual
wind power P, and the forecasted values 13,,. These error sequences subsequently serve as

inputs to the error correction framework.
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Table II1.2: hyper-parameters of The Proposed Model

Model Value Model Parameters
Parameters Values
s
Window size 9 Input variables 16
input variables 7 Window size 9
Optimizer Adam Epochs 300
Dropout 0.2 Optimizer Adam
Batch size 64 Batch size 16
LSTM | Epochs 250 | Conv-LSTM | Learning rate 0.001
. ConvLSTM
Learning rate 0.001 3
layers
LSTM layers 2 FFN layers 2
ConvLSTM
FFN layers 3 ‘ (128,64,32)
Filters
ConvLSTM
. (3,3)
Kernel size
Activation function ReLU
ConvLSTM
o ReLU
Activation
100
——  Wind Power Error
75| ---- Denoised Signal
50
=
M 25
5
2 0
g ;
_‘g -25 \
= -50 f
-75
~100 , ‘ ‘ ‘
0 50 100 150 200 250 300

Time sample

Figure II1.8: Denoised Error through EEMD

In Figure II1.8, the resulting error sequence displays complex nonlinear behaviour, significant

variability, and irregular oscillations, indicating that more sophisticated signal processing
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methods are required to effectively capture its underlying structure. To address this, EEMD was
employed to decompose the error sequence into IMFs, where each IMF captures a specific
frequency band of the signal, accompanied by a residual component (Res) capturing the long-
term trend. As can be seen in Figure II1.9, the EEMD process produced 15 IMFs, which
substantially reduced high-frequency noise [93]. The reconstructed error signal is visibly
smoother and less volatile compared to the original. Quantitative evaluation further confirms
this improvement, using Equation III.21, the Signal-to-Noise Ratio (SNR) was found to
improve substantially from 8.14 dB to 13.36 dB which corresponds to a 64.13% increase.

Moreover, the reconstructed signal shows a Pearson correlation of 0.985 with the original error

series, demonstrating that the EEMD procedure effectively.
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Figure I11.9: Wind power error decomposed signal
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EEMD was selected over traditional denoising techniques, such as wavelet transforms or fixed-
basis filters, due to its adaptive and data-driven nature. Unlike methods that rely on predefined

basis functions, EEMD directly extracts oscillatory modes from the signal itself.

A 9-step sliding window was used to organize the decomposed error components into 16x9
matrices, with each row representing the sequence from t—8 to t, as depicted in Figure IIL.7.

These organized inputs were subsequently fed into the ConvLSTM model, subsequently

predict the future values of each component, yielding (Imf , Imf ,...... Imf,.ARes).
P= N 1.
C e A —
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Figure II1.10: The Proposed Framework

These predicted components were recombined to reconstruct the one-hour-ahead error signal at

time t+1. Finally, the estimated error EFH 1 was incorporated into the initial LSTM-based wind
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power forecast ﬁ[n], resulting in the corrected forecasting lsf[n}. The complete process is
illustrated in Figure II1.10, demonstrating how the error correction mechanism enhances the

overall accuracy of wind power forecasting.

I11.5 Wind speed forecasting methodology

I11.5.1 Complete Ensemble Empirical Mode Decomposition with Adaptive Noise
(CEEMDAN)

Another enhanced version of EMD, called Complete Ensemble Empirical Mode
Decomposition with Adaptive Noise (CEEMDAN), this method overcomes major drawbacks
of conventional EMD, notably mode mixing and sensitivity to noise. It achieves this by
generating multiple realizations of the input signal with added adaptive noise and then
computing the average of the resulting Intrinsic Mode Functions (IMFs) [38]. This ensemble
approach helps smooth out irregularities caused by specific noise patterns or outliers, resulting
in more stable and reliable IMFs. The CEEMDAN decomposition process, as illustrated in

Figure III.11 follows several sequential steps [95]:

1-For each iteration i, a standard Gaussian white noise sequence c'(t/, is added to the original

time series y (t ), forming a perturbed signal, Equation II1.21.

X't|l=yltl+e,0'(t],i=1,2,3......,N (111.22)
Where €, denotes the noise amplitude coefficient, and N is the total number of noise iterations.
2- By applying Equation I11.23 and Equation I11.24 each noisy signal x'[t| is decomposed using
the EMD operator E. The IMF [t] is obtained by averaging the decomposition results over all

iterations, While the corresponding residual r, [t is then computed as the difference between

the original signal and the first IMF [95].

IMFl(tJ=%i E,[xl] (111.23)
r ltl=ylt|—IMF,(t) (I11.24)

3- Using Equation II1.25 and II1.26 an adaptive white noise sequence is added to the residual
rlt] to produce a new signal rl(t)+£1E1(ooi( t )) This signal is subsequently decomposed with
EMD, and the second IMF is derived by averaging across all iterations IMF,[t). The new

residual is obtained by subtracting the IMF, (t) from rl[t).
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N
1 - N (I11.25)
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Figure III.11: CEEMDAN decomposition flowchart

4- Using Equation I11.27 and Equation II1.28 for k=2,..., K , the kth IMF,,,[t| and It of
CEEMDAN are sequentially extracted from the preceding decomposition.
1w , ; (111.27)

IMF[t)=— 2 E,(r tl+&,E,['[t)))

i=1

Feolt|=rlt|—=IMF, . (t) (I11.28)
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5-The decomposition process continues iteratively until the residual r,[t] can no longer be
separated, meaning it contains fewer than two extrema [95]. The total number of extracted
IMFs is denoted by k, at which point the original time series y(t] is completely represented as

the sum of its IMFs and the final residual, as expressed in Equation I11.29.

k 111.29
ZIMF (¢t)+r,(t) (HL.25)

I11.5.2 Bidirectional GRU Encoder-Decoder structure (Bi-GRU-ED)

The Gated Recurrent Unit (GRU), proposed by Cho et al. in 2014, is a simplified and improved
alternative to traditional Recurrent Neural Networks (RNNs), specifically designed to address
the vanishing gradient problem in modelling long-term dependencies. The GRU architecture
relies on two main gating units: the update gate z, and the reset gate r,. The update gate
determines how much of the earlier information should be carried forward, whereas the reset
gate dictates how strongly the previous hidden state contributes to processing the current input.
This structure allows the GRU to efficiently preserve relevant information and discard outdated

inputs [96]. The GRU's operations are defined mathematically in Equations I11.30-1I1.33.
r.=o(w,*[h,_,,x,]+b,) (I11.30)
z,=0(w,*[h_;,x]+b,) (LIL.31)

In these expressions, ¢ refers to the sigmoid function applied within each gate. The input at time

tis denoted by X,, and the previous hidden state by h,_;. The parameters w, and w, constitute the

weight matrices for the reset and update gates, whereas b, and b, are their associated bias terms

[60].
+ Candidate Hidden State

The reset gate ', controls the degree to which information from the earlier hidden state is

allowed to flow into the candidate activation ﬁt , thereby shaping the final hidden state h, [97].

h,=tanh(w,*(r,0h, ,,x,)+b,) (I11.32)

The symbol ® denotes the elementwise (Hadamard) multiplication.
¢ Hidden state

The hidden state at the current timestep h, , is derived from the candidate activation Flt [60].
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h=(2,0h,_,+(1-z|0Oh,) (II1.33)

A typical GRU processes the input sequence sequentially in one forward direction, without
considering future timesteps. The Bidirectional GRU (Bi-GRU) enhances this by using two
GRU layers one processes the sequence forward Equation II1.34, and the other in reverse
Equation II1.35. Their outputs are then combined Equation II1.36, enabling the model to capture

both past and future context simultaneously [98].

h=GRU,(x,,h_,| (I11.34)
h,=GRU ,(x,,h,,,) (I11.35)
ht=[i7[ @’i] (I11.36)

The encoder employs a Bidirectional GRU (Bi-GRU), processing the input sequence X, in both
forward and backward directions to produce a context vector that captures temporal
dependencies across the sequence as described in Figure II1.12 [77]. Processing the sequence in
both directions allows the Bi-GRU encoder to produce a context vector that encapsulates the
temporal dependencies present throughout the input sequence. During encoding, the Bi-GRU
receives the input sequence X, in a step-by-step manner. At each time step, the hidden state h, is
updated based on the current input and the previous hidden state. By applying this mechanism
across the entire sequence, the encoder captures comprehensive temporal patterns from both
directions [34]. The final hidden states from the forward and backward passes are typically
combined to form a context vector, which represents a summarized understanding of the entire
sequence and serves as the initial hidden state for the decoder [97].

The decoder, also implemented as a Bi-GRU, uses this context vector along with the previously
generated output to produce the subsequent output sequence [99]. The output is produced
sequentially, generating one timestep at a time, incorporating both the contextual representation
learned during encoding and the outputs produced in previous steps. This bidirectional
decoding allows the model to reconstruct the target sequence with enhanced temporal
awareness, leveraging information from both past and future contexts to improve forecasting

accuracy.
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Figure III.12: Architectures of GRU, Bi-GRU, and Bi-GRU Encoder-Decoder Models

I11.5.3 Transfer learning

Transfer learning is a robust technique that boosts forecasting accuracy by transferring insights
gained from previously trained models and adapting it to related tasks. This strategy is
especially beneficial when the target domain has limited data or when building models from
scratch would be computationally intensive. Transfer learning can be broadly categorized into

two types depending on the relationship between the source and target domains [100].
% Homogeneous transfer learning: This occurs when both the feature space X and the
label space y of the source domain (X°, y°) and the target domain (X", y") are identical;

thatis, X°=X"and y°=y".

X3

%

Heterogeneous transfer learning: In contrast, this occurs when either the feature space
or the label space between the source and target domains differs (X°# X", y°# y"). This
technique is often utilized when data in the target domain is scarce or the task is highly
complex, facilitating the effective transfer of knowledge across domains to enhance

model learning and performance [101].
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In this work, a homogeneous transfer learning approach is employed, given the strong
similarity between the source and target tasks, both focused on short-term wind speed
forecasting. The source task (Task 1) entails training a Bi-GRU-ED model to predict the
residual component of wind speed, extracted through CEEMDAN decomposition, using a
multivariate input dataset. The learned parameters from the pre-trained model are subsequently
applied to the target task, which focuses on predicting the IMFs obtained via CEEMDAN
decomposition. Due to the limited size of each IMF dataset, the model undergoes fine-tuning,
with all layers of the pre-trained Bi-GRU-ED retrained for each specific IMF. Thus, the
contributions of this Framework are as follow.

v' It eliminates the necessity of developing and training individual deep learning models

for each IMF.
v It lowers both computational demands and training duration.
v' It provides more stable initialization and better convergence by leveraging temporal

dynamics already learned in the source task.

I11.6 Wind speed forecasting Framework

The CEEMDAN-Bi-GRU-ED-TL forecasting framework is implemented according to the

sequential steps depicted in Figure I11.14.

1. A six-level CEEMDAN decomposition is performed to separate the original wind speed
series w|n| into six Intrinsic Mode Functions [I MF ..., IMF 6) and a residual component (
Res). Concurrently, the remaining meteorological variables (T, P AW ) are scaled to the
[0,1] interval using min-max normalization

2. The Res, representing the low-frequency trend, is predicted using a Bi-GRU Encoder-
Decoder model. This model receives as inputs the decomposed IMFs, the residual, and the
normalized meteorological variables (T ,, P, Wy,,), organized over a 10-time-step window.

Once trained, the model is stored as Bi-GRU-EDy,,.
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3. The Bi-GRU-EDg,, model is then adapted for each of the six IMFs, yielding six dedicated

models, Bi-GRU-ED, [1=1

.,6/. Each model forecasts its corresponding IMF ; using the

full set of inputs the six IMFs, the residual component, and the normalized meteorological

features effectively transferring and leveraging the knowledge gained from residual model

training.

4. Ultimately, the reconstructed wind speed forecast w|n| is obtained by summing the

forecasted residual Res and the six forecasted IMFs (IMF (1=1,

additive reconstruction approach inherent to CEEMDAN.
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framework with transfer learning (TL)

In this study, the dataset is divided into two subsets, with 80% allocated for training and the

remaining 20% reserved for testing, as summarized in Table III.3. To further ensure robustness
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and prevent overfitting, an 8-fold cross-validation strategy is employed within the training
portion. This approach enables the model to be iteratively trained and validated on different
subsets of data, thereby providing a more reliable assessment of its generalization capability

and stability across unseen scenarios [102].

Table II1.3: Statistical Details of Wind Speed Datasets

Location Samples Metrics
Max Min Mean Std
(m/s) (m/s) (m/s) (m/s)
Location 1 Full Samples 70128 18.37 0.6 6.64 2.65
(Adrar)
Training-Samples 58432 18.37 1.5 6.65 2.82
Testing-Samples 11686 16.05 0.6 5.84 2.26
Location 2 Full samples 61343 19.83 0.4 6.02 3.73
(Tataouine)
Training-Samples 51111 18.50 1 7.18 4.22
Testing-Samples 10222 19.18 0.4 6.23 3.79

To effectively capture the non-linear and multi-scale characteristics of wind speed signals, the
CEEMDAN technique was employed to decompose the original series w[n] into IMFs and a
Res Figure II1.15. The decomposition quality and subsequent forecasting performance are
highly sensitive to the choice of CEEMDAN parameters. In this work, the IMFs number
empirically limited to six (i.e., N=6), a value that was found to preserve the dominant frequency
content of the signal while reducing the risk of over-decomposition or noise amplification. The
ensemble size was fixed at 100, a commonly adopted value in the literature that ensures
robustness without excessive computational burden. To mitigate mode mixing while
maintaining signal integrity, the amplitude of the added white noise was set to 20% of the
original signal’s standard deviation. Cubic spline interpolation was employed to construct the
envelopes during the sifting process, as it ensures smooth and precise fitting. Additionally, the
number of sifting iterations per mode was limited to 500 to guarantee convergence and prevent
excessive computation. These parameter choices were determined through a combination of
previous empirical findings and initial testing performed on the target dataset, ensuring an

optimal trade-off between accuracy and computational efficiency.
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In parallel with the CEEMDAN decomposition, the remaining meteorological input features
are normalized using min-max scaling to the range [0,1], as formulated in Equation I11.37. This
normalization procedure, denoted as (T, P,,wy,, ) is essential for eliminating scale-related
disparities among features, which could otherwise lead the model to favour variables with

inherently larger magnitudes. By ensuring that all inputs are on a comparable scale.
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Figure I11.15: Decomposition of Adrar Wind Speed Data Using CEEMDAN.

Following CEEMDAN decomposition and feature normalization, the residual component,
capturing the underlying low-frequency trend, forecasted using Bi-GRU-EDy,; which trained
using the hyperparameters in Table II1.4. The input to this model is generated using a sliding
window strategy, which captures temporal dependencies across successive time steps. Through

empirical tuning, a historical window size of 10 was determined to yield optimal predictive
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performance. Thus, each input sample comprises the normalized features (T, P,,w,,) along
with the decomposed components over 10 successive time steps, organized into a structured
10x10 matrix x"' where i=1,..,10 corresponds to the time steps (t-9, t-8, ...,t).These inputs
configuration is designed to capture short-term dynamics while mitigating risks of overfitting
or insufficient context. The model outputs the forecasted residual value at time t+1, as depicted
in Figure III.16. The forecasting framework is then extended via transfer learning to predict
each individual IMF, requiring adjustment solely of the target output while retaining the
learned model parameters.

Table II1.4: Bi-GRU-ED p,, Model Hyperparameters

Parameters value

Input variables 10

Window size 10

Epochs 250
Optimizer Adam

Batch size 260

Epochs 250
Learning rate 0.001

Layers 3

activation function (ReLU, ReLU, Linear)

(T, Py wign, Imfy, ., Imfs, Residual)y,

=] . [% .

HI

10 11

Y

Training set
—1
H 3
H
w
H I h I H

=

=

I 3
_

I | H QS I )
N

T X |
%] (% ] - [ %

11

Testing set
N
H
w

Ve

Xy

—

InFut OuYtput

Figure II1.16: Input-Output data structure
The structured input dataset is first employed to train the Bi-GRU-EDg,, model, with the

objective of forecasting the residual (low-frequency). Prioritizing the residual is essential, as it
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captures the dominant low-frequency trend, enabling the encoder-decoder architecture to learn
a robust temporal representation. Throughout training, the Bi-GRU-ED g, model identifies and
internalizes the temporal dynamics of the residual component. Upon convergence, the fully
trained model, complete with its optimized weights and biases, is preserved. This pre-trained
model serves as the foundation for transfer learning, rather than training separate models for
each IMF from the ground up, the pre-trained Bi-GRU-EDy,, is fine-tuned to forecast each
individual IMF, resulting in models Bi-GRU- ED,,I=1,...,6. After all the extraction.

This reuse of temporal knowledge enhances learning efficiency, reduces training time, and
lowers computational overhead. Finally, the forecasted residual Res and IMF =1,...,6] are
aggregated following the CEEMDAN reconstruction principle to yield the final wind speed
forecast w [n} The overall proposed model architecture is illustrated in Figure I1I.17.
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Figure I11.17: Flowchart of the proposed forecasting architecture
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I11.7 Computational Environment and Implementation Tools

The development and evaluation of the proposed forecasting frameworks were conducted in a
computational environment centred on the Python programming language, chosen for its
versatility, reproducibility, and rich ecosystem of scientific libraries. All experiments were
carried out using the Spyder Integrated Development Environment (IDE) under the Anaconda
distribution on Windows 11 (64-bit) which can be seen in Figure III.18. Spyder provided an
efficient MATLAB-like interface with advanced debugging, variable exploration, and
visualization utilities, thereby streamlining the workflow of implementing, testing, and refining
the forecasting models.

Model implementation was primarily supported by TensorFlow and Keras, which enabled the
design, training, and optimization of advanced deep learning architectures. Additional Python
packages ensured a robust computational pipeline NumPy and Pandas for efficient data
manipulation, Scikit-learn for pre-processing and statistical evaluation, and Matplotlib along
with Seaborn for comprehensive visualization of time series behaviour, model predictions, and
error distributions.

All simulations were executed on a Windows-based workstation equipped with a multi-core
processor and sufficient memory resources to support large-scale training and multi-horizon
forecasting tasks. This configuration allowed efficient handling of decomposition-based hybrid

models while ensuring reproducibility and scalability.

II1.8 Conclusion

This chapter has presented the methodological frameworks developed for wind power and wind
speed forecasting, employing advanced deep learning and hybrid modelling approaches. By
utilizing real-world meteorological datasets from representative sites, the study implemented
both standalone architectures such as LSTM and ConvLSTM and hybrid frameworks that
integrate signal decomposition techniques, including EEMD and CEEMDAN, with neural
network models.

For wind power forecasting, the integration of EEMD with LSTM and ConvLSTM enabled the
models to better capture the nonlinear and non-stationary dynamics data. In contrast, wind
speed forecasting adopted a more comprehensive strategy through the combination of
CEEMDAN and a Bidirectional GRU Encoder-Decoder, further reinforced with transfer

learning to enhance adaptability and cross-site generalization.
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The methodological design encompassed rigorous pre-processing, systematic hyperparameter
tuning, and robust training-validation procedures, all aimed at ensuring forecasting accuracy
and stability under diverse conditions. These frameworks lay the groundwork for the detailed
performance evaluation, benchmarking, and comparative analyses presented in the following
chapter.

In summary, this chapter has established a strong methodological foundation describing how

tailored Al-based forecasting schemes can be used to wind energy forecasting challenges.
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Results and Discussions

IV.1 Introduction

This chapter presents and analyzes the simulation results for the two core contributions
of this thesis: (1) the proposed hybrid wind power forecasting framework and (2) the advanced
wind speed forecasting model. The analysis focuses on a comparative evaluation, robustness
testing, and performance across multiple forecasting horizons.

For wind power forecasting, the effectiveness of the proposed hybrid model is validated
through a rigorous comparative study. Its performance is benchmarked against a diverse set of
models, including classical statistical approaches, conventional machine learning techniques,
and state-of-the-art deep learning and hybrid architectures. Specifically, the evaluation includes
comparisons with ARIMA, SVR, BP neural networks, LSTM (and its error-corrected variants),
ConvLSTM, as well as hybrid models such as EEMD-LSTM, CNN-LSTM, CNN-BiGRU, AE-
GRU, and LSTM-ARIMA. By evaluating these models across multiple time horizons, this
chapter demonstrates not only the superior accuracy of the proposed framework but also
its crucial adaptability, a key requirement for the reliable integration of wind power into modern
energy systems.

In parallel, for wind speed forecasting this chapter evaluates the proposed CEEMDAN-Bi-
GRU-ED-TL framework, which leverages decomposition and transfer learning to enhance
performance. The assessment is conducted from different analysis prospects:

1. Evaluating the Bi-GRU-ED model by comparing its one-hour-ahead forecasting
performance with eight baseline approaches, namely SVR, RNN, CNN, LSTM, GRU,
Bi-LSTM, Bi-GRU, and CNN-LSTM.

2. Comparing the proposed structure against other advanced hybrid models that integrate
EEMD and CEEMDAN decomposition techniques.

3. Analyzing the contribution of the transfer learning (TL) component by contrasting the
forecasted intrinsic mode functions (IMFs) with and without its application.

4. Evaluating the predictive accuracy of the Bi-GRU-ED, CEEMDAN-Bi-GRU-ED, and
CEEMDAN-Bi-GRU-ED-TL models across multiple time horizons.
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Through these comprehensive experiments, the chapter provides robust validation of the
proposed methodologies, culminating in a critical discussion of their performance, limitations,

and practical implications for wind energy integration.

IV.2 Wind Power Forecasting: Results and Analysis

To evaluate the performance of the proposed forecasting framework, an extensive
comparison was conducted against a range of benchmark models. The evaluation included
traditional statistical methods, such as the Autoregressive Integrated Moving Average
(ARIMA) and Support Vector Regression (SVR), as well as conventional machine learning and
deep learning approaches, including Backpropagation (BP) neural networks, standard LSTM
networks, and Convolutional LSTM (ConvLSTM). Furthermore, enhanced variants including
an LSTM with ConvLSTM-based error correction were incorporated to establish a fair and
rigorous basis for comparison.

Beyond these established baselines, the study extended the comparison to include several state-
of-the-art hybrid architectures recognized in recent forecasting literature, such as CNN-BiGRU,
Autoencoder-GRU (AE-GRU), EEMD-LSTM, CNN-LSTM, and LSTM-ARIMA. Evaluating
the proposed model against this wide spectrum of approaches ensured a robust validation of its
predictive capabilities.

To further assess its practical utility, the model's forecasting accuracy was rigorously evaluated
across multiple time horizons. This multi-horizon evaluation not only highlights the model’s
predictive accuracy under short-term conditions but also demonstrates its adaptability and
stability when extended to longer forecasting intervals. Such a rigorous and layered analysis
provides a holistic understanding of the model’s performance, conclusively establishing its

robustness, reliability, and superior advantages over existing approaches.

IV.2.1 Evaluation Against Benchmark Models

The performance of the proposed LSTM error-correction framework, integrating EEMD with
ConvLSTM, was rigorously assessed through extensive benchmarking. As shown in Table IV.1
and illustrated in Figure IV.1 and Figure IV.2, the proposed model consistently outperformed all
competing approaches across the primary evaluation metrics. It achieved the lowest MAE of
4.22 + 0.31, RMSE of 9.31 £ 0.80, and MAPE of 0.19%, while attaining the highest R? at
0.9811. These results underscore the model’s capacity to minimize forecasting errors and

effectively capture the complex temporal dynamics inherent in offshore wind power data.
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Table I'V.1: Comparative performance results of the proposed model against benchmark

models (kW).

-val .

Mode R
Model

LSTM Error-Correction (EEMD-ConvLSTM) 4.22 £ 0.31 9.31+0.80 09811 0.19 -
LSTM Error-Correction (ConvLSTM) 4.60 +0.40 13.64+£1.20 09772 0.25 0.03
ConvLSTM 5.74£0.56 18.33+1.72 0.9496 0.36 0.02
LSTM 6.14 + 0.64 22.69+2.16 0.9355 0.53 0.015
BPNN 8.32+0.82 31.90£2.99 0.8937 0.83 <0.001
ARIMA 11.36 + 1.45 39.62+3.85 0.8619 1.12 <0.001
SVR 2322+2.20 48.61+4.74 0.7835 1.58 <0.001
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Mode! Performance Ranking (R?)

Model Performance Ranking (MAPE)
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Figure IV.2: Comparative analysis of forecasting models in terms of MAPE and coefficient

of determination (R?)

A key advantage of the EEMD-ConvLSTM design lies in its decomposition strategy. This
separation enables ConvLSTM to model local and global temporal-spatial patterns more
effectively by focusing on individual components, thereby improving error correction. The
statistical robustness of these results is validated through p-values presented in Figure 1V.3,
which show significance levels of 0.03 when compared to the ConvLSTM-based error
correction model, 0.02 against standard ConvLSTM, and less than 0.001 relative to ARIMA,

BPNN, and SVR confirming that improvements are not attributable to random variation.

Although the ConvLSTM error-correction model without EEMD also demonstrated strong
results (MAE: 4.60 + 0.40, RMSE: 13.64 + 1.20, MAPE: 0.25%, R?: 0.9772), it was slightly
outperformed by the full EEMD-ConvLSTM approach. The inclusion of EEMD provided an
8.3% reduction in MAE and a 31.7% reduction in RMSE, evidencing its value in mitigating the

nonlinear and non-stationary components of the forecasting error.

The standard ConvLSTM, applied without error correction, also yielded improvements
compared to basic LSTM (MAE: 5.74 = 0.56, RMSE: 18.33 + 1.72, R%: 0.9496 versus MAE:
6.14 + 0.64, RMSE: 22.69 £ 2.16, R%: 0.9355). These findings demonstrate that convolutional

layers enhance the ability of recurrent networks to model spatial-temporal correlations,
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delivering a 6.5% reduction in MAE and a 19.2% reduction in RMSE compared with

conventional LSTM.

Statistical Significance (p-values) vs. Proposed Model

0.06

Autoencoder (AE-GRU) 0.044
0.05
LSTM Error-Correction (ConvLSTM) - 0.030
EEMD-LSTM - 0.035 004
CNN-LSTM - 0.025
—_— 3]
=2 ConvLSTM - 0.020 0033
= 2
LSTM - 0.015
- 0.02

LSTM-ARIMA

BPNN
0.01
ARIMA

SVR

0.00

p-value

Figure IV.3: P-Values Comparing Benchmark Models to the Proposed Forecasting Model

By contrast, traditional forecasting methods such as ARIMA, SVR, and BPNN lagged
considerably behind. The BPNN achieved moderate results (MAE: 8.32 +0.82, RMSE: 31.90 +
2.99, R 0.8937), while ARIMA (MAE: 11.36 +1.45, RMSE: 39.62 +3.85, R% 0.8619) and
SVR (MAE: 23.22 £2.20, RMSE: 48.61 £4.74, R* 0.7835) lagged considerably in forecasting
accuracy. These outcomes reaffirm the limitations of classical statistical and machine learning
methods in handling the high variability and nonlinear behaviour of wind power time series,
highlighting the clear advantages of deep learning-based frameworks with structured error
modelling.

The superiority of the proposed model is further confirmed through visual analysis. As
illustrated in Figure IV.4, the EEMD-ConvLSTM trajectories exhibit close alignment with
ground-truth power values, even during sudden fluctuations. Although ConvLSTM with error
correction produced strong results, minor deviations were observed during abrupt transitions.
Traditional approaches and basic LSTM, by contrast, displayed larger discrepancies and weaker
adaptability under dynamic conditions. To better highlight the performance gap among
advanced methods, Figure IV.5 compares the top three models EEMD-ConvLSTM,
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ConvLSTM with error correction, and standard ConvLSTM further validating the robustness

and predictive reliability of the proposed approach across both smooth and volatile power

variations.
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Figure IV.5: The proposed model compared with the top-performing models

1V.2.2 Evaluation against Hybrid Models

To further validate the superiority of the proposed approach, a comparative analysis was
performed against a range of advanced hybrid models. The results, presented in Table IV.2 and
already illustrated in Figures IV.1 and IV.2, highlight the forecasting performance of models
that integrate multiple architectures and techniques. Despite the competitive outcomes of these
methods, the proposed EEMD-ConvLSTM framework consistently emerged as the top
performer, attaining an MAE 0f 4.22 +0.31, RMSE 0f 9.31 + 0.80, MAPE of 0.19%, and R? of
0.9811, thereby demonstrating the efficacy of integrating EEMD decomposition with
ConvLSTM-based error correction.

Within the set of benchmark models, the CNN-BiGRU hybrid, which combines CNN for spatial

feature extraction with Bidirectional GRU to capture temporal dependencies in both directions
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demonstrated notably acceptable performance, with an MAE of 4.51 + 0.38, RMSE of 10.75 +
0.90, MAPE 0f 0.22%, and R? of 0.9768. Nevertheless, the proposed model outperformed these
approaches, achieving a 6.4% reduction in MAE and a 13.4% decrease in RMSE. In
comparison, the Autoencoder-GRU (AE-GRU) model, which combines an autoencoder for
dimensionality reduction with a GRU for temporal sequence modelling, attained an MAE of
4.77+0.42, RMSE of 11.90+0.98, MAPE of 0.26%, and R? of 0.9724. The EEMD-LSTM
model, integrating signal decomposition with a standard LSTM network, reported an MAE of
5.12+£0.50, RMSE of 13.42 £ 1.18, MAPE 0f 0.30%, and R? 0of 0.9659 showing clear gains over
basic LSTM but remaining inferior to the EEMD-ConvLSTM approach.

Other hybrid strategies showed weaker performance. The CNN-LSTM model, which integrates
convolutional layers for feature extraction with LSTM for temporal modelling, achieved an
MAE of 5.58 £ 0.54, RMSE of 15.84 + 1.50, MAPE 0f 0.35%, and R? 0f 0.9553. In contrast, the
LSTM-ARIMA hybrid recorded an MAE of 6.35+0.60, RMSE of 19.75+1.80, MAPE of
0.44%, and R? of 0.9401, highlighting ARIMA limited capacity to model nonlinear dynamics.
The statistical significance of the performance differences is confirmed by p-values in Figure
IV.3, The error metrics for the models were 0.055 for CNN-BiGRU, 0.044 for AE-GRU, and
0.01 for LSTM-ARIMA, reflecting their relative predictive performance.

Table IV.2: Comparative Performance of the Proposed Model and Hybrid Approaches (kW)

Model MAE (95% RMSE (95% R? MAPE p-value vs.
CI) I Proposed Model
LSTM Error-Correction (EEMD- 4.22 +£0.31 9.31+0.80 0.9811 0.19 -
ConvLSTM)
CNN-BiGRU 451+0.38 10.75+090 0.9768 0.22 0.055
Autoencoder (AE-GRU) 4.77+042 11.90+0.98 0.9724 0.26 0.044
EEMD-LSTM 512+0.50 1342+1.18 0.9659 0.3 0.035
CNN-LSTM 558+0.54 1584+1.50 0.9553 0.35 0.025
LSTM-ARIMA 6.35+0.60 19.75+1.80 0.9401 0.44 0.01

1V.2.3 Forecasted Errors signal Analysis

Analyzing forecasted errors is essential for assessing the reliability of predictive models,
particularly in wind power forecasting where the data is highly nonlinear and non-stationary.
Figure IV.6 presents a comparison of residual errors from the ConvLSTM model and the

proposed EEMD-ConvLSTM framework, plotted alongside the actual error values. This
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visualization enables a closer evaluation of how well each model captures and corrects outputs
deviations.

The residual trajectories highlight oscillations around the zero-error baseline, reflecting the
inherent variability of wind power generation. The EEMD-ConvLSTM consistently produces
smoother error curves with smaller deviations and fewer sharp spikes, indicating its superior
ability to capture the underlying error dynamics and perform effective compensation.
Conversely, the ConvLSTM model, while able to follow the general trend, displays larger
fluctuations with higher amplitudes, suggesting limitations in capturing high-frequency or
short-term error components.

The advantage of the EEMD-ConvLSTM framework arises from the decomposition of the error
signal which isolates oscillatory components prior to ConvLSTM learning. This enhances the
model’s capacity to recognize error patterns across multiple frequency scales and improves
correction accuracy. Consequently, the hybrid design achieves a marked reduction in both the

magnitude and variance of forecasting errors, resulting in more stable and reliable forecasting.

Error forecasting compared to actual error values
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Figure IV.6: EEMD-ConvLSTM and ConvLSTM forecasted errors compared to actual

IV.2.4 Multi-Horizon Forecasting Performance

Forecasting accuracy is strongly influenced by the prediction horizon. To comprehensively
assess the robustness and adaptability of the proposed hybrid model, multi-horizon forecasting
experiments were performed, spanning one-step to four-step ahead forecasts. The results,

summarized in Table IV.3 and illustrated in Figure V.7, compare the proposed LSTM Error-

[ 108 )
L J




Chapter IV Results and Discussions

Correction (EEMD-ConvLSTM) model with several alternatives, including LSTM-Error
Correction (ConvLSTM), ConvLSTM, standard LSTM, BPNN, ARIMA, and SVR. Across all
horizons, the EEMD-ConvLSTM consistently achieved the highest forecasting accuracy,

demonstrating superior generalization and robustness.

Table IV.3: Quantitative comparison of prediction errors (kW) obtained from the EEMD-

ConvLSTM model across several forecasting intervals.

Models MAE RMSE R2 MAPE%
Two steps
LSTM-Error Correction (EEMD-CONVLSTM) 7.605 13.66 0.9396 0.39
LSTM-Error Correction (CONVLSM) 8.801 21.05 0.9157 0.57
CONVLSTM 11.323 36.12 0.8533 0.9
LST™M 12.173 42.92 0.8337 1.14
BPNN 16.635 63.75 0.7764 1.65
ARIMA 24.279 84.53 0.7025 2.27
SVR 50.345 105.38 0.6807 2.98
Three steps
LSTM-Error correction (EEMD-CONVLSTM) 12.252 26.703 0.8936 0.76
LSTM-Error correction (CONVLSM) 14.745 43.648 0.8115 1.31
CONVLSTM 19.485 66.4159 0.7689 1.86
LST™ 20.899 77.146 0.7233 1.91
BPNN 29.973 114.862 0.6737 3.24
ARIMA 45.362 162.45 0.5892 4.59
SVR 97.538 209.023 0.5211 6.54
Four steps

LSTM-Error correction (EEMD-CONVLSTM) 25.505 56.815 0.7962 1.52
LSTM-Error correction (CONVLSM) 30.249 85.95 0.7193 2.06
CONVLSTM 40.236 130.15 0.6981 2.87
LSTM 43.634 162.98 0.6469 3.53
BPNN 67.716 261.31 0.5113 6.79
ARIMA 97.773 344.351 0.4521 9.81
SVR 217.836 437.018 0.3866 14.89

» Two-Step Forecasting

When the forecasting horizon is extended to two steps it introduces greater uncertainty, leading
to a slight reduction in accuracy across all models. Nevertheless, the proposed EEMD-
ConvLSTM maintains a clear advantage, achieving MAE 7.605 kW, RMSE 13.66 kW, R?
0.9396, with a MAPE of 0.39 %. In comparison, the ConvLSTM-based error correction model
(without EEMD) produced a higher MAE of 8.801 kW, while the standalone ConvLSTM
recorded 11.323 kW. These findings highlight the added value of EEMD decomposition in
improving precision. Conventional approaches like ARIMA and SVR exhibited a pronounced

performance drop, highlighting their limitations in multi-step forecasting.
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Figure I'V.7: Performance assessment of the LSTM-based EEMD-ConvLSTM forecasting
framework at different time horizons.

» Three-Step Forecasting

At three steps ahead, forecasting complexity rises due to error accumulation and the increased
volatility of wind power data. Despite this, the EEMD-ConvLSTM remains robust, achieving
with an MAE reaching 12.252 kW, RMSE at 26.703 kW, R? of 0.8936 and a MAPE of 0.76%.
Other models exhibit a more pronounced decline: the basic LSTM reached an MAE of 20.899
kW, while ConvLSTM recorded 19.485 kW. Traditional approaches performed substantially
worse under these conditions. As shown in Figure IV.7, while the proposed model continues to
follow the main trends, deviations appear at local peaks and troughs, an expected effect of
extending the prediction horizon. Nonetheless, it consistently outperforms alternatives in both
stability and accuracy.

» Four-Step Forecasting

The four-step horizon represents the most challenging scenario, as cumulative errors and
stochastic wind fluctuations significantly impact performance. Even under these conditions, the
EEMD-ConvLSTM remains the leading model, reporting an MAE of 25.505 kW, RMSE of
56.815 kW, R?0f0.7962, and a MAPE of 1.52%. The ConvLSTM-based error correction model
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yielded a higher MAE of 30.249 kW, while the pure ConvLSTM produced 40.236 kW. In
contrast, ARIMA and SVR failed to cope with the extended horizon, registering MAEs of
97.773 kW and 217.836 kW respectively, accompanied by sharp drops in R? values. The
forecasts visualized in Figure IV.7 highlight widening discrepancies between predictions and
actual observations, particularly at abrupt changes and extrema.

In summary, while forecasting errors naturally increase with longer horizons, the proposed
EEMD-ConvLSTM framework demonstrates consistent superiority. Its strength lies in the
hybrid structure: the primary LSTM forecast is refined by error modelling through ConvLSTM
applied to EEMD-decomposed components. This enables effective handling of both low- and
high-frequency dynamics, ensuring reliable generalization from short to medium-term

forecasting horizons.

IV.2.5 Key Contributions and Insights

This study introduces a novel hybrid forecasting framework that integrates Ensemble Empirical
Mode Decomposition (EEMD) with ConvLSTM-based error correction to enhance offshore
wind power prediction. By leveraging the complementary strengths of signal decomposition
and spatiotemporal deep learning, the model provides improved accuracy and robustness
compared to conventional approaches. The research findings can be summarized as follows:

The proposed framework applies a robust error correction mechanism, effectively refining

initial forecasts and reducing systematic biases.

v' EEMD decomposition successfully captures the nonlinear and non-stationary
components of the forecasting error, enabling a more structured representation of error
dynamics.

v' The integration of EEMD with ConvLSTM improves the capability to model
spatiotemporal dependencies and detect extreme variations, outperforming standard
LSTM-based methods.

v Comprehensive simulations based on offshore wind data recorded (2015-2023) from a
Siemens SWT-3.6-120 turbine at the Amrumbank West offshore wind farm confirm the
superiority of the proposed model across all evaluation metrics (MAE, RMSE, MAPE,
and R?). Significant improvements are observed across different forecasting horizons,
highlighting the method’s adaptability.

Together, these contributions demonstrate the effectiveness of hybrid deep learning frameworks
in tackling the challenges of offshore wind power forecasting and provide a strong foundation

for future research in Al-driven renewable energy integration.
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IV.3 Wind Speed Forecasting: Results and Analysis
To rigorously evaluate the performance the CEEMDAN-Bi-GRU-ED-TL forecasting

framework, a comprehensive comparative analysis was conducted against a broad range of
benchmark approaches. The evaluation included conventional statistical techniques such as
SVR, as well as classical machine learning and deep learning models, including RNN, CNN,
LSTM, GRU, Bi-LSTM, Bi-GRU, and CNN-LSTM. These baselines were implemented under
identical conditions for one-step-ahead forecasting, ensuring a fair and consistent comparison.
In addition to single-step benchmarking, the study extended its analysis to decomposition-based
strategies, comparing the proposed framework with leading hybrid approaches incorporating
EEMD and CEEMDAN. This step highlighted the added value of signal decomposition in
handling the nonlinear and non-stationary nature of wind speed dynamics. A further layer of
analysis examined the role of transfer learning (TL) within the CEEMDAN-Bi-GRU-ED
framework. By directly contrasting performance with and without TL, the study underscored
how leveraging pre-trained residual forecasting models significantly enhances generalization,
particularly when applied to Intrinsic Mode Function (IMF) components with limited data.

Finally, to establish robustness and adaptability, the proposed method was evaluated across
multiple forecasting horizons. This multi-horizon analysis not only confirmed the framework’s
predictive accuracy in short-term settings but also demonstrated its stability and resilience as the
forecasting window extended to longer time scales. Collectively, these evaluations provide
strong evidence of the proposed model’s superiority, offering a reliable and advanced solution

for wind speed forecasting.
1V.3.1 Evaluation Against Models Without Decomposition

Figure IV.8 and IV.9 presents the prediction outputs of eight models alongside the actual wind
speed measurements. The suite of models considered comprises GRU, LSTM, Bi-GRU, Bi-
LSTM, CNN-LSTM, and Bi-GRU-ED demonstrate strong predictive capabilities, with outputs
that closely follow the true wind speed profiles. Their predictions are smooth and exhibit
minimal deviation from the actual data. In contrast, SVR, CNN, and RNN display higher levels
of forecasting error and instability, particularly noticeable in the zoomed sections of the figure.
The CNN model struggles to preserve temporal coherence, a limitation of its architecture when
applied to sequential data. RNN, as expected, suffers from vanishing and exploding gradient
issues, which limit its ability to capture long-range dependencies. Similarly, SVR fails to

effectively model the nonlinear patterns in wind speed, resulting in weaker predictions.
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Among all models, Bi-GRU-ED stands out with superior forecasting accuracy, as confirmed
both visually and statistically. According to Table IV.4 and both Figures IV.8 and IV.9, Bi-
GRU-ED achieves, on Dataset 1, an MAE 0.4161, an RMSE 0.6451, a MAPE 10.27%, and an
R20.9268. For Dataset 2, it maintains strong performance with an MAE of 0.4426, an RMSE of
0.6653, a MAPE of 11.13%, and an R? of 0.9278. These results emphasize the model’s
robustness and adaptability to temporal fluctuations.

In contrast, SVR records the weakest performance. For Dataset 1, it yields an MAE of 0.6573,
an RMSE of 0.8107, a MAPE of 18.79%, and an R? of 0.8681. In Dataset 2, the degradation
continues with an MAE of 0.6815, an RMSE of 0.8255, a MAPE of 21.24%, and an R? of
0.8577. These metrics confirm the model’s limitations in capturing the stochastic and nonlinear
dynamics of wind speed. The remaining comparative models display intermediate performance.
Notably, the bidirectional-based models, particularly Bi-LSTM, Bi-GRU, and Bi-GRU-ED,
along with the hybrid CNN-LSTM, consistently outperform their unidirectional counterparts.
This performance gain reflects the advantage of processing information in both forward and
backward directions, thereby enhancing the ability to capture complex temporal dependencies

in wind speed forecasting.

Table IV.4: Evaluation of Bi-GRU-ED performance relative to benchmark models without
applying decomposition

Dataset 1 Dataset 2

Models MAE RMSE MAPE R? MAE RMSE MAPE R?

SVR 0.6573 0.8107 18.79 0.8681 0.6815 0.8255 21.24 0.8577
RNN 0.5702 0.7551 14.87 0.8704 0.5933 0.7703 15.6 0.8771
CNN 0.5399 0.7347 12.59 0.8906 0.5748 0.7581 14.46 0.8731
LSTM 0.4997 0.7069 11.25 0.9081 0.5654 0.7523 13.68 0.8994
GRU 0.4872 0.698 10.88 0.9126 0.5455 0.7386 12.97 0.9094
Bi-LSTM 0.4579 0.6764 10.59 0.9187 0.486 0.6972 12.53 0.9113
Bi-GRU 0.4469 0.6685 10.54 0.9208 0.473 0.6877 11.98 0.9184

CNN-LSTM 0.4346 0.6592 10.39 0.9293 0.4544 0.6741 11.47 0.9206

Bi-GRU-ED 0.4161 0.6451 10.27 0.9268 0.4426 0.6653 11.13 0.9278
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1V.3.2 Models Enhanced with Signal Decomposition
The integration of signal decomposition techniques, particularly EEMD and CEEMDAN,

resulted in significant improvements in forecasting performance, as illustrated in Figures IV.10,
IV.11,1V.12,1V.13. The proposed framework consistently demonstrated the highest predictive
accuracy across both datasets. This is evident in the local zoomed-in sections of the figures,
where the predicted curves align closely with the actual wind speed values. Quantitatively, as
reported in Table IV.5, the proposed framework achieved the lowest error values, with MAE,
RMSE, and MAPE 0f 0.142, 0.3612, and 2.90 for Dataset 1, and 0.1305, 0.3549, and 2.832 for
Dataset 2. In addition, the R? scores reached 0.9947 and 0.9955, confirming the model’s

robustness in capturing complex temporal dynamics while minimizing prediction deviations.

The CEEMDAN-Bi-GRU-ED model also delivered strong results, ranking as the second-best
performing method. It obtained MAE, RMSE, and MAPE values of 0.1844, 0.4255, and 3.1 for
Dataset 1, and 0.1765, 0.4125, and 2.991 for Dataset 2, alongside high R? values of 0.9896 and
0.9912. These results highlight the contribution of transfer learning in the CEEMDAN-Bi-
GRU-ED-TL framework, where pre-trained weights are fine-tuned during IMF-specific
learning. This mechanism enhances both learning efficiency and generalization, thereby
improving predictive reliability.

An interesting observation emerges when comparing the results of models without
decomposition (Table IV.4) to those enhanced with decomposition (Table IV.5). In the absence
of decomposition, models generally performed better on Dataset 1 than Dataset 2, likely due to
the larger sample size in Dataset 1, which supports stronger generalization. However, after
applying decomposition, the relative trend reverses, with Dataset 2 exhibiting superior results.
This shift underscores the ability of CEEMDAN to decompose signals into intrinsic mode
functions (IMFs), which is particularly advantageous for smaller datasets. By isolating
meaningful patterns and filtering noise, the decomposition process enhances training

effectiveness and produces more accurate forecasts.

Among all decomposition-enhanced models, the EEMD-CNN-LSTM configuration produced
the weakest results, recording the highest MAE, RMSE, and MAPE values: 0.3987, 0.6308, and
10.16 for Dataset 1, and 0.3854, 0.6137, and 9.98 for Dataset 2. Correspondingly, the R? values
were the lowest, at 0.9221 and 0.9395. These outcomes suggest that although EEMD provides
improvements compared to models without decomposition, CEEMDAN generally delivers
superior performance. This superiority stems from CEEMDAN ability to more capture the

nonlinear and non-stationary characteristics of data, correctly distinguishing signal components
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from noise. Moreover, bidirectional structures, such as EEMD-Bi-GRU and CEEMDAN-Bi-
GRU-ED, consistently outperform unidirectional configurations, confirming that leveraging
both past and future temporal dependencies enhance predictive accuracy in wind speed

forecasting.

Table I'V.5: Comparative Forecasting Performance of the Proposed Model Against EEMD-

and CEEMDAN-Based Approaches.

Dataset 1 Dataset 2
Models MAE RMSE MAPE R? MAE RMSE MAPE R?
EEMD-CNN-LSTM 0. 3987 0.6308 10.16 0.9221 0.3854 0.6137 9.98 0.9395
EEMD-GRU 0.3328 0.5954 8.44 0.9481 0.3494 0.5824 8.78 0.9459
EEMD-Bi-GRU 0.3254 0.5526 7.64 0.958 0.3201 0.5363 7.823 0.9587
EEMD-Bi-GRU-ED 0.2873 0.536 7.17 0.9627 0.2741 0.5123 7.208 0.9698
CEEMDAN-CNN-LSTM 0.3281 0.5902 7.43 0.9529 0.3041 0.5423 7.122 0.9607
CEEMDAN-GRU 0.2581 0.5787 5.88 0.9709 0.2311 0.4806 4.598 0.9792
CEEMDAN-Bi-GRU 0.2202 0.4653 4.25 0.9852 0.2 0.4472 4.001 0.9894
CEEMDAN-Bi-GRU-ED 0.1844 0.4255 3.11 0.9896 0.1765 0.4125 2.991 0.9912
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Figure 1V.13: Forecasting outcomes with CEEMDAN-based decomposition for Dataset 2

1V.3.3 Impact of Transfer Learning on Decomposed Forecasting

The role of transfer learning (TL) in enhancing decomposed forecasting performance was
systematically evaluated, with results summarized in Table IV.6. Across both datasets, the
integration of TL consistently improved predictive accuracy in most IMFs, particularly through
noticeable reductions in MAE and RMSE. This demonstrates that transfer learning enhances
learning generalization and stability within the CEEMDAN-Bi-GRU-ED framework.

For Dataset 1, notable enhancements were observed in IMF2 and IMF3, where the MAE
decreased markedly from 0.1633 to 0.0453 for IMF2, and from 0.0199 to 0.0131 for IMF3.
Similar improvements were observed in Dataset 2, where IMF2 achieved a reduction in MAE
from 0.1578 to 0.0414, alongside a decline in RMSE from 0.3972 to 0.2028. These results
highlight the robustness of TL in modelling low-frequency components of wind speed signals,
which typically exhibit smoother patterns and less stochastic variability.

However, the impact of TL on high-frequency components is less consistent. For IMF1 in
Dataset 1, performance slightly degraded, with MAE rising from 0.1021 to 0.1211 and RMSE
from 0.320 to 0.348. By contrast, in Dataset 2, IMF1 demonstrated improved MAE performance
(0.1224 to 0.0802), although accompanied by a minor increase in RMSE. These mixed
outcomes suggest that while TL is highly beneficial for low and mid-frequency IMFs, its
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advantage diminishes in high-frequency, noise-sensitive components, where learning transfer is

less effective.

Table IV.6: Transfer Learning-Driven Accuracy Improvements Across IMFs and Residual

Components
Component Dataset | Dataset 2
CEEMDAN-Bi- CEEMDAN-Bi- CEEMDAN-Bi- CEEMDAN-Bi-
GRU-ED without GRU-ED with GRU-ED without GRU-ED with
transfer learning transfer learning transfer learning transfer learning
(Proposed model) (Proposed model)
MAE RMSE MAE RMSE MAE RMSE MAE RMSE
Residual 0.0828  0.1665 0.0828 0.1665 | 0.0493 0.1403 0.0493 0.1403
IMF1 0.1021 0.32 0.1211 0.348 | 0.1224 0.2827 0.0802 0.3001
IMF2 0.1633  0.4041  0.0453 0.2129 | 0.1578 0.3972 0.0414 0.2028
IMF3 0.0199  0.1412  0.0131 0.1386 | 0.0192 0.1292 0.0167 0.1246
IMF4 0.0304 0.1678  0.0281 0.1005 | 0.187 0.1358 0.0201 0.0856
IMF5 0.0098  0.082  0.0067 0.0776 | 0.014 0.1184 0.0127 0.0931
IMF6 0.0094  0.0912  0.0087 0.0892 | 0.0098 0.1214 0.0086 0.0902

1V.3.4 Multi-Timestep Forecasting Comparison

To further evaluate the proposed forecasting framework, its performance was examined across
multiple prediction horizons using three distinct configurations: the baseline Bi-GRU-ED
model, the CEEMDAN-Bi-GRU-ED variant, and the CEEMDAN-Bi-GRU-ED architecture
enhanced with TL. The comparative outcomes, illustrated in Figure IV.14 and summarized in
Table IV.7, clearly demonstrate the advantages of the proposed approach.

At the one-hour forecasting, the CEEMDAN-Bi-GRU-ED-TL consistently outperforms all
other configurations, achieving the lowest error values and highest determination coefficients.
Extending the forecasting horizon to two hours results in a slight rise in the error metrics for all
models a natural consequence of heightened temporal uncertainty. Nevertheless, the proposed
framework maintains a clear edge. For Dataset 1, it delivers an MAE of 0.1822, RMSE of
0.4049, MAPE of 3.808%, and R? of 0.9894. On Dataset 2, performance remains comparably
strong, with an MAE of 0.1658, RMSE of 0.3964, MAPE of 3.658%, and R? of 0.9915,
highlighting the model’s ability to sustain precision under extended horizons.

With a three-hour-ahead horizon, accuracy degradation becomes more evident, particularly in
the CEEMDAN-Bi-GRU-ED model without transfer learning. This indicates an increased
sensitivity to long-term uncertainty and error accumulation. Despite this, the CEEMDAN-Bi-

GRU-ED-TL continues to outperform alternative frameworks, underscoring the stabilizing

[ 119 )
L J




Results and Discussions

impact of transfer learning in capturing temporal dependencies across multiple frequency

bands.

Although forecasting errors naturally escalate as the prediction interval increases due to the

stochastic wind speed nature, the hybrid integration of CEEMDAN with transfer learning

substantially mitigates this decline. The decomposition stage facilitates more effective

representation of low- and high-frequency components, while transfer learning enhances the

reuse of prior knowledge, thereby improving generalization. Collectively, these mechanisms

enable the proposed framework to balance short-term accuracy with medium-term robustness,

establishing it as a reliable solution for multi-horizon wind speed forecasting [102].
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Table I'V.7: Forecasting accuracy across different forecasting horizons: Proposed Model vs.

Models Without CEEMDAN or Transfer Learning

Dataset 1 Dataset 2
steps models MAE RMSE MAPE R2 MAE RMSE MAPE R2
Bi-GRU-ED 04161 0.6451 10.27 0.9268 0.4426 0.6653 11.13 0.9278

One step CEEMDAN-Bi-GRU-ED  0.1844  0.4255 3.1 0.9896 0.1765 0.4125 2.991 0.9912
(t+1)

Proposed model 0.142  0.3612 29 0.9947 0.1305 0.3549  2.832  0.9955

Bi-GRU-ED 0.4666 0.6857 10.65 09122 0.4802 0.6897 11.95  0.9068

Twosteps ~ CEEMDAN-Bi-GRU-ED  0.2281 0.4749 5.15 09713 0.2201 0.4671 4369  0.9848
(t+2)

Proposed model 0.1822 0.4049 3.808 0.9894 0.1658 0.3964 3.658  0.9915

Bi-GRU-ED 0.5587 0.7408 15.01  0.8853 0.5402 0.7417 13.6 0.8756

Three steps  CEEMDAN-Bi-GRU-ED 0312 0.5546 8.58 0.9606 0.2945 0.5422 6.47 0.9619
(t+3)
Proposed model 0.2478 0.4767 6.678 0.9712 0.2195 0.4572 5.09 0.9803

IV.3.5 Key Contributions and Insights
This research presents a sophisticated hybrid forecasting framework, CEEMDAN-Bi-GRU-

ED-TL, which combines multi-scale signal decomposition, bidirectional recurrent deep
learning models, and transfer learning to effectively tackle the complexities of short-term wind
speed forecasting. By combining decomposition, temporal sequence modelling, and knowledge
reuse across decomposed components, the framework establishes a new benchmark in wind

speed forecasting. The main contributions of this research can be summarized as follows.

v' The proposed framework applies a unified hybrid architecture that couples CEEMDAN
decomposition with a Bi-GRU-based encoder-decoder, enabling effective modelling of
nonlinear, non-stationary, and multi-frequency wind speed dynamics.

v By incorporating transfer learning, the framework effectively leverages and adapts a pre-
trained residual forecasting model for predicting all individual IMFs, eliminating the need
for independent training of each component. This significantly reduces computational
complexity while enhancing learning generalization.

v Empirical validation on two real-world datasets confirms substantial performance gains.
Compared with non-decomposed baselines, the proposed model achieves up to 65.9%
reduction in MAE and 43.9% reduction in RMSE on Dataset 1, with similar improvements
observed on Dataset 2. These results highlight its superior ability to minimize forecasting

CITOIS.
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v" The combination of CEEMDAN, Bi-GRU-ED, and transfer learning leads to improved
robustness across multiple prediction horizons. Even under longer forecasting intervals, the
model demonstrates high fidelity in capturing temporal patterns, maintaining a balance
between short-term accuracy and medium-term stability.

v" This work is among the first to integrate signal decomposition, bidirectional recurrent
encoder-decoder structures, and transfer learning into a single forecasting pipeline. The
demonstrated effectiveness Highlights its promise as a robust, scalable, and widely

applicable approach for wind speed forecasting in renewable energy contexts.

Together, these contributions establish the CEEMDAN-Bi-GRU-ED-TL framework as a
powerful tool for addressing the complexities of short-term wind speed forecasting, offering
both methodological innovation and practical value for the integration of renewable energy into

modern power systems.

IV.4 Conclusion

This chapter has presented a rigorous comparative analysis and performance evaluation of two
advanced hybrid deep learning frameworks designed for wind energy forecasting, each
targeting distinct but complementary aspects of the renewable energy domain: offshore wind
power prediction and short-term wind speed forecasting. Both studies sought to overcome the
intrinsic challenges of renewable energy data namely non-linearity, non-stationarity, stochastic
variability, and temporal-spatial complexity by combining signal decomposition, advanced

deep neural networks as hybrid learning techniques.

For wind power forecasting, a novel hybrid model was developed that combines Ensemble
Empirical Mode Decomposition (EEMD) with a ConvLSTM-based error correction
mechanism. By refining LSTM forecasts through systematic error modelling, this framework
successfully captured complex temporal dependencies within the error signal. Empirical testing
on real-world data from the Amrumbank West offshore wind farm (2015-2023) demonstrated
substantial accuracy gains over conventional deep learning and hybrid baselines. The
integration of EEMD enabled multi-scale pattern extraction, while ConvLSTM contributed to
robust spatiotemporal representation learning, leading to consistent improvements in MAE,
RMSE, MAPE, and R? across varying forecast horizons.

In parallel, for short-term wind speed forecasting, an end-to-end architecture denoted
CEEMDAN-Bi-GRU-ED-TL was introduced. This framework strategically integrates
Complete Ensemble Empirical Mode Decomposition with Adaptive Noise (CEEMDAN) for

multi-scale signal decomposition, a Bidirectional GRU Encoder-Decoder for modelling
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sequential data, along with a transfer learning strategy to efficiently reuse and fine-tune
forecasting modules across decomposed components. Validation on two independent datasets
confirmed the superiority of this approach, with the proposed model achieving state-of-the-art
accuracy. Notably, transfer learning significantly reduced training overhead and enhanced
model generalization, while CEEMDAN decomposition improved robustness against noise and
non-stationarity. The framework demonstrated consistent performance across multiple

forecasting horizons, underscoring its adaptability and scalability.

Taken together, the findings from these two complementary studies establish a clear
demonstration of the value of hybridization in wind energy forecasting. By combining
decomposition techniques with advanced deep learning architectures and augmenting them
with intelligent learning strategies such as error correction and transfer learning, the proposed
frameworks effectively address the major bottlenecks of wind energy forecasting data

complexity, temporal variability, and computational efficiency.

Ultimately, this chapter underscores the transformative potential of Al-driven hybrid
forecasting models. These contributions not only advance the scientific state-of-the-art but also
provide a solid foundation for the integration of reliable forecasting tools into modern energy

systems, thereby supporting more stable and efficient renewable energy integration.
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General Conclusion

This thesis contributes to addressing the critical challenge of wind energy forecasting by
developing advanced artificial intelligence-based hybrid models. Given that the inherent non-
linearity, non-stationarity, and stochastic nature of wind make accurate forecasting highly
complex, this research integrates signal decomposition techniques with deep neural networks
and innovative learning strategies. The resulting novel frameworks, validated through rigorous
experimental analysis, enhance both the accuracy and reliability of predictions, offering
significant methodological and computational contributions.

A primary contribution of this research is a hybrid model for offshore wind power
forecasting that integrates Ensemble Empirical Mode Decomposition (EEMD) with a
ConvLSTM-based error correction mechanism. This framework leverages decomposition to
isolate complex oscillatory patterns within forecasting errors, while the ConvLSTM
architecture captures the spatiotemporal dependencies often missed by conventional LSTM
forecasters. Evaluated on data from the Amrumbank West wind farm, the model demonstrated
superior performance against several benchmark deep learning and hybrid architectures. It
consistently achieved lower error metrics (MAE, RMSE, MAPE) and higher R? values across
multiple forecasting horizons, validating the efficacy of combining error decomposition with

spatiotemporal memory networks to mitigate systematic biases and enhance forecast stability.

The second contribution introduced a novel hybrid pipeline for short-term wind speed
forecasting, the CEEMDAN-Bi-GRU-ED-TL framework. This approach integrates
CEEMDAN for multi-scale signal decomposition, a bidirectional GRU encoder-decoder to
capture temporal relationships, and a homogeneous transfer learning scheme that applies pre-
trained models across all decomposed components. Unlike traditional decomposition methods
that train separate models for each component, this framework lowers computational costs
while improving prediction accuracy. Extensive experiments conducted and confirmed its
robustness, achieving MAE as low as 0.142 and R? values above 0.9947, clearly outperforming
non-decomposed baselines and alternative hybrid models. These findings underline the value of

integrating decomposition and transfer learning within a unified deep learning framework.

Together, these frameworks demonstrate that the strategic integration of hybridization.

By effectively addressing fundamental challenges such as data non-stationarity, volatility,
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complexity, and uncertainty, the proposed models establish a robust framework for developing

more accurate, reliable, and stable forecasting systems.

Beyond its direct contributions, this thesis outlines several promising avenues for future
research. A critical next step is the real-time implementation of the proposed models, dynamic
grid conditions. Furthermore, embedding these advanced forecasting models into microgrid
energy management systems could significantly improve operational efficiency by optimizing
scheduling, load balancing, and storage utilization. Finally, extending the hybrid Al
methodology to multi-source renewable forecasting, jointly predicting wind, solar, and other
generation, presents a significant opportunity to enhance forecasting reliability and stability

within increasingly complex and integrated energy networks.

Ultimately, this thesis has contributed to the scientific understanding and algorithmic
development of Al-driven hybrid forecasting techniques for wind energy. Through the
development and rigorous experimental validation of novel hybrid models, it lays a
comprehensive foundation for future on-site implementations, directly supporting the

advancement of smarter, more reliable, and sustainable power systems.
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