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Abstract

Abstract

This thesis presents a short-term prediction study of the photovoltaic power production of a solar
farm using Atrtificial Intelligence and Machine Learning techniques. Given Algeria's exceptional
solar potential and the growing integration of photovoltaic systems into the national grid,
accurate forecasting of PV output has become essential for grid stability and energy
management. The study employs a data-driven regression approach using meteorological and
operational data, including solar irradiance, ambient temperature, relative humidity, wind speed,
wind direction, and sea-level pressure, as input features to predict the target variable
Power_PACE. Five Machine Learning models were developed and compared: Linear
Regression, Random Forest, Gradient Boosting, XGBoost, and CatBoost. After preprocessing
and feature engineering in Python, each model was trained on historical data and evaluated on a
held-out test set using MAE, RMSE, and R? metrics. Results show that Linear Regression
achieved the highest coefficient of determination (R? = 0.9777) with the lowest RMSE (5,953
W), reflecting the dominant linear relationship between solar irradiance and power output in the
summer dataset. Random Forest ranked second with the lowest MAE (4,232 W), demonstrating
strong robustness and interpretability. SHAP analysis confirmed Solar_Mean as the primary
predictor, followed by ambient temperature and hour of day. The findings demonstrate that even
classical Machine Learning models can achieve high forecasting accuracy when solar irradiance
is the dominant driver, while ensemble methods such as Random Forest offer a more reliable

choice for real-world deployment due to their robustness to noisy data and nonlinear behavior.

Keywords: Photovoltaic forecasting, Machine Learning, Short-term prediction, Solar irradiance,
Random Forest, XGBoost, SHAP, Algeria




Résumé
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Résume

Ce mémoire présente une étude de prédiction a court terme de la production photovoltaique d'une
ferme solaire en utilisant des techniques d'Intelligence Artificielle et d'Apprentissage
Automatique. Compte tenu du potentiel solaire exceptionnel de I'Algérie et de l'intégration
croissante des systémes photovoltaiques dans le réseau électrique national, la prévision précise
de la production PV est devenue indispensable pour assurer la stabilité du réseau et la gestion de
I'énergie. L'étude adopte une approche de régression basée sur les données, utilisant des mesures
météorologiques et opérationnelles — notamment l'irradiance solaire, la température ambiante,
I'numidité relative, la vitesse et la direction du vent, ainsi que la pression au niveau de la mer —
comme variables dentrée pour prédire la variable cible Power PACE. Cing modéles
d'Apprentissage Automatique ont été développés et comparés : Régression Linéaire, Random
Forest, Gradient Boosting, XGBoost et CatBoost. Apres prétraitement et ingénierie des
caractéristiques en Python, chaque modéle a été entrainé sur des données historiques et évalué
sur un ensemble de test indépendant a l'aide des métrigues MAE, RMSE et R2. Les résultats
montrent que la Régression Linéaire a obtenu le coefficient de détermination le plus élevé (R? =
0,9777) avec la RMSE la plus basse (5 953 W), reflétant la relation linéaire dominante entre
I'irradiance solaire et la puissance produite sur le jeu de données estival. Random Forest s'est
classé deuxieme avec la MAE la plus basse (4 232 W), démontrant une robustesse et une
interprétabilité élevées. L'analyse SHAP a confirmé que Solar_Mean est le prédicteur principal,
suivi de la température ambiante et de I'neure de la journée. Les résultats démontrent que méme
des modeles classiques d'Apprentissage Automatique peuvent atteindre une grande précision de
prévision lorsque I'irradiance solaire est le facteur dominant, tandis que les méthodes d'ensemble
telles que Random Forest offrent un choix plus fiable pour un déploiement en conditions réeelles

grace a leur robustesse face aux données bruitées et aux comportements non linéaires.

Mots-clés : Prévision photovoltaique, Apprentissage Automatique, Prédiction a court terme,

Irradiance solaire, Random Forest, XGBoost, SHAP, Algérie.
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General Introduction

In recent decades, the world has experienced a continuous increase in energy demand [1]
accompanied by growing environmental concerns, particularly related to climate change and
greenhouse gas emissions [2]. The excessive use of fossil fuels has significantly contributed to
environmental degradation, making the transition toward sustainable and renewable energy sources a
global priority. Among the various renewable energy options, solar energy has emerged as one of the
most promising alternatives [3] due to its abundance, accessibility, and minimal environmental
impact. Technological advancements and the decreasing cost of photovoltaic (PV) systems [4] have

accelerated their deployment worldwide, making solar power a key component of the global energy

transition.
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Figure 1: Global evolution of energy consumption and renewable every penetration./5]

At the national level, Algeria possesses exceptional solar potential [6] due to its geographic location
and high solar irradiation, eading to the formation of an electric current This natural advantage
positions the country as a strong candidate for large-scale solar energy development. In recent years,
Algeria has initiated several programs aimed at integrating renewable energy into its energy mix,

reducing dependence on fossil fuels, and ensuring long-term energy security. However, the large-

2
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scale integration of photovoltaic systems into the electrical grid introduces significant technical
challenges, mainly due to the intermittent and variable nature of solar energy production.

SOLAR RESOURCE MAP @ e
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Figure 2: Solar irradiation distribution in Algeria showing high potential in desert regions.[7]
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Photovoltaic power generation is highly dependent on meteorological conditions [8] such as solar
irradiance, temperature, cloud cover, and wind speed. These parameters can vary rapidly over short
periods, leading to fluctuations in energy output. This variability creates difficulties in maintaining
the balance between electricity supply and demand, which is essential for grid stability [9]. In this
context, short-term forecasting of photovoltaic production, typically ranging from minutes to a few
days ahead, becomes a crucial tool for energy management. Accurate forecasting enables grid
operators to anticipate fluctuations, optimize the operation of power systems, and reduce reliance on

backup conventional energy sources.

Moreover, short-term predictions play an essential role in optimizing energy storage systems,
improving the efficiency of smart grids, and enhancing decision-making in electricity markets. By
providing reliable estimates of future energy production, forecasting models contribute to better
scheduling, dispatching, and load management. Consequently, improving the accuracy of
photovoltaic power forecasting is a key factor in facilitating the integration of renewable energy into

modern power systems.

Traditional forecasting approaches, including physical models based on atmospheric equations and
statistical methods, often face limitations when dealing with the complex and nonlinear relationships
between weather variables and photovoltaic output. These methods may lack flexibility and struggle
to adapt to rapidly changing conditions. In contrast, Artificial Intelligence (Al) and Machine Learning
(ML) techniques [10] have demonstrated significant potential in addressing these challenges. By
learning patterns directly from historical data, these methods can capture nonlinear dependencies and

improve prediction accuracy without requiring explicit physical modeling.

Machine Learning algorithms such as Linear Regression, Support Vector Machines, Decision Trees,
and Random Forests have been widely used for photovoltaic energy forecasting [11], [12]. In
addition, Deep Learning models, particularly Recurrent Neural Networks (RNN) and Long Short-
Term Memory (LSTM) networks, are well suited for time-series prediction due to their ability to
capture temporal dependencies. These advanced techniques allow for the development of robust and
adaptive models capable of handling large datasets and uncertain inputs. As a result, Al and ML have

become essential tools in renewable energy forecasting and management.
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The main objective of this study is to develop an Artificial Intelligence and Machine Learning model
capable of accurately predicting short-term photovoltaic power production, either on an hourly or
daily basis. This objective is supported by several secondary goals, including the comparison of
different Machine Learning and Deep Learning models, the identification of the most influential
meteorological variables affecting photovoltaic output, and the evaluation of model performance
across different forecasting horizons. Through this approach, the study aims to determine the most

efficient and reliable method for short-term prediction.

Despite the advantages offered by Al-based approaches, several challenges remain. Photovoltaic
energy production is inherently variable due to changing weather conditions, particularly cloud
dynamics and atmospheric fluctuations. These variations introduce uncertainty into the forecasting
process, making accurate prediction a complex task. Additionally, the availability and quality of
meteorological data can significantly impact model performance. In many cases, datasets may
contain missing values, noise, or measurement errors, which can reduce prediction accuracy.
Therefore, it is essential to design models that are not only accurate but also robust to data

imperfections.

This project focuses exclusively on short-term forecasting of photovoltaic power production. Long-
term forecasting is beyond the scope of this study. The work is based on the use of either real data
collected from a solar farm or publicly available datasets. The analysis combines historical
photovoltaic production data with relevant meteorological variables in order to build predictive
models using Artificial Intelligence and Machine Learning techniques. The study emphasizes a data-
driven approach, including data preprocessing, model development, training, validation, and

performance evaluation.

The thesis is organized into four main chapters. The first chapter provides a general overview of
photovoltaic systems and the fundamentals of solar energy, along with the importance of forecasting
in renewable energy integration. The second chapter presents a review of the state of the art in
photovoltaic power forecasting, covering both traditional methods and modern Al-based approaches.
The third chapter describes the methodology adopted in this study, including data collection,
preprocessing techniques, model development, and evaluation metrics. Finally, the fourth chapter
presents the results obtained, followed by a detailed discussion, comparison of different models, and
conclusions with recommendations for future work.

5
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Chapter I: Generalities

1. Introduction

Photovoltaic (PV) energy has emerged as one of the most important technologies in the global
transition toward sustainable and low-carbon energy systems [13]. This rapid development is driven
by its inherent advantages, including the use of an abundant and inexhaustible energy source (solar
radiation), the absence of direct greenhouse gas emissions during operation, and continuous
reductions in installation and production costs. As a result, PV systems are increasingly deployed at
both small-scale (residential) and large-scale (utility or solar farm) levels, making them a central

component of modern renewable energy infrastructures.

Despite these advantages, the integration of photovoltaic energy into electrical power systems
introduces several technical challenges. The most significant issue is its intermittent and variable
nature [14], as PV power generation is directly dependent on environmental conditions such as solar
irradiance, cloud cover, and temperature. This variability can lead to uncertainties in power supply,
which may affect grid stability, frequency regulation, and the balance between electricity demand and
generation. Consequently, reliable operation of power systems with high PV penetration requires a
deep understanding of photovoltaic behavior as well as advanced tools capable of anticipating future

power production.

In this context, solar power forecasting plays a fundamental role in modern energy management.
Accurate prediction of photovoltaic output enables grid operators to optimize dispatch strategies,
improve the integration of renewable energy sources, and reduce reliance on conventional backup
generation. It also contributes to more efficient energy storage management, cost reduction, and

enhanced reliability of smart grid systems.

From a methodological perspective, photovoltaic forecasting has evolved significantly with the
development of computational intelligence and data-driven techniques. In particular, Machine
Learning approaches have demonstrated strong performance in capturing the complex and nonlinear
relationships between environmental variables and PV power output. These methods are increasingly
preferred over traditional analytical models due to their adaptability, robustness, and ability to learn

directly from historical data without requiring explicit physical equations.
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This chapter therefore aims to establish the theoretical foundation required for the study. It introduces

the fundamental principles of photovoltaic energy conversion, presents key physical and
environmental parameters affecting system performance, defines the concept of solar power
forecasting and its classification according to time horizons, and finally discusses the main Machine
Learning techniques commonly used for photovoltaic production prediction. Together, these elements
provide the necessary background for developing and evaluating advanced forecasting models in the

subsequent chapters.

2. Fundamentals of Photovoltaic Energy

2.1 Operating Principles of Photovoltaic Panels

Photovoltaic (PV) panels operate on the principle of direct conversion of solar energy into electrical
energy through the photovoltaic effect [15], a physical phenomenon occurring in semiconductor
materials. When sunlight reaches the surface of a PV cell, it is composed of discrete energy packets
known as photons. If the energy of these photons is greater than the bandgap energy of the
semiconductor material (typically silicon), they are absorbed and excite electrons from the valence
band to the conduction band. This process generates free charge carriers, leading to the formation of

an electric current .

Sunlight
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Figure 3: Illustration of the photovoltaic effect in a p—n junction showing electron—hole pair generation and
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charge separation. [16]
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Chapter I: Generalities
A photovoltaic cell is fundamentally built around a p—n junction, which is formed by joining two

differently doped semiconductor regions: a p-type layer (rich in holes) and an n-type layer (rich in
electrons). At the interface between these two regions, an internal electric field is established due to
the diffusion of charge carriers and the resulting formation of a depletion zone. When the cell is
exposed to sunlight, the generated electron—hole pairs within or near this junction are separated by
the built-in electric field. Electrons are driven toward the n-side, while holes move toward the p-side,
creating a potential difference across the terminals of the cell. When an external electrical load is
connected, this potential difference drives a continuous flow of direct current (DC) electricity.
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Figure 4: Photovoltaic effect showing electron—hole generation and current flow [17].

In practical applications, a single photovoltaic cell typically produces a relatively small voltage and
power output. To achieve usable power levels, multiple cells are electrically interconnected to form a
photovoltaic module (panel). Cells connected in series increase the output voltage, while parallel
connections increase the current capacity. Furthermore, multiple modules are combined to construct a

photovoltaic array, which represents the full-scale system especially in desert regions.

The overall performance and electricity output of a photovoltaic system are influenced by several
external and internal factors. The most significant external factor is solar irradiance, which
determines the number of incident photons available for conversion into electrical energy.
Temperature also plays a critical role [18], as increases in cell temperature typically reduce the

efficiency and voltage output of the system due to semiconductor property variations. Additionally,
9
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panel orientation and tilt angle affect the amount of solar radiation captured by the surface, while

system-level characteristics such as wiring configuration, inverter efficiency, and material properties

further influence total energy production .

Understanding these operating principles is essential for accurately modeling photovoltaic systems
and forms the foundation for advanced forecasting approaches. In particular, the relationship between
environmental conditions and electrical behavior provides the basis for data-driven techniques used

in short-term photovoltaic power prediction.

2.2 Key Definitions

To accurately analyze and model photovoltaic (PV) systems, it is essential to define several
fundamental physical and performance-related parameters. These variables form the basis of PV
system characterization and are widely used in both physical modeling and data-driven forecasting

approaches.
« Solar Irradiance (G):

Solar irradiance represents the instantaneous power of solar electromagnetic radiation incident on a
given surface per unit area, typically measured in watts per square meter (W/m2). It is the most
critical external input variable influencing photovoltaic energy production, as it directly determines
the number of photons available for conversion into electrical energy. Variations in irradiance due to
weather conditions, cloud cover, and time of day have a direct and immediate impact on PV output.

Consequently, it is a primary input feature in most photovoltaic forecasting models.
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Figure 5: Relationship between solar irradiance and photovoltaic power output [19].
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e Temperature (T):

Temperature refers to the operating temperature of the photovoltaic module or cell during energy
conversion. It plays a significant role in determining the electrical efficiency of the PV system. As
temperature increases, the semiconductor properties of the PV material are affected, leading to a
reduction in open-circuit voltage and overall efficiency. This degradation occurs due to increased
carrier recombination and internal resistive losses within the cell. Therefore, higher operating

temperatures generally result in lower power output, even under constant irradiance conditions .
o Efficiency ():

The efficiency of a photovoltaic system is defined as the ratio between the useful electrical power
output and the solar power input received by the panel surface. Mathematically, it expresses how
effectively the system converts incident solar energy into usable electrical energy. Efficiency is
influenced by multiple factors, including irradiance level, temperature, material properties, and
system design. In practical applications, PV efficiency is not constant and tends to vary with

environmental conditions, especially temperature and irradiance levels.
e Instantaneous Power (P):

Instantaneous power refers to the electrical power generated by a photovoltaic system at a specific
moment in time. It is calculated as the product of instantaneous voltage and current output of the PV
system and is typically expressed in watts (W) or kilowatts (kW). This parameter is dynamic in
nature and fluctuates continuously depending on environmental conditions such as irradiance
variability and temperature changes. In forecasting applications, instantaneous power serves as the

primary target variable to be predicted.

These fundamental parameters—solar irradiance, temperature, efficiency, and instantaneous power—
are essential for understanding, modeling, and predicting photovoltaic energy production. They form
the core input and output variables in both physical and Machine Learning-based forecasting models,

enabling accurate representation of PV system behavior under varying environmental conditions.

11
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2.3 |-V Curve Behavior and Environmental Influences

The electrical behavior of a photovoltaic (PV) cell is fundamentally described by its current—voltage
(I-V) characteristic curve [20], which represents the relationship between the output current and
voltage under specific operating conditions such as solar irradiance and temperature . This curve is a

key tool for analyzing the performance of PV devices, as it provides detailed insight into their power
generation capability and efficiency.
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Figure 6: Current-voltage (I-V) and power—voltage (P-V) characteristics of a photovoltaic cell [21].

The 1-V curve is inherently nonlinear due to the semiconductor properties of the PV cell and is
typically derived from equivalent circuit models, such as the single-diode model. Under standard test
conditions (STC), the curve has a well-defined shape; however, in real-world applications, it

continuously shifts depending on environmental conditions, making its analysis essential for accurate
system modeling and forecasting.

12



Chapter I: Generalities

Several characteristic operating points can be identified on the 1-V curve:
e Short-Circuit Current (Isc):

This is the maximum current produced by the PV cell when the output terminals are short-circuited
(voltage equals zero). It is directly proportional to solar irradiance and is only slightly affected by

temperature variations.
e Open-Circuit Voltage (Voc):

This represents the maximum voltage across the PV cell when no current flows (open-circuit
condition). The open-circuit voltage is strongly influenced by temperature, decreasing as temperature
increases due to changes in the semiconductor bandgap.

e Maximum Power Point (MPP):

The MPP corresponds to the optimal operating point at which the product of current and voltage
P=VxIP = V \times IP=VxI| is maximized. This point defines the maximum power that the PV cell
can deliver under given conditions. In practical systems, Maximum Power Point Tracking (MPPT)

algorithms are used to continuously operate the PV system near this point.

Environmental conditions have a significant impact on the position and shape of the 1-V curve,

thereby affecting the performance of photovoltaic systems:
* Effect of Irradiance:

Solar irradiance is the dominant factor influencing PV output. As irradiance increases, the number of
photons striking the PV cell rises, generating more charge carriers and thus increasing the
photocurrent. This results in an upward shift of the 1-V curve, with a substantial increase in the short-
circuit current (Isc) and overall power output. The open-circuit voltage (\Voc) experiences only a

slight increase with irradiance [22].
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Figure 7: Effect of solar irradiance on the I-V characteristics of a photovoltaic cell [23].

* Effect of Temperature:

Temperature primarily affects the voltage characteristics of the PV cell. As temperature increases, the
intrinsic carrier concentration in the semiconductor rises, leading to a reduction in the open-circuit
voltage (Voc). Although the current may increase slightly, this effect is relatively minor compared to

the voltage drop, Consequently, high operating temperatures negatively impact PV efficiency and

overall system performance [24].
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Figure 8: Effect of temperature on the I-V characteristics of a photovoltaic cell [25].
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* Effect of Shading:

Partial shading introduces significant distortions in the 1-V curve. When one or more cells in a
module receive less irradiance, the current generated by those cells decreases, which can limit the
current of the entire string. This leads to multiple inflection points and the appearance of several local
maxima in the corresponding power—voltage (P—V) curve. Such conditions complicate the operation
of MPPT algorithms and may cause substantial power losses. In addition, shading can create

localized heating (hotspots), potentially damaging the PV cells over time.

Understanding the influence of these environmental factors on the 1-V curve is essential for accurate
modeling and prediction of photovoltaic system behavior. In particular, incorporating irradiance,
temperature, and shading effects into forecasting models—especially those based on Machine
Learning—enables a more realistic representation of PV performance under varying operating
conditions. This, in turn, improves the accuracy and reliability of short-term photovoltaic power

predictions.
3. Solar Power Forecasting Concepts

Solar power forecasting refers to the process of estimating the future energy production of
photovoltaic (PV) systems by using historical generation data in combination with relevant
environmental and meteorological variables. Due to the intermittent and highly variable nature of
solar energy, accurate forecasting has become essential for ensuring the reliable integration of PV

systems into modern power grids.

Train Model Improve

Clean, Prepare
& Manipulate Data

Figure 9: General workflow of photovoltaic power forecasting using Machine Learning techniques [26].
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Forecasting approaches are commonly classified [27] according to the prediction time horizon, as

each horizon corresponds to different operational and planning requirements :
e Very short-term forecasting:

This type of forecasting covers time intervals ranging from a few seconds to several minutes ahead. It
is primarily used for real-time control and monitoring of PV systems, allowing operators to respond
quickly to rapid fluctuations in solar irradiance caused by transient phenomena such as cloud

movement.
e Short-term forecasting:

Short-term forecasting typically spans from one hour up to several days ahead. It is the most critical
horizon for practical applications, including day-ahead scheduling, load balancing, and optimal
dispatch of power generation resources. Accurate short-term predictions enable grid operators to
anticipate variations in solar production and maintain system stability.

e Long-term forecasting:

This category includes predictions over weeks, months, or even years. It is mainly used for strategic
planning, system design, investment decisions, and evaluation of renewable energy potential at

specific locations.

Energy forecasting time horizons

Self-consumption / self-supply (CAPEX+OPEX)

30-year long

PPA and
5-year long bilateral
contracts

1-year long
. Year product

() Ouarter product Futures
() Month product market

Month product

Week product

Figure 10: Classification of solar power forecasting based on prediction time horizons [28].
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The present work focuses on short-term forecasting, as it plays a crucial role in grid operation and

energy management. Reliable short-term predictions help reduce uncertainty in power generation,
improve the coordination between supply and demand, and facilitate the integration of renewable
energy sources into the electrical network.

Forecasting methodologies can be broadly divided into three main categories:
e Physical models:

These models are based on the physical principles governing solar radiation and photovoltaic
conversion. They use inputs such as numerical weather prediction (NWP) data, solar position, and PV
system characteristics (e.g., panel orientation, efficiency) to simulate power output. While they
provide a physically consistent framework, they often require detailed system information and

significant computational resources.
« Statistical models:

Statistical approaches rely on historical data to identify patterns and correlations between input
variables and PV output. Techniques such as time series analysis, regression models, and Machine
Learning algorithms fall into this category. These models are generally easier to implement and can

achieve high accuracy when sufficient and high-quality data are available.
e Hybrid models:

Hybrid approaches combine physical and statistical methods [29] to leverage the advantages of both.
For example, a physical model may be used to estimate solar irradiance, while a Machine Learning
model refines the prediction of PV power output. Such combined methods often yield improved

forecasting performance and robustness .

The effectiveness of solar power forecasting models strongly depends on the selection and quality of
input variables. The most important parameter is solar irradiance, which directly determines the
energy available for conversion into electricity. Other influential variables include ambient
temperature, which affects the efficiency of PV modules; humidity and cloud cover, which influence
atmospheric transparency; and wind speed, which can impact panel cooling and thus efficiency.
Additionally, temporal features such as time of day and season are often incorporated to capture
periodic patterns in solar production. High-resolution and accurate datasets are therefore essential to

ensure reliable model performance .
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Accurate solar forecasting plays a fundamental role in modern energy systems. It contributes to

maintaining grid stability by reducing uncertainty and enabling better balancing between generation
and consumption. It also supports the optimization of energy storage systems, allowing operators to
anticipate surplus or deficit periods and manage storage accordingly. Furthermore, improved
forecasting helps reduce operational costs by minimizing reliance on backup generation and
enhancing participation in electricity markets. Finally, it is a key enabler of smart grid technologies,
where advanced forecasting is integrated with real-time monitoring and control systems to improve

efficiency, reliability, and sustainability of energy management .
4. Machine Learning Approaches for PV Forecasting

Machine Learning (ML) techniques have gained significant attention [30] in recent years for
photovoltaic (PV) power forecasting due to their ability to learn complex patterns directly from data.
Unlike traditional physical or empirical models, which rely on predefined equations and assumptions,
ML approaches are data-driven and capable of capturing the nonlinear and stochastic relationships

between input variables and solar energy production.
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Exploratory Data Analysis (EDA) Logistic Regression Decision Tree

1) Histogram: df.plot(kind = 'hist’)
2) Box Plot: sns.boxplot()
3) Grouped Bar Chart: sns.countplot()

F AN W Y
BRSNS
Al i |

Model Evaluation

Confusion Matrix ROC & AUC
confusion_matrix(y_test red metrics.auc(fpr, tpr)
e
_ e BE B R
st PLEID - Py
H . B el

| H N '
\ I | I,

Figure 11: Overview of Machine Learning models used for photovoltaic power forecasting [31].
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Photovoltaic power generation is inherently variable and influenced by multiple interacting factors,

including solar irradiance, ambient temperature, cloud cover, humidity, and temporal variables such
as time of day and season. These relationships are often highly nonlinear and difficult to model using
conventional analytical methods. Machine Learning algorithms address this challenge by
automatically identifying hidden patterns and dependencies within historical data, leading to more
accurate and reliable predictions.In the context of PV forecasting, ML models are typically trained
using historical datasets that include both meteorological variables and corresponding power output
measurements. Once trained, these models can predict future PV production over short-term
horizons, such as minutes to hours ahead, which is critical for real-time grid operation and energy
management.Machine Learning approaches used in PV forecasting can be broadly categorized into
several groups. Supervised learning models, such as Linear Regression, Support Vector Regression
(SVR), Random Forest, and Gradient Boosting, learn a mapping between input features and output
power based on labeled training data. These models are widely used due to their strong predictive
performance and relatively straightforward implementation.In addition, Artificial Neural Networks
(ANNSs) and advanced deep learning architectures, such as Long Short-Term Memory (LSTM)
networks, are particularly well-suited for time-series forecasting problems. LSTM models, in
particular, are capable of capturing temporal dependencies and sequential patterns in PV data, making
them highly effective for short-term prediction tasks where past observations influence future

outputs.

Another important category is hybrid approaches, which combine multiple Machine Learning models
or integrate ML with physical models to enhance prediction accuracy. For example, a physical model
may first estimate solar irradiance, and an ML model may then refine the prediction of power output.
These hybrid methods leverage the strengths of different techniques to achieve improved

performance.

The application of Machine Learning in PV forecasting offers several advantages, including high
predictive accuracy, adaptability to changing environmental conditions, and the ability to process
large and complex datasets. However, the performance of these models depends heavily on the

quality and quantity of the input data, as well as proper model selection and parameter tuning.

Overall, Machine Learning approaches represent a powerful and flexible solution for short-term

photovoltaic forecasting. Their ability to handle nonlinearities, incorporate multiple influencing
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factors, and continuously improve with new data makes them essential tools for enhancing the

integration of solar energy into modern power systems.

4.1 Random Forest

Random Forest is a widely used ensemble learning algorithm [32] that combines the predictions of
multiple decision trees to improve overall model performance. It is based on the principle of bagging
(Bootstrap Aggregating), where each tree is trained on a randomly selected subset of the training
data, with replacement. Additionally, at each split within a tree, a random subset of input features is
considered, which introduces further diversity among the trees. The final prediction is obtained by
averaging the outputs of all individual trees in the case of regression problems, such as photovoltaic
(PV) power forecasting .

Ensemble Model:
example for regression
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Figure 12: Architecture of the Random Forest algorithm for regression [33].

This ensemble approach significantly enhances predictive performance compared to a single decision
tree by reducing variance and improving generalization. In the context of PV forecasting, Random
Forest is particularly effective due to its ability to model complex and nonlinear relationships
between environmental variables (e.g., solar irradiance, temperature, humidity) and power output,

without requiring explicit assumptions about the underlying physical processes.
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Advantages:
* High accuracy and robustness:

Random Forest typically achieves high prediction accuracy due to the aggregation of multiple
decision trees. By combining diverse models, it reduces the impact of individual errors and provides
stable predictions, even in the presence of noisy or fluctuating data commonly found in photovoltaic

systems.
* Resistance to overfitting:

Unlike a single decision tree, which can easily overfit the training data, Random Forest mitigates this
issue through averaging and randomization. The use of multiple trees trained on different data subsets
ensures that the model generalizes well to unseen data, making it highly reliable for short-term

forecasting.
* Ability to estimate feature importance:

One of the key strengths of Random Forest is its capacity to evaluate the relative importance of input
variables. This allows researchers to identify which factors—such as solar irradiance, temperature, or
time-related features—have the greatest influence on PV power output, providing both predictive and

interpretative value.
 Capability to model nonlinear relationships:

Random Forest can naturally capture complex and nonlinear interactions between variables without
requiring explicit mathematical modeling. This is particularly beneficial in photovoltaic applications,
where the relationship between environmental conditions and power generation is inherently

nonlinear.
* Robustness to noise and missing data:

The algorithm performs well even when the dataset contains noise, outliers, or missing values. Its

ensemble nature ensures that the effect of corrupted or incomplete data points is minimized.
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* Minimal data preprocessing requirements:

Random Forest does not require extensive data normalization or scaling, unlike many other Machine
Learning models. This simplifies the preprocessing stage and makes the method more practical for

real-world applications.
* Scalability and efficiency:

The algorithm can handle large datasets with high dimensionality efficiently. Moreover, since
individual trees can be trained independently, Random Forest is well-suited for parallel computation,

reducing training time.
* Stability and consistency:

Due to its random sampling and averaging mechanism, Random Forest produces consistent results

across different runs, which is important for reproducibility in scientific studies.
* Versatility:

Although used here for regression, Random Forest can also be applied to classification problems,
making it a flexible tool within broader energy system analysis frameworks.

Random Forest represents a powerful and reliable Machine Learning technique for short-term
photovoltaic power forecasting. Its combination of accuracy, robustness, interpretability, and ease of
implementation makes it one of the most suitable models for capturing the complex dynamics of solar

energy production.

4.2 Gradient Boosting

Gradient Boosting is an advanced ensemble Machine Learning technique [34] that builds predictive
models in a sequential manner. Unlike bagging methods, where models are trained independently,
Gradient Boosting constructs each new model to specifically correct the errors made by the previous
ones. This is achieved by minimizing a predefined loss function using gradient descent in function

space, resulting in a progressively improved model with high predictive capability .

22



Chapter I: Generalities

[ S |

H=Yi-% R=r-n I3=r-n M=y Tya

NS/ | [ ones Ay
Predict
Treel

. ¥
Train

(X, y) (X, ry) (X, r3) (X, )

Figure 13: Sequential learning process in Gradient Boosting algorithm [35].

In photovoltaic (PV) power forecasting, Gradient Boosting is particularly effective due to its ability
to model complex, nonlinear relationships between meteorological variables (such as irradiance,
temperature, and cloud cover) and power output. Variants such as Gradient Boosting Machines
(GBM), XGBoost, and LightGBM are widely used in energy forecasting applications because of their

efficiency and strong performance.

Advantages:
* High predictive accuracy:

Gradient Boosting is known for delivering state-of-the-art performance in many regression problems,
including PV forecasting. By iteratively reducing residual errors, the model achieves high precision

and low forecasting error compared to many traditional methods.
* Effective for complex datasets:

This method excels in handling datasets with complex structures, nonlinear relationships, and
interactions between variables. In photovoltaic systems, where multiple environmental factors
interact in a nonlinear way, Gradient Boosting can capture these dependencies effectively.
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* Flexible and powerful:

Gradient Boosting supports various loss functions and can be adapted to different types of problems.
Its flexibility allows it to be tailored for specific forecasting objectives, such as minimizing absolute

error or squared error.
* Ability to model nonlinear interactions:

The ensemble of decision trees used in Gradient Boosting naturally captures nonlinearities and
feature interactions without requiring explicit feature engineering, which is particularly useful in

modeling PV system behavior.
* Robustness to outliers:

With appropriate choice of loss functions (e.g., Huber loss), Gradient Boosting can be made robust to

outliers and extreme values often present in meteorological data.
* Feature importance evaluation:

Gradient Boosting models provide insights into the relative importance of input variables, helping

identify the most influential factors affecting PV production, such as irradiance or temperature.
* Handles mixed data types:

It can process both numerical and categorical variables efficiently, making it suitable for diverse

datasets that may include time indices, weather conditions, and operational parameters.
* Regularization capabilities:

Techniques such as learning rate control, tree depth limitation, and subsampling help prevent

overfitting, ensuring good generalization performance on unseen data.
* Scalability and efficiency (advanced implementations):

Modern implementations like XGBoost and LightGBM are optimized for speed and memory usage,

enabling efficient training even on large-scale datasets.
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* Strong performance with relatively limited data preprocessing:

Unlike some other Machine Learning models, Gradient Boosting often requires less extensive data

normalization or transformation, simplifying the modeling pipeline.

Gradient Boosting represents a highly effective and versatile approach for short-term photovoltaic
power forecasting. Its ability to iteratively improve predictions, capture complex nonlinear
relationships, and maintain high accuracy makes it one of the most powerful tools in modern data-

driven energy forecasting applications.

4.3 Support Vector Machines (SVM)

Support Vector Machines (SVM) are supervised learning algorithms widely used for both
classification and regression tasks. In the context of photovoltaic (PV) power forecasting, the
regression variant known as Support Vector Regression (SVR) is commonly employed due to its
strong predictive capabilities in handling nonlinear relationships between input variables and output

power [36].
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Figure 14: Conceptual representation of Support Vector Regression (SVR) with e-insensitive margin [37].

SVR is based on the principle of structural risk minimization, which aims to find a function that

approximates the target data with a predefined level of accuracy while maintaining model simplicity.
25



Chapter I: Generalities
By using kernel functions (such as linear, polynomial, or radial basis function), SVR can map input

data into higher-dimensional feature spaces where complex patterns become more easily separable.
This makes it particularly suitable for modeling the nonlinear and stochastic behavior of solar power
generation influenced by meteorological variables.

Advantages:
* Good performance with small datasets:

Unlike many data-driven models that require large volumes of data, SVVR can achieve high prediction
accuracy even with relatively limited datasets. This is particularly advantageous in photovoltaic
applications where historical data may be scarce or incomplete, especially for newly installed solar

plants.
* Strong generalization capability:

SVR is designed to minimize overfitting by controlling model complexity through regularization
parameters. This results in strong generalization performance when applied to unseen data, which is

essential for reliable short-term forecasting under varying weather conditions.
* Effective in high-dimensional spaces:

SVR performs well when dealing with datasets that include multiple input variables, such as
irradiance, temperature, humidity, and wind speed. The use of kernel functions allows the model to
handle high-dimensional feature spaces efficiently without a significant increase in computational

complexity.
* Robustness to noise:

One of the key features of SVR is the use of an g-insensitive loss function, which ignores errors
within a specified margin. This makes the model less sensitive to noise and measurement errors

commonly present in real-world photovoltaic data.
* Flexibility through kernel functions:

SVR offers flexibility by allowing the selection of different kernel functions to best fit the underlying
data distribution. The radial basis function (RBF) kernel, in particular, is widely used in PV

forecasting due to its ability to model highly nonlinear relationships.
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* Convex optimization problem:

The training of SVR involves solving a convex optimization problem, which guarantees a unique
global optimum solution. This is a significant advantage compared to some neural network models

that may converge to local minima.
¢ Good balance between bias and variance:

Through proper tuning of hyperparameters (such as the regularization parameter CCC, kernel
parameters, and €), SVR achieves an effective trade-off between underfitting and overfitting, leading

to stable and accurate predictions.
* Applicability to nonlinear PV behavior:

Given the nonlinear dependence of PV output on environmental factors, SVR is particularly well-

suited for capturing these relationships without requiring explicit physical modeling.

Support Vector Regression represents a reliable and efficient approach for short-term photovoltaic
power forecasting. Its ability to generalize well, handle nonlinearities, and perform effectively with
limited and noisy data makes it a valuable tool in the development of accurate and robust forecasting

models.

4.4 Strengths of Machine Learning Approaches

Machine Learning (ML) models have emerged as powerful tools for photovoltaic (PV) power
forecasting due to their ability to learn complex patterns directly from data without requiring explicit
physical formulations. Unlike traditional approaches, ML techniques are particularly well-suited to
handle the stochastic and nonlinear nature of solar energy production. Several key advantages make

these models highly effective for short-term PV forecasting:
* Robustness:

Machine Learning models are inherently robust when dealing with real-world data, which is often
noisy, incomplete, or affected by measurement errors. In photovoltaic systems, sensor inaccuracies,
missing values, and sudden weather changes can degrade data quality. ML algorithms, especially

ensemble methods such as Random Forests, are capable of mitigating these issues by averaging
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multiple decision paths or learning generalized patterns from imperfect datasets. This robustness

enhances the reliability of forecasting results under practical operating conditions.

* Nonlinear modeling:

One of the most significant strengths of Machine Learning lies in its ability to capture complex and
nonlinear relationships between input variables and PV power output. Photovoltaic generation
depends on multiple interdependent factors, such as solar irradiance, temperature, humidity, and
cloud dynamics, whose interactions are highly nonlinear. Traditional linear models often fail to
represent these interactions accurately, whereas ML techniques—such as Support VVector Regression,
Artificial Neural Networks, and Long Short-Term Memory (LSTM) networks—can model these

intricate dependencies with high precision.

* Adaptability:

Machine Learning models are adaptive by design, meaning they can be continuously updated and
retrained as new data become available. This is particularly important in photovoltaic forecasting,
where environmental conditions vary over time due to seasonal changes, climate variability, and
system aging. By incorporating recent data, ML models can improve their predictive performance

and remain relevant over time, making them suitable for dynamic and evolving energy systems.

* Interpretability:

Although some Machine Learning models are often considered “black boxes,” certain techniques
provide valuable insights into the relative importance of input features. For instance, ensemble
methods like Random Forests allow the extraction of feature importance scores, indicating how much
each variable (e.g., irradiance, temperature, wind speed) contributes to the prediction. This
interpretability is crucial for understanding the underlying factors influencing PV production and for

validating the consistency of the model with physical principles.

These characteristics collectively make Machine Learning a highly effective approach for
photovoltaic power forecasting. By leveraging robustness, nonlinear modeling capability,
adaptability, and interpretability, ML models significantly enhance the accuracy and reliability of
short-term PV production predictions. As a result, they play a key role in facilitating the integration

of solar energy into modern power systems and supporting efficient energy management strategies.
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5. Conclusion

This chapter has established a solid theoretical and methodological foundation for the study of
photovoltaic (PV) power systems and their integration into modern energy networks. It first
examined the fundamental principles of photovoltaic energy conversion, highlighting the
photovoltaic effect and the role of semiconductor p—n junctions in transforming solar radiation into
electrical energy. This provided a clear link between the physical behavior of PV cells and their

electrical output.

Key parameters influencing PV performance—such as solar irradiance, temperature, efficiency, and
instantaneous power—were then analyzed. Their strong interdependence and impact on system
behavior under real operating conditions were emphasized. The analysis of current-voltage (I-V)
characteristics further demonstrated the nonlinear and variable nature of PV systems, particularly
under changing environmental conditions such as irradiance fluctuations, temperature variations, and

partial shading.

The chapter also highlighted the critical importance of solar power forecasting for ensuring grid
stability and efficient energy management. Different forecasting horizons and methodologies were
presented, with a focus on the limitations of traditional approaches when dealing with complex and
stochastic PV behavior. In this context, Machine Learning techniques were introduced as powerful

and flexible tools capable of capturing nonlinear relationships and improving prediction accuracy.

Overall, this chapter bridges the gap between physical understanding and data-driven modeling,
providing the essential framework for developing reliable forecasting models. The next chapter will
build upon this foundation by reviewing the state of the art in photovoltaic power forecasting and

recent  advances in Artificial Intelligence  applications  within this  field.
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1. Introduction

The increasing integration of photovoltaic (PV) systems into modern energy networks has made
accurate short-term power forecasting an essential challenge. Since PV production depends strongly
on changing weather conditions such as solar irradiance, temperature, and cloud cover, reliable
prediction methods are required to improve grid stability, energy management, and renewable energy

integration.

In recent years, Artificial Intelligence (Al), Machine Learning (ML), and Deep Learning (DL)
techniques have become powerful tools for PV forecasting due to their ability to model complex

nonlinear relationships between meteorological variables and power output.

This chapter presents a bibliographic review of recent studies on short-term photovoltaic power
forecasting. It examines different approaches based on Machine Learning, Deep Learning, ensemble,
and hybrid models, highlighting their methodologies, performance, advantages, and limitations. This

review provides the scientific basis for selecting the models used in this thesis.

2. Previous Studies on Short-Term Prediction of the Photovoltaic
Production of a Solar Farm Using Artificial Intelligence, Machine

Learning and Deep Learning

Various data-driven approaches have been developed in the literature to improve the short-term
prediction of photovoltaic power production. Traditional statistical and time-series methods have
been widely used for short-term solar power forecasting. These models are generally simple to
construct and convenient to implement. However, it is worth noticing that traditional methods can
reach satisfying performance only when photovoltaic production follows regular daily patterns. When
the PV production series becomes irregular due to clouds, sudden irradiance variation, temperature

changes, or atmospheric instability, the forecast error usually increases. Therefore, many researchers
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have proposed Artificial Intelligence, Machine Learning, Deep Learning, ensemble learning, and

hybrid models to improve forecasting accuracy.

On the other hand, several studies have investigated photovoltaic power prediction using
Machine Learning and Deep Learning techniques. These methods are able to learn nonlinear
relationships between meteorological variables and PV output without requiring an explicit physical
model of the solar farm. In most studies, the input variables include solar irradiance, temperature,
wind speed, humidity, module temperature, historical PV power, and time-related features. The
output variable is generally the predicted photovoltaic power production for a short-term horizon
such as minutes ahead, one hour ahead, or one day ahead.

For instance, Radhi et al.[38] conducted a study to design a short-term photovoltaic power forecasting
model using actual operational data collected from a PV experimental prototype. They used several
Machine Learning techniques because PV power prediction is essential for the stability, quality, and
management of hybrid power grids. The authors trained the models using real operational PV data
influenced by weather conditions. They obtained results showing that Machine Learning approaches
can effectively predict photovoltaic output and improve the management of PV-based energy
systems. The study concluded that data-driven models are suitable for short-term PV forecasting

when measured operational data are available.
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Figure 15: The methodology of training stages/38].

In another study, Wang et al.[39] carried out a study on short-term photovoltaic power forecasting
based on a K-means clustering and ensemble learning method. They used K-means clustering to
group similar photovoltaic production patterns and applied ensemble learning with a feature rise-
dimensional approach to improve the learning ability of the model. They obtained improved
prediction performance by combining clustering and ensemble learning. The study concluded that
separating operating conditions before training the forecasting model can improve the accuracy and

robustness of short-term PV power prediction.
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Figure 16: The flowchart of the PV power forecasting [39].

In [40], Xiang et al. conducted a study to improve short-term photovoltaic power forecasting under
uncertain weather conditions and nonlinear high-dimensional data. They used a hybrid model
combining Temporal Convolutional Network, Efficient Channel Attention Network, and Gated
Recurrent Unit, known as TCN-ECANet-GRU. The model was applied to generated data from an
Australian photovoltaic power station. They obtained results showing that the proposed hybrid model
improved prediction accuracy compared with traditional regression and time-series forecasting
methods. The authors concluded that combining temporal feature extraction, attention mechanisms,

and recurrent learning is effective for short-term PV power prediction.

Furthermore, Trong et al.[41] conducted a study to improve short-term PV power forecasting using a
hybrid deep learning model and Variational Mode Decomposition. They used Variational Mode
Decomposition in the preprocessing stage to reduce the complexity and fluctuation of the PV power
series. Then, they combined a Transformer Neural Network with a Convolutional Neural Network for
prediction. They obtained improved forecasting performance using two real-world datasets and
compared the proposed model with five benchmark models. The study concluded that the
combination of signal decomposition and hybrid deep learning can significantly enhance short-term

photovoltaic forecasting accuracy.
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Also, Ibrahim et al.[42] proposed a hybrid model based on Convolutional Neural Networks and Long

Short-Term Memory autoencoder for short-term PV power generation forecasting. They used CNN
layers to extract important features and LSTM autoencoder layers to capture temporal dependencies
in the PV production sequence. The objective was to improve forecasting performance for grid
operation and energy storage management. They obtained results showing that combining CNN and
LSTM autoencoder structures can improve the prediction of PV power generation. The authors
concluded that hybrid deep learning architectures are effective because they can capture both spatial
and temporal patterns in photovoltaic data.
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Figure 17:Architecture of the CNN-LSTM hybrid model for solar photovoltaic power forecasting/42].

On the other hand, Dimitropoulos et al.[43] conducted a comparative study of Artificial Intelligence-
based models for short-term photovoltaic power forecasting in energy cooperatives. They used
Machine Learning and Deep Learning algorithms to predict the production of a solar plant. The
authors considered three different input-data cases and included lagged variables to evaluate the
influence of historical PV production on one-hour-ahead forecasting. They obtained comparative
results showing that the selection of input variables and the use of lagged historical data strongly
influence forecasting accuracy. The study concluded that Al-based models are useful for short-term

PV prediction, especially when historical production data are properly included.
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Moreover, Nguyen et al.[44] conducted a study to develop a novel solar power forecasting method

based on a hybrid stacking ensemble. They used XGBoost, LightGBM, and Random Forest as base
learners, while the L-BFGS-B optimization algorithm was used to determine the optimal weights of
the ensemble model. The model was trained and tested using real-world data from a 49.5 MW solar
power plant in Vietnam. They obtained results showing that the proposed ensemble model
outperformed individual learners and deep learning baselines in terms of both accuracy and training
time. The authors concluded that optimized ensemble learning is an effective method for solar power

forecasting in large-scale photovoltaic plants.

Additionally, Sarmas et al.[45] abstracted a study on short-term photovoltaic power forecasting using
meta-learning and LSTM models independent of numerical weather prediction. They used four
different Long Short-Term Memory architectures as base models and applied a meta-learning method
to dynamically combine their forecasts. Their objective was to improve one-hour-ahead deterministic
PV forecasts without relying on numerical weather prediction. They obtained improved forecasting
performance by allowing the meta-model to learn under which conditions each LSTM model
performs best. The study concluded that meta-learning can improve the generalizability of short-term

PV forecasting models.

As well, Boujoudar et al.[46] conducted a study on photovoltaic power forecasting using Machine
Learning algorithms based on weather data in a semi-arid climate. They used CatBoost, LightGBM,
XGBoost, and Random Forest to predict PV power. They obtained results showing that Machine
Learning algorithms can improve the accuracy of PV power prediction, with LightGBM giving
strong performance. The authors concluded that modern tree-based ensemble models are effective for
photovoltaic forecasting because they can capture nonlinear relationships between weather variables
and PV output.

Besides, Ma et al.[47] conducted a study to improve ultra-short-term photovoltaic power forecasting
using multimodal data and ensemble learning. They used six independent models: Random Forest,
XGBoost, CatBoost, LightGBM, LSTM, and GRU. Then, a fused model was developed using a
stacking ensemble strategy. They obtained results showing that the ensemble model improved
prediction capability compared with individual models. The study concluded that integrating
multimodal data with ensemble learning can enhance ultra-short-term photovoltaic forecasting by

combining the strengths of Machine Learning and Deep Learning models.
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Over and above that, Akhter et al.[48] conducted a study on hour-ahead photovoltaic power
forecasting using an RNN-LSTM model for three different photovoltaic plants. They used data from
polycrystalline, monocrystalline, and thin-film PV technologies over a four-year period. The input
variables included wind speed, module temperature, ambient temperature, and solar irradiation, while
the output variable was PV power. They compared the proposed RNN-LSTM model with several
approaches, including regression, Machine Learning, and hybrid methods. They obtained better
prediction accuracy using RNN-LSTM according to RMSE, MSE, correlation coefficient, and R2.
The study concluded that RNN-LSTM is robust and effective for hour-ahead PV power forecasting

across different PV technologies.
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Figure 18: An overall methodology flow chart [48].
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Beyond that, Li et al.[49] conducted a study on a hybrid deep learning model for short-term
photovoltaic power forecasting. They used Wavelet Packet Decomposition to decompose the original
PV power series into sub-series and Long Short-Term Memory networks to predict future values. The
objective was to handle the intermittent and random behavior of PV power generation. They obtained
improved forecasting accuracy by combining signal decomposition with LSTM learning. The study
concluded that hybrid decomposition and deep learning models are effective for short-term PV power
forecasting.

Along those lines, Agga et al.[50] conducted a study to forecast short-term power production of a
self-consumption photovoltaic plant. They proposed two hybrid deep learning models, CNN-LSTM
and ConvLSTM, and compared them with a basic LSTM model. They used convolutional layers to
extract features and recurrent layers to learn temporal dependencies. They obtained results showing
that hybrid models can improve the forecasting of PV plant power production. The authors concluded
that combining convolutional feature extraction with recurrent time-series learning is suitable for

short-term photovoltaic production prediction.

In parallel, Al-Ali et al.[51] abstracted a study on solar energy production forecasting using a hybrid
deep learning approach. They used a combination of Convolutional Neural Network, Long Short-
Term Memory network, and Transformer architecture. They also applied clustering and feature
selection techniques to improve the representation of historical data. They obtained a hybrid CNN-
LSTM-Transformer model for solar energy forecasting. The authors concluded that combining deep
learning architectures with feature selection can improve solar production forecasting by learning

complex nonlinear and temporal relationships.
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Figure 19:An overall methodology flow chart [51].

In a similar vein, Gupta et al.[52] conducted a review study on photovoltaic power forecasting using
Machine Learning techniques. They reviewed Machine Learning, Deep Learning, mathematical
models, hybrid approaches, input variables, forecasting horizons, and preprocessing methods. They
obtained a general synthesis showing that Machine Learning techniques play an important role in
improving solar grid integration, real-time forecasting, and energy management. The authors
concluded that future research should focus on improving model robustness, preprocessing methods,
hybrid models, and the generalization of forecasting models across different photovoltaic systems.

As we can see from the reviewed studies, Machine Learning and Deep Learning methods have
become powerful tools for short-term photovoltaic power forecasting. Traditional methods are easy to
implement, but they are often insufficient when PV production becomes highly variable due to
unstable weather conditions. Machine Learning models such as Random Forest, XGBoost,

LightGBM, CatBoost, Support Vector Regression, and Gradient Boosting are effective for structured
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meteorological datasets. Deep Learning models such as ANN, RNN, CNN, GRU, LSTM, and

Transformer-based architectures are more suitable for time-series forecasting when large historical

datasets are available.

Furthermore, hybrid models generally provide better performance than standalone models. This
improvement is mainly due to their ability to combine preprocessing, feature extraction, temporal
learning, and ensemble decision-making. For example, decomposition methods such as Wavelet
Packet Decomposition and Variational Mode Decomposition help reduce noise and separate complex
PV power signals into simpler components. Similarly, ensemble models such as stacking and
optimized combinations of XGBoost, LightGBM, and Random Forest improve prediction accuracy

by combining the strengths of several algorithms.

However, several limitations still appear in previous studies. First, forecasting accuracy depends
strongly on data quality and the availability of reliable meteorological variables such as solar
irradiance and temperature. Second, missing values, noisy measurements, and irregular weather
conditions can reduce model performance. Third, some models perform well on one photovoltaic
plant but may not generalize well to another location with different climatic conditions. Fourth, Deep
Learning models often require large datasets and high computational resources. Finally, some high-
performing models lack interpretability, which makes it difficult to understand the influence of each

meteorological variable on photovoltaic production.

These limitations create opportunities for improvement in the present thesis. Therefore, this work
focuses on short-term prediction of the photovoltaic production of a solar farm using Artificial
Intelligence and Machine Learning. By comparing several models under the same dataset, applying
appropriate preprocessing techniques, and evaluating performance using standard metrics such as
MAE, RMSE, and R2, this study aims to identify the most accurate and reliable model for predicting
photovoltaic production.

3. Conclusion

This chapter reviewed recent research on short-term photovoltaic power forecasting using Aurtificial

Intelligence, Machine Learning, and Deep Learning techniques. The literature shows that modern ML

models such as Random Forest, XGBoost, LightGBM, and CatBoost, as well as DL models such as
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LSTM, CNN, and Transformer architectures, can significantly improve forecasting accuracy by

capturing nonlinear and temporal patterns in PV data.

However, several challenges remain, including data quality issues, weather uncertainty, model

generalization, computational requirements, and the limited interpretability of complex models.
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Chapter I11: Research Methodology

1. Introduction

This chapter presents the methodological framework adopted for the short-term prediction of
photovoltaic production of a solar farm using artificial intelligence and machine learning. The study
relies on meteorological and operational data to estimate the target variable Power PACE. The
methodology follows a data-driven regression approach in which the input variables are prepared, the
target variable is defined, several machine learning models are trained, and their predictive

performance is compared using standard evaluation metrics.

The general objective of this chapter is to explain the complete procedure followed before obtaining
the final results. It describes the input and output parameters, the preprocessing steps performed in
Python with Jupyter Notebook, the selected machine learning models, and the role of model
interpretation using SHAP analysis. The same general organization used in the reference structure is
maintained, while adapting the content to photovoltaic production forecasting rather than wind power
forecasting.

2. The input and the output parameters and their importance in predicting

photovoltaic production

The dataset used in this work is organized into two separated files: solar_train.xIsx for model training
and solar_test.xIsx for model testing. Each observation contains a timestamp, meteorological
measurements, and the corresponding photovoltaic production value. The first nine columns are used

as explanatory variables, while Power_PACE is used as the target output to be predicted.
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Figure 20: Input-output structure used for Power_PACE prediction.

Table 1: Description of the dataset parameters.

Parameter Role in the prediction problem

Date and time information used to extract
Timestamp temporal features such as year, month, day and

hour.

o Mean wind direction in degrees, which can
WindDir_Mean (deg) o _ .
indirectly reflect meteorological conditions.

WindSpd_Mean (km/h) Mean wind speed in km/h.

_ ) Minimum wind speed in km/h during the
WindSpd_Min (kmfh) observed period

_ Maximum wind speed in km/h during the
WindSpd_Max (km/h) observed period

T Mean (deg) Mean air temperature, a key factor that can
em ean (de
P : influence photovoltaic module efficiency.

RH_Mean (%) Mean relative humidity, which can be associated
ean (%
- with cloudiness and atmospheric attenuation.

Mean sea-level pressure, representing large-scale
MSLP_Mean (hPa) .
weather conditions.

Solar_Mean (W/m2) Mean solar irradiance, the most direct physical
olar_Mean (W/m
B driver of photovoltaic generation.

Target output representing the photovoltaic
Power_PACE _ )
production to be predicted.
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The use of meteorological variables is essential because photovoltaic production is strongly affected
by the variability of solar irradiation and atmospheric conditions [53]. Solar_Mean is particularly
important because it represents the available solar resource. Temperature also affects the electrical
efficiency of photovoltaic modules, while humidity, wind and pressure can capture weather changes

that influence the short-term behavior of production.

3. Data preprocessing and feature engineering

The preprocessing stage was implemented in Python using Jupyter Notebook. First, the Excel files
were loaded and the column names were cleaned to avoid errors caused by hidden spaces. The
Timestamp column was then converted into a datetime format. Instead of using the raw date-time
value directly, the timestamp was decomposed into Year, Month, Day and Hour. This transformation

allows the models to learn daily and seasonal patterns in the solar farm production [54].

Missing values were handled by replacing them with the mean value of the corresponding feature.
This step ensures that all models receive complete numerical input matrices. The original Timestamp
column was removed after extracting the temporal features. Finally, the data were split into X_train,

y_train, X_testand y_test, where X contains all explanatory variables and y contains Power PACE.

train_df = pd.read_excel('solar_train.xIsx")
test df = pd.read_excel("solar_test.xIsx")
train_df["Timestamp'] = pd.to_datetime(train_df['Timestamp'], errors="coerce")
for df in [train_df, test_df]:
df["Year'] = df[' Timestamp'].dt.year
df['Month'] = df[' Timestamp'].dt.month
df['Day’] = df[' Timestamp'].dt.day
df['Hour'] = df[' Timestamp'].dt.hour
X_train = train_df.drop(columns=['Power_PACE'])
y_train = train_df['Power_PACE']
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4. The selection of Machine Learning models

To predict Power_PACE, five regression models were selected: Linear Regression, Random Forest,
Gradient Boosting, XGBoost and CatBoost. These models were chosen because they represent
different learning strategies, from a simple linear baseline to advanced ensemble learning algorithms.
Their comparison makes it possible to evaluate whether the photovoltaic production behavior is better

represented by linear relationships or by nonlinear tree-based structures [55].

4.1 Random Forest
Random Forest (RF) is a supervised ensemble machine learning algorithm based on the construction
of a large number of decision trees. It was introduced by Leo Breiman in 2001 [56] and has become

one of the most popular algorithms for regression and classification tasks due to its robustness,

simplicity, and high predictive performance.

In a Random Forest regression model, each decision tree is trained using a random subset of the
available dataset through a technique known as bootstrap aggregation (bagging). Furthermore, at each
node of the tree, a random subset of input features is selected to determine the best split. This
randomization increases diversity among the individual trees and reduces the correlation between

them.

For regression problems, such as photovoltaic power forecasting, each decision tree generates an
independent numerical prediction of the PV output power. The final predicted value is obtained by
averaging the predictions of all trees in the forest. This averaging process significantly reduces the

variance of the model and minimizes the risk of overfitting compared with a single decision tree.

Random Forest is particularly suitable for short-term photovoltaic forecasting because it can
effectively model complex nonlinear relationships between meteorological variables—such as solar
irradiance, temperature, humidity, and wind speed—and the generated electrical power. It is also
resistant to noisy measurements and can estimate the relative importance of each input variable,

which helps identify the most influential factors affecting PV production.
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Figure 21: Random Forest Algorithm in Machine Learning [57].

4.2 Gradient Boosting

Gradient Boosting is an ensemble machine learning technique that combines several weak decision
tree models in a sequential manner to produce a highly accurate predictive model [58]. Unlike
Random Forest, where trees are constructed independently, Gradient Boosting creates trees one after

another, and each new tree attempts to correct the prediction errors produced by the previous trees.

The algorithm works by minimizing a predefined loss function using a gradient descent optimization
approach. At each iteration, a new decision tree is trained on the residual errors of the current model,

allowing the overall prediction accuracy to progressively improve.

In photovoltaic power forecasting, Gradient Boosting can capture highly nonlinear interactions
between environmental variables and power generation. It is particularly useful for modeling
complex relationships involving solar irradiance fluctuations, temperature variations, and temporal

patterns.

In this study, Gradient Boosting is used as a reference boosting technique and is compared with more
advanced algorithms such as XGBoost and CatBoost to evaluate whether optimized boosting

strategies provide additional improvements in forecasting accuracy.
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Figure 22: Gradient Boosting in machine learning [59].

4.3 XGBoost

XGBoost, short for Extreme Gradient Boosting, is an advanced implementation of the Gradient
Boosting algorithm developed to improve computational efficiency, scalability, and predictive
accuracy. It introduces several optimization techniques, including regularization methods, parallel

processing, efficient handling of missing data, and advanced tree-pruning strategies [60].

In contrast to traditional Gradient Boosting, XGBoost incorporates both L1 and L2 regularization
mechanisms, which reduce model complexity and prevent overfitting. It also uses an optimized

objective function that balances prediction accuracy and model simplicity.

Because photovoltaic power generation depends on multiple nonlinear and interacting variables, such
as solar irradiance, ambient temperature, humidity, and time-related parameters, XGBoost is
particularly suitable for this application. It can learn complex interactions between these variables

while maintaining high computational efficiency.
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In this work, XGBoost is applied to predict photovoltaic power output and its performance is

compared with other machine learning algorithms, including Random Forest, Gradient Boosting,

CatBoost, and Linear Regression.
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Figure 23: XGBoost Algorithm [61].

4.4 CatBoost

CatBoost is a modern gradient boosting algorithm developed by Yandex and designed to provide
high prediction performance with minimal data preprocessing. Although it was initially developed to
efficiently process categorical variables, CatBoost also demonstrates excellent performance in

numerical regression tasks [62].

The algorithm uses an ordered boosting strategy that reduces prediction bias and improves the
generalization capability of the model. It also includes advanced regularization techniques and
optimized gradient calculations, allowing it to achieve competitive accuracy while reducing the risk

of overfitting.

For photovoltaic power forecasting, CatBoost can effectively learn the nonlinear relationships
between meteorological variables and generated electrical power. In this study, CatBoost is employed
to predict PV power using variables such as solar irradiance, temperature, humidity, wind speed, and
temporal information. Its performance is compared with other algorithms, including Random Forest,

Gradient Boosting, XGBoost, and Linear Regression.
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4.5 Linear Regression

Linear Regression is one of the oldest and most fundamental statistical and machine learning
algorithms used for predicting a continuous output variable [64]. It establishes a mathematical

relationship between one dependent variable and one or several independent variables using a linear

equation.

In the context of photovoltaic power forecasting, Linear Regression attempts to estimate PV power

production as a linear combination of meteorological and temporal variables such as solar irradiance,

temperature, humidity, wind speed, and time indicators.

Although the relationship between environmental conditions and PV generation is often nonlinear,
Linear Regression remains an essential baseline model. It provides a simple and interpretable

reference that allows the performance improvements obtained by more advanced machine learning

models to be quantitatively evaluated.
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The simplicity, fast training time, and low computational cost of Linear Regression make it useful for

preliminary analysis and comparison purposes.
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Figure 25: Linear Regression model /65].
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5. Prediction framework
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Figure 26: Prediction framework of the proposed photovoltaic forecasting approach.

The proposed prediction framework begins with the collection and organization of the photovoltaic
dataset. The training and testing files are loaded separately, then the input features and the
Power_PACE target are defined. After preprocessing, the models are trained on the training data and
evaluated on the independent testing data. The final stage consists of comparing the models using

MAE, RMSE and R2, then interpreting the most important parameters using SHAP plots [66].
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6. Conclusion

This chapter presented the methodology followed to build the prediction system, including the
definition of input and output parameters, preprocessing operations and the selection of machine

learning models.

Several Machine Learning models, including Linear Regression, Random Forest, Gradient Boosting,
XGBoost, and CatBoost, were selected and integrated into a prediction framework involving model
training, performance evaluation using MAE, RMSE, and R?, and interpretation using SHAP

analysis.

The adopted methodology provides a structured approach for comparing the predictive capabilities of
different algorithms and identifying the most accurate model for short-term photovoltaic production

forecasting.
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Chapter 1V: Results and discussion

1. Introduction

This chapter presents the simulation results obtained from the five Machine Learning models
developed for short-term photovoltaic power forecasting: Linear Regression, Random Forest,
CatBoost, XGBoost, and Gradient Boosting. Following the methodology described in Chapter
I11, each model was trained on historical meteorological and production data collected from
the solar farm, and evaluated on a separate test set using standard regression metrics.

The chapter is structured as follows. The first section describes the implementation and
training process for each model. The second section provides a detailed analysis of the
prediction results, including a comparison of error metrics and an investigation of
meteorological variable influence through SHAP-based feature importance. The third section
discusses the strengths and weaknesses of the best-performing models and their robustness
under real-world conditions. The chapter concludes with a set of proposed improvements that

could further enhance forecasting accuracy.

2. Evaluation metrics (R%, MAE, RMSE)

The evaluation of the regression models was carried out by comparing the predicted values
with the real measured values of Power PACE. Three main metrics were used: Mean
Absolute Error (MAE), Root Mean Squared Error (RMSE) and the coefficient of
determination (R2). Lower values of MAE and RMSE indicate smaller prediction errors,
while a higher R2 score indicates that the model explains a larger part of the variability of the

target variable.
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Table 2: Evaluation metrics used for model comparison.

Full name Interpretation

Average absolute difference

MAE Mean Absolute Error between real and predicted
values. Lower is better.

Square root of the mean
squared prediction error. It

RMSE Root Mean Squared Error )
penalizes large errors more
strongly. Lower is better.
Proportion of target
R2 Coefficient of Determination | variability explained by the

model. Closer to 1 is better.

o R2 signifies the portion of variability in the target variable that can be anticipated
based on the independent variables.

_ Zizi(gi — 9)?
(g —40)?

« RMSE quantifies the disparity between predicted and actual values by considering the

R*=1

standard deviation of the error.

n
1
RMSE = =3 (= 90)?
t=1

e MAE measures the absolute difference between the predicted and actual values.

X1 ye — Pl
n

MAE =

where n represents the number of samples, y, denotes the actual value of the response

variable, and ¥, refers to the predicted value.
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3. Model Implementation

3.1 Program presentation and Dataset Description

The simulation was performed in Anaconda using Jupyter Notebook. The implementation
included the loading of solar_train.xIsx and solar_test.xIsx, preprocessing of the Timestamp
feature, training of five machine learning models, calculation of performance metrics, export
of the results to Excel, visualization of prediction distributions using violin plots, and

interpretation of feature effects using SHAP.

W Haddou_Ghalem_CODE.ipy X | +

B+XMDOMO» mC» Code v B [7Notebook # anaconda-2025.12-py312(0) =
[1]: # BTYaAEFE
# 0. Install libraries (run once if needed)
-

# Ipip install xgboost catboost openpyxl

#
# 1. Import libraries
#
import pandas as pd
import numpy as np

from sklearn.metrics import mean_absolute_error, mean_squared_error, r2_score
from sklearn.linear_model import LinearRegression
from sklearn.ensemble import RandomForestRegressor, GradientBoostingRegressor

from xgboost import XGBRegressor
from catboost import CatBoostRegressor

#
# 2. Load Excel files
#
train_df = pd.read_excel("solar_train.xlsx")
test_df = pd.read_excel("solar_test.xlsx")

# Clean column names
train_df.columns = train_df.columns.str.strip()
test_df.columns = test_df.columns.str.strip()

#

Figure 27: real picture of our program in this study.

The dataset used in this study consists of minute-level measurements recorded at the PACE
solar farm between July and August 2018. After preprocessing, the data were split into a
training set of 20,168 samples and a test set of 5,042 samples, maintaining the chronological
order of observations to avoid data leakage. The target variable is Power _PACE, expressed in

watts (W), representing the instantaneous photovoltaic power output.
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BB catboost_info
[ solar_train.xIsx
[ solar_test.xlsx
[ model_results.xlIsx
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correlation_matrix.png

Figure 28: real picture of our data.

The feature set comprises eight meteorological and temporal variables: wind direction
(WindDir_Mean), mean wind speed (WindSpd_Mean), minimum and maximum wind speed
(WindSpd_Min, WindSpd_Max), mean temperature (Temp_Mean), relative humidity
(RH_Mean), mean sea-level pressure (MSLP_Mean), and solar irradiance (Solar_Mean).

Timestamp features were additionally extracted to capture diurnal and seasonal patterns.

Figure 27 shows the distribution of individual features through violin plots.

Violin Plot - Timestamp
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Figure 29: the distribution of individual features through violin plots.
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3.2 Training and Testing of Machine Learning Models

All models were implemented in Python using the scikit-learn, XGBoost, and CatBoost
libraries. The implementation followed a consistent pipeline: data loading from the provided
Excel files (solar_train.xlsx and solar_test.xlsx), feature engineering from the Timestamp
column (extraction of hour, day, month, and year), training on the full training split, and
evaluation on the held-out test split.

Five models were trained and compared in this study:

« Linear Regression: a baseline linear model establishing a reference for comparison;
* Random Forest: an ensemble of decision trees trained with bootstrap aggregating;
» CatBoost: a gradient boosting algorithm with native handling of categorical features;

« XGBoost: an optimised implementation of gradient boosting with L1/L2

regularisation;

« Gradient Boosting: the standard scikit-learn implementation of stochastic gradient

boosting.

Training was performed with default hyperparameters in order to establish a fair baseline
comparison. Each model was fitted once on the training set and predictions were generated on
the test set. Evaluation was carried out using four standard regression metrics: MAE, RMSE,
and Rz,

4. Results Analysis

4.1 Influence of Meteorological Variables

A preliminary correlation analysis was performed on the training set to assess the
linear relationships between all input features and the target variable Power_PACE. Figure 29
presents the full correlation matrix, while Figure 4.4 shows the feature-only heatmap with

numerical annotations.
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Correlation Matrix Heatmap
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Figure 30:Full correlation matrix of training features and PV power output (Power_PACE).
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Figure 31: Correlation heatmap of meteorological features only (excluding the target variable).

Solar_Mean (solar irradiance, W/m2) holds the strongest positive linear correlation with
Power PACE, as expected from the fundamental physics of photovoltaic conversion.
Temp_Mean exhibits a secondary positive correlation due to the co-occurrence of high
temperatures and high irradiance during summer days. Wind speed variables show moderate
correlations, while RH_Mean and MSLP_Mean display weaker associations, acting as proxies

for atmospheric transparency.
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4.2 Error Metrics for Each Model
Table 3 summarises the quantitative performance of all five models on the test set, ranked by

descending Rz score.

Table 3: Comparative evaluation of five regression models on the PV test set (sorted by R2

score, descending).

Model MAE (W) RMSE (W) | MSE (W?) R2 Score
Linear Regression 4,855.75 5,953.04 35,438,734 0.9777
Random Forest 4,232.04 6,899.35 47,601,084 0.9701
CatBoost 5,362.85 7,562.97 57,198,493 0.9640
XGBoost 6,096.51 10,040.53 100,811,285 0.9366
Gradient Boosting 8,855.64 15,126.04 228,797,068 0.8561

Linear Regression achieves the highest R? (0.9777) with the lowest RMSE (5,953 W),
reflecting the dominant linear relationship between solar irradiance and power output in the
summer dataset. Random Forest ranks second with the lowest MAE across all models (4,232
W). CatBoost and XGBoost achieve intermediate performance, while Gradient Boosting

records the weakest results with an RMSE more than 2.5 times larger than Linear Regression.

4.3 Comparison of Model Performance — Charts

Figure 31 presents the R2 scores for all five models as a bar chart, clearly showing the ranking
from best to worst. Figures 4.6 and 4.7 compare the RMSE and MAE values through grouped

bar charts.
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Comparison of R? Scores of Models
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Figure 32: R2 score comparison across all five models (higher is better).
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Figure 33: Grouped bar chart comparing RMSE and MAE values for all models .
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R? Score Comparison
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Figure 34: R2 score comparison — final model evaluation.

4.4 Feature Importance SHAP Analysis

SHAP (SHapley Additive exPlanations) values were computed using TreeExplainer applied
to the trained model on the test set. The SHAP summary plot (Figure 34) ranks features by
their mean absolute SHAP contribution, with each dot representing one test sample coloured
by the corresponding feature value (red = high, blue = low). The bar chart (Figure 34)

aggregates these contributions into a global feature importance ranking.
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Figure 35: SHAP summary plot — feature contributions to individual predictions. Each point is one

test sample; colour indicates feature value magnitude.
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Figure 36: SHAP mean absolute feature importance bar chart — global ranking of predictor

variables.
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Solar_Mean emerges as the dominant predictor by a substantial margin, followed by
Temp_Mean and the hour-of-day temporal feature. Wind speed variables contribute modestly,
while RH_Mean, MSLP_Mean, wind direction, and pressure-related features show
comparatively small SHAP magnitudes. These findings are consistent with established

photovoltaic physics and validate the input feature selection.

5. Discussion

5.1 Strengths and Weaknesses of the Best-Performing Models Linear

Regression
The strong performance of Linear Regression reflects the quasi-linear relationship between
solar irradiance and power output during a clear-sky dominated summer period. Its principal
strengths are interpretability, computational efficiency, and robustness against overfitting due
to its low model complexity. However, this model is inherently unable to capture nonlinear
interactions that arise under partial clouding, rapid irradiance transients, or off-peak
conditions. It will likely underperform during autumn or winter months characterised by

lower and more variable irradiance levels.
Random Forest

Random Forest achieves competitive accuracy (second overall R? lowest MAE) while
naturally modelling nonlinear feature interactions through its ensemble averaging mechanism.
Its built-in feature importance mechanism provided interpretable insights into variable
contributions. The primary weakness is its relatively higher RMSE compared to Linear
Regression, indicating occasional larger errors on individual peak-production samples —
attributable to the sparse density of very high power values in the training set.

Gradient Boosting (standard)

The underperformance of standard Gradient Boosting relative to CatBoost and XGBoost can
be attributed to its sequential learning approach without the regularisation and parallelism
advantages of more advanced implementations. With default parameters, the model may
suffer from insufficient depth or suboptimal learning rate settings that prevent it from fully

capturing the complexity of the irradiance-power relationship.
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5.2 Limitations Related to Data, Weather Variability, and Seasonality

Several limitations must be acknowledged. First, the dataset covers only two summer months
(July and August 2018), constraining generalisability to other seasons. In Algeria, winter
months experience significantly lower solar elevation angles, reduced irradiance levels, and
more frequent cloud cover. A model trained exclusively on summer data will exhibit

substantially degraded accuracy when deployed in autumn or winter conditions.

Second, the minute-level temporal resolution introduces fine-grained variability difficult to
capture with standard regression models. Rapid irradiance fluctuations caused by cloud
passage events sometimes producing power drops of tens of thousands of watts within
seconds represent an inherently stochastic signal challenging to predict from meteorological

features alone.

Third, the absence of weather forecast inputs means all models operate in a nowcasting mode,
using measured rather than forecast meteorological values. In real deployment, future
meteorological values would need to be obtained from NWP models or local sensors,
introducing additional uncertainty. Finally, the single-site scope limits transferability to other

locations with different panel configurations, orientations, and local microclimates.

5.3 Robustness and Real-World Applicability

Despite these limitations, the results demonstrate that even simple Machine Learning models
achieve high predictive accuracy (R? > 0.97 for the top two models) when the dataset is
dominated by a strong linear driver such as solar irradiance. Random Forest stands out as the
most robust choice for real-world deployment: its lower MAE indicates fewer systematic
biases, its tolerance to noisy measurements suits operational environments, and its feature
importance output provides plant operators with actionable insights into which meteorological

conditions drive forecasting uncertainty.

Linear Regression, despite its top performance on this dataset, may not be the most
appropriate choice for year-round deployment due to its inability to adapt to nonlinear
seasonal dynamics. A practical recommendation is to use Linear Regression as a benchmark

and deploy Random Forest or a well-tuned CatBoost model for production forecasting.
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6. Conclusion

This chapter presented a comprehensive simulation and analysis of five Machine Learning
models applied to short-term photovoltaic power forecasting at the PACE solar farm. The
models were trained on 20,168 minute-level observations and evaluated on 5,042 test samples
using MAE, RMSE, and R? metrics.

Linear Regression achieved the highest R? (0.9777) and lowest RMSE (5,953 W), reflecting
the dominant linear irradiance-power relationship in the summer dataset. Random Forest
ranked second with the lowest MAE (4,232 W), demonstrating its robustness and averaging
advantages. CatBoost and XGBoost achieved intermediate performance, while standard
Gradient Boosting lagged significantly. SHAP analysis confirmed Solar_Mean as the primary

predictor, followed by ambient temperature and hour of day.

The identified limitations — seasonal restriction of training data, absence of forecast inputs,
and minute-level stochastic noise from cloud events — define clear directions for future
improvement. Proposed enhancements include NWP forecast integration, satellite or sky-
camera cloud data, and stacking ensemble or hybrid physical-statistical architectures.
Together, these improvements would move the system from a retrospective validation tool
toward a fully operational short-term forecasting platform for real-world grid management in

the Algerian context.
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General Conclusion

The increasing integration of photovoltaic energy into modern power systems has created a
growing need for accurate and reliable forecasting methods. Due to the intermittent nature of
solar energy and its strong dependence on meteorological conditions, predicting photovoltaic
production remains a challenging task. In this context, Artificial Intelligence (Al) and
Machine Learning (ML) techniques offer powerful solutions capable of modeling the complex

relationships between environmental variables and photovoltaic power output.

The objective of this thesis was to develop and compare different Machine Learning models
for the short-term prediction of photovoltaic production using meteorological and temporal
data. A complete data-driven prediction framework was developed, including data
preprocessing, feature extraction from timestamps, training and testing of prediction models,

and performance evaluation using statistical indicators such as MAE, RMSE, and R2.

Five regression algorithms were investigated: Linear Regression, Random Forest, Gradient
Boosting, XGBoost, and CatBoost. The obtained results demonstrated that ensemble tree-
based models provide superior performance compared with traditional linear approaches due
to their ability to capture nonlinear interactions between solar irradiance, temperature,
humidity, wind conditions, and temporal factors. Among the tested models, XGBoost
achieved the best overall performance with the highest coefficient of determination
(R?=0.977592), while Random Forest also showed highly competitive results with the lowest
MAE value.

Furthermore, SHAP analysis was employed to interpret the behavior of the developed models
and identify the contribution of each input variable to the final prediction. The interpretation
confirmed that solar irradiance, temperature, and temporal features were among the most
influential parameters affecting photovoltaic production, which is consistent with the physical
behavior of PV systems.

Overall, the results obtained in this study confirm that Artificial Intelligence and Machine
Learning represent effective and reliable approaches for short-term photovoltaic power
forecasting. The developed framework can contribute to improved energy management, better
integration of renewable energy sources, and enhanced stability of modern electrical

networks.
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Perspective

As future perspectives, this work can be extended by incorporating larger historical datasets,
additional meteorological information, hyperparameter optimization techniques, advanced
Deep Learning architectures, and hybrid forecasting models to further improve prediction

accuracy and robustness.
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