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ABSTRACT

The purpose of this project is to analyze the public information available in ESIOS related
to renewable power generation. We will study the series of wind, solar and hydroelectric
production using machine learning techniques. The characteristics of each variable will be
analyzed individually and jointly, taking in consideration of the temporal and spatial
dimensions. To this end, we automate the collection of all the information needed for the
study in an internal warehouse specifically designed to facilitate analysis.

Keywords: Renewable energy, Solar energy, Wind energy, Hydro energy

1. Introduction

This research project is motivated by the global imperative to transition towards
renewable energy and the limited progress of renewable energy projects in Korea.
Inspired by Spain's success in renewable energy, the study aims to understand and learn
from their advancements. By analyzing the dynamics of solar and wind energy in Spain,
the research seeks to gain valuable insights applicable to renewable energy development
in Korea.

DATA WAREHOUSE
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Illustration 1 — Main components of the system

2. Data Ingestion

ESIOS serves as a valuable resource for accessing reliable and up-to-date information
on solar, wind, and hydro power generation in Spain for this study (Illustration 1).
Through web scraping, we efficiently collect large volumes of data from ESIOS,
enabling us to explore spatial and temporal correlations among renewable energy
sources. This automated approach saves time and effort compared to manual data
collection, allowing for comprehensive analysis of historical data and the identification
of significant trends in renewable energy generation across Spain.
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4. Photovoltaic and Solar Thermal generation
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Illustration 4 — Solar PV Bi-plot with PC2 and PC3

The Principal Component Analysis (PCA) exposes useful information about the dynamics.
For example, the second and third principal components reveals north-south and east-west
differences in solar radiation across provinces in Spain. The bi-plot of these components
provides a spatial representation of solar power generation, showcasing a rotated Spanish
map that highlights regional variations and patterns (Illustration 4). This visualization aids
in understanding the geographical distribution of solar energy generation and identifying

clusters of provinces with similar solar profiles.



5. Wind energy generation

Illustration 5 — Wind Bi-plot with PC2 and PC3

PCA of wind energy generation reveals valuable insights into regional dynamics and
variations. The first principal component (PC1) highlights the significant contributions of
Valencia and Castilla-La Mancha to the overall trend of wind power generation, while
Andalusia and Extremadura have relatively lesser influence. The second principal
component (PC2) indicates regional variations within the northern provinces, with an
emphasis on the eastern and western divisions. PC3 reflects the north-south disparities in
wind energy generation, with Andalusia playing a prominent role in the south. PC4
underscores the significance of coastal regions in wind energy production, while PC5
highlights the relevance of Extremadura and Cantabria. The bi-plot of PC2 and PC3
(I1lustration 5) reveals a symmetrical pattern across the Spanish map, suggesting shared wind

energy characteristics among provinces such as Galicia, Aragon, and Andalusia.



6. Photovoltaic with Wind energy generation

Scatter plot of Wind and PV for year 2022
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Illustration 6 — Scatter plot of Wind and PV for year 2022

Ilustration 6 presents a scatter plot showing the negative correlation between solar radiation
at 13:00 and the mean of wind energy at 12, 13, and 14. The correlation coefficient of -0.44
indicates a moderate negative relationship between the two variables, suggesting that as solar
radiation increases, wind energy tends to decrease, and vice versa. This finding suggests the
presence of cloud cover as a potential factor influencing this relationship. Additionally, the
dendrogram analysis confirms the independent properties of solar and wind energy

generation, supporting earlier observations based on correlation coefficients.

7. Conclusions and Future Work

In this study, the patterns and dynamics of solar and wind power generation were
comprehensively analysed, finally excluding the hydro energy analysis due to the strong
management to which this generation technology is subjected thanks to the existence of a
high number of dams in Spain. The study identified clear patterns of solar intensity, time
variations, and regional differences in solar power generation. Similarly, significant regional
and temporal changes were observed in wind power generation, providing insight into the
temporal progression and regional characteristics of wind power generation. This study
highlights the need for future research exploring the complexity and synergies of
hydroelectric energy with solar and wind energy to enhance understanding of renewable

energy landscapes and promote the development of sustainable energy strategies.
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Chapter 1. INTRODUCTION
1.1 MOTIVATION OF THE PROJECT

The motivation behind this project stems from the increasing global interest in renewable
energy sources as a sustainable solution to mitigate climate change and meet the growing
energy demands of modern society. Amidst this global movement, the limited progress of
renewable energy projects in Korea has sparked a personal interest in exploring successful
renewable energy models from other countries. In particular, Spain has emerged as a
frontrunner in the field of renewable energy with significant investments and remarkable

performance.

From a personal standpoint, the observation of Spain's advancements in renewable energy
has fueled a strong curiosity to delve deeper into the country's renewable energy landscape.
By studying and analyzing the dynamics of solar and wind energy in Spain, this research
aims to gain valuable insights that can be applied in the context of renewable energy
development in Korea. By identifying successful practices, challenges, and potential
solutions, this study aspires to contribute to the wider growth and progress of the renewable

energy industry.

In summary, this research project is driven by the global imperative to transition towards
renewable energy and the personal aspiration to learn from successful renewable energy
models like Spain. By exploring the dynamics of renewable energy in Spain and their
potential applicability in Korea, this study aims to contribute to the wider renewable energy

discourse and support the development of sustainable energy solutions.

1.2 OBJECTIVE OF THE PROJECT

The objective of this study is to comprehensively examine the patterns and interrelationships
among solar, wind, and hydro energy generation in Spain. Through a meticulous analysis of

diverse datasets encompassing solar photovoltaic (PV), solar thermal, wind, and hydro
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power, our primary aim is to discern the intricate temporal and spatial dynamics of renewable
energy generation. Our research specifically focuses on elucidating the fluctuations in
energy production across various timeframes, including daily and seasonal patterns, while
also delineating the geographical distribution of renewable energy sources across distinct

regions within Spain.

Also, this study necessitates the automation of data collection and integration processes,
enabling the seamless ingestion of all relevant study information into a dedicated internal
data warehouse. This purpose-built repository has been specifically designed to streamline
and facilitate the analysis of the collected data, ensuring efficient access, organization, and
retrieval of information for subsequent analysis. By employing automated data management
techniques, we aim to enhance the effectiveness and efficiency of our research, enabling
comprehensive and insightful analysis of the solar, wind, and hydro energy generation data

in Spain.

1.3 RESOURCES OF THE PROJECT

The project was conducted using Python programming language in Jupyter Notebook,
utilizing the Visual Studio Code (VS Code) development environment. Python, a widely-
used language in data analysis and scientific computing, provided a robust foundation for
the implementation of various analytical techniques and statistical models. The Jupyter
Notebook environment facilitated an interactive and collaborative workflow, allowing for
seamless integration of code, visualizations, and explanatory text. Additionally, the Visual
Studio Code platform offered a comprehensive set of features, including code editing,
debugging, and version control, enhancing the efficiency and effectiveness of the project.
The combination of Python, Jupyter Notebook, and Visual Studio Code provided a powerful
and user-friendly toolkit for data exploration, analysis, and visualization in this

research endeavor.
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Chapter 2. DATA INGESTION

2.1 DATA SOURCE

ESIOS (System Operator's Information System), developed by Red Eléctrica (www.ree.es),
serves as a comprehensive platform designed to manage and provide information related to
the electricity market in Spain. It plays a vital role in handling tasks such as information
management and process coordination specifically related to the electricity market
operations. ESIOS gathers, manages, and provides real-time data on energy production,
consumption, and market prices, making it a crucial tool for ensuring the efficient operation
and optimization of the energy market. This platform enables stakeholders to monitor and
analyze key indicators and trends, facilitating informed decision-making in the energy

sector.

For this study, ESIOS serves as an invaluable resource for accessing reliable and up-to-date
information on solar, wind, and hydro power generation in Spain. By utilizing the data
provided by ESIOS, we can investigate the spatial and temporal correlations between these
renewable energy sources, gaining a better understanding of their interconnectedness and

potential for combined utilization.
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The following data sets were utilized:

Table 1. Data sets of ESIOS

SOLAR PV | SOLAR THERMAL | WIND HYDRO
Installed capacity generation O O O O
Measured generation O o o O
Operating Hourly Program P48 O O O O

According to ESIOS, data sets are defined as the following ways:

e Installed capacity is defined as the maximum active power that an installation

can reach.

e Generation measures depending on the production type used.

e Energy corresponding to the operative program that each SO establishes in each

period till the end of the daily scheduling horizon (ESIOS, n.d.)
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2.2 DATA STORAGE

To gather the necessary data for our research, we employed a technique called web scraping.
Web scraping involves automating the extraction of data from websites by parsing the
HTML code underlying web pages. This methodology enables us to collect large volumes
of data efficiently and systematically, saving considerable time and effort compared to

manual data collection.

Web scraping simplifies the data collection process by providing efficient access to historical
data from ESIOS and facilitates the collection of data on a larger scale, enabling us to explore
comprehensive spatial and temporal trends in renewable energy generation across Spain. By
automating the data collection process, we can gather a significant amount of historical data,
which enhances the robustness and depth of our analysis. Also this approach allows us to
focus on analyzing the data rather than spending excessive time on manual data gathering.

solar_pv_measured_hour_geo = data_funtions.data_hour_geo(1161, '01-01-2014T00%3A00", '28-
02-2023T23%3A55"', "hour', "peninsular',list_geo.geo_ids_sm)

solar_pv_measured_hour_geo.to_csv('D:/master/TrabajoFindeMaster/TFM/save_data/solar/sola
r_measured_hour_allgeo.csv', index=False)

The code snippet provided demonstrates how we used web scraping to download the data.
We called a function, which we specifically designed for web scraping, to retrieve
information on measured solar power generation at an hourly resolution across different
geographical locations. The function accepts parameters such as the specific dataset
identifier, the start and end dates for the data collection period, the time resolution,

geographical scope, and a list of geographic identifiers.

A tailored approach was employed by utilizing different Python functions based on the type
of data, enabling the effective handling and analysis of the data at various temporal
resolutions, including minutes, hours, days, and months. By employing these distinct Python
functions, specifically designed for each data type, accuracy, and efficiency in the research

were ensured, allowing for the effective handling and analysis of the collected data. This

10
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approach enhanced the ability to explore comprehensive spatial and temporal trends in

renewable energy generation across Spain, providing valuable insights for the analysis.

Once the data was extracted using web scraping techniques, we saved it as a CSV file for
further analysis. The collected data were then transformed into a structured format suitable

for subsequent analysis.

During the data downloading process, the acquired dataset was categorized into specialized
groups within a designated folder. Within the 'save data' directory, distinct subfolders were
established to systematically organize the data into 'solar', 'hydro', and 'wind' categories. By
implementing this systematic classification approach, the data organization was enhanced,
and the subsequent analysis process was streamlined. This meticulous organization not only
ensures efficient data management but also provides a foundation for comprehensive

investigation and insightful observations in our research.
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Chapter 3. EXPLORATORY DATA ANALYSIS AND
DATA NORMALIZATION

The dataset used in this study consists of comprehensive solar, wind, and hydroelectric data
from various provinces. Data serves as a valuable resource for investigating and
understanding the dynamics of energy production across different regions. It aims to
leverage this dataset to contribute to existing knowledge bases in the field of renewable

energy and to provide insight into the temporal and regional patterns of energy generation.

3.1 DATA OVERVIEW

In the context of energy analysis, the choice between measured data and P48 data depends

on the specific research objectives and the level of accuracy required.

Measured data refers to actual observations of energy generation obtained from on-site
sensors or monitoring systems. It provides precise information about the real-time
performance of energy installations. Measured data is generally preferred when the analysis
requires accurate and reliable data for studying the actual energy generation patterns,
assessing system performance, or validating models. On the other hand, P48 data provides
insights into the expected energy generation based on forecasted weather conditions. It is
commonly used for short-term or long-term energy forecasting, energy management, and

system planning.

We focus is on understanding the actual performance of energy installations or evaluating
system efficiency, measured data are preferred. To evaluate the appropriateness of each
dataset, we conducted a comparative analysis by plotting the solar data per hour, comparing

the P48 data against the measured data.

12



UNIVERSIDAD PONTIFICIA COMILLAS

ESCUELA TECNICA SUPERIOR DE INGENIER{A (ICAI)
C O M I I_ I_ A S MASTER’S DEGREE IN BIG DATA TECHNOLOGIES AND ADVANCED ANALYTICS

UNIVERSIDAD PONTIFICIA
[ icar icape | EXPLORATORY DATA ANALYSIS AND DATA NORMALIZATION

Solar data por hour - Measured vs P48

Figure 1. Scatter plot with Measured and P48 for Solar gemeration

As depicted in Figure 1, a scatter plot was generated, with the P48 data represented on the
x-axis and the measured data represented on the y-axis. Notably, a clear strong linear
relationship is observed between the two datasets. This finding suggests that the measured

data aligns closely with the P48 data, indicating its reliability and accuracy.

Based on this analysis, we have determined that utilizing the measured data is more
appropriate for our study, not requiring data cleansing due to the high correlation with P48.
The measured data provides a more accurate representation of the actual solar energy
generation, ensuring the reliability of our findings and enhancing the credibility of our

research outcomes. Therefore, the data sets used in the analysis are as follows.

e INSTALLED CAPACITY GENERATION SOLAR PV (MW): Data is available
since 2015-01-01, and the units available for download are year and month, which
are divided by community.

e MEASURED GENERATION SOLAR PV (MWh): Data is available since 2014-01-
01, and the units available for download are year, month, day and hour, which are
divided by city.

e MEASURED GENERATION SOLAR THERMAL (MW): Data is available since
2015-01-01, and the units available for download are year and month, which are

divided by community.
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e MEASURED GENERATION SOLAR THERMAL (MWh): Data is available since
2014-01-01, and the units available for download are year, month, day and hour,
which are divided by province.

e INSTALLED CAPACITY GENERATION WIND (MW): Data is available since
2015-01-01, and the units available for download are year and month, which are
divided by community.

e MEASURED GENERATION WIND (MWh): Data is available since 2014-01-01,
and the units available for download are year, month, day and hour, which are divided
by province.

e INSTALLED CAPACITY CONVENTIONAL GENERATION HYDRO UGH
(MW): Data has been available since 2015-01-01, and the units available for
download are year, month, day and hour, which are divided by province.

e MEASURED HYDRO UGH GENERATION (MWh): Data has been available since
2014-01-01, and the units available for download are year, month, day and hour,
which are divided by province.

e INSTALLED CAPACITY GENERATION HYDRO (MW): Data has been available
since 2015-01-01, and the units available for download are year, month, day and hour,
which are divided by province.

e MEASURED HYDRO NON UGH GENERATION (MWh): Data has been available
since 2014-01-01, and the units available for download are year, month, day and hour,

which are divided by province.

Prior to the detailed analysis, a quick review of the seasonal behavior of each measured

energy can provide a useful view of the variables.
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Figure 2. Box-plot of Solar PV

Figure 2 shows that box-plots are ideal for interpreting the seasonal daily patterns of Solar

PV energy. During the year, energy production is high in summer, and among them, energy
production is the highest during the central hours of the day.
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Figure 3. Box-plot of Solar Thermal

Solar Thermal energy exhibits a similar pattern of energy production (see Figure 3).
However, it is noteworthy that there are a higher number of outliers compared to solar PV

energy sources. Despite this variability, the data clearly demonstrate the characteristic of
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decreased energy production during the winter season. This decline during winter can be

attributed to factors such as reduced sunlight exposure and lower ambient temperatures,

-

= Ao

—

Concerning wind energy, Figure 4 shows that wind energy generation exhibits a generally

which adversely affect the efficiency of solar thermal systems.
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Figure 4. Box-plot of Wind
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constant profile, but with slight hourly temporal variations. During nighttime hours,
temperature differentials between land and sea can create favorable conditions for increased
wind flow. The cooling of land surfaces leads to the formation of land breezes, which can
enhance the overall wind speed. This phenomenon contributes to the slight time-varying
nature of wind energy production, with higher output observed during specific times,

especially in the summer months.
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Figure 5. Box-plot of Hydro UGH

The distinctive profile observed in hydroelectric generation, characterized by two prominent
peaks in the morning and afternoon, is not solely determined by the availability of water
resources. Instead, it reflects a deliberate decision to ramp up electricity production during
these specific time periods when the energy market offers more favorable pricing conditions.
By adjusting the release of water and the operation of turbines, hydropower operators can
align their generation capacity with the demand for electricity, maximizing their revenue
potential. Therefore, it is difficult to understand the dynamics of hydroelectric energy from
this data alone. Based on our analysis, we have chosen to prioritize the investigation of solar

and wind energy sources.

3.2 DATA NORMALIZATION

The data will be standardized before the analysis is performed. Standardizing measurements
by dividing them by installed capacity is a common practice in renewable energy data
analysis. Standardizing measurements allows you to compare values across multiple

installations and periods. The installed capacity may be increased or decreased, so if the
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measured data is divided by the installed capacity, it becomes a common scale and

meaningful comparison is possible.

In addition, when dealing with spatial analysis data, the geographical units of the installed
capacity data and the measured value data are different. In our case, the installed capacity
data is reported at the regional level (Community), while the measured values are provided
at a more granular level (Province). To address this discrepancy and establish a consistent
framework for analysis, it was necessary to associate the Provinces with their respective

Communities.

The below code is updating the 'geoname' column in the solar_measured_d DataFrame.
If the value in the 'geoname’' column matches any of the cities in the andalucia_cities
list, it is replaced with the string 'Andalusia’. This is a way to group the solar measurement
data from different cities in Andalusia under a single label.

andalucia_cities = ['Almeria‘', 'Cadiz', 'Cordova', 'Granada', 'Huelva', 'Jaén’,

'Malaga', 'Sevilla']

solar_measured_day.loc[solar_measured_day[ 'geoname'].isin(andalucia_cities), 'geoname']
= 'Andalusia’
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Figure 6. Wind Measured Hourly normalized by capacity

Figure 6 displays the standardized total wind energy data. This graph demonstrates the
consistency and reliability of the standardized total wind energy data, highlighting its

effectiveness in capturing the underlying trends and fluctuations in wind energy generation.
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The standardized values enable a fair comparison across different time periods, as they
remove the influence of varying scales and capacities. The importance of data
standardization can be further demonstrated by looking at the two primary graphs in Figure

7.
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Figure 7. Wind - Measured / Capacity
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Figure 8. Wind Measured Hourly spatial normalized by capacity

Figure 8 demonstrates the standardization of spatial data, showcasing the application of
standardized values to analyze and compare wind energy generation across different

geographical regions (Figure 9).
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Wind Measisred por hau by geename

Figure 9. Wind spatial- Measured / Capacity

The analysis will be conducted using the standardized data, allowing for a comprehensive

examination of energy generation patterns and trends across various regions.
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Chapter 4. PHOTOVOLTAIC AND SOLAR THERMAL
GENERATION

4.1 SOLARPHOTOVOLTAIC ENERGY GENERATION

Prior to conducting an analysis of solar energy, it is crucial to assess the relevance and
significance of two prominent technologies within this domain: photovoltaic (PV) and
thermal systems. By evaluating their importance and determining the value derived from
analyzing these methods, we can establish a strong justification for their comprehensive

examination.

To explore the relationship between the two main methods of solar energy, photovoltaic
(PV) and thermal systems, we can employ a dendrogram analysis. This approach allows us

to study shedding light on their interdependencies and shared characteristics.

Dendrogram using no truncation

N Al

Figure 10. Regional Correlation of solar PV and Thermal

The application of hierarchical clustering (Figure 10) with the Euclidean metric reveals a
distinct separation between PV and Thermal (T) factors, suggesting that these two basic solar
technologies are different. This observation emphasizes the importance of considering PV

and thermal systems as separate entities when studying solar energy.
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Furthermore, given the stagnant installation capacity of thermal systems over the years and
the limited number of variables associated with it, it is prudent to prioritize our analysis on
solar photovoltaic (PV) systems. Accordingly, our research endeavors will be centered on

the analysis of solar photovoltaic (PV) systems.

4.1.1 DAILY DATA

In this chapter, the daily data of solar power generation energy across each province will be
analyzed. The objective of this analysis is to gain comprehensive insights into the daily
patterns and changes in solar power at the regional level. The dataset employed for this
analysis includes a'DATE' row and a ' PROVINCES' column, facilitating the exploration and

examination of solar power generation trends at a granular level.

Significant emphasis is placed on understanding the temporal dynamics and regional aspects
of solar energy production. By scrutinizing the daily patterns, the factors influencing solar
power production on a daily basis, such as seasonal variations, weather conditions, and

regional peculiarities, can be discerned.

4.1.1.1 Energy generation by provinces

The correlation between provinces is examined to gain insights into the relationships and
dependencies among them in terms of solar power generation. By analyzing the correlation
matrix, we can identify the degree of association between different provinces and assess the
similarities or differences in their solar power generation patterns. This information is
valuable for understanding the interconnectedness and potential influences between

provinces in terms of solar energy production.
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Figure 11. Regional Correlation of Solar PV

According to the correlation matrix shown in Figure 11, all pairs of provinces analyzed
exhibit positive correlations. Navarra and La Rioja demonstrate a high level of similarity
with a correlation coefficient of 0.964321. Madrid and Castilla-La Mancha exhibit a
significant correlation of 0.924155, while Andalusia and Castilla-La Mancha display a
substantial correlation of 0.897510. Aragon and Navarra show a strong positive correlation
of 0.894870, and Castilla y Leon and Madrid demonstrate a notable positive correlation of
0.892774. Furthermore, the province of Castilla y Leon exhibits a high correlation (above
0.8) with six other provinces, indicating a strong interdependence in terms of solar power

generation.

Prior to conducting PCA, performing a dendrogram analysis serves a crucial purpose in
enhancing our understanding of the underlying data structure and facilitating informed
decisions regarding variable selection, data transformation, and interpretation of PCA

outcomes.

By assessing the hierarchical structure and identifying potential clustering patterns within
the dataset, a dendrogram visually depicts the similarities and dissimilarities between data
points or variables. This representation enables the identification of distinct groups or

clusters that may exist within the data.

Furthermore, the dendrogram analysis assists in determining the optimal number of clusters
or groups based on the similarity of variables or observations. This knowledge aids in

guiding subsequent PCA by providing valuable insights into the dataset's inherent structure.
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Solar PV : Dendrogram with daily data

Figure 12. Dendrogram by province with Solar PV daily data

The dendrogram shown in Figure 12 reveals the presence of four distinct groups within the
dataset. Interestingly, these groups primarily consist of provinces that are geographically
close to each other, indicating a regional clustering pattern. However, Madrid stands out as
an exception, as it appears to have a closer relationship with provinces such as Catalunia,
Valencia, and Murcia rather than Castilla Ledn or Castilla-La Mancha. This grouping pattern
suggests a unique association between Madrid and these specific provinces, highlighting the
potential influence of geographical proximity and other factors on solar power generation

dynamics.

This pattern in the dendrogram aligns, obviously, with the findings from the correlation
matrix analysis. This further supports the notion that geographical proximity and other
factors contribute to the similarities in solar power generation patterns among neighboring
provinces. Additionally, the outlier status of Madrid, which demonstrates stronger
correlations with provinces outside its immediate geographical vicinity, suggests unique

factors influencing solar energy generation in the region.
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Figure 13. PCA Loadings for Solar PV daily generation

The analysis of the principal components reveals valuable insights into the regional
variations in solar power generation. According to Figure 13, the first principal component
(PC1) represents a weighted average, with Madrid and Castilla y Leon having the highest
weight and Asturias having the lowest weight. This indicates that Madrid and Castilla y Leon
play significant roles in determining the overall trend of solar power generation across

provinces.

The second principal component (PC2) captures the north-south differences, assigning
positive weight to the north and negative weight to the south. This component highlights the

regional differences in solar radiation between the northern and southern provinces.

Similarly, the third principal component (PC3) captures additional east-west changes,
assigning positive weight to the east and negative weight to the west. This component

reflects the regional differences in solar radiation between the eastern and western provinces.
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Together, these principal components provide a comprehensive understanding of the
regional dynamics of solar power generation, incorporating factors such as geographic

location, solar radiation intensity, and other underlying variables.

Exp_variance cum_Exp_variance

0.737960 0.737960
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0.003034
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Figure 14. Cumulative explained variance of PCA for Solar PV daily generation

Figure 14 shows the relative and cumulative importance of each principal component. The
cumulative explained variance of the three main principal components (PC1, PC2, and PC3)
surpasses 87%, demonstrating their ability to capture a substantial portion of the underlying
variability in the solar photovoltaic energy data. This high cumulative explained variance
signifies that these principal components successfully capture the fundamental patterns and
relationships within the dataset, providing valuable insights into the dynamics of solar power

generation.

In a biplot, the variables are represented by vectors, and the observations are depicted as
points in the plot. The direction and length of the vectors indicate the contribution and
importance of each variable to the overall data structure. The closer the vectors are to each
other, the higher the correlation between the variables. By visualizing the variables and
observations together, the biplot provides a compact and intuitive representation of the data,

facilitating the exploration and interpretation of complex multivariate datasets. It is a
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valuable tool for dimensionality reduction, pattern recognition, and identifying key variables

that drive the structure of the data.

Figure 15. Biplot with PC1 and PC2 for Solar PV daily generation

As observed from the biplot of Figure 15, PC1 exhibits a positive side that corresponds to
periods with typically higher solar radiation. On the other hand, PC2 displays a clear
distinction between the northern and southern regions, with its positive side representing the
northern areas and the negative side representing the southern areas. These findings provide
valuable insights into the relationship between solar radiation intensity and geographical

location, enhancing our understanding of the spatial patterns of solar energy generation.
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Figure 16. Biplot with PC2 and PC3 for Solar PV daily generation

Figure 16 shows the biplot for PC2 and PC3, presenting a spatial representation of solar
power generation across the provinces of Spain. Notably, the biplot exhibits a rotated
Spanish map, where the provinces are horizontally symmetrical. This visualization allows
for a clear understanding of the geographical distribution and patterns of solar energy
generation within the country. The rotation of the map provides insights into the regional
variations in solar radiation intensity and highlights the distinct solar power generation
characteristics in different parts of Spain. This representation is instrumental in identifying
clusters of provinces with similar solar energy profiles and facilitating further analysis of the

underlying factors influencing solar power generation.
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Solar PV : Reconstruct variable with 3 PCA components VS Real variable
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Figure 17. Reconstruct variables with the three main principal components for Solar PV daily generation

Figure 17 represents a specific day's solar power generation data. Upon reconstructing the
data using the three main principal components PC1, PC2, and PC3 (which represents a
cumulative explained variance larger than 87%), we find that the reconstructed data closely
aligns with the actual data. The high degree of similarity observed between the reconstructed
and original datasets highlights the effectiveness of the principal component analysis (PCA)
in capturing the underlying patterns and variability present in the solar photovoltaic energy
data. The ability to accurately reconstruct the data using the principal components further
reinforces the validity and reliability of our findings and supports the notion that PC1, PC2,
and PC3 effectively capture the primary drivers and distinctive patterns in solar energy

generation.
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Figure 18. Reconstruct variables of Castilla y Leon with the first three principal components for Solar PV
daily generation
Also, Figure 18 displays the solar photovoltaic data of Castilla y Leon for the entire year of
2015. The close correspondence between the reconstructed data and the actual data
demonstrates the effectiveness of the principal component analysis in capturing and

reproducing the underlying patterns and variability in solar power generation.

This comprehensive analysis of daily photovoltaic generation data offers valuable insights
into local patterns, dependencies, and dynamics, providing essential background knowledge

for further detailed and in-depth analyses.

4.1.2 HOURLY DATA

4.1.2.1 Energy generation

In this chapter, the hourly data of solar photovoltaic energy is analyzed. PCA was employed
to identify and understand the underlying patterns and relationships in the solar photovoltaic

energy data. The data frame used consists of the ‘DATE’ row and the ‘HOUR’ column.
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Solar PV : Dendrogram with hourly data

Figure 19. Dendrogram by hour for Solar PV generation

In hierarchical clustering, the choice of distance metric is an important consideration as it
determines how the distances between samples or clusters are calculated. The Euclidean
distance used here measures the straight-line or Euclidean distance between two points in a
multidimensional space. In the case of your data, it calculates the Euclidean distance between
pairs of samples based on their feature values. Samples that are closer together in the
Euclidean space will be considered more similar, while samples that are farther apart will be

considered more dissimilar.

The dendrogram analysis uncovers clear divisions between time periods characterized by the
presence or absence of solar radiation. Furthermore, within the time periods marked by solar

radiation, revealing the existence of subgroups delineated by central and other time zones.

The observed divisions and clustering patterns provide valuable insights into the temporal
dynamics of solar radiation and its impact on energy generation. By identifying these distinct
groups, we can discern variations in solar radiation patterns and better understand the

underlying factors influencing solar energy generation during different time intervals.
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Figure 20. PCA Loadings for hourly Solar PV generation

According to Figure 20, the first principal component (PC1) corresponds to the predominant
direction in the data space that captures the most significant variation in solar photovoltaic
energy data. It can be interpreted as the principal component that effectively captures
changes in solar radiation levels. The magnitude of PC1 serves as an indicator of the solar
impact on a given day. A more negative value of PC1 means a higher intensity of solar
radiation, implying favorable conditions for solar energy generation. Conversely, a less
negative value of PC1 suggests diminished solar irradiation, indicating a reduced potential

for solar energy production. The analysis of PC1 provides valuable insights into the
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dependency of solar photovoltaic energy generation on the availability and strength of
sunlight throughout the day, contributing to a comprehensive understanding of the influential

factors affecting solar power output.

The second principal component (PC2) represents an orthogonal direction to PC1, capturing
the remaining main variability in the data that is not accounted for by PCI1. It reveals
additional patterns and relationships in the solar photovoltaic energy data that are distinct
from those captured by PC1. Analyzing the loadings and contributions of variables to PC2
enables us to uncover secondary factors that influence energy generation and identify any

complementary or contrasting trends compared to PC1.

PC2 offers valuable insights into the temporal variations in sunlight intensity throughout the
daylight hours. Positive values of PC2 indicate stronger solar radiation occurring during the
central hours of the day, signifying instances of heightened sunlight exposure and potential
peak energy generation. Conversely, negative values indicate stronger solar radiation at other
times, suggesting fluctuations in solar intensity throughout the day. Analyzing PC2 enables
us to unravel the temporal dynamics of solar radiation and its implications for energy

generation, contributing to a comprehensive understanding of solar power production.

The third principal component (PC3) serves to enhance our understanding of the solar
photovoltaic energy data by capturing additional distinctive patterns and variations that were
not accounted for by PC1 and PC2. Through a careful analysis of the variable loadings and
contributions to PC3, we can unveil further nuances in the data and gain valuable insights

into additional factors influencing solar energy generation.

Specifically, PC3 provides indications regarding the temporal distribution of solar radiation
intensity relative to the time of day. Positive values of PC3 suggest stronger solar radiation
occurring before 13:00, highlighting periods of increased solar intensity during the morning.
Conversely, negative values of PC3 indicate stronger solar radiation after 13:00, pointing
towards heightened solar radiation during the afternoon with respect to the morning, for
example when there are clouds during the morning that disappear during the afternoon. By

examining PC3, we can discern the temporal dynamics of solar radiation patterns and their

33



UNIVERSIDAD PONTIFICIA COMILLAS

ESCUELA TECNICA SUPERIOR DE INGENIER{A (ICAI)
C O M I I_ I_ A MASTER’S DEGREE IN BIG DATA TECHNOLOGIES AND ADVANCED ANALYTICS

UNIVERSIDAD PONTIFICIA
[__car__icape | PHOTOVOLTAIC AND SOLAR THERMAL GENERATION

implications for solar energy generation, contributing to a comprehensive understanding of

the factors shaping renewable energy production.

Exp_variance cum_EXP_variance‘ PC13 9.164438e-05 0.999943
9.010941e-01 0.901094 | pC14 4.187445e-05 0.999984

0.963378 | pc15  5.734636e-06 0.999990
0.986918

6.981026e-03 0.993899
2.439144e-03 0.996338

PC16 4.346261e-06 0.999995
PC17 3.465635e-06 0.999998
PC18 1.150696e-06 0.999999
0.997735

3.407455e-07

2.007168e-07 1.000000
1.087711e-07 1.000000

9.132550e-08 1.000000

1.559938e-04 0.999754 PC23 7.436247e-08 1.000000

9.652824e-05 0.999851 | PC24 6.431499e-08 1.000000

Figure 21. Cumulative explained variance of PCA for hourly Solar PV generation

The cumulative explained variance of the three main principal components (PC1, PC2, and
PC3) exceeds 98% (see Figure 21). This indicates that these three components collectively
capture a significant portion of the overall variability present in the solar photovoltaic energy
data. The high cumulative explained variance suggests that these principal components

effectively represent the essential patterns and relationships within the dataset.
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Figure 22. Biplot with PC1 and PC2 for hourly Solar PV generation

As observed from the biplot shown in Figure 22, PC1 exhibits a negative side that
corresponds to periods with typically higher solar radiation. In contrast, PC2 shows a
positive side representing daylight hours and a negative side indicating other times of the

day.

These findings suggest that PC1 captures variations in solar radiation intensity, with negative
values indicating periods of stronger solar radiation. On the other hand, PC2 highlights the
temporal distribution of solar radiation, with positive values aligning with daylight hours

and negative values corresponding to non-daylight periods.
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Figure 23. Biplot with PC2 and PC3 for Solar PV generation

A notable and intriguing observation emerges from the biplot of PC2 and PC3 (see Figure
23), revealing a distinct clock-shaped pattern that aligns with specific time zones associated
with solar radiation. Particularly, when examining the PC3 axis, the resemblance to a

conventional clock is strikingly apparent.

This intriguing finding implies a strong correlation between the solar radiation patterns and
the temporal progression throughout the day. The clock-shaped pattern observed in the bi-
plots suggests a consistent and predictable cyclic variation in solar radiation intensity over
time. This regularity reinforces the notion of solar energy generation being influenced by the

diurnal cycle, with distinct time zones exhibiting varying levels of solar radiation.

The clock-shaped pattern observed in the biplot serves as a valuable visual representation of
the temporal dynamics of solar radiation, offering insights into the temporal patterns and

potential opportunities for optimizing solar energy utilization.
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Solar PV : Reconstruct variable with 3 PCA components VS Real variable
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Figure 24. Reconstruct variables with the three main principal components for Solar PV generation

Reconstruction of the data using principal components PC1, PC2, and PC3 closely aligns
with the actual data, validating the effectiveness of PCA in capturing underlying patterns
and variability in solar photovoltaic energy data (see Figure 24). The accurate reconstruction
reinforces the validity of our findings, highlighting that PC1, PC2, and PC3 effectively

capture primary drivers and distinctive patterns in solar energy generation.

Let us look at the graph of how the characteristics of each PCA appear in real solar energy

data.
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Solar PV : Comparison of days with different PC1 values
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Figure 25. PC1 values with dates for Solar PV generation

Figure 25 illustrates three distinct curves with varying heights. It is evident that the highest
purple curve corresponds to lower values of PC1, indicating a greater amount of solar
radiation. Conversely, the lowest curve is observed when PC1 has higher values. An
intermediate curve represents average conditions when PCl1 is close to zero.

Solar PV : Comparison of days with different PC2 values

—— pc2 high: 2015-01-01
—— pc2 close to 0: 2015-08-06
—— pe2 low: 2020-06-09

PC2 VALUE

0.0
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Figure 26. PC2 values with dates for Solar PV generation
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Figure 26 reveals three distinct curves with varying widths. The narrowest red curve
corresponds to higher values of PC2, indicating an increased amount of solar radiation
during the day. This pattern suggests that solar energy generation is concentrated during

daylight hours, with energy generation starting later and ending relatively quickly.

Conversely, the widest purple curve is observed when PC2 values are low. This indicates
that energy generation begins earlier and continues until later hours, extending the duration
of solar energy production. The width of the curve reflects the extended period of sunlight

exposure, allowing for a more sustained generation of solar power.

The intermediate blue curve represents average conditions when PC2 approaches zero. It
signifies a balanced distribution of solar energy generation throughout the day, reflecting the
mean conditions for energy production.

Solar PV : Comparison of days with different PC3 values

—— pc3 high: 2015-04-24

—— pc3 close to 0: 2019-05-13
pc3 low: 2017-02-24

PC3 VALUE

HOUR

Figure 27. PC3 values with dates for Solar PV generation

Figure 27 exhibits a normal curve along with two asymmetric curves. The red curve,
displaying positive skewness, corresponds to higher values of PC3, signifying increased
solar radiation prior to 13:00. Consequently, energy generation starts relatively quickly and

concludes within a shorter duration.
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Conversely, the purple curve, displaying negative skewness, is observed when PC3 values
are low, indicating higher solar radiation levels after 13:00. Energy generation initiates later

and extends for a longer period.

The mid-blue curve represents average conditions when PC3 approaches zero, resulting in a
normal curve shape. This signifies a balanced distribution of solar radiation throughout the

day, leading to a relatively consistent pattern of energy generation.

By integrating the information obtained from the dendrogram analysis and PCA, we have
covered two essential aspects of data exploration and dimensionality reduction. The
dendrogram analysis helps us understand the hierarchical structure and potential clustering
patterns within the dataset, while the PCA analysis allows us to capture the most relevant
information and identify key components driving the variability in the data. The combination
of these techniques provides a comprehensive perspective on the dataset and aids in the
initial estimation of the optimal number of clusters. The dendrogram analysis, combined
with the PCA analysis, provides valuable insights into the initial estimation of the optimal

number of clusters.
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Figure 28. Clustering on data with 8 clusters for Solar PV generation

Figure 28 reveals the identification of eight distinct groups based on the values of PC1 and
PC2, representing an appropriate clustering solution. The visual representation of these
clusters illustrates a clear division that corresponds to the intensity of solar radiation and the

occurrence of solar radiation during the day.

This clustering analysis enables the identification of groups exhibiting similar patterns of
solar energy generation. By visually examining the clusters, we can discern variations in
solar radiation levels and the temporal distribution of sunlight, providing valuable insights
into the relationship between solar radiation intensity and its temporal dynamics in relation

to energy generation.
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Figure 29. Centers of the 8 clusters for Solar PV generation

Figure 29 displays the average values for each cluster, i.e. the centers or prototypes of the
clusters. The blue and pink curves (Cluster 7) exhibit a similar total area, indicating
comparable levels of solar radiation. However, both curves display distinct characteristics in
terms of positive and negative skewness. This aligns with the earlier description of the PC3
component, highlighting the role of clouds in modulating solar radiation levels. The yellow
(Cluster 2) and orange curves (Cluster 1) also demonstrate a similar pattern, further

supporting the impact of cloud cover on solar radiation variability.

The red curve (Cluster 0) represents days with early sunrise and late sunset, resulting in the
highest solar radiation levels (i.e., summer days). Moreover, these days exhibit minimal
cloud interference, leading to a consistent measurement of solar radiation throughout the
day. On the other hand, the green curve (Cluster 3) and gray curve (Cluster 6) correspond to
days with relatively late sunrise and early sunset, indicating a shorter duration of sunlight
(i.e. winter days). These days are more susceptible to cloud effects, influencing the observed

solar radiation patterns.
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This analysis provides valuable insights into the relationship between cloud cover, solar
radiation, and the temporal dynamics of energy generation. Understanding these patterns
contributes to a comprehensive understanding of solar power production and aids in the
development of strategies for maximizing energy generation efficiency under varying

atmospheric conditions.

4.1.2.2 Energy generation by provinces

In this chapter, an in-depth analysis is conducted on the hourly data of solar power generation
energy across different provinces. This analysis aims to provide comprehensive insights into

the temporal patterns and variations in solar energy generation at a regional level.

By examining this data, we can explore the dynamics of solar power generation within each
province and identify any unique characteristics or trends that may emerge. This analysis
will enable a deeper understanding of the factors influencing solar energy generation, such

as geographical location and climate conditions.

Through this investigation, valuable insights can be gained regarding the temporal
distribution of solar energy generation across different provinces. These insights will
contribute to the development of more effective strategies for optimizing solar power
generation, enhancing energy planning and management, and promoting sustainable energy

practices at the regional level.
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Figure 30. PCA Loadings for hourly Solar PV generation by provinces

Figure 30 shows the loadings of the first four principal components of the hourly solar PV
generation of all provinces. PC1 reveals a distinct curved pattern representing the
concentration of solar power generation during daytime hours across different provinces.
This implies that solar energy production is predominantly influenced by the availability of
sunlight during daylight hours, where some provinces contribute more than others to PCI.

The magnitude of PC1 serves as an indicator of the intensity of solar radiation.

Furthermore, the weights assigned to each province in PCI1 analysis demonstrate regional
variations. Notably, Navarra and Aragon exhibit the highest weights, indicating their

significant contribution to solar power generation.

A more negative value of PCI indicates a higher intensity of solar radiation, representing

favorable conditions for solar energy generation. Analyzing PC1 offers valuable insights
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into the dependency of solar power generation on sunlight availability and intensity

throughout the day.

PC2 provides a clearer representation of the concentration of solar power generation during
the daytime, building upon the observations made in PC1 analysis. PC2 captures additional
patterns and relationships in the solar energy data that are distinct from those captured by

PC1, enhancing our understanding of solar power generation dynamics.

Notably, PC2 allows us to differentiate between the southern and northern provinces based
on their solar power generation characteristics. A positive value of PC2 indicates stronger
solar radiation in the northern region, while a negative value of PC2 indicates stronger solar

radiation in the southern region.

This distinction highlights regional variations in solar energy generation and emphasizes the
role of geographical factors in influencing solar radiation intensity. The analysis of PC2
offers valuable insights into the spatial distribution of solar power generation within the
study area, contributing to a comprehensive understanding of the factors shaping solar

energy production patterns across different provinces.

PC3 has a clear focus on energy generation during daytimes and specific areas, especially
Navarra and La Rioja. As PC3 values become more negative, the concentration of solar

power generation becomes increasingly centered around these two areas.

The PC4 component shows various characteristics. In some areas, solar radiation weighs the
difference between day and afternoon. In addition, the focus was on specific areas: Galicia,
Extremadura, Castilla y Leon and Murcia. These areas show distinct changes in solar power
generation patterns, indicating a clear difference between the east and west of the analyzed
areas. The more negative the PC4 is, the greater the emphasis on solar power in Galicia,

Extremadura, and Castilla y Leon in the west.
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Figure 31. Cumulative explained variance of PCA for Solar PV generation by provinces

According to Figure 31, the cumulative explained variance of the four main principal
components (PC1, PC2, PC3, and PC4) exceeds 80%, indicating that these components
capture a significant portion of the variability in the solar photovoltaic hourly energy data of

all the provinces.

By considering these principal components, we account for a substantial amount of the
underlying information and patterns in the data. This enables us to gain a comprehensive
understanding of the factors influencing solar energy generation, such as solar radiation

intensity, temporal distribution, regional variations, and the impact of clouds.
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Figure 32. Biplot with PC2 and PC4 for Solar PV generation by provinces

Based on the analysis carried out, the biplot of PC2 and PC4 (Figure 32) in this context
reveal additional insights into the spatial distribution and patterns of solar power generation

within the study area.

In the case of PC2, the biplot helps visualize the differentiation between the southern and
northern provinces based on their solar power generation characteristics. It provides a clearer
representation of the concentration of solar power generation during the daytime and
highlight the regional variations in solar energy generation. The biplot would show how
different provinces contribute to PC2 and how they are positioned relative to each other

based on solar radiation intensity.

Regarding PC4, the biplot lights on the focus regions of Galicia, Extremadura, Castilla y
Leon, and Murcia. It illustrates the distinct solar power generation patterns in these regions
and further emphasize the differentiation between the eastern and western parts of the

analyzed area. The biplot would show the contributions of these regions to PC4 and their
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spatial relationships, providing insights into the unique characteristics of solar energy

production in different parts of the study area.

Figure 33. Reconstruct variables with the four main PCs for hourly Solar PV generation by provinces

Upon reconstructing the data using the principal components PC1, PC2, PC3, and PC4, we
have observed a remarkable consistency and close alignment between the reconstructed data
and the original dataset. Figure 33 shows the reconstruction of a particular day for all the
provinces in on shot. This high degree of similarity highlights the robustness and efficacy of

the principal component analysis (PCA) in capturing the underlying patterns and variability

inherent in the solar photovoltaic energy data.

However, Cantabria, La Rioja, Pais Vasco, and Asturias do not align as closely with the
reconstructed data compared to the other provinces. While the majority of provinces
demonstrate a strong match between the reconstructed and actual data, these specific regions

exhibit distinctive characteristics that deviate from the general trend.

Notably, the observed discrepancy in the reconstructed data for Cantabria, La Rioja, Pais
Vasco, and Asturias appears to be closely linked to the installed capacity of solar PV in these
provinces. It is intriguing to observe that these four provinces have relatively lower installed
capacity for solar PV generation and display no significant increase over time. This suggests
that the smaller installed capacities in these regions may render them more susceptible or

less resilient to the influence of external variables.
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This association between installed capacity and the observed deviations in the reconstructed
data implies that the magnitude of installed capacity plays a critical role in shaping the
dynamics and responses of solar energy generation to various factors. Provinces with larger
installed capacities may possess a more robust infrastructure and resources, allowing them
to better withstand and adapt to the impact of different variables, thereby exhibiting a
stronger alignment between the reconstructed and actual data. This finding raises important
considerations regarding the significance of installed capacity as a determining factor in the

performance and reliability of solar energy generation systems.

Let us look at the graph of how the characteristics of each PCA appear in real solar energy

data.

Solar PV : Comparison of days with different PC1 values

Figure 34. Three representative days according to PC1 for Solar PV generation by provinces

Figure 34 shows three distinct curves corresponding to three different days, selected via PC1,
showing regional differences. The highest purple curve in all provinces corresponds to the
lower value of PC1, indicating a higher amount of solar radiation. In particular, Pais Vasco
has very low values in all respects. Conversely, the lowest red curve is observed when the
value of PC1 is high, indicating that there is no amount of solar radiation in Spain. The mid-

blue curve represents the average condition when PCl is close to zero.
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Solar PV : Comparison of days with different PC2 values

Figure 35. Three representative days according to PC2 values for Solar PV generation by provinces

Figure 35 shows the impact of the value of PC2 in the solar PV generation spatial patterns.
In particular, varying PC2 three distinct and complex curves has been selected, providing
insight into solar radiation patterns throughout the day, particularly with respect to
geographical characteristics in the southern and northern regions. The high purple curve
corresponds to the day with the lower value of PC2, indicating that the amount of solar
radiation in the South is higher. It is consistent with the above analysis that a negative PC2
indicates energy production in the southern region, and a positive PC2 indicates energy

production in the northern region.

In addition, in the northern region of Pais Vasco, it is observed that the amount of solar
radiation is higher when the PC2 value is higher (red curve), but the overall energy

production is lower than that of other provinces.

Solar PV : Comparison of days with different PC2 values

Figure 36. Three representative days according to PC3 for Solar PV generation by provinces

In Figure 36 we have selected three different days corresponding to different values of PC3.
The graph shows that energy production during the day and energy production in Navarra

and La Rioja regions are high when PC3 values are low (purple curve). If PC3 is high (red

50



UNIVERSIDAD PONTIFICIA COMILLAS

ESCUELA TECNICA SUPERIOR DE INGENIER{A (ICAI)
C O M I I_ I_ A S MASTER’S DEGREE IN BIG DATA TECHNOLOGIES AND ADVANCED ANALYTICS

UNIVERSIDAD PONTIFICIA

[__car__icape | PHOTOVOLTAIC AND SOLAR THERMAL GENERATION

curve), then it corresponds to summer days with many hours of daylight. In addition, it shows

quite a fluctuating energy fish in several regions.

Solar PV : Comparison of days with diffrent PC4 values

Figure 37. Three representative days according to PC4 for Solar PV generation by provinces

The fourth principal component (PC4) reveals additional insights into the solar energy data
(see Figure 37), albeit with less distinct characteristics compared to other main components.
The red curve in the PC4 graph depicts the variation in solar radiation production between
daytime and afternoon hours. It demonstrates the temporal dynamics of solar energy

generation, particularly the differences in output during these specific time intervals.

Furthermore, the intensity of solar radiation production in the western regions can be
discerned from the higher values of the purple curve. This suggests a geographical influence
on solar energy generation, with the western areas exhibiting specific patterns and

characteristics.

Murcia, in particular, exhibits three remarkably similar curves in the PC4 analysis. This
observation suggests a distinct solar radiation pattern specific to the Murcia region. The close
resemblance of the curves indicates a consistent solar energy generation pattern within the
area, reflecting the influence of local factors such as climate, topography, or regional solar

energy policies.

The PCA analysis has provided valuable insights and initial ideas for clustering the solar
energy data. By examining the principal components, particularly PC1, PC2, PC3 and PC4,
we have gained a deeper understanding of the underlying patterns and relationships within

the dataset. These principal components capture the major sources of variability and key
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factors influencing solar energy generation. These preliminary findings serve as a foundation
for clustering the data and uncovering more refined groups or clusters based on shared

characteristics and patterns of solar energy generation.

Visualization of the clustered data.

Feature space for PC2

Feature space for PC1

Figure 38. Clustering on data with 7 clusters for Solar PV generation by provinces

Figure 38 presents a comprehensive clustering solution by identifying seven distinct groups
based on the values of PC1 and PC2. The visualization of these clusters provides valuable
insights into the spatial distribution and temporal characteristics of solar radiation intensity,

highlighting the differences between the southern and northern regions.

It is important to note that the boundaries between clusters in this analysis are relatively less
certain compared to the clustering analysis conducted in section 4.1.2.1. This uncertainty
arises due to the breakdown of data by both region and time, which introduces additional

complexities and potential overlapping patterns. Nonetheless, the identified clusters offer
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valuable information about the variations in solar radiation intensity and patterns within the

study area, contributing to a more comprehensive understanding of solar energy dynamics.

T
Y

x
o "
T s

iE ey
———
5
&
Ty
e £
et
g
_—
73
=
= — " S &
W e e S
st Rt o
it D L
oy N
T
5
g
o 1
>

PR
*
-
S
-y
=
t——
ey
—
e
.
&
-
__‘.)
2
*

Figure 39. Center points of seven clusters for hourly Solar PV generation by provinces

Figure 39 illustrates the average values for each cluster derived from the cluster analysis.
Among the identified clusters, the purple curve (Cluster 2) represents days with high solar
radiation across all regions, indicating optimal conditions for solar energy generation in
Spain. In contrast, the pink curve (Cluster 6) corresponds to days with the lowest solar

radiation levels across all regions.

Interestingly, the province of Pais Vasco consistently exhibits significantly lower values
across all clusters, suggesting a lower potential for solar radiation and solar energy
generation in this region. This finding highlights the importance of considering regional

variations in solar radiation intensity when analyzing and planning solar energy projects.

The figure provides valuable insights into the overall amount of solar radiation, which
emerges as a critical factor in this cluster analysis. Understanding the total solar radiation
potential in different clusters can aid making informed decisions regarding solar energy

infrastructure development and resource allocation.
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Chapter 5. WIND ENERGY GENERATION

5.1 DAILY DATA

In this chapter, an analysis of daily wind power generation data across various provinces will
be undertaken. The primary objective of this study is to gain a comprehensive understanding
of the temporal dynamics and regional variations in wind power production. The dataset
employed for this analysis comprises 'DATE' rows and 'PROVINCES' columns, enabling us
to explore and examine the intricate patterns and fluctuations in wind power generation at a

localized level.

5.1.1 ENERGY GENERATION BY PROVINCES

The correlation between provinces will serve as a crucial aspect of our analysis, allowing us
to identify relationships and dependencies among them in terms of wind power generation.
By scrutinizing the correlation matrix, we can assess the degree of association between
different provinces and determine the similarities or differences in their wind power
generation patterns. This information will be instrumental in understanding the
interconnectedness and potential influences between provinces concerning wind energy

production.

geoname Andalusin  Aragen Cantsbria Castilnyless Castills-ls Mancha Catalonis Community of Navarrs  Evtrsmacurs  Galizls  Lafisjs PaiVaieo  Principads de Asturine  Region of Murcis  Valanelsn Community

Figure 40. Regional Correlation of Wind
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Figure 40 shows the correlation matrix of daily wind generation by provinces. The analysis
reveals positive correlations among all pairs of provinces. Specifically, Aragon and Rioja
exhibit a correlation coefficient of 0.892941, Murcia and Valencia demonstrate a correlation
0f' 0.885127, Castilla-La Mancha and Murcia display a correlation of 0.875325, Navarra and
Rioja show a correlation of 0.858346, Castilla-La Mancha and Valencia exhibit a correlation
0f 0.845617, and Galicia and Asturias demonstrate a correlation of 0.845151. Additionally,
there is a positive correlation of 0.842946 between Aragon and Navarra, indicating a

significant association in terms of wind power generation.

These pairs of provinces exhibit geographical proximity on the map. Notably, the provinces
of Navarra, La Rioja, and Aragon form a triangle, as do Castilla-La Mancha, Valencia, and
Murcia. This observation highlights the spatial clustering of these provinces and suggests a

potential relationship between their wind power generation dynamics.

A dendrogram analysis plays a crucial role in understanding the underlying structure of the
data and guiding subsequent analyses. It visually represents the similarities and
dissimilarities between data points or variables in a hierarchical manner. By examining the
dendrogram, distinct clusters or groups within the data can be identified. This analysis helps
in determining the optimal number of clusters or groups and provides insights into the
dataset's inherent structure, which aids in variable selection, data transformation, and

interpretation of outcomes in subsequent analyses such as PCA.
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Figure 41. Dendrogram for wind generation by province with daily data

The dendrogram of Figure 41 further supports and confirms the findings observed in the
correlation analysis mentioned earlier. It provides visual evidence of the clustering patterns
and relationships between the variables, validating the similarities and dissimilarities

identified in the correlation analysis.
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Figure 42. PCA Loadings for wind generation by provinces

Figure 42 shows the loadings of the first five main principal components. The first principal
component (PC1) represents a weighted average of the wind generation, where Valencia and
Castilla-La Mancha contribute the highest proportion, while Andalusia and Extremadura
contribute the lowest proportion. This indicates that Valencia and Castilla-La Mancha play
a significant role in determining the overall trend of solar power generation across the

provinces, while Andalusia and Extremadura have relatively lesser influence in this regard.

57



UNIVERSIDAD PONTIFICIA COMILLAS

ESCUELA TECNICA SUPERIOR DE INGENIER{A (ICAI)
C O M I I_ I_ A S MASTER’S DEGREE IN BIG DATA TECHNOLOGIES AND ADVANCED ANALYTICS

UNIVERSIDAD PONTIFICIA

[__car__icape | WIND ENERGY GENERATION

The second principal component (PC2) in the context of wind energy represents the division
of the northern regions into eastern and western parts. A positive value of PC2 indicates a
stronger influence from the eastern regions, while a negative value indicates a stronger
influence from the western region. This component highlights the regional variations in wind

power generation between the eastern and western provinces within the northern regions.

The third principal component (PC3) in the context of wind energy analysis captures the
north-south characteristics of the dataset. It assigns positive weights to the southern regions
and negative weights to the northern regions, with particular emphasis on Andalusia in the
south. This component highlights the regional disparities in wind energy generation between
the southern and northern provinces. It shows the significance of Andalusia as a prominent
contributor to the overall wind energy production in the southern regions, while also
reflecting the distinctions in wind energy patterns and potential between the northern and

southern parts of the analyzed area.

The fourth principal component (PC4) analysis reveals a distinct focus on the coastal areas
and their relation to wind energy generation. PC4 assigns positive weights to both the
southern and northern coastal regions, indicating their significance in terms of wind energy
production. Conversely, negative weights are attributed to the eastern coastal regions,
suggesting a relatively lower influence on wind energy patterns. This component emphasizes
the role of coastal geography and its interaction with wind dynamics, highlighting the

potential impact of sea proximity on wind energy generation in the analyzed areas.

The fifth principal component (PCS5) analysis unveils a notable emphasis on the regions of
Extremadura and Cantabria in relation to wind energy patterns. PC5 assigns a positive

weight to Extremadura. On the other hand, a negative weight is attributed to Cantabria.

Overall, the PCA analysis provides a comprehensive understanding of the regional dynamics
and variations in solar and wind energy generation, shedding light on the key provinces and

factors shaping the energy landscape.
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Figure 43. Cumulative explained variance of PCA for wind generation

According to Figure 43, the cumulative explained variance of the three principal components
(PCI1, PC2, PC3, PC4 and PC5) for wind energy is 87%. Five principal components are
utilized in this analysis, exceeding the number used for solar energy analysis, due to wind
power is harder to explain than solar power. Although slightly lower than solar energy, this
cumulative explained variance still demonstrates the capability of these components in
capturing a significant portion of the underlying variability in the wind energy dataset. The
considerable cumulative explained variance highlights the usefulness of the PCA approach
in revealing and representing important patterns and trends within wind energy generation.
By accounting for a substantial portion of the variability, PC1, PC2, PC3, PC4 and PC5
contribute significantly to our understanding of wind energy dynamics and aid in identifying

the key factors influencing wind energy generation across the analyzed provinces.
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Figure 44. Biplot with PC2 and PC3 of wind generation by provinces

In the biplot representation of PC2 and PC3 (Figure 44), a symmetrical pattern emerges
across the Spanish map with Galicia, Aragon, and Andalusia serving as pivotal reference
points. This longitudinal symmetry indicates a consistent trend or relationship between these
provinces in terms of their wind energy characteristics. The positioning of these provinces
in the biplot indicates their shared attributes or similarities in relation to PC2 and PC3,
highlighting the potential influence of geographic and climatic factors in shaping wind

energy patterns across different regions of Spain.

Valencian Community

—— REAL
—— RECONSTRUIDO

RTIRT M |
| H | ‘l | UI i wﬁLvMuF WY W\Hﬂ/\ﬂ W,

'\l

Figure 45. Reconstructed wind generation of Valencia with 5-PCs

60



UNIVERSIDAD PONTIFICIA COMILLAS

ESCUELA TECNICA SUPERIOR DE INGENIER{A (ICAI)
C O M I I_ I_ A S MASTER’S DEGREE IN BIG DATA TECHNOLOGIES AND ADVANCED ANALYTICS

UNIVERSIDAD PONTIFICIA

[__car__icape | WIND ENERGY GENERATION

Figure 45 illustrates the wind power generation data for Valencia throughout the entire year
of 2015. The close correspondence between the reconstructed data and the actual data
provides compelling evidence of the effectiveness of PCA in capturing and reproducing the
underlying patterns and variability in wind power generation. This finding underscores the
robustness and reliability of the PCA approach in unraveling significant insights into the

dynamics of wind energy generation.

This examination of daily wind generation data provides invaluable insights into local
patterns, interdependencies, and dynamic fluctuations, establishing a solid foundation for
comprehensive analyses. By rigorously analyzing the daily wind power generation data, our
study aims to enrich the existing knowledge in the realm of renewable energy, offering

valuable insights into the temporal and regional dynamics of wind energy production.

5.2 HOURLY DATA

5.2.1 ENERGY GENERATION

In this section, the hourly data of wind energy is analyzed. PCA has been employed to
identify and understand the underlying patterns and relationships in the wind energy data.

The data frame used consists of the ‘DATE’ row and the ‘HOUR’ column.
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Wind : Dendrogram with hourly data
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Figure 46. Dendrogram by hour for wind generation

The dendrogram shown in Figure 46 reveals a discernible differentiation between periods
characterized by the presence or absence of solar radiation. This observation indicates a
pronounced influence of solar radiation on wind energy dynamics. The distinct clustering
patterns observed in the dendrogram highlight the interconnected relationship between solar
radiation and wind energy generation. This finding underscores the significance of solar
irradiance as a driving factor impacting the variability and availability of wind resources. By
elucidating the connection between solar radiation and wind energy, our analysis contributes
to a deeper understanding of the synergistic relationship between these renewable energy

sources.
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Figure 47. PCA Loadings for wind generation

Figure 47 shows the loadings of the first three principal components for the hourly wind
generation. The first principal component (PC1) characterizes the weighted average of wind
power generation throughout the day, with higher weights in the center of the day. A higher
positive value of PC1 indicates a stronger wind on that particular day, implying a greater

generation of wind energy.

The second principal component (PC2) accounts for the remaining main variability in the

wind energy data that is not explained by PC1. It captures additional patterns and
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relationships that are distinct from those represented by PC1. A positive value of PC2
suggests a higher wind energy generation occurring after 12 o'clock. Conversely, a negative

value of PC2 suggests a stronger wind energy generation occurring before 12 o'clock.

The third principal component (PC3) captures the relationship between wind energy
generation and solar energy. PC3 provides valuable insights into the temporal variations in
sunlight intensity throughout the day and its impact on wind power generation. A positive
value of PC3 signifies that stronger wind energy is generated during the daytime when solar
radiation is at its peak. Conversely, negative values of PC3 suggest that stronger wind energy
is generated during other times when solar radiation is relatively lower or null. By analyzing
PC3, we gain a deeper understanding of the intricate interplay between solar energy
availability and wind power generation. This knowledge enhances our ability to optimize
renewable energy systems and develop strategies for maximizing the utilization of both solar

and wind resources.
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Figure 48. Cumulative explained variance of PCA for wind generation

The cumulative explained variance of the three main principal components (PC1, PC2, and
PC3) for wind generation exceeds 97% (see Figure 48). This indicates that these three

components collectively capture a significant portion of the overall variability present in the
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wind energy data. The high cumulative explained variance suggests that these principal

components effectively represent the essential patterns and relationships within the dataset.

Figure 49. Biplot with PC2 and PC3 for wind generation

Based on the analysis conducted in PCA, the biplot shown in Figure 49 with PC2 and PC3
provides further insights into the relationship between wind energy generation and solar
energy. The curve observed in the biplot starts at 0 and ends at 23, representing the 24-hour
cycle of a day. The curve showcases the temporal variations in wind energy generation,

which are influenced by the availability of solar radiation throughout the day.

The position of data points along the curve indicates the corresponding time of day when
wind energy generation is relatively stronger or weaker. Data points located towards the
beginning of the curve (closer to 0) represent periods when wind energy generation is higher
before 12 o'clock, while points towards the end of the curve (closer to 23) represent periods
of increased wind energy generation after 12 o'clock. This pattern suggests that wind energy
generation tends to align with the temporal variations in solar radiation intensity, with

stronger wind energy coinciding with periods of higher solar radiation. By analyzing the
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biplot of PC2 and PC3, we gain a comprehensive understanding of the temporal dynamics

and dependencies between solar energy and wind energy generation.

Let us look at the graph of how the characteristics of each PCA appear in real solar energy

data.

Wind : Comparison of days with different PC1 values
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Figure 50. Three days of hourly wind generation selected according to PC1

Figure 50 shows the hourly wind generation of three distinct days, selected according to
representative values of PC1. The highest red curve corresponds to the high value of PCI1,
indicating that the amount of wind energy generated is higher. Conversely, the lowest purple
curve is observed when the value of PC1 is low, which means there is no generation of wind

energy that day. The mid-curve represents the average condition when PC1 is close to zero.
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Wind: Comparison of days with different PC2 values
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Figure 51. Three days of hourly wind generation selected according to PC2

Figure 51 illustrates three distinct curves, each representing different aspects of wind energy
generation. The red curve corresponds to the characteristics of PC2 as previously discussed,
indicating a higher amount of wind energy generated after 12 o'clock. Conversely, the lowest
purple curve is observed when the value of PC2 is low, indicating a relatively higher amount
of wind energy generated before 12 o'clock. The blue curve, corresponding to PC2 is close
to zero, aligns with the average curve consisting of a more or less constant wind energy

generation during the whole day.

The distinctive shapes and patterns of these curves provide valuable insights into the
temporal dynamics of wind energy generation. The red curve's upward trend after 12 o'clock
suggests an increase in wind energy production during the latter part of the day. Conversely,
the lowest purple curve indicates a relatively higher level of wind energy generation during

other time periods.
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Wind : Comparison of days with different PC3 values
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Figure 52. Three days of hourly wind generation selected according to PC3

Figure 52 shows that the red and purple curves correspond to more or less symmetrical
patterns. This means that higher PC3, which is red curve generates more wind energy during
the daylight hours of the day, and lower PC3, which is purple curve, generates more wind

energy at other times.

By integrating the insights gained from the dendrogram analysis and PCA, we have
successfully explored and reduced the dimensionality of the dataset, covering two crucial
aspects of data analysis. The dendrogram analysis has offered us a deeper understanding of
the hierarchical structure and potential clustering patterns within the dataset. On the other
hand, the PCA analysis has enabled us to extract the most significant information and
identify the key components responsible for driving the variability in the data. The
combination of these techniques has provided us with a comprehensive perspective on the

dataset and facilitated an initial estimation of the optimal number of clusters.
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Visualization of the clustered data.
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Figure 53. Clustering with 7 clusters for wind generation

Figure 53 identifies seven different groups based on the values of PC1 and PC2, indicating
the appropriate clustering solution. The visual representation of these clusters shows a clear
distinction between the generation intensity of wind energy and the generation of wind

energy before and after 12 o'clock.

This clustering analysis facilitates the identification of distinct groups that exhibit similar
patterns of wind energy generation. By applying clustering techniques to the wind energy
data, inherent similarities and common characteristics in terms of wind energy generation

patterns can be uncovered, leading to the grouping of data points.
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Figure 54. Main hourly patterns for wind generation

Figure 54 shows the average values for each cluster. We can see four main categories: 1 —
Blue (Cluster 1), Yellow (Cluster 4) and Light Green (Cluster 5) curves, 2 — Gray (Cluster
3) and Purple (Cluster 2) curves, and 3 — Pink (Cluster 6) and Red (Cluster 0) curves.
Category 1 appears when the level of wind energy generation is similar during all the hours
of the day. However, depending on the amount of daily production, the corresponding cluster
varies. Blue cluster generates the most wind energy, whereas light green clusters generate
the least wind energy. Category 2 groups two clusters of similar total energy production, but
it is distinguished by when more energy was generated, before (Cluster 3) or after 12 o'clock
(Cluster 2). Category 3 has the same characteristics, but the total energy output is lower than

Category 2.

This analysis provides insights into the clustering of wind energy data based on generation
patterns, variations in energy production, and timing. These findings contribute to a better
understanding of the dynamics and characteristics of wind energy generation, which can

inform decision-making and optimization strategies in the field of renewable energy.
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5.2.2 ENERGY GENERATION BY PROVINCES

In this section, an in-depth analysis is conducted on the hourly data of wind power generation
energy across different provinces. This analysis aims to provide comprehensive insights into

the temporal patterns and variations in wind energy generation at a regional level.

By examining this data, we can explore the dynamics of wind power generation within each
province and identify any unique characteristics or trends that may emerge. This analysis
will enable a deeper understanding of the factors influencing wind energy generation, such

as geographical location, topography, and local wind patterns.

Through this investigation, valuable insights can be gained regarding the temporal
distribution of wind energy generation across different provinces. These insights will
contribute to the development of more effective strategies for optimizing wind power
generation, enhancing energy planning and management, and promoting sustainable energy

practices at the regional level.

In order to ensure the accuracy and reliability of the PCA analysis, a careful consideration
of the dataset was undertaken. As part of this process, the decision was made to exclude the
province of Extremadura from the analysis. This decision was based on the absence of
installed capacity data for the period spanning from 2015 to 2019. By excluding
Extremadura province, we aimed to ensure the adherence to high standards of data quality

and enhances the reliability and validity of the findings.
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Figure 55. PCA Loadings for wind generation by provinces

According to Figure 55, the loadings defining PC1 exhibit a distinct time zone triangle
pattern across multiple provinces, indicating a strong relationship between solar and wind
energy. This pattern is particularly pronounced in triangular-shaped regions such as Aragon,
Navarra, and La Rioja. Notably, the influence of Andalusia wind generation hours in PC1 is

not prominent.

The heightened presence of the time zone triangle pattern in triangular-shaped regions, such
as Aragon, Navarra, and La Rioja, suggests a geographical influence on the synchronization
between solar and wind energy patterns. The unique topographical features and wind flow
dynamics in these areas may amplify the correlation between solar and wind energy, leading

to a more pronounced time zone triangle pattern.

Furthermore, the relatively diminished influence of Andalusia in PC1 implies a possible
divergence in the relationship between solar and wind energy in this region. Factors such as

geographical location, local climate conditions, and wind patterns specific to Andalusia may
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contribute to a distinct energy generation profile, deviating from the overarching time zone

triangle pattern observed in other provinces.

PC2 captures the divergence between the northeast and northwest regions in terms of wind
energy generation. This component provides valuable insights into the regional variations
and distinct patterns observed in these areas. Positive values of PC2 indicate a stronger
influence from the northeast region, while negative values indicate a stronger influence from
the northwest region. The presence of PC2 highlights the significance of geographical factors

in shaping wind energy dynamics within the analyzed provinces.

PC3 captures the regional disparities between the northeastern and southeastern regions in
terms of wind energy generation. Positive values of PC3 signify a stronger influence from
the northeastern region, while negative values indicate a stronger influence from the

southeastern region.

PC4 focuses on four regions: Cantabria, Pais Vasco, Galicia, and Asturias, where positive
values of PC4 indicate stronger Cantabria and Pais Vasco influences, and negative values
indicating stronger influences of Galicia and Asturias regions. Interestingly, note that these

four areas are next to each other along the northern coast.

PC5 reveals distinctive characteristics related to the temporal distribution of wind energy
generation, specifically focusing on the difference between periods before and after
midnight. This principal component captures the variations in wind energy patterns and
provides valuable insights into the temporal dynamics of wind power generation. A positive
value of PCS5 indicates a stronger influence before 12 o'clock, highlighting the significance
of wind energy generation during the earlier hours of the day. Conversely, a negative value
of PCS indicates a stronger influence after 12 o'clock, emphasizing the importance of wind
energy generation during the later hours of the day. The distinctive characteristics observed
in PC5 of wind energy generation align closely with the findings in PC2 (Figure 47) of the

Energy Generation analysis discussed earlier.
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Figure 56. Cumulative explained variance of PCA for wind generation

The cumulative explained variance of the five main principal components (PC1, PC2, PC3,
PC4 and PC5) exceeds 72%, indicating that these components capture a significant portion
of the variability in the wind energy data (see Figure 56). The cumulative explained variance
of the five main principal components indicates that these components capture a significant
portion of the variability in the wind energy data. This underscores the significance and
utility of the principal component analysis in comprehensively capturing and representing

the inherent variability within the wind energy dataset.

Figure 57. Biplot with PC2 and PC3 for wind generation by provinces

The biplot depicting the relationship between PC2 and PC3, shown in Figure 57, provides a

spatial visualization of solar power generation across different provinces of Spain. This
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insightful representation enables us to discern distinct patterns and variations in solar energy
generation throughout the country. Notably, the biplot presents a rotated map of Spain, with
the provinces tilted approximately 45 degrees counterclockwise, facilitating a

comprehensive understanding of the geographical distribution of wind power generation.

Let us look at the graph of how the characteristics of each PCA appear in real wind energy

data.

Figure 58. Three days of hourly wind generation by provinces selected according to PC1

Figure 58 shows three distinct days of wind hourly generation, showing regional differences
according to three very different values of PC1. The highest red curve in all provinces
corresponds to the high value of PC1, indicating a higher amount of wind energy in the day.
Conversely, the lowest purple curve is observed when the value of PC1 is lower, indicating
that there is no wind generation. The mid-blue curve represents the average condition when

PC1 is close to zero.

Figure 59. Three days of hourly wind generation by provinces selected according to PC2

Figure 59 shows three distinct days of wind hourly generation, selected by choosing three

very different values of PC2. This graph shows three distinct and complex curves that
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provide insight into wind energy patterns throughout the day, particularly with regard to the
geographical characteristics of the Northeast and Northwest regions. Positive PC2 (red
curve) represents energy production in the northeast region, and negative PC2 (purple)

represents energy production in the northwest region.

Figure 60. Three days of hourly wind generation by provinces selected according to PC3

Figure 60 shows three distinct days of wind hourly generation, showing regional differences
according to three very different values of PC3. In particular, three complex curves are
shown, providing insight into wind energy patterns throughout the day, particularly with
regard to the geographical characteristics of the Northeast and Southeast regions. The
positive PC3 (red curve) represents energy production in the northeast region, and the

negative PC3 (purple) represents energy production in the southeast region.

>
—

Figure 61. Three days of hourly wind generation by provinces selected according to PC4

In a similar way, Figure 61 shows three distinct days of wind hourly generation, showing
regional differences according to three very different values of PC4. Three distinct and
complex curves throughout the day are shown, providing insights with respect to the four

provinces. The positive PC4 (red curve) represents the day when energy production is high
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in Cantabria and Pais Vasco regions, and the negative PC4 (purple) represents the day when

energy production is high in Galicia and Asturias regions.

A

Figure 62. Three days of hourly wind generation by provinces selected according to PC5

Varying PCS5 three different days have been selected (Figure 62), corresponding to three
distinct and complex curves that provide insight into energy patterns associated with
temporal distribution. It can be seen that the positive PC5 (red curve) and the negative PC5

(purple curve) have a symmetrical shape.

The analysis of wind energy data reveals distinct patterns and regional differences in energy
generation across various provinces. This comprehensive analysis provides valuable insights
into the diverse characteristics and regional variations in wind energy generation across the
analyzed provinces, aiding in the development of effective strategies for renewable energy

planning and management.
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Visualization of the clustered data.

Feature space for PC2

Feature space for PC1

Figure 63. Clustering on data with 5 clusters for wind generation

Figure 63 presents a comprehensive clustering solution by identifying five distinct groups
based on the values of PC1 and PC2. The visualization of these clusters provides valuable

insights into the spatial distribution of wind energy intensity.
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Figure 64. Main hourly patterns for wind generation by provinces

Figure 64 shows the mean values for each cluster derived from cluster analysis. For example,
the red curve (Cluster 0) is a cluster of days with high wind energy production levels in the
northern region, and the blue curve (Cluster 1) is a cluster of days with high wind energy
production levels in the eastern region. In addition, the purple curve (Cluster 2) is a cluster
of days with high energy production levels in the coastal area among the northern regions,

and the purple curve (Cluster 3) is a cluster of days with low wind energy production overall.
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Chapter 6. PHOTOVOLTAIC WITH WIND ENERGY
GENERATION
6.1.1 RELATIONSHIP BETWEEN SOLAR PV AND WIND ENERGY

In this chapter, we will explore the relationship between solar photovoltaic (PV) and wind

energy through a jointly analysis of their respective hourly data.

Boxplot of Solar P radiation by hour Boxplot of Wind by hour
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Figure 65. Box-plot of PV and Wind by hour

The boxplot analysis shown in Figure 65 reveals significant variability in solar radiation
energy over time, aligning with our intuitive understanding of solar power. The peak solar
radiation energy occurs at 13:00, with an average value of 0.462847. The analysis of wind
energy demonstrates minimal variation over time, indicating that its generation is not
significantly influenced by the time of day. The highest average value of wind energy,

0.264282.

In order to investigate the interplay between solar radiation and wind energy, we assess the
association between solar radiation levels at 13:00 and wind energy measurements at 12, 13,
and 14. The selection of wind energy measurements at 12, 13, and 14 is motivated by the
objective of examining the temporal dynamics of wind energy generation in relation to the

peak solar radiation period.
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Scatter plot of Wind and PV for year 2022
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Figure 66. Scatter plot of Wind and PV for year 2022

Figure 66 presents a scatter plot illustrating the correlation between solar radiation at 13:00
and mean wind energy at 12, 13, and 14. The y-axis represents the solar radiation values,
while the x-axis represents the corresponding wind energy values. The scatter plot
demonstrates a negative correlation between the two variables, indicated by the downward
trend of the data points. A correlation coefficient of -0.44 indicates a moderate negative
correlation between the two variables. The negative sign indicates an inverse relationship,
meaning that as the wind energy production increases, the solar PV generation tends to
decrease, and vice versa. The magnitude of -0.44 suggests that there is a moderate strength
of association between the two variables, indicating that they are somewhat related but not

perfectly linearly correlated.

Though, the observed correlation coefficient of -0.44 between solar radiation at 13:00 and
wind energy at 12, 13, and 14 reveals an intriguing relationship. This finding suggests that
there is a tendency for increased wind energy to coincide with lower solar radiation, possibly

indicating the presence of cloud cover (i.e. a “bad weather” situation). The inverse
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relationship between these variables is in line with the expectation that higher wind speeds
are often associated with cloudier conditions, leading to reduced solar generation. This
correlation provides valuable insights into the interplay between solar radiation and wind

energy generation.

Dendrogram using no truncation

—
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[

Figure 67. Dendrogram of PV and Wind

To further investigate the joint properties of solar and wind energy, we employed a
dendrogram analysis. The dendrogram of Figure 67 clearly illustrates that solar and wind
energy data are not grouped together within the same cluster but are instead separated. This
represents the unique and independent properties of solar and wind energy generation, along

with earlier findings based on correlation coefficients.
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Chapter 7. CONCLUSIONS AND FUTURE WORK

The analysis conducted in this study successfully identified and characterized the daily,
hourly, seasonal, and geographical changes of each renewable energy source. Specifically,
the patterns and dynamics of solar, wind, and hydroelectric power generation were

thoroughly investigated and understood.

Regarding solar energy, the study revealed clear patterns of sunlight intensity over various
periods, highlighting regional differences and the effects of daily and seasonal changes. The
findings shed light on the temporal progression of solar radiation throughout the day and the
effects of cloud cover on solar energy generation. In addition, we analyze the geographical
distribution of solar resources to provide insight into regional differences in solar potential

in Spain.

In the case of wind energy, this study successfully revealed significant regional and hourly
variations, shedding light on the temporal dynamics of wind energy generation across
different time zones. The findings obtained from the analysis provided valuable insights into
the temporal progression of wind energy production during the morning and afternoon
periods, as well as the regional variations in energy generation. These insights contribute to
a better understanding of the patterns and characteristics of wind energy in Spain, ultimately

supporting informed decision-making in renewable energy planning and management.

The join analysis of solar and wind energy generation, based on hourly and daily data
through the main regions of Spain has provided useful insights about the spatial and temporal

correlation of these two renewable energies.

The analysis of hydro-energy was not considered in this study. This omission is primarily
due to the manageable nature of hydro-energy generation, which involves factors such as
reservoir management and water release strategies. As a result, hydro-energy analysis
remains as a valuable area for future research the understanding the complexities and
potential synergies of hydro-energy, along with solar and wind energy, can provide a more

comprehensive understanding of the renewable energy landscape in Spain.
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