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ABSTRACT 

The effects of global warming are increasingly evident in our daily lives, with climate change, 
due to the evolution of the economy and the population, therefore it is necessary to take an 
active role in the development of solutions aimed at achieving a sustainable and carbon 
neutral future. 

The energy sector is one of the sectors of our society that contributes to global 
warming, with the use of coal, oil, natural gas, among others. This is therefore a sector that 
would benefit from the development of sustainable energy solutions, aimed at an energy 
transition focused on the use of natural resources. The use of renewable energy sources is, 
however, associated with the challenge of being intermittent, since it depends on the weather 
conditions, which is why it is necessary to combine two or more renewable energy sources to 
create a hybrid renewable energy system, to guarantee the system's reliability.  

This is the purpose of this dissertation, the optimization of a hybrid renewable energy 
system in the context of Portugal. The research began with a literature review in the field of 
artificial intelligence and energy, and nine studies were identified from the systematic 
literature review, which enabled the problem to be formulated. With this a hybrid renewable 
energy system integrating solar panels and wind turbines was designed and optimized using a 
hybrid algorithm. The hybrid algorithm developed integrates the Particle Swarm Optimization 
and Grey Wolf Optimization algorithms, with the aim of combining the advantages of each 
and thus approaching the global optimum. This algorithm was also implemented in parallel, 
to overcome the difficulties experienced in terms of execution time and use of computing 
resources. 

Three experiments were carried out on the hybrid algorithm developed to try to 
achieve the global minimum, however, it was only in the third experiment that it was possible 
to identify a local minimum with an ABF close to the global minimum. For this to be possible, 
experiment 3 integrated the changes mentioned in the two initial experiments as being 
necessary for a more efficient optimization. 

KEYWORDS 

Data Science; Artificial Intelligence; Hybrid Renewable Energy Systems; Multi-objective 
optimization 
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RESUMO 

Os efeitos do aquecimento global são cada vez mais evidentes no nosso quotidiano, com as 
alterações climáticas, isto acontece devido à evolução da economia e da população, é por isso 
necessário ter um papel ativo no desenvolvimento de soluções que tenham como finalidade 
alcançar um futuro sustentável e neutro em carbono. 

O setor da energia é um dos setores da nossa sociedade que contribui para o 
aquecimento global, com a utilização de carvão, petróleo, gás natural, entre outros. Este é 
assim um setor que beneficiaria do desenvolvimento de soluções energéticas sustentáveis, 
que visem a existência de uma transição energética focada na utilização de recursos naturais. 
A utilização de fontes de energia renovável tem, no entanto, associado o desafio de ser uma 
energia intermitente, uma vez que depende das condições meteorológicas, sendo por isso 
necessária a combinação de duas ou mais fontes de energia renovável para a criação de um 
sistema híbrido de energia renovável, por forma a garantir a fiabilidade do sistema.  

É neste sentido que se apresenta esta dissertação, a otimização de um sistema híbrido 
de energia renovável no contexto de Portugal. Iniciou-se esta investigação com uma revisão 
de literatura na área de inteligência artificial e energia, tendo sido identificados nove estudos 
com a revisão sistemática da literatura realizada, que possibilitaram a formulação do 
problema. Desta forma, foi idealizado um sistema híbrido de energia renovável que integra 
painéis solares e turbinas eólicas, sendo este otimizado com o algoritmo híbrido desenvolvido. 
O algoritmo híbrido desenvolvido integra o algoritmo Particle Swarm Optimization e Grey Wolf 
Optimization, com o objetivo de articular as vantagens de cada um e assim aproximar-se do 
ótimo global. Este algoritmo foi ainda implementado de forma paralela, por forma a 
ultrapassar as dificuldades sentidas relativamente ao tempo de execução e utilização de 
recursos computacionais. 

Foram realizadas três experiências ao algoritmo híbrido desenvolvido por forma a 
tentar atingir o mínimo global, no entanto, foi apenas na terceira experiência realizada que 
foi possível identificar um mínimo local com um ABF próximo do mínimo global. Para isto ser 
possível, a experiência 3 integrou as alterações mencionadas nas duas experiências iniciais, 
como sendo necessárias de concretizar para uma otimização mais eficiente.  

PALAVRAS-CHAVE 

Data Science; Inteligência Artificial; Sistemas híbridos de energia renovável; Otimização 
multiobjetivo 

Sustainable Development Goals (SDG):  
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ԑ𝟎𝟎 Eccentricity correction factor  

ԑ CO2 emissions coefficient (kg CO2/Wh)  
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1. INTRODUCTION 

1.1. BACKGROUND AND PROBLEM IDENTIFICATION 

With the evolution of the economy and global population, the demand for more and more 
energy becomes inevitable, with examples of conventional sources being coal, oil, natural gas, 
among others. However, these contribute to global warming, which has been occurring 
through climate change for several decades (Sawle et al., 2023). Therefore, there is a need to 
coordinate efforts to find sustainable energy solutions so that the energy transition that takes 
place is fully sustainable and carbon neutral, to achieve this it is inevitable to turn to renewable 
energy due to its availability, abundance and minimal threat to the environment (Ajiboye et 
al., 2023). However, for the sole and exclusive use of renewable energy for power generation, 
it is necessary to resort to the combination of two or more of these resources for the formation 
of a hybrid renewable energy system (HRES), since the use of a single source of renewable 
energy, has the challenge of being intermittent, since it depends on weather conditions 
(Ajiboye et al., 2023).  

A scientific area that has been explored in renewable energies with a lot of focus is 
Artificial Intelligence (AI), for its potential in modelling this type of energy source with the aim 
being the forecast and optimization and the management and supply of this type of energy 
(Entezari et al., 2023). AI presents itself as a technology with the potential to bring significant 
advances and improvements in society, being already applied in multiple fields such as 
healthcare, finance, transportation, entertainment, manufacturing and more. Thus, constant 
research in Artificial Intelligence and its applicability to the energy industry with the aim of 
achieving more sustainable solutions is extremely important, this type of research has been 
growing exponentially in recent years and in several areas besides the renewable energies 
such as smart power grids; energy consumption; energy storage; among others (Entezari et 
al., 2023). 

To “efficiently utilize renewable energy sources, it turns out to be essential to perform 
an optimal design of HRES” (Liu et al., 2022) by using Artificial Intelligence algorithms, so that 
it is possible to “achieve a better monitoring, operation, maintenance and storage for RES” 
(Liu et al., 2022). According to Cai et al. (2022), the establishment of an optimization design of 
HRES is carried out through four aspects: design variables, objective functions and constraints 
(Figure 1.1). Characterizing each aspect: 

• Design variables, the authors give as an example the “size (energy and/or power 
capacity) of each component of a system, a set of configurations of the system 
components, etc.” (Cai et al., 2022);  

• Objective functions, are divided into four categories those being:  
o Technical, when referring to indicators that allow to “evaluate the 

comprehensive ability of the systems to ensure the reliability and stability of 
the systems to satisfy the load demand” (Cai et al., 2022); 
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o Economic, when indicators related to costs associated with the system are 
applied, such as maintenance, replacement and others (Cai et al., 2022); 

o Environmental, when indicators are used that assess emissions that damage 
the environment and that may eventually be produced by the system (Cai et 
al., 2022); 

o Social, referring to indicators that “are applied to evaluate the capability of the 
systems to produce energy” and others (Cai et al., 2022); 

• Constraints, as an example is given “number of units, renewable capacity, installation 
size” and others (Cai et al., 2022). 

• Optimization approach 

Regarding the optimization approach, AI-based techniques are found promising which are 
characterized “by being deemed more acceptable than conventional approaches due to their 
ability to look for global optimal, high calculation precision, and rapid convergence speeds” 
(Sawle et al., 2023). However, the use of a single optimization algorithm means that it is not 
possible to achieve optimal results, with that it was visible by researchers possibilities for their 
improvement through the combination of two or more algorithms, in order to “complement 
each other and produce better optimization efficiency” (Cai et al., 2022) these “can provide 
more accurate results and have the ability to solve multi-objective optimization problems 
effectively” (Sawle et al., 2023). The consideration of multiple optimization criteria has a great 
advantage since typically real-world problems involve conflicting objectives that cannot be 
easily combined into a single objective function. 

 

Figure 1.1 - Diagram of the optimization design of HRES  

Source: Adapted from Cai et al. (2022) 

With this, there is a need for research on AI Hybrid Renewable Energy Systems, looking 
to new combinations of optimization algorithms that may prove to be promising and still 
handle various objective functions effectively. 

Therefore, the research question (RQ) that is placed is:  
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RQ: "What novel hybrid optimization algorithms can be developed to effectively 
address diverse objective functions in the context of AI Hybrid Renewable Energy Systems in 
Portugal?”. 

1.2. OBJECTIVES 

To help answer the defined research question (RQ), the objective of the research is to propose 
a strategy for the optimization of HRES in Portugal, considering multiple criteria.  

To achieve this objective, some intermediate objectives are also set:  

• Make a literature review on the field of AI and Energy;  
• Proposal of a hybrid optimization approach, which allows the existence of a 

complementarity and synergy between them to handle a broader spectrum of 
objective functions; 

• Development of experiments to evaluate the performance of the hybrid optimization 
algorithm, to optimization of Hybrid Renewable Energy System (HRES) in Portugal. 
 

1.3. IMPORTANCE AND RELEVANCE 

It is very important to act quickly to implement renewable energy solutions to combat the 
climate change that is affecting our planet so much. Implementing this type of solution, we 
propose that would lead to positive changes in three pillars: 

• Environmental, would make it possible for “no or little emission production of 
poisonous and exhaust gases” to occur (Hannan et al., 2021; Serban & Lytras, 2020); a 
reduction in pollution (Kumar, 2020) and an increase in energy security (Kumar, 2020); 

• Economic, renewable energy sources are continuously regenerated by nature and can 
be found all over the world, so these resources produce cheaper electricity 
(“Greenvolt,” n.d.), which would make its use possible to achieve low electricity costs 
(Hannan et al., 2021); the use of this type of energy solution would also lead to an 
increase in income (Kumar, 2020); given that renewable energy solutions end up using 
local resources (labor, materials, companies, etc.) there are therefore economic 
benefits, which result in increased regional development (Kumar, 2020);   

• Social, the creation of these new sustainable solutions would result in the creation of 
new jobs due to their recent nature (Hannan et al., 2021; Serban & Lytras, 2020); there 
would be visible improvements in terms of community health, since there would be 
no or few emissions of gases harmful to the human system (Hannan et al., 2021; 
Serban & Lytras, 2020); taking into account that in order to be able to consume energy 
from renewable energy in a sustainable way, this type of energy must be obtained on 
the internal market, thus making it possible to reduce dependence on imports (Serban 
& Lytras, 2020), which results in the development of communities (Hannan et al., 2021) 
who will then be able to use “renewable sources that can be exploited recurrently, 
with no potential for exhaustion” (Serban & Lytras, 2020); it would also be possible to 
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see improvements in citizens' quality of life (QoL) (Kumar, 2020) and there would also 
be demographic implications with the adoption of this type of solution (Kumar, 2020). 
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2. LITERATURE REVIEW 

2.1. ENERGY INDUSTRY 

2.1.1. Characterization 

According to Bilgen (2014), energy can be defined as “the ability to do work”, existing three 
aspects that define it: the form in which it can be found, how it is processed and its source. 
Energy in the form of electricity plays a very important role in the modern economy, and its 
demand is expected to continue to increase due to rising household incomes, the 
electrification of transport and thermal energy solutions, the rise in demand for digital 
connected devices and air conditioning (Electricity – World Energy Outlook 2019 – Analysis  – 
IEA, n.d.). It was verified by Bilgen (2014) that the increase in economic growth ends up having 
an impact on the increase in energy consumption, so it is possible to see a direct relationship 
between these two variables. The increase in demand for electricity turned out to be one of 
the reasons why 2018 was a record year for global CO2 emissions in the energy sector 
(Electricity – World Energy Outlook 2019 – Analysis  – IEA, n.d.), although this record was 
broken in 2018, the energy sector already accounted for two thirds of global CO2 emissions, 
which must be reduced in order to combat global warming, by decarbonizing the energy 
system (Energy Transitions and Societal Change | Research Institute for Sustainability, n.d.). 
The decarbonization of electricity can also make it possible to reduce CO2 emissions in other 
sectors such as (Electricity – World Energy Outlook 2019 – Analysis  – IEA, n.d.), construction, 
industry and transport.  

Several agreements have been made with the overall aim of achieving a more sustainable 
future. In 1997, the Kyoto Protocol was adopted by several countries, with the aim of 
promoting the use of energy with low levels of polluting gases, thus establishing a price for 
CO2 and other greenhouse gases (Solomon & Krishna, 2011). In 2015, the Paris Agreement 
was adopted by 196 Parties on the UN Climate Change Conference (COP21), with the aim that 
“the increase in the global average temperature to well below 2°C above pre-industrial levels” 
and look for “to limit the temperature increase to 1.5°C above pre-industrial levels” (The Paris 
Agreement | UNFCCC, n.d.). Also in 2015, the UN developed the 17 Sustainable Development 
Goals (SDGs), agreed to by several countries, his vision being the one that “ending poverty and 
other deprivations must go hand-in-hand with strategies that improve health and education, 
reduce inequality, and spur economic growth – all while tackling climate change and working 
to preserve our oceans and forests” (THE 17 GOALS | Sustainable Development, n.d.). 

The development of all these agreements generally has the objective of achieving energy 
transition, to combat climate change that is threatening the planet. The energy transitions 
that have taken place over the centuries have ultimately led to industrial revolutions (He, 
2015). In the first industrial revolution that took place, in the late 18th century (Team, 2019), 
firewood was replaced by coal, which led to industrialized production and increased 
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productivity at work, as the railways came into being (He, 2015). In the second industrial 
revolution, in the end of the 19th century (Team, 2019), oil replaced coal (Kabeyi & 
Olanrewaju, 2022), electricity having also been invented, these changes resulted in mass 
industrial production, such as the Ford automatic engine production lines; the emergence of 
internal combustion engines and the effects of this revolution were also felt in the 
transportation and communication sectors, with cars and the telephone for example (He, 
2015). The third industrial revolution began in the second half of the 20th century (Team, 
2019), in which nuclear energy, electronics, telecommunications and computers emerged 
(Team, 2019). Lastly, the fourth industrial revolution or Industry 4.0, which is currently 
underway, began in the third millennium with the Internet (Team, 2019). With the industrial 
revolutions that took place over several centuries, an industrial civilization was born, that is 
according to He (2015), “an unsustainable form of human society”, resulting in a scarcity of 
mineral resources and the existence of climate change.  

Before the revolutions that took place, communities used natural resources to carry out 
their daily activities, such as drying clothes in the sun. However, as mentioned above, these 
behaviors have changed to the use of fossil fuels, which cause damage to our planet (Kabeyi 
& Olanrewaju, 2022), there needs to be an energy transition to renewable energy sources 
(RES) (Kabeyi & Olanrewaju, 2022). Renewable energy is a clean and inexhaustible form of 
energy, since its source is natural resources (Kabeyi & Olanrewaju, 2022), however, it should 
also be borne in mind that as an energy source related to weather conditions, it could be 
affected by climate change (Schaeffer et al., 2012). These types of green resources include 
energy from “hydropower, solar, wind, wave, geothermal power, waste energy such as gases 
from landfills, incineration, biomass, and liquid biofuels” (Bishoge et al., 2019). There are many 
advantages to using RES at an economic and social level, in terms of environmental energy 
sustainability, access to energy due to its decentralization, reduction in the emission of 
polluting gases and local socio-economic development (Kabeyi & Olanrewaju, 2022). 
However, the use of RES is accompanied by challenges such as low conversion efficiency and 
the variability and unpredictability of supply associated with this type of resource, which 
depends on natural conditions. Despite this, it is possible to combat these challenges through 
optimization to "create stability and reliability in renewable energy supply and use” (Kabeyi & 
Olanrewaju, 2022). 

2.1.2. Sustainable Energy Systems 

According to Bazmi & Zahedi (2011), the energy systems “are complex, often involving 
combinations of thermal, mechanical and electrical energy, which are used to achieve one or 
more of several possible goals, such as electricity generation, climate control of enclosed 
spaces, propulsion of transportation vehicles, and so on”, which have five phases (Figure 2.1) 
(Wütscher, 2005). With the growing demand for energy due to industrial development and 
population growth, it is confirmed by Yoro et al. (2021) that the development of Sustainable 
Energy Systems (SES) is a priority. This type of energy system is defined as “a complete 
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structure with energy supply and demand based on renewable energy as opposed to fossil 
and nuclear fuels” (Yoro et al., 2021), based on two essential pillars: the efficient use of energy 
and the increasing use of renewable resources (Wütscher, 2005). 

 

Figure 2.1 - Phases of an energy system1  

Source: Adapted from Wütscher (2005) 

The view that current energy systems are unsustainable is gaining momentum due to 
global warming, poor air quality and dependence on fossil fuels, which is why attention is 
being paid to the necessary transition to more efficient systems that use renewable energy 
sources (Bazmi & Zahedi, 2011). The transition from the current energy system, which uses 
fossil fuels, to SES requires a "rethinking and a redesign of the energy system" (Lund et al., 
2014) in order to be able to integrate renewable energy sources, as well as the appropriate 
technologies for the implementation of this type of energy system and also in this transition 
there must be an assessment of resources, since one of the characteristics of renewable 
energies is their specificity in each location (Østergaard et al., 2020). 

The transition to a sustainable energy system has social, ecological and economic 
advantages, for example, by reducing the use of fossil resources and using a decentralized 
energy system, local economic development is possible (Wütscher, 2005). In the case of 
isolated areas, the development of SES is of greater importance, since in these places even 
fossil fuels are more expensive due to their transportation and storage, making renewable 
energies a more viable solution (Chu et al., 2020).  

2.1.3. Hybrid Renewable Energy Systems 

With the increase in carbon dioxide emissions, there is growing interest in using an alternative 
solution to fossil fuels to avoid the global warming that is the consequence of this increase in 
emissions, one solution being the use of renewable energy sources (RES) (Shivarama Krishna 
& Sathish Kumar, 2015). However, there are some challenges to renewable energies, such as 
their dependence on environmental conditions and their intermittent nature (Shivarama 
Krishna & Sathish Kumar, 2015), Therefore, in order to be able to make the transition to this 
green energy, it is necessary to use more than one energy source in order to form what is 
known as Hybrid Renewable Energy Systems (HRES), which according to Bajpai & Dash (2012), 
is defined by “one renewable and one conventional energy source or more than one 
renewable with or without conventional energy sources, that works in stand-alone or grid 
connected mode”. The increase in demand for the transition to this energy system is due to 
“the potential techno-economic advantages of hybrid combinations and the rapid depletion 

 
1 In Sustainable Energy Systems (SES), in the first phase, energy is produced from natural resources, in the next 
phase it is converted to other energy carriers and then transported and distributed for use (Wütscher, 2005). 
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of conventional sources of energy” (Sawle et al., 2018). The classification of HRES is based on 
their operating mode and structure (Figure 2.2). 

 

Figure 2.2 - Classification of Hybrid Renewable Energy Systems2  

Source: Adapted from Kartite & Cherkaoui (2019) 

The operating mode of a Hybrid Renewable Energy System (HRES) can be grid-parallel 
or stand-alone. The grid-parallel operating mode is typically used in urban areas, and when 
they don't have the necessary energy to meet their needs, it can be obtained from the grid 
and when more energy is generated than is used, the surplus is sold to the grid. As for the 
stand-alone operating mode, a form of storage is required (batteries, electrolyzer-fuel cell 
combinations, and conventional diesel generators) to ensure that there is always energy to 
supply when needed (Erdinc & Uzunoglu, 2012). 

According to Olatomiwa et al. (2016), a hybrid system is then defined by “an energy 
system that uses more than one energy source”, in which it converts multiple renewable 
energy resources into a single form, typically electrical, which can then be stored in a form 
(chemical, compressed air, mechanical, etc.) and then used to power a variety of loads (Nehrir 
et al., 2011). The components of a hybrid system are AC/DC energy source, AC/DC power 
electronic converters and loads (Figure 2.3), where is possible to have several configurations, 
DC coupled, AC coupled and Hybrid coupled system, differing according to the application of 
the system (Shivarama Krishna & Sathish Kumar, 2015). 

 
2 Operating mode as connected to the grid, also called grid-parallel, these operate in parallel to the grid. 
Operating mode as isolated, more often referred to as stand-alone, refers to autonomous hybrid systems. As far 
as structure is concerned, with the presence or absence of conventional source, there is a conventional power 
source (diesel generator, gas turbine, plant); presence or absence of storage capacity (rechargeable batteries, 
etc.); renewable energy source used (Kartite & Cherkaoui, 2019). 
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Figure 2.3 - Basic components of a Hybrid system  

Source: Adapted from Shivarama Krishna & Sathish Kumar (2015) 

The Hybrid Renewable Energy Systems (HRES) have a number of advantages, from the 
ability to integrate two or more renewable energy sources into them, so that local 
characteristics can be taken into account, in the case of small HRES they have lower costs than 
the systems we are used to today and the fact that the fuel for this type of energy system is 
“abundant, free and inexhaustible” (Bhandari et al., 2015). 

2.2. ARTIFICIAL INTELLIGENCE 

2.2.1. Concepts & Main areas 

The first appearance of the concept Artificial Intelligence (AI) emerged with the work of Alan 
Turing the “father of computer science”, published in 1950 “Computing Machinery and 
Intelligence”, this begins by asking the question “Can machines think?” which serves as a 
starting point for the “Turing Test”, this test involves a human respondent trying to distinguish 
between a human response and that of a machine (What Is Artificial Intelligence (AI) ? | IBM, 
n.d.). According to McCarthy (2004), AI is defined by “the science and engineering of making 
intelligent machines, especially intelligent computer programs. It is related to the similar task 
of using computers to understand human intelligence, but AI does not have to confine itself 
to methods that are biologically observable”, simplifying according to IBM, AI it is an area that 
encompasses computer science and robust datasets, with machine learning and deep learning 
as sub-domains, that have AI algorithms to make predictions or classifications based on input 
data, with the ultimate objective of solving problems (What Is Artificial Intelligence (AI) ? | 
IBM, n.d.). 

Between 1950 and 1970 the emergence of AI was accompanied by a growing 
enthusiasm for “thinking machines”, and the first neural networks were also developed at this 
time. Between 1980 and 2010, the subdomain of AI, Machine Learning (ML), began to gain 



10 
 

more prominence so that nowadays, with advances in deep learning, there is a boost in AI 
(Artificial Intelligence (AI) – What It Is and Why It Matters, n.d.). 

There are several areas in which the application of AI exists, from: 

• Speech recognition, in which natural language processing (NLP) is used, which 
is “the ability to understand text and spoken words in much the same way 
human beings can” (What Is NLP (Natural Language Processing)? | IBM, n.d.);  

• Customer service, where virtual agents are used to increasingly personalize a 
customer’s passage through a website (What Is Artificial Intelligence (AI) ? | 
IBM, n.d.); 

• Computer vision, that allows you to obtain information from visual data (What 
Is Artificial Intelligence (AI) ? | IBM, n.d.); 

• Recommendation engines, in which information from each customer's 
previous consumption behaviors is used to make it possible, through AI 
algorithms, to discover trends and make recommendations (What Is Artificial 
Intelligence (AI) ? | IBM, n.d.); 

• Automated stock trading, with the aim of optimizing stock portfolios (What Is 
Artificial Intelligence (AI) ? | IBM, n.d.).  

With the increasing use of AI in multiple fields, it becomes increasingly necessary to 
also take into account aspects related to ethics in this area for conversation (What Is Artificial 
Intelligence (AI) ? | IBM, n.d.). 

2.2.2. Artificial Intelligence applicability to the energy industry 

The new advances that are being felt in the area of Artificial Intelligence (AI) have been 
revolutionizing the energy industry, this being the area that could allow cheap, clean and safe 
energy to be obtained, which will result in “reduce consumer electricity costs, reduce 
greenhouse gas emissions, and help grid operators and utilities maintain the power system's 
reliability” (Ahmad et al., 2021), there has even been interest on the part of several countries 
in the use of this technology for the integration of renewable energies in their energy systems, 
as well as in the search for improving their efficiency through “forecast supply and demand, 
manage the grid in real time, minimize downtime, optimize returns” (Ahmad et al., 2022). In 
Figure 2.4 it is possible to see how the integration of AI with energy systems is carried out. 
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Figure 2.4 - AI and real-time applications in energy systems 

Source: Ahmad et al. (2022) 

With the integration of AI in the renewable energy sector, advances will be made in 
several areas: 

• Centralized and smart control centers, in which with a large amount of data and 
the use of AI it will be possible through its processing to improve control 
operations, adapt supply taking into account demand, carry out weather and 
load forecasts (Ahmad et al., 2022);  

• Improve microgrid integration, through the use of AI, it will be possible to 
seamlessly integrate units that generate renewable energy into the main grid 
(Ahmad et al., 2022); 

• Improved reliability and safety, since with the use of this technology it is 
possible to understand patterns in the use of energy, of possible energy leakage 
as well as in the performance of the structures, which will thus allow to increase 
the stability, performance and reliability (Ahmad et al., 2022);  

• Expand the market, with the participation of AI in the energy industry, new 
techniques may emerge (Ahmad et al., 2022); 

• Smart grid with AI-enabled storage, that is, with the use of AI techniques 
together with forms of energy storage, it will enable the use of renewable 
energies in a safe and sustainable way (Ahmad et al., 2022). 

2.3. SYSTEMATIC LITERATURE REVIEW ON ARTIFICIAL INTELLIGENCE AND HRES 

OPTIMIZATION 

In this chapter, a Systematic Literature Review (SLR) will be carried out using the PRISMA 
methodology (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) with the 
aim of understanding the state of the art in relation to the research topic and obtaining 
knowledge. To achieve the objective of making a comprehensive literature review on the field 
of AI and Energy, the following literature research questions (LRQ) are posed: 
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LRQ1: What are the optimization algorithms that were used to create hybrid optimization 
algorithms to optimize Hybrid Renewable Energy Systems (HRES)? 

LRQ2: How do optimization algorithms contribute to overcoming challenges associated with 
the intermittent nature of renewable energy sources? 

LRQ3: How has multi-objective optimization been utilized in the design and operation of 
Hybrid Renewable Energy Systems? 

2.3.1. Method 

In order to carry out the literature review, the steps suggested by the PRISMA 2020 Checklist 
were followed: 1) Defined the eligibility criteria, i.e. the criteria for excluding and including 
articles in the review should be defined at this stage; 2) Specification of databases consulted; 
3) Search strategy, the strategy adopted to carry out the search in all databases should be 
mentioned at this stage; 4) Selection process, specification of the process for selecting the 
final number of articles to be analyzed. 

2.3.1.1. Eligibility criteria 

The first stage in applying the PRISMA methodology is to define the criteria for including and 
excluding studies. The search only considered articles with a publication date after 2014, thus 
ensuring that the information obtained about Artificial Intelligence and Hybrid Renewable 
Energy Systems is only the most recent. Bearing in mind that the aim of this SLR is to find out 
the state of the art regarding Hybrid Renewable Energy Systems that use Hybrid Optimization 
Algorithms with Multi-objective Optimization in AI applications in Portugal, the inclusion 
criteria in Table 2.1 were defined. As far as the exclusion criteria are concerned, articles that: 
do not meet the scope of this thesis; are not available in full text; are not written in English 
and if it uses software for optimization instead of an algorithm, will be eliminated from 
analysis. The criteria presented can be seen in Table 2.1. 

Table 2.1 - Inclusion and Exclusion criteria definition 

Inclusion 
criteria 

Meet the 
scope of 

this thesis 

Considers a Hybrid Renewable Energy System (HRES) 

Hybrid optimization algorithm in the context of HRES 

Multi-objective optimization algorithm in the context of HRES 

Exclusion 
criteria 

Reason 1 Does not meet the scope of this thesis 

Reason 2 Not available as full text 

Reason 3 Not in English language 

Reason 4 Uses software for optimization instead of an algorithm 
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2.3.1.2. Information sources 

To carry out this SLR, several databases were used, including Scopus, Web of Science, IEEE 
xplore and Taylor & Francis. None of these databases were accessed through database 
aggregators. 

2.3.1.3. Search strategy 

Based on the literature review carried out earlier, several keywords were found, and only 
the most relevant to this study were selected, which led to the creation of the following 
query for an efficient search in the various sources of information:  

"hybrid renewable energy systems" AND (ensemble* OR "hybrid algorithm" OR "hybrid 
optimization") AND ("multiobjective optimization" OR "multi-objective optimization") 

2.3.1.4. Selection process 

The query presented in the previous section was used to search the selected databases, as 
indicated in section 2.3.1.3, thus starting the selection process, which can be seen in Figure 
2.5. In a first identification phase, 39 articles were identified through the databases, which 
corresponds to 8 articles from Scopus, 6 articles from Web of Science, 1 article from IEEE 
Xplore and 24 articles from Taylor and Francis, in addition to these, another 5 relevant articles 
were identified through other methods. Once a total of 44 articles had been identified, 
duplicates were eliminated. In a second phase, the screening phase, the remaining 38 articles 
were analyzed by their title and abstract, thus excluding 27 that did not meet the scope of this 
systematic literature review. Subsequently, the remaining 11 articles were sought for retrieval 
and it was possible to obtain all of them, so there were none that were excluded for reason 2. 
In the eligibility phase, the 11 studies were assessed using the full text, considering the 
inclusion and exclusion criteria defined above, which resulted in 9 articles to be included in 
the review. 
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Figure 2.5 - SLR flow chart 

Source: Adapted from Moher et al. (2009) and Page et al. (2021) 

2.3.2. Results and discussion 

The 9 articles identified for inclusion in the review were distinguished by their purpose: 
Optimal sizing and improvement of reliability. The studies used were published between 2014 
and 2023, and all in scientific journals, which can be seen in Table 2.2. 
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Table 2.2 - Articles included using the PRISMA methodology 

Ref. 
No. Author(s) Title Type 

[1] Amereh et al., 2014 Multi objective design of stand-alone PV/wind 
energy system by using hybrid GA and PSO 

Optimal sizing 

[2] Diab et al., 2019 Application of Different Optimization Algorithms 
for Optimal Sizing of PV/Wind/Diesel/Battery 
Storage Stand-Alone Hybrid Microgrid 

Optimal sizing 

[3] Capraz et al., 2020 Optimal sizing of grid-connected hybrid renewable 
energy systems without storage: a generalized 
optimization model 

Optimal sizing 

[4] Rathish et al., 2021 Multi-objective evolutionary optimization with 
genetic algorithm for the design of off-grid PV-
wind-battery-diesel system 

Optimal sizing 

[5] Suman et al., 2021 Optimisation of solar/wind/bio-
generator/diesel/battery based microgrids for rural 
areas: A PSO-GWO approach 

Optimal sizing 

[6] Çetinbaş et al., 2022 The Hybrid Harris Hawks Optimizer-Arithmetic 
Optimization Algorithm: A New Hybrid Algorithm 
for Sizing Optimization and Design of Microgrids 

Improvement 
of reliability 

[7] Fendzi Mbasso et al., 
2023 

Contribution into Robust Optimization of 
Renewable Energy Sources: Case Study of a 
Standalone Hybrid Renewable System in Cameroon 

Optimal sizing 

[8] Hossain et al., 2023 Multi-Objective Hybrid Optimization for Optimal 
Sizing of a Hybrid Renewable Power System for 
Home Applications 

Optimal sizing 

[9] Güven et al., 2023 Multi-Objective Optimization of an Islanded Green 
Energy System Utilizing Sophisticated Hybrid 
Metaheuristic Approach 

Optimal sizing 

 

Thereafter, the LRQ set out at the section 2.3 are answered in relation to the 
information obtained from the articles included in Table 2.2. 

[STUDY 1] 

To obtain the optimal size for a HRES, the study by Amereh et al. uses a hybrid 
algorithm resulting from the combination of genetic algorithm (GA) and particle swarm 
optimization (PSO). The use of GA in the initial optimization phase makes it possible to find 
the global minimum, reducing the possibility of a local minimum, so that after a specific 
number of iterations, known as the Hybrid Constant (HC), PSO can be applied to improve 
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optimization speed and local tuning ability (Amereh et al., 2014). The objective functions of 
the optimization carried out by the GA-PSO hybrid algorithm are to minimize Total Net Present 
Worth (TNPW) and maximize Energy Index Reliability (EIR), which is why it is a multi-objective 
optimization, with Amereh et al. (2014) using ε-constraint, i.e. "TNPW is the main optimization 
function and EIR is constraint" (Amereh et al., 2014). In this way, the optimization carried out 
will make it possible to obtain the system parameters (WT swept area, PV panel area and 
storage battery capacity) (Amereh et al., 2014). The HRES used in this study consists of wind 
turbines (WT), photovoltaic (PV) panels and, to overcome the challenges associated with using 
renewable energy sources, a storage battery (SB) was included as a backup (Amereh et al., 
2014). 

[STUDY 2] 

The study by Diab et al. (2019) aimed to optimize the sizing of a HRES, having applied 
various algorithms to this optimization problem, such as Whale Optimization Algorithm 
(WOA), Water Cycle Algorithm (WCA), Moth-Flame-Optimizer (MFO), and Hybrid particle 
swarm-gravitational search algorithm (PSOGSA). One of the algorithms mentioned is the 
hybrid PSOGSA algorithm, which results from combining the particle swarm optimization 
(PSO) and gravitational search algorithm (GSA) algorithms, thus making it possible to combine 
the exploitation capacity of the PSO and the exploration efficiency of the GSA (Diab et al., 
2019). The results obtained in the study concluded that the hybrid PSOGSA algorithm is faster 
than the others in reaching its optimal solution, however Diab et al. (2019) "concluded that 
WOA is the most promising among the proposed methods in solving the optimization 
problem" (Diab et al., 2019). This optimization problem is multi-objective, since its objective 
functions are to minimize the loss of power supply probability (LPSP), minimize the cost of 
energy (COE) and minimize the dummy load, using weights associated with each objective 
function, obtained through trial and error to obtain the best optimization results (Diab et al., 
2019). As the system used in this study is an HRES, it is subject to the intermittent nature of 
renewable energy sources, to overcome this challenge, the authors opted to use an energy 
storage system, specifically a battery bank, as well as a diesel generator, which is only used 
when it is not possible to satisfy the demand for energy through renewable energy sources or 
a battery bank (Diab et al., 2019). 

[STUDY 3] 

The study by Capraz et al. (2020) seeks to achieve the optimal sizing of a hybrid 
renewable energy system without storage (HRES-WS), through the combination of a weighted 
multi-objective mixed-integer linear programming (WMO-MILP) model and Monte Carlo 
simulation. The use of WMO-MILP makes it possible to observe the impact that each objective 
function has on the sizing of the system, due to the possible weights associated with each 
function that reflect "the decision-maker's cost-based, environmental-based, or partially cost- 
and environmental-based priorities" (Capraz et al., 2020). Monte Carlo simulation, on the 
other hand, is inserted with the aim of addressing the stochastic nature of the modeling 
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environment, thus making it possible to "predict weather data and load demand based on the 
historical data" (Capraz et al., 2020). The model developed address a multi-objective 
optimization problem, in which the objective functions are the minimization of the difference 
between the total cost and the total revenue and the minimization of the total annual amount 
of CO2 produced by the system, Capraz et al. (2020) observed that increasing the weight 
associated with the objective function of minimizing the total annual amount of CO2 results in 
an increase in the cost of the system (Capraz et al., 2020). 

[STUDY 4] 

Another approach to optimize the design of a HRES was carried out by Rathish et al. 
(2021) for the state of Tamil Nadu in India, in which the authors of the study used the Multi-
objective evolutionary algorithm (MOEA) and Genetic Algorithm (GA) to create a hybrid 
algorithm. The multi-objective optimization carried out using MOEA-GA considers three 
objective functions, minimization of Net Present Cost (NPC), minimization of unmet load and 
minimization of CO2 emissions from the system (Rathish et al., 2021). The MOEA considers the 
objective functions in a vector, in which each one has a vector composed of the problem's 
decisive variables, this algorithm thus makes it possible to obtain the Pareto set of the non-
dominated solutions, while the GA returns the solution that minimizes the NPC of the 
combination of components obtained by the MOEA (Rathish et al., 2021). The HRES is 
composed of PV-Wind-Diesel-Battery, however it is possible to meet the energy demand 
without having to resort to the diesel generator, which is indicative of the capacity to use 
renewable energy sources in the study location (Rathish et al., 2021). 

[STUDY 5] 

To obtain the optimal size of a microgrid in the Indian state of Bihar, Suman et al. (2021) 
applied the hybrid PSO-GWO algorithm resulting from the combination of Particle Swarm 
Optimization (PSO) and Grey Wolf Optimizer (GWO). The PSO algorithm is capable of 
exploitation, although its ability to explore is not the same since it ends up converging on the 
local optima rather than the global optimum solution, GWO was therefore introduced into the 
hybrid algorithm with the aim of "minimise the probability of falling into a local minima" 
(Suman et al., 2021). The optimization problem addressed by Suman et al. (2021) is multi-
objective, with the objective functions of minimizing the cost of energy (COE) and minimizing 
the Deficit of Power Supply Probability (DPSP), which are then transformed into a single 
objective problem through linear scalarization, that is characterized by "the objectives are 
either combined to form a linear function or are taken as constraint for optimization problem" 
(Suman et al., 2021). In this optimization problem, Suman et al. (2021) chose to associate each 
objective function with a weight that reflects its significance for the problem, as well as a 
fraction between the value of the objective function and its maximum limit (Suman et al., 
2021). Bearing in mind that the energy system used in this study is a HRES, its main source of 
energy are renewable energy sources, which are characterized by their intermittent nature, 
for this reason, the battery storage unit and diesel generator are inserted as components of 
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the system, so that if the energy produced by the RES is greater than the demand, the excess 
is stored in the storage unit and if both the energy produced by the RES and that stored in the 
battery storage unit is not enough to satisfy the demand, the diesel generation unit is used 
(Suman et al., 2021). 

[STUDY 6] 

The study by Çetinbaş et al. (2022) aimed to "sizing optimization and design of 
autonomous microgrids" (Çetinbaş et al., 2022) using a hybrid algorithm created by the 
authors called the Harris Hawks Optimizer-Arithmetic Optimization Algorithm (hHHO-AOA), 
since it results from the combination of the Harris Hawks Optimizer (HHO) and the Arithmetic 
Optimization Algorithm (AOA) (Çetinbaş et al., 2022). The use of this hybrid hHHO-AOA 
algorithm makes it possible to improve "solution accuracy and the computational speed by 
refining the search capability" (Çetinbaş et al., 2022). The optimization problem in this study 
is multi-objective since its objective functions are the minimization of the loss of power supply 
probability (LPSP) and the minimization of the cost of energy (COE) (Çetinbaş et al., 2022). The 
authors of the study approached the optimization problem by modifying it "into a single-
objective optimization problem with the weighted sum method" (Çetinbaş et al., 2022), in 
which weights are assigned to each objective function. As a way of overcoming the challenges 
posed by the use of renewable energy sources, the authors of the study integrated a battery 
storage system (BSS) and a diesel generator (DG) into the system, thus allowing uninterrupted 
operation, since when the energy produced by the RES is greater than the load demand, the 
surplus is stored in the BSS, while when the energy produced by the RES is less than the load 
demand, the deficit is supplied by the BSS, or if this is not enough, in the second instance by 
the DG (Çetinbaş et al., 2022). 

[STUDY 7] 

The study carried out by Fendzi Mbasso et al. (2023) aimed to "assess and improve the 
reliability and the autonomy of the HRES" (Fendzi Mbasso et al., 2023), using the hybrid 
algorithm resulting from the combination of particle swarm optimization (PSO) and grey wolf 
optimizer (GWO), the latter having the capacity to explore, avoiding the local optima (Fendzi 
Mbasso et al., 2023). The optimization problem is multi-objective, in which the objective 
functions are minimizing the Deficit of Power Supply Probability (DPSP), maximizing the 
Autonomous Days (AD) and maximizing the energy kept into the BSS (Fendzi Mbasso et al., 
2023). This optimization is possible by minimizing the DPSP and maximizing the two variables, 
the authors use two parameters obtained through trial-and-error (Fendzi Mbasso et al., 2023). 
It is also possible to respond to the objective functions mentioned above by sharing the 
information of the particles in the multi-objective particle swarm optimization (MOPSO), 
which allows them to approach the global optima as well as their best result, in addition, at 
the end of each iteration the non-dominated solutions obtained are stored temporarily 
(Fendzi Mbasso et al., 2023). An integral part of the system is the battery storage system (BSS) 
as a way of guaranteeing "a reliable, suitable, and sustainable system" (Fendzi Mbasso et al., 
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2023), since renewable energy sources are used in the HRES, which are sometimes 
intermittent. With the use of the BSS, it is therefore possible to store the energy produced 
that is not immediately used, so that it can later be applied to meet existing needs (Fendzi 
Mbasso et al., 2023). 

[STUDY 8] 

In the study by Hossain et al. (2023), the authors sought to achieve the optimal sizing 
of a hybrid renewable energy system (HRES) by optimizing with a hybrid algorithm originating 
from the combination of the Non-dominant Sorting Genetic Algorithm II (NSGA II) and the 
Grey Wolf Optimizer (GWO), since "hybrid algorithms provide the most precise optimum 
results for the sizing approach" (Hossain et al., 2023). NSGA II has a fast and efficient 
convergence, but a high computational complexity, while GWO has a slower convergence, 
lower complexity and a greater capacity for exploration, avoiding the optimum location, so 
the NSGA-GWO algorithm "preserves the ingenuity of both algorithms and combines them to 
generate a much more reliable outcome" (Hossain et al., 2023). The problem presented was 
approached as a multi-objective optimization, since it has two objective functions, minimizing 
the total cost and minimizing the loss of power supply probability (LPSP), so an objective 
function was formulated that minimizes them simultaneously (Hossain et al., 2023). As a way 
of addressing the intermittent nature of renewable energy sources, Hossain et al. (2023) 
resorted to using an energy storage device as part of the HRES, so that when the energy 
produced is greater than the demand for it, the surplus is stored and when the energy 
produced is less than that needed to be supplied, the deficit is replenished by the battery 
(Hossain et al., 2023). 

[STUDY 9] 

To address the problem of optimal sizing of a HRES, Güven et al. (2023) used the hybrid 
algorithm Hybrid Firefly Particle Swarm Optimization (HFAPSO), due to its ability to act in 
complex optimization landscapes, achieve the global optimum solution and also manage 
complex constraints, aspects which reflect its robustness (Güven et al., 2023). This 
optimization problem is multi-objective, since its objective functions are to minimize the 
annual system cost (ACS), minimize the levelized cost of energy (LCOE) and minimize the net 
present cost (NPC). As a way of guaranteeing system reliability, since renewable energy 
sources are used, a battery and diesel generator are an integral part of the HRES. When the 
energy generated by the renewable energy sources is greater than that required, it is stored 
in batteries, while when the load demand is greater than the energy generated, the deficit is 
supplied by the energy in the batteries (Güven et al., 2023). The diesel generator will 
"compensate for the absence of adequate power output by the resources such as PV or Wind 
and a battery bank" (Güven et al., 2023). 
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3. METHODOLOGY 

Based on the research question in section 1.1, the goal of this study is to create a strategy, a 
hybrid optimization algorithm capable of considering various objective functions within the 
scope of Hybrid Renewable Energy Systems in Portugal. The expected result is therefore an 
artifact that represents the study of which optimization algorithms allow the system to 
achieve good results and its possible contribution to making changes in our daily lives, some 
of which are listed in section 1.3. With this, the methodology that is most suitable for carrying 
out this research is Design Science Research (DSR), since its main objective is to develop an 
artifact that presents itself as a possible solution to problems or needs in the real world 
(Hevner & Chatterjee, 2010). 

3.1. DESIGN SCIENCE RESEARCH 

The methodology used in this study is therefore Design Science Research (DSR), which is 
defined as "a research paradigm in which a designer answers questions relevant to human 
problems via the creation of innovative artifacts, thereby contributing new knowledge to the 
understanding that problem" (Hevner & Chatterjee, 2010). The most widely referenced 
process model of this methodology is the one developed by Peffers et al. (Figure 3.1) (Brocke 
et al., 2020) which consists of six steps: problem identification and motivation; definition of 
the solution's objectives; design and development; demonstration; evaluation and 
communication and four possible entry points: problem-centered initiation; objective-
centered solution; design and development-centered solution and client/context initiated.  

To better understand the DSR process, each step of the nominal process is presented in 
more detail below: 

• Activity 1 - identification of the problem and motivation, in this first stage the 
research problem is defined, which will allow the development of the artifact that is 
presented as a solution to the problem (Peffers et al., 2007) and also the value that 
this solution would have, since it allows to motivate both the researcher and those 
who read the research in the search for a solution to the problem and also allows to 
understand how the researcher understands the problem (Brocke et al., 2020; Peffers 
et al., 2007). At this stage it is necessary to have an understanding of the state of the 
problem as well as the importance that a solution to it would represent (Brocke et al., 
2020; Peffers et al., 2007); 

• Activity 2 - defining the objectives of the solution, having defined the problem it is 
now possible to determine the objectives of the solution to be developed (Brocke et 
al., 2020; Peffers et al., 2007). To be able to carry out this phase, it is necessary to have 
knowledge of current solutions and their effectiveness, if they exist (Peffers et al., 
2007); 

• Activity 3 - design and development, once the functionality and architecture of the 
artifact have been defined, it can be created as constructs, models, methods, 
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instantiations or objects (Brocke et al., 2020; Peffers et al., 2007). In order to make the 
artifact a reality, it is necessary to have knowledge of the theory so that it can be 
integrated into the solution developed (Peffers et al., 2007); 

• Activity 4 - demonstration, using the artifact in experimentation, simulation, case 
study, proof, or other to solve an instance of the problem initially identified (Brocke et 
al., 2020; Peffers et al., 2007), for this you need to know how to use the artifact to 
solve the instance presented (Peffers et al., 2007); 

• Activity 5 - evaluation, it is by observing the use of the artifact in the defined context 
that it will be possible to verify whether it presents itself as the appropriate solution 
to the problem identified, this being possible by comparing the objectives defined in 
activity 2 with the results obtained in activity 4 (Brocke et al., 2020; Peffers et al., 
2007). To carry out this activity, knowledge of metrics and analysis techniques is 
required (Peffers et al., 2007). At the end of this activity, researchers need to decide 
whether to move on to the communication activity or return to the design and 
development activity to improve the effectiveness of the artifact (Brocke et al., 2020; 
Peffers et al., 2007); 

• Activity 6 - communication, in the last activity all the relevant aspects from the 
identification of the problem to the creation of the artifact are communicated to 
relevant stakeholders (Peffers et al., 2007). 

Although the sequential process of the Design Science Research Methodology (DSRM) has 
been presented, it is to be expected that most researchers do not follow this process, but 
rather use the possible research entry points, which will be explained in more detail below: 

• Problem-centered initiation, the basis of the nominal process sequence, therefore, 
begins in activity 1, where this sequence is followed when researchers observe the 
problem or it has been identified as future research in another investigation (Peffers 
et al., 2007); 

• Objective-centered solution, a process that begins in activity 2, is appropriate when 
there is a need in industry or when there is a research need that can be solved by 
creating an artifact (Peffers et al., 2007); 

• Design and development-centered initiation, begins in activity 3, since an artifact 
already exists, but it may have to be adapted because it is not suited to the existing 
problem (Peffers et al., 2007); 

• Client/Context initiated, begins in activity 4 where observation has confirmed that the 
existing solution is suitable for the existing problem. However, to carry out the process, 
it is necessary for the researchers to intervene in the previous steps to apply rigor to 
the process (Peffers et al., 2007). 
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Figure 3.1 - Design Science Research Methodology Process Model 

Source: Peffers et al. (2007) 

3.2. RESEARCH IMPLEMENTATION 

To carry out this research, the DSRM was used, and each phase is presented in detail below: 

• Identification of the problem and motivation, in section 1.1 the problem that this 
research will address was identified, the integration of AI algorithms in the 
optimization of Hybrid Renewable Energy Systems in Portugal, and the artifact that is 
sought to be developed to solve this problem is a strategy that presents the 
combination of the most appropriate algorithms for this optimization. The realization 
of this artifact would represent positive changes in several aspects, which were 
mentioned and explored in section 1.3; 

• Definition of the solution's objectives, this stage defines the objectives that the 
artifact developed in the following phases must meet. In addition to the objective of 
proposing an optimization strategy for HRES in Portugal, other objectives that need to 
be met were identified: make a literature review on the field of AI and Energy, propose 
a hybrid optimization approach, which allows the existence of a complementarity and 
synergy between them to handle a broader spectrum of objective functions and the 
development of experiments to evaluate the performance of the hybrid optimization 
algorithm, to optimization of Hybrid Renewable Energy System (HRES) in Portugal; 

• Design and development, to create an artifact at this stage, there needs to be a prior 
study of the theory, which is possible through three phases. In the first phase, a 
literature review is carried out in the areas of Artificial Intelligence and Energy, so that 
there is knowledge of concepts, challenges and opportunities, resulting in the 
definition of keywords, thus finding the answer to LRQ1 in this initial phase. In the 
second phase, a Systematic Literature Review (SLR) is carried out, using the PRISMA 
methodology with the keywords obtained in the previous phase. As a result of this 
phase, it is hoped to identify optimization algorithms that can be combined to create 
a hybrid optimization algorithm for optimizing HRES with various objective functions. 
With the conclusion of this phase, it is possible to answer LRQ2 and LRQ3. In the last 
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phase, a proposal is made for an artifact that takes into account all the information 
obtained from the previous phases; 

• Demonstration, this phase seeks to prove the effectiveness of the developed artifact, 
the hybrid optimization algorithm in solving HRES optimization challenges in Portugal; 

• Evaluation, the results obtained in the previous phase are analyzed. In addition, the 
objectives defined in phase 2 (Definition of the solution's objectives) are checked 
against the results of phase 4 (Demonstration) to confirm that the pre-defined 
objectives have been achieved with the proposed artifact.  

• Communication, in the last phase it is hoped to present the research for evaluation, 
also making the process and results available through publication, with the aim of 
contributing to research in the area. 
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4. PROPOSAL 

4.1. ASSUMPTIONS 

Through the SLR (point 2.3), nine studies were identified, which are presented (point 2.3.2) by 
answering the LRQ in section 2.3. In this way, it was possible to identify for each of the studies 
mentioned, their system's decision variables and the hybrid algorithm used, these findings are 
summarized in Table 4. 1. In addition, it was also possible to recognize for each study identified 
in the SLR the type of system, context and respective area of activity of the four identified 
(rural area, university, smart cities and home), this information can be seen in Table 4.2. 
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Table 4.1 - Systems’ decision variables 

   Studies of SLR 
  Study 1 Study 2 Study 3 Study 4 Study 5 Study 6 Study 7 Study 8 Study 9 

De
ci

si
on

 v
ar

ia
bl

es
 

𝑨𝑨𝑾𝑾 a)         
𝑨𝑨𝑺𝑺 a)         

𝑺𝑺𝑺𝑺𝒄𝒄𝒄𝒄𝒄𝒄 a)         
𝑵𝑵𝑷𝑷𝑷𝑷  b) c) d) e) f)  h) i) 
𝑵𝑵𝑾𝑾𝑾𝑾  b) c) d) e) f)  h) i) 
𝒏𝒏𝑩𝑩𝑩𝑩𝑩𝑩𝑩𝑩  b)  d)    h) i) 
𝒏𝒏𝑫𝑫𝑫𝑫  b)   e) f)   i) 
𝒈𝒈𝒈𝒈𝒕𝒕   c)       
𝒈𝒈𝒈𝒈𝒕𝒕   c)       
𝒛𝒛𝒕𝒕   c)       
𝒑𝒑𝒕𝒕    d)      
𝒘𝒘𝒕𝒕    d)      
𝒃𝒃𝒕𝒕    d)      
𝒅𝒅𝒕𝒕    d)      
𝒊𝒊𝒕𝒕    d)      

𝑷𝑷𝒎𝒎𝒎𝒎𝒎𝒎𝒈𝒈𝒈𝒈𝒈𝒈    d)      
𝑷𝑷𝟏𝟏𝒈𝒈𝒈𝒈𝒈𝒈    d)      

𝑷𝑷𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒈𝒈𝒈𝒈𝒈𝒈    d)      
𝑺𝑺𝑺𝑺𝑺𝑺𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒈𝒈𝒈𝒈𝒈𝒈    d)      

𝑺𝑺𝑺𝑺𝑺𝑺𝒎𝒎𝒎𝒎𝒎𝒎    d)      
𝑵𝑵𝑨𝑨𝑨𝑨      f) g)   

𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫       g)   
𝑬𝑬𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅       g)   

𝜷𝜷        h)  
𝒉𝒉        h)  

𝑨𝑨𝑨𝑨𝑨𝑨         i) 
𝑳𝑳𝑳𝑳𝑳𝑳𝑳𝑳         i) 
𝑵𝑵𝑵𝑵𝑵𝑵         i) 
𝑩𝑩𝑩𝑩         i) 

𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰         i) 
𝑹𝑹𝑾𝑾𝑾𝑾         i) 
𝑹𝑹𝑷𝑷𝑷𝑷         i) 
 

a) Hybrid algorithm GA-PSO with multi-objective optimization  
b) Hybrid algorithm PSOGSA with multi-objective optimization  
c) Hybrid algorithm WMO-MILP-Monte Carlo simulation with multi-objective optimization  
d) Hybrid algorithm MOEA-GA with multi-objective optimization  
e) Hybrid algorithm PSO-GWO with multi-objective optimization  
f) Hybrid algorithm hHHO-AOA with multi-objective optimization  
g) Hybrid algorithm PSO-GWO with multi-objective optimization  
h) Hybrid algorithm NSGA-GWO with multi-objective optimization  
i) Hybrid algorithm HFAPSO with multi-objective optimization  
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Table 4.2 - Studies type of system and context area 
Study System Context Area 

1 Off-grid - - 
2 Grid-independent Abu-Monqar small village in south west egypt  Rural area 
3 Grid-connected Demand point in Denizli, Turkey  University 
4 Off-grid Future smart cities in the state of Tamil Nadu, India  Smart cities 
5 Off-grid microgrid 3 locations in the Indian state of Bihar (rural areas)  Rural area 
6 Off-grid microgrid Technology Park building (hosting 128 companies) inside 

the Gazi University Campus, Ankara, Turkey  
University 

7 Off-grid microgrid Rural communities in Cameroon  Rural area 
8 Off-grid  Residential home in Auckland, New Zealand's  Home 
9 Off-grid microgrid University campus  University 

 

After identifying the decision variables used in each study (shown in Table 4.1), the 
performance of the hybrid algorithms was checked in each of their objective functions (shown 
in Table 4.3). 
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Table 4.3 - Systems' performance 

  Hybrid algorithm 
  GA-PSO PSO-GSA WMO-MILP-

Monte Carlo 
MOEA-GA PSO-GWO hHHO-AOA PSO-GWO NSGA-GWO HFA-PSO 

O
bj

ec
tiv

e 
fu

nc
tio

ns
 

Minimize Total Net Present Worth (TNPW) 
($)  

22074896          

Maximize Energy Index of reliability (EIR) 
(%)  

95.01          

Minimize Cost of Energy (COE) ($/kWh)   0.1850043    0.1693  0.2090     
Minimize Loss of Power Supply Probability 
(LPSP) (%)  

 9.0726*10-7     6.5064   0   

Minimize dummy load (𝑃𝑃𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑) (kWh)   15483.097892         

Minimize difference between total cost and 
total revenue (USD)  

  14,685        

Minimize total annual amount of CO2 
produced by the system (kg CO2/year)  

  1,469  806       

Minimize Total Net Present Cost (TNPC)     61,027.9 €     35,693.77$   
Minimize unmet load (UL) (%)     0       
Minimize deficit of power supply 
probability (DPSP) (%)  

    6   1.375    

Maximize Autonomous Days (AD)        3    
Maximize Energy kept into BSS (𝐸𝐸𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑) 
(Kw)  

      6.742    

Minimize Annual System Cost (ASC) ($)          479340.57  
Minimize Levelized Cost of Energy (LCOE) 
($/kWh)  

        0.2201  

Minimize Net Present Cost (NPC) ($)          7777668.32  
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4.2. AI HYBRID ALGORITHMS WITH MULTI-OBJECTIVE OPTIMIZATION FOR HRES 

Analyzing the decision variables used in the different context areas identified (Table 4.1) made 
it possible to construct Table 4.4, in which it can be seen that the decision variables 𝑛𝑛𝑃𝑃𝑃𝑃 
(number of PV modules), 𝑛𝑛𝑊𝑊𝑊𝑊 (number of wind turbines) and 𝑛𝑛𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 (number of battery storage 
banks) are present in all four context areas, with greater significance for the use of 𝑛𝑛𝑃𝑃𝑃𝑃 
(number of PV modules) and 𝑛𝑛𝑊𝑊𝑊𝑊 (number of wind turbines) in rural areas and university 
context. The constant use of the decision variable 𝑛𝑛𝐷𝐷𝐷𝐷  (number of diesel generators) is also 
visible in the contexts: rural areas and university. Less consistently used than the decision 
variables mentioned above is 𝑁𝑁𝐴𝐴𝐴𝐴 (number of autonomous days), which is used in both rural 
areas and universities. The use of the other decision variables is scattered throughout the 
context areas. 

  



29 
 

Table 4.4 - Hybrid algorithm, context area and respective decision variables 

  Context areas 
  Rural areas University Smart cities Home 

De
ci

si
on

 v
ar

ia
bl

es
 

𝑨𝑨𝑾𝑾     
𝑨𝑨𝑺𝑺     

𝑺𝑺𝑺𝑺𝒄𝒄𝒄𝒄𝒄𝒄     
𝑵𝑵𝑷𝑷𝑷𝑷 b) and e) c), f) and i) d) h) 
𝑵𝑵𝑾𝑾𝑾𝑾 b) and e) c), f) and i) d) h) 
𝒏𝒏𝑩𝑩𝑩𝑩𝑩𝑩𝑩𝑩 b) i) d) h) 
𝒏𝒏𝑫𝑫𝑫𝑫 b) and e) f) and i)   
𝒈𝒈𝒈𝒈𝒕𝒕  c)   
𝒈𝒈𝒈𝒈𝒕𝒕  c)   
𝒛𝒛𝒕𝒕  c)   
𝒑𝒑𝒕𝒕   d)  
𝒘𝒘𝒕𝒕   d)  
𝒃𝒃𝒕𝒕   d)  
𝒅𝒅𝒕𝒕   d)  
𝒊𝒊𝒕𝒕   d)  

𝑷𝑷𝒎𝒎𝒎𝒎𝒎𝒎𝒈𝒈𝒈𝒈𝒈𝒈   d)  
𝑷𝑷𝟏𝟏𝒈𝒈𝒈𝒈𝒈𝒈   d)  

𝑷𝑷𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒈𝒈𝒈𝒈𝒈𝒈   d)  
𝑺𝑺𝑺𝑺𝑺𝑺𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒈𝒈𝒈𝒈𝒈𝒈   d)  

𝑺𝑺𝑺𝑺𝑺𝑺𝒎𝒎𝒎𝒎𝒎𝒎   d)  
𝑵𝑵𝑨𝑨𝑨𝑨 g) f)   

𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫 g)    
𝑬𝑬𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅 g)    

𝜷𝜷    h) 
𝒉𝒉    h) 

𝑨𝑨𝑨𝑨𝑨𝑨  i)   
𝑳𝑳𝑳𝑳𝑳𝑳𝑳𝑳  i)   
𝑵𝑵𝑵𝑵𝑵𝑵  i)   
𝑩𝑩𝑩𝑩  i)   

𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰𝑰  i)   
𝑹𝑹𝑾𝑾𝑾𝑾  i)   
𝑹𝑹𝑷𝑷𝑷𝑷  i)   

 

a) Hybrid algorithm GA-PSO with multi-objective optimization  
b) Hybrid algorithm PSOGSA with multi-objective optimization  
c) Hybrid algorithm WMO-MILP-Monte Carlo simulation with multi-objective optimization  
d) Hybrid algorithm MOEA-GA with multi-objective optimization  
e) Hybrid algorithm PSO-GWO with multi-objective optimization  
f) Hybrid algorithm hHHO-AOA with multi-objective optimization  
g) Hybrid algorithm PSO-GWO with multi-objective optimization  
h) Hybrid algorithm NSGA-GWO with multi-objective optimization  
i) Hybrid algorithm HFAPSO with multi-objective optimization  
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It was also important for the researcher to construct Table 4.5 to evaluate the objective 
functions used in the different context areas. Looking at Table 4.5, in the rural areas, the most 
used objective functions are minimizing Cost of Energy (COE) and Minimize deficit of power 
supply probability (DPSP). In the other context areas, the objective functions used are 
scattered. From the perspective of the objective functions, the most used considering the four 
context areas, are minimize Cost of Energy (COE), minimize loss of power supply probability 
(LPSP), minimize total annual amount of CO2 produced by the system, minimize total net 
present cost (TNPC) and minimize deficit of power supply probability (DPSP). 

Table 4.5 - Hybrid algorithm, context area and respective objective function 

  Context areas 
  Rural 

area 
University Smart 

cities 
Home 

O
bj

ec
tiv

e 
fu

nc
tio

ns
 

Minimize Total Net Present Worth (TNPW) ($)      
Maximize Energy Index of reliability (EIR) (%)      
Minimize Cost of Energy (COE) ($/kWh)  b) and e) f)   
Minimize Loss of Power Supply Probability (LPSP) (%)  b) f)  h) 

Minimize dummy load (𝑃𝑃𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑) (kWh)  b)    

Minimize difference between total cost and total revenue (USD)   c)   
Minimize total annual amount of CO2 produced by the system (kg 
CO2/year)  

 c) d)  

Minimize Total Net Present Cost (TNPC)    d) h) 
Minimize unmet load (UL) (%)    d)  
Minimize deficit of power supply probability (DPSP) (%)  e) and g)    
Maximize Autonomous Days (AD)  g)    
Maximize Energy kept into BSS (𝐸𝐸𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑) (Kw)  g)    

Minimize Annual System Cost (ASC) ($)   i)   
Minimize Levelized Cost of Energy (LCOE) ($/kWh)   i)   
Minimize Net Present Cost (NPC) ($)   i)   

 

 

 

 

 

 

As a result of the analyses carried out above, Table 4.6 was drawn up to summarize 
the information mentioned. 

 

 

a) Hybrid algorithm GA-PSO with multi-objective optimization  
b) Hybrid algorithm PSOGSA with multi-objective optimization  
c) Hybrid algorithm WMO-MILP-Monte Carlo simulation with multi-objective optimization  
d) Hybrid algorithm MOEA-GA with multi-objective optimization  
e) Hybrid algorithm PSO-GWO with multi-objective optimization  
f) Hybrid algorithm hHHO-AOA with multi-objective optimization  
g) Hybrid algorithm PSO-GWO with multi-objective optimization  
h) Hybrid algorithm NSGA-GWO with multi-objective optimization  
i) Hybrid algorithm HFAPSO with multi-objective optimization  
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Table 4.6 - Decision variables, objective functions and respective context areas 

 Context areas 
 Rural areas University Smart cities Home 
Decision variables 𝑁𝑁𝑃𝑃𝑃𝑃 , 𝑁𝑁𝑊𝑊𝑊𝑊 , 𝑛𝑛𝐷𝐷𝐷𝐷 𝑁𝑁𝑃𝑃𝑃𝑃 , 𝑁𝑁𝑊𝑊𝑊𝑊 , 𝑛𝑛𝐷𝐷𝐷𝐷 - - 
Objective functions Minimize COE 

Minimize DPSP 
- - - 

 

Table 4.7 was also drawn up, similar to Table 4.3, with the aim of identifying the most 
used objective functions mentioned above and then highlighting the best values obtained for 
each of these, resulting in the identification of three hybrid algorithms: WMO-MILP-Monte 
Carlo (weighted multi-objective mixed-integer linear programming), PSO-GWO (Particle 
Swarm Optimization-Grey Wolf Optimizer) and NSGA-GWO (Non-dominant Sorting Genetic 
Algorithm II-Grey Wolf Optimizer). 
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Table 4.7 - Systems performance, objective functions more used and respective best values obtained 

  Hybrid algorithm 
  GA-PSO PSO-GSA WMO-MILP-

Monte Carlo 
MOEA-GA PSO-GWO hHHO-AOA  PSO-GWO  NSGA-GWO  HFA-PSO  

O
bj

ec
tiv

e 
fu

nc
tio

ns
 

Minimize Total Net Present Worth (TNPW) 
($)  

22074896          

Maximize Energy Index of reliability (EIR) 
(%)  

95.01          

Minimize Cost of Energy (COE) ($/kWh)   0.1850043    0.1693  0.2090     
Minimize Loss of Power Supply Probability 
(LPSP) (%)  

 9.0726*10-7     6.5064   0   

Minimize dummy load (𝑃𝑃𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑) (kWh)   15483.097892         

Minimize difference between total cost and 
total revenue (USD)  

  14,685        

Minimize total annual amount of CO2 
produced by the system (kg CO2/year)  

  1,469  806       

Minimize Total Net Present Cost (TNPC)     61,027.9 €     35,693.77$   
Minimize unmet load (UL) (%)     0       
Minimize deficit of power supply 
probability (DPSP) (%)  

    6   1.375    

Maximize Autonomous Days (AD)        3    
Maximize Energy kept into BSS (𝐸𝐸𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑) 
(Kw)  

      6.742    

Minimize Annual System Cost (ASC) ($)          479340.57  
Minimize Levelized Cost of Energy (LCOE) 
($/kWh)  

        0.2201  

Minimize Net Present Cost (NPC) ($)          7777668.32  
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Considering all that was mentioned above, it is possible to recommend the use of the 
decision variables 𝑛𝑛𝑃𝑃𝑃𝑃, 𝑛𝑛𝑊𝑊𝑊𝑊 and 𝑛𝑛𝐷𝐷𝐷𝐷  for rural areas and universities. As for the objective 
functions to be used, the following are recommended for rural areas: minimize cost of energy 
(COE) and minimize deficit of power supply probability (DPSP). Regarding the decision 
variables for context areas: smart cities and home and the objective functions for context 
areas: university, smart cities and home, the observations presented earlier in these cases are 
scattered, so it is not possible to make recommendations with sufficient scientific support 
(Table 4.6). Regarding the algorithms to be used to the development of a hybrid algorithm, 
considering Table 4.7, it is recommended the use of PSO, GWO and NSGA. 
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5. EMPIRICAL STUDY 

After chapter 4, which allowed conclusions to be drawn regarding the studies identified in the 
SLR in point 2.3, this new chapter begins, where all the information gathered so far has been 
put into practice to optimize an HRES using a hybrid algorithm with multi-objective functions, 
in the context of Portugal. 

This empirical study chapter is divided into three main points: data, problem formulation 
and algorithms, each of which is presented in more detail below. Point 5.1 presents the data 
for Portugal used in this dissertation: (1) characteristics of the photovoltaic panels and wind 
turbines most used in Portugal, which are part of the idealized HRES; (2) weather conditions 
and (3) load demand. In section 5.2, the problem is formulated in terms of the decision 
variables to be considered in the optimization; the equations that allow the output power 
produced by photovoltaic panels and wind turbines to be obtained are presented, as well as 
the objective functions to be considered in the optimization. Point 5.3 presents the algorithms 
that make up the HPPSGWO hybrid algorithm. 

5.1. DATA 

This section presents the data used in the development of this dissertation, which had to be 
collected in terms of components, weather conditions and load demand. 

As far as the components are concerned, the idealized HRES would consist of 
photovoltaic panels and wind turbines. For this reason, information was collected from 
manufacturers on the characteristics of the most used in Portugal. 

To calculate the energy produced by the selected components, it was necessary to 
collect weather condition data. The two datasets obtained with the desired data came from 
the Copernicus Atmosphere Monitoring Service and the Copernicus Climate Change Service. 

To calculate the objective functions, it was also necessary to collect data on load 
demand in Portugal. 

5.1.1. Components 

The hybrid system considered for the development of the project consists of photovoltaic 
panels and wind turbines. The most used models of these components in Portugal were 
identified so that they could be considered in the project to be developed. The characteristics 
of the solar panels considered in the project can be seen in Table 5.1 and the characteristics 
of the wind turbines in Table 5.2. 
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Table 5.1 - Characteristics of the solar panels considered

# Ref. Manufacturer Power Output 
(W) 

𝑽𝑽𝑽𝑽𝑽𝑽 (V) 𝑰𝑰𝑰𝑰𝑰𝑰 (A) 𝑽𝑽𝑶𝑶𝑶𝑶 (V) 𝑰𝑰𝑺𝑺𝑺𝑺 (A) Temperature coefficient 
of 𝑽𝑽𝑶𝑶𝑶𝑶 (%/oC) 

Temperature 
coefficient of 𝑰𝑰𝑺𝑺𝑺𝑺(%/oC) 

NOCT (oC) 𝜼𝜼𝑷𝑷𝑷𝑷 

1 Annex A Tallmax  330 34.9 7.04 46.2 9.27 - 0.29 0.05 44 17 
2 Annex A Tallmax  335 35.1 7.12 46.3 9.36 - 0.29 0.05 44 17.3 
3 Annex A Tallmax  340 35.2 7.19 46.5 9.45 - 0.29 0.05 44 17.5 
4 Annex A Tallmax  345 35.5 7.25 46.7 9.50 - 0.29 0.05 44 17.8 
5 Annex A Tallmax  350 35.6 7.33 46.9 9.60 - 0.29 0.05 44 18.0 
6 Annex A Tallmax  355 35.8 7.40 47.0 9.69 - 0.29 0.05 44 18.3 
7 Annex B Canadian Solar 355 35.4 7.32 46.8 9.61 - 0.30 0.053 45 17.85 
8 Annex B Canadian Solar 360 35.6 7.36 47.0 9.69 - 0.30 0.053 45 18.10 
9 Annex B Canadian Solar 365 35.8 7.41 47.2 9.77 - 0.30 0.053 45 18.35 
10 Annex B Canadian Solar 370 36.0 7.45 47.4 9.85 - 0.30 0.053 45 18.60 
11 Annex C JA Solar 315 34.45 6.77 45.85 9.01 - 0.33 0.058 45 16.22 
12 Annex C JA Solar 320 34.64 6.84 46.12 9.09 - 0.33 0.058 45 16.47 
13 Annex C JA Solar 325 34.82 6.91 46.38 9.17 - 0.33 0.058 45 16.73 
14 Annex C JA Solar 330 35.03 6.97 46.40 9.28 - 0.33 0.058 45 16.99 
15 Annex C JA Solar 335 35.21 7.04 46.70 9.35 - 0.33 0.058 45 17.25 
16 Annex D JA Solar 340 35.06 7.09 46.86 9.46 - 0.30 0.06 45 17.5 
17 Annex D JA Solar 345 35.33 7.14 47.05 9.54 - 0.30 0.06 45 17.76 
18 Annex D JA Solar 350 35.59 7.19 47.24 9.61 - 0.30 0.06 45 18.02 
19 Annex D JA Solar 355 35.81 7.25 47.45 9.69 - 0.30 0.06 45 18.28 
20 Annex D JA Solar 360 36.03 7.31 47.66 9.78 - 0.30 0.06 45 18.57 
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Table 5.2 - Characteristics of the wind turbines considered 

 

5.1.2. Solar and wind 

A renewable energy system relies on renewable sources that are dependent on weather 
conditions for energy production. Therefore, it is essential to collect weather data, specifically 
direct irradiance, diffuse irradiance, albedo irradiance, air temperature and wind speed, to 
calculate the energy output. The datasets provided by the Copernicus Atmosphere Monitoring 
Service and the Copernicus Climate Change Service were used to obtain these variables. 

To collect the data from the Copernicus Atmosphere Monitoring Service (Copernicus 
Atmosphere Monitoring Service, 2020), the "Both cloud-free and actual weather conditions" 
option was selected as the sky type, rather than the "Cloud-free only" option, to obtain the 
most realistic data possible; the latitude (39. 0000) and longitude (-7.0000) of Portugal was 
indicated, since the project is being carried out in the context of Portugal; regarding the time 
range of the data, January 2008 to April 2024 was selected, with a time step of one hour and 
universal time reference.  

Data was also obtained from the Copernicus Climate Change Service (Copernicus 
Climate Change Service, 2020) and only the variables "wind speed at 10m" and "2m air 
temperature" were selected, with a spatial aggregation at country level and a temporal 
aggregation at hourly level. By selecting spatial aggregation at country level, the data is stored 
in one file per variable and for the entire time-series. 

# Ref. Manufacturer Name 𝑽𝑽𝒓𝒓 (m/s) 𝑽𝑽𝒄𝒄𝒄𝒄𝒄𝒄−𝒊𝒊𝒊𝒊 (m/s) 𝑽𝑽𝒄𝒄𝒄𝒄𝒄𝒄−𝒐𝒐𝒐𝒐𝒐𝒐 (m/s) 𝑨𝑨𝑾𝑾 (m2) 𝒉𝒉 
1 Annex E & 

Annex F 
Enercon E70 14 2.5 34 3959 57 

2 Annex E & 
Annex F 

Enercon E70 14 2.5 34 3959 64 

3 Annex E & 
Annex F 

Enercon E70 14 2.5 34 3959 85 

4 Annex E & 
Annex F 

Enercon E70 14 2.5 34 3959 98 

5 Annex E & 
Annex F 

Enercon E70 14 2.5 34 3959 113 

6 Annex G & 
Annex H 

Enercon E82 12 2.5 34 5281 78 

7 Annex G & 
Annex H 

Enercon E82 12 2.5 34 5281 85 

8 Annex G & 
Annex H 

Enercon E82 12 2.5 34 5281 98 

9 Annex G & 
Annex H 

Enercon E82 12 2.5 34 5281 108 

10 Annex G & 
Annex H 

Enercon E82 12 2.5 34 5281 138 
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The data was then preprocessed, resulting in the dataframe df_tmy_year, with the 
characteristics shown in Table 5.3 and Table 5.4. It should be noted that since the project 
developed optimizes the size of a hybrid renewable energy system for one year, it is possible 
to choose the year that the algorithm will optimize between 2008 and 2023, since the data 
from the Copernicus Atmosphere Monitoring Service has a temporal coverage from January 
2008 to April 2024. Therefore, depending on the year selected, the temporal coverage of 
df_tmy_year will be from January of the chosen year until December of the same year. 

Table 5.3 - df_tmy_year data description 

 

Table 5.4 - df_tmy_year variables description 

Name Units Description 
GHI Wh m-2 Global horizontal all sky irradiation 
BHI Wh m-2 Direct horizontal all sky irradiation 
DHI Wh m-2 Diffuse horizontal all sky irradiation 
wind_speed m s-1 “Magnitude of the two-dimensional horizontal air velocity at 

height of 10 metres” (Copernicus Climate Change Service, 2020) 
air_temperature ºC “The ambient air temperature near to the surface, typically at 

height of 2m” (Copernicus Climate Change Service, 2020) 

5.1.3. Load demand 

To understand whether the hybrid energy system generates enough energy to meet demand, 
it is necessary to obtain data on the electricity consumed. To do this, it was used open-source 
data from REN (SISTEMA DE INFORMAÇÃO DE MERCADOS DE ENERGIA, n.d.), which is only 
available from January 2008 to April 2024, with 2010 only showing data from January 1, 2010. 
After pre-processing the data, it was possible to obtain the df_consume_year dataframe with 
the characteristics shown in Table 5.5 and Table 5.6. 

Table 5.5 - df_consume_year data description 

Data type Latitude Longitude Temporal coverage Temporal resolution 
Time 
series 

39.0000 -7.0000 January of the selected year to 
December of the selected year 

1-hourly 

 

Table 5.6 - df_consume_year variables description 

Name Units Description 
Consumption Wh  Amount of electricity that has been consumed by end users 
Total sold Wh  Amount of electricity sold by REN 

Data type Latitude Longitude Temporal coverage Temporal resolution 
Time 
series 

39.0000 -7.0000 January of the selected year to 
December of the selected year 

1-hourly 
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5.2. PROBLEM FORMULATION 

The optimization of the HRES, that consists in photovoltaic panels and wind turbines, was 
carried out at the hourly level, over the course of a year, which corresponds to the 
optimization of 8760 hours, where the variables are manipulated: 𝑁𝑁𝑃𝑃𝑃𝑃, β, 𝑁𝑁𝑊𝑊𝑊𝑊 and ℎ, in order 
to minimize the multi-objective function that simultaneously considers the minimization of 
the loss of power supply probability and the minimization of the amount of CO2 produced by 
the hybrid energy system. 

5.2.1. Decision variables and constraints 

Four decision variables were used to optimize the size of a hybrid energy system: 𝑁𝑁𝑃𝑃𝑃𝑃, β, 𝑁𝑁𝑊𝑊𝑊𝑊 
and ℎ. The constraints that determine the lower and upper limits of these decision variables 
are shown in equations (1)-(3), while equations (4) and (5) show the possible heights that the 
E70 and E82 wind turbines can have, respectively. 

𝑁𝑁𝑃𝑃𝑃𝑃
𝑚𝑚𝑚𝑚𝑚𝑚≤𝑁𝑁𝑃𝑃𝑃𝑃 ≤𝑁𝑁𝑃𝑃𝑃𝑃

𝑚𝑚𝑚𝑚𝑚𝑚  (1)  

𝑁𝑁𝑊𝑊𝑊𝑊
𝑚𝑚𝑚𝑚𝑚𝑚≤𝑁𝑁𝑊𝑊𝑊𝑊 ≤𝑁𝑁𝑊𝑊𝑊𝑊

𝑚𝑚𝑚𝑚𝑚𝑚  (2)  

0˚≤β ≤90◦ (3)  

ℎ𝐸𝐸70= [57, 64, 85, 113] (4)  

ℎ𝐸𝐸82= [78, 85, 98, 108, 138] (5)  

5.2.2. Modeling of the Hybrid Renewable Energy System 

5.2.2.1. PV panels 

The power obtained from a PV panel is given by equation (6) (Hossain et al., 2023), where the 
nomenclature of each variable can be found on page xii. The output power of a PV array 
depends on environmental conditions such as global solar irradiance and ambient 
temperature. The global irradiance on an inclined surface, G(β, α), shown in equation (12), 
results from the sum of the direct, diffuse and albedo components, G(β, α), D(β, α) and R(β, 
α), respectively (Pigueiras, 2005). Equation (12) is used to calculate the direct component, 
equation (20) for the diffuse component and equation (25) for the albedo component. The 
df_tmy_year dataframe was used to calculate these environmental variables. The ouptut 
power of a PV array also depends on the parameters supplied by the manufacturer, which are 
shown in Table 5.1.  

𝑃𝑃𝑃𝑃𝑃𝑃(𝑡𝑡, 𝛽𝛽) =  𝑁𝑁𝑃𝑃𝑃𝑃. 𝑉𝑉𝑂𝑂𝑂𝑂(𝑡𝑡, 𝛽𝛽). 𝐼𝐼𝑆𝑆𝑆𝑆(𝑡𝑡, 𝛽𝛽). 𝐹𝐹𝐹𝐹(𝑡𝑡) (6)  

𝐹𝐹𝐹𝐹(𝑡𝑡) = 𝑉𝑉𝑉𝑉𝑉𝑉 .  𝐼𝐼𝐼𝐼𝐼𝐼
𝑉𝑉𝑂𝑂𝑂𝑂(𝑡𝑡,𝛽𝛽) .  𝐼𝐼𝑆𝑆𝑆𝑆(𝑡𝑡,𝛽𝛽) 

 (7)  
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𝑉𝑉𝑂𝑂𝑂𝑂(𝑡𝑡, 𝛽𝛽) = {𝑉𝑉𝑂𝑂𝑂𝑂_𝑆𝑆𝑆𝑆𝑆𝑆 −  𝐾𝐾𝑉𝑉𝑇𝑇𝐶𝐶(𝑡𝑡)} (8)  

𝐼𝐼𝑆𝑆𝑆𝑆(𝑡𝑡, 𝛽𝛽) = �𝐼𝐼𝑆𝑆𝐶𝐶𝑆𝑆𝑆𝑆𝑆𝑆 +  𝐾𝐾𝐼𝐼[𝑇𝑇𝐶𝐶(𝑡𝑡) − 25˚𝐶𝐶]�
𝐺𝐺(𝛽𝛽, 𝛼𝛼)

1000
 

(9)  

𝑇𝑇𝐶𝐶(𝑡𝑡) =  𝑇𝑇𝐴𝐴 + (𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 − 20˚𝐶𝐶)
𝐺𝐺(𝛽𝛽, 𝛼𝛼)

800
 

(10)  

𝑃𝑃𝑃𝑃𝑃𝑃_𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎(𝑡𝑡, 𝛽𝛽) =  𝜂𝜂𝑃𝑃𝑃𝑃 . 𝑁𝑁𝑃𝑃𝑃𝑃 . 𝑃𝑃𝑃𝑃𝑃𝑃(𝑡𝑡, 𝛽𝛽) (11)  

G(β, α) = B(β, α) + D(β, α) + R(β, α) (12)  

 

 

5.2.2.2. Wind turbines 

The power obtained from a wind turbine is given by equation (28) (Çetinbaş et al., 
2022; Hossain et al., 2023) where the nomenclature of each variable can be found on 

B(β, α) = B max(0, cos 𝜃𝜃𝑆𝑆) (13)  

B = 𝐵𝐵(0)
𝑐𝑐𝑐𝑐𝑐𝑐 𝜃𝜃𝑍𝑍𝑍𝑍

 (14)  

cos 𝜃𝜃𝑆𝑆  = [sign(𝜙𝜙)] sin 𝛿𝛿 sin(abs(𝜙𝜙) – β) + cos 𝛿𝛿 cos(abs(𝜙𝜙) – β) cos ω (15)  

𝛿𝛿 = 23.45˚sin [360(𝑑𝑑𝑛𝑛+284)
365

 ] (16)  

ω = 15 x (TO – AO – 12) – (LL – LH) (17)  

𝐵𝐵0 = 1367 𝑊𝑊/𝑚𝑚2 (18)  

𝑐𝑐𝑐𝑐𝑐𝑐 𝜃𝜃𝑍𝑍𝑍𝑍 = 𝑠𝑠𝑠𝑠𝑠𝑠 𝛿𝛿 sin 𝜙𝜙 + cos 𝛿𝛿 𝑐𝑐𝑐𝑐𝑐𝑐 𝜙𝜙 𝑐𝑐𝑐𝑐𝑐𝑐 𝜔𝜔 (19)  

D(β, α) =  𝐷𝐷𝐼𝐼(β, α) + 𝐷𝐷𝐶𝐶(β, α) (20)  

𝐷𝐷𝐼𝐼(β, α) = D(0) (1- 𝑘𝑘1) 1+𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
2

 (21)  

𝑘𝑘1 =  
𝐵𝐵

𝐵𝐵0ԑ0
 (22)  

ԑ0 = 1 + 0.033 cos(
360 𝑑𝑑𝑛𝑛

365
) 

(23)  

𝐷𝐷𝐶𝐶(β, α) = 𝐷𝐷(0)𝑘𝑘1
𝑐𝑐𝑐𝑐𝑐𝑐 𝜃𝜃𝑍𝑍𝑍𝑍

 max (0,  cos 𝜃𝜃𝑆𝑆) (24)  

R(β, α) = 𝜌𝜌𝑟𝑟𝑟𝑟𝑟𝑟G(0) 1−𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
2

 (25)  
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page xii. The output power of a wind turbine depends on the wind speed, its rated 
power and parameters supplied by the manufacturer. The wind speed at a given height 
can be calculated using equation (27), which considers the wind speed at the reference 
height of the df_tmy_year dataframe, the reference height and the height at which the 
turbine is to be installed (this being one of the decision variables of the problem) 
(Hossain et al., 2023). To calculate the rated power of a wind turbine (equation 26), 
the maximum power coefficient is considered, this is a value tabulated by the 
manufacturers and once again depends on the wind speed, Figure 5.1 shows the power 
curve of the E70 wind turbine and Figure 5.2 shows the power curve of the E82 wind 
turbine, allowing us to obtain the value of the maximum power coefficient. The output 
power of a wind turbine also depends on the parameters supplied by the 
manufacturer, which are shown in Table 5.2. 

 

𝑃𝑃𝑊𝑊𝑊𝑊 = 

0 𝑉𝑉 < 𝑉𝑉𝑐𝑐𝑐𝑐𝑐𝑐−𝑖𝑖𝑖𝑖 (26)  

𝑉𝑉3 �
𝑃𝑃𝑊𝑊𝑊𝑊𝑟𝑟

𝑉𝑉𝑟𝑟
3 −  𝑉𝑉𝑐𝑐𝑐𝑐𝑐𝑐−𝑖𝑖𝑖𝑖

3 � −  𝑃𝑃𝑊𝑊𝑊𝑊𝑟𝑟  . �
𝑉𝑉𝑐𝑐𝑐𝑐𝑐𝑐−𝑖𝑖𝑖𝑖

3

𝑉𝑉𝑟𝑟
3 −  𝑉𝑉𝑐𝑐𝑐𝑐𝑐𝑐−𝑖𝑖𝑖𝑖

3 � 𝑉𝑉𝑐𝑐𝑐𝑐𝑐𝑐−𝑖𝑖𝑖𝑖 ≤ 𝑉𝑉 ≤  𝑉𝑉𝑟𝑟 

𝑃𝑃𝑊𝑊𝑊𝑊𝑟𝑟 𝑉𝑉𝑟𝑟  ≤ 𝑉𝑉 ≤  𝑉𝑉𝑐𝑐𝑐𝑐𝑐𝑐−𝑜𝑜𝑜𝑜𝑜𝑜 

0 𝑉𝑉 > 𝑉𝑉𝑐𝑐𝑐𝑐𝑐𝑐−𝑜𝑜𝑜𝑜𝑜𝑜 

 

𝑉𝑉 =  𝑉𝑉𝑟𝑟  �
ℎ
ℎ𝑟𝑟

�
𝛼𝛼

 (27)  

𝑃𝑃𝑊𝑊𝑊𝑊𝑟𝑟 =  𝐶𝐶𝑝𝑝_𝑚𝑚𝑚𝑚𝑚𝑚
1
2

𝜌𝜌𝑎𝑎𝑎𝑎𝑎𝑎𝐴𝐴𝑊𝑊𝑊𝑊𝑉𝑉𝑟𝑟
3 (28)  

 

Figure 5.1 - Power curve of wind turbine E70 
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Figure 5.2 - Power curve of wind turbine E82 

  

5.2.3. Objective Functions 

5.2.3.1. Minimize Loss of Power Supply Probability (LPSP) 

One of the objective functions considered is an indicator of the reliability of the hybrid 
renewable energy system developed in this project, specifically the Loss of Power Supply 
Probability (LPSP). The LPSP consists of the ratio of the energy that cannot be supplied, and it 
is given by equation (29). LPSP can take a value between 0 and 1, where 0 means that the 
energy demand is fully met, and therefore the system's reliability is at its maximum, while if 
the LPSP value is 1, it means that the system failed to energize the load and consequently the 
system is unreliable (Çetinbaş et al., 2022).  

𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 =  
∑ 𝐸𝐸𝐷𝐷𝐷𝐷

𝑡𝑡=8760
𝑡𝑡=1 (𝑡𝑡)

∑ 𝐸𝐸𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿(𝑡𝑡)𝑡𝑡=8760
𝑡𝑡=1

 (29)  

5.2.3.2. Minimize amount of CO2 produced 

The second objective function is an environmental indicator, since it aims to minimize the 
annual 𝐶𝐶𝐶𝐶2 emissions of the hybrid energy system developed.  𝐶𝐶𝐶𝐶2 emission results from the 
product between the amount of electricity bought from the grid and the 𝐶𝐶𝐶𝐶2 emission 
coefficient per Wh of buying electricity from the grid, which is 0.000866 kg 𝐶𝐶𝐶𝐶2 /Wh (Capraz 
et al., 2020), this is given by equation (30). 

𝐶𝐶𝐶𝐶2 =  ԑ � 𝑔𝑔𝑔𝑔𝑡𝑡
𝑡𝑡 𝜖𝜖 𝑇𝑇

 (30)  
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5.2.3.3. Multi-objective optimization 

To carry out the multi-objective optimization, the two objective functions mentioned in the 
previous points were considered: minimizing the Loss of Power Supply Probability (LPSP) and 
minimizing the amount of CO2 produced, both of which were considered on an annual basis. 
This multi-objective optimization problem was converted into a single-objective optimization 
problem using the weighed sum method, which is represented in equation (31) and equation 
(33) (Çetinbaş et al., 2022; Suman et al., 2021). Equation (31) considers the normalization of 
the objective functions, by dividing the value obtained from the objective function by its 
maximum value, which is done to ensure that the objective functions have a value between 0 
and 1 (Capraz et al., 2020). Since objective function 1 (point 5.2.3.1) already has values 
between 0 and 1, only the value of objective function 2 (point 5.2.3.2) was normalized, as 
shown in equation (33). Objective function 2, as mentioned in point 5.2.3.2, depends on the 
amount of electricity bought from the grid, so in equation (33), in the part relating to the 
maximum value of objective function 2, it was considered that the maximum value it could 
obtain would be in the case where the amount of electricity bought from the grid corresponds 
to the total value of consumption, i.e. the hybrid energy system would not produce any energy 
to satisfy demand. 

𝐹𝐹𝑊𝑊𝑊𝑊 (𝑥𝑥𝐷𝐷𝐷𝐷) =  � 𝑤𝑤𝑖𝑖.
𝑓𝑓𝑖𝑖(𝑥𝑥𝐷𝐷𝐷𝐷)

𝑓𝑓𝑖𝑖
𝑚𝑚𝑚𝑚𝑚𝑚(𝑥𝑥𝐷𝐷𝐷𝐷)

𝑘𝑘

𝑖𝑖=1

 
(31)  

� 𝑤𝑤𝑖𝑖 = 1
𝑘𝑘

𝑖𝑖=1

, 0 < 𝑤𝑤𝑖𝑖  ≤ 1, 𝑖𝑖 = 1, … , 𝑛𝑛  
(32)  

𝐹𝐹𝑊𝑊𝑊𝑊 (𝑁𝑁𝑃𝑃𝑃𝑃, 𝑁𝑁𝑊𝑊𝑊𝑊 , 𝛽𝛽, ℎℎ) =

= min [𝑤𝑤1 . 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿(𝑁𝑁𝑃𝑃𝑃𝑃, 𝑁𝑁𝑊𝑊𝑊𝑊 , 𝛽𝛽, ℎℎ) + 𝑤𝑤2 .
 𝐶𝐶𝐶𝐶2(𝑁𝑁𝑃𝑃𝑃𝑃, 𝑁𝑁𝑊𝑊𝑊𝑊 , 𝛽𝛽, ℎℎ)

𝐶𝐶𝐶𝐶2𝑚𝑚𝑚𝑚𝑚𝑚(𝑁𝑁𝑃𝑃𝑃𝑃, 𝑁𝑁𝑊𝑊𝑊𝑊 , 𝛽𝛽, ℎℎ)] 

(33)  

 

5.3. ALGORITHMS 

5.3.1. Particle Swarm Optimization  

The Particle Swarm Optimization (PSO) algorithm was developed by Kennedy & Eberhart 
(1995), with the inspiration for its development being "the social behavior of bird flocking or 
fish schooling when searching for food" (Şenel et al., 2019), thus ending up belonging to the 
field of Swarm Intelligence (Vanneschi & Silva, 2023).  

The pseudocode of PSO for the case of minimization problems is given in algorithm 1, 
where the maximum possible velocity parameter has been included, to ensure that "too-large 
"jumps" of the positions of the particles in the search space" are not given (Vanneschi & Silva, 
2023). 
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The algorithm begins with the initialization of a population of random solutions, called 
particles, which "move" through the problem space in search of an optimal solution. Returning 
to the inspiration behind this algorithm, for a bird to reach a good landing point, it remembers 
"previous points they visited and tend to follow the lead of one of the flock's members" 
(Vanneschi & Silva, 2023), in other words, in the search for a solution it considers its individual 
and social knowledge (Vanneschi & Silva, 2023). In addition, the quality of a landing point for 
birds is assessed by estimating the probability of survival, which the PSO algorithm translates 
into the fitness function to be optimized, which assesses the quality of a solution (Vanneschi 
& Silva, 2023). The position of each particle in the search space is updated iteratively, guided 
by a speed that depends on the best position achieved so far and the best position achieved 
by the swarm (Vanneschi & Silva, 2023). 
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Algorithm 1: Pseudocode for Particle Swarm Optimization, in the case of a 
minimization problem (Adapted from (Vanneschi & Silva, 2023)) 
 
ꓯ𝑖𝑖 = 1,2, … , 𝑛𝑛 ∶ 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑥𝑥𝑖𝑖 𝑎𝑎𝑎𝑎𝑎𝑎 𝑣𝑣𝑖𝑖  
ꓯ𝑖𝑖 = 1,2, … , 𝑛𝑛 ∶ 𝑏𝑏𝑖𝑖 ≔ 𝑥𝑥𝑖𝑖 

𝑔𝑔 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑥𝑥𝑖𝑖  𝑓𝑓(𝑥𝑥𝑖𝑖),ꓯ𝑖𝑖 = 1,2, … , 𝑛𝑛  
𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 (𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) 

 𝑓𝑓𝑓𝑓𝑓𝑓 𝑒𝑒𝑒𝑒𝑒𝑒ℎ 𝑖𝑖 = 1, 2, … , 𝑛𝑛 𝑑𝑑𝑑𝑑 

𝑓𝑓𝑓𝑓𝑓𝑓 𝑒𝑒𝑒𝑒𝑒𝑒ℎ 𝑗𝑗 = 1, 2, … , 𝑚𝑚 𝑑𝑑𝑑𝑑 

𝑥𝑥𝑖𝑖𝑖𝑖 ∶=   𝑥𝑥𝑖𝑖𝑖𝑖 +  𝑣𝑣𝑖𝑖𝑖𝑖  

max
𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣

= 𝛽𝛽𝑗𝑗 −  𝛼𝛼𝑗𝑗 

𝑖𝑖𝑖𝑖 𝑥𝑥𝑖𝑖𝑖𝑖 <  𝛼𝛼𝑗𝑗 𝑡𝑡ℎ𝑒𝑒𝑒𝑒 

𝑥𝑥𝑖𝑖𝑖𝑖 ∶=  𝛼𝛼𝑗𝑗  

𝑣𝑣𝑖𝑖𝑖𝑖 ≔ −𝑣𝑣𝑖𝑖𝑖𝑖  

𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑖𝑖𝑖𝑖 𝑥𝑥𝑖𝑖𝑖𝑖 >  𝛽𝛽𝑗𝑗 𝑡𝑡ℎ𝑒𝑒𝑒𝑒 

𝑥𝑥𝑖𝑖𝑖𝑖 ∶=  𝛽𝛽𝑗𝑗  

𝑣𝑣𝑖𝑖𝑖𝑖 ≔ −𝑣𝑣𝑖𝑖𝑖𝑖  

𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 

𝑣𝑣𝑖𝑖𝑖𝑖 ∶= 𝑤𝑤𝑣𝑣𝑖𝑖𝑖𝑖 + 𝑐𝑐1𝑟𝑟1 �𝑏𝑏𝑖𝑖𝑖𝑖 − 𝑥𝑥𝑖𝑖𝑖𝑖� + 𝑐𝑐2𝑟𝑟2 (𝑔𝑔𝑗𝑗 − 𝑥𝑥𝑖𝑖𝑖𝑖) 

𝑖𝑖𝑖𝑖 𝑣𝑣𝑖𝑖𝑖𝑖 > max
𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣

 𝑡𝑡ℎ𝑒𝑒𝑒𝑒 

𝑣𝑣𝑖𝑖𝑖𝑖 ∶= 0  

𝑒𝑒𝑒𝑒𝑒𝑒 

𝑒𝑒𝑒𝑒𝑒𝑒 

𝑖𝑖𝑖𝑖 �𝑓𝑓(𝑥𝑥𝑖𝑖) < 𝑓𝑓(𝑏𝑏𝑖𝑖)� 𝑡𝑡ℎ𝑒𝑒𝑒𝑒 

𝑓𝑓𝑓𝑓𝑓𝑓 𝑒𝑒𝑒𝑒𝑒𝑒ℎ 𝑗𝑗 = 1, 2, … , 𝑚𝑚 𝑑𝑑𝑑𝑑 𝑏𝑏𝑖𝑖𝑖𝑖 ≔  𝑥𝑥𝑖𝑖𝑖𝑖 

𝑖𝑖𝑖𝑖 �𝑓𝑓(𝑥𝑥𝑖𝑖) < 𝑓𝑓(𝑔𝑔)� 𝑡𝑡ℎ𝑒𝑒𝑒𝑒 

𝑓𝑓𝑓𝑓𝑓𝑓 𝑒𝑒𝑒𝑒𝑒𝑒ℎ 𝑗𝑗 = 1, 2, … , 𝑚𝑚 𝑑𝑑𝑑𝑑 𝑔𝑔𝑗𝑗 ≔  𝑥𝑥𝑖𝑖𝑖𝑖 

𝑒𝑒𝑒𝑒𝑒𝑒 

𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑔𝑔 
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5.3.2. Parallel Particle Swarm Optimization (PPSO) 

Algorithm 2 presented below (graphical representation in Figure 5.3) was included in this 
study with the aim of running the PSO algorithm faster and reducing the consumption of 
computing resources. The PPSO algorithm begins by dividing the initial particle swarm 
optimization population into sub-swarms, which will run on different parallel computing units.  

The main components of PPSO are the particle propagation mechanism between 
parallel computing units and the termination rule. As far as the propagation mechanism is 
concerned, in this dissertation we opted for the 1 to N mechanism, which consists of a 
randomly selected processing unit sending its best particles to the other units, with the 
processing units that receive particles replacing their worst particles with the ones they 
receive. As far as the termination rule is concerned, it differs between units and is determined 
by calculating equation (34) in each iteration. If the value obtained from equation (34) is less 
than a predetermined limit ϵ for 𝑁𝑁𝑀𝑀 continuous repetitions, the algorithm in that unit ends its 
execution and consequently the entire PPSO ends. 

Algorithm 2: Pseudocode for Parallel Particle Swarm Optimization (Charilogis et al., 2023) 
𝑆𝑆𝑆𝑆𝑆𝑆 𝑁𝑁𝐼𝐼 𝑎𝑎𝑎𝑎 𝑡𝑡ℎ𝑒𝑒 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 
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𝛿𝛿𝑖𝑖
(𝑘𝑘) = |𝑓𝑓𝑖𝑖,𝑚𝑚𝑚𝑚𝑚𝑚 

(𝑘𝑘) −  𝑓𝑓𝑖𝑖,𝑚𝑚𝑚𝑚𝑚𝑚 
(𝑘𝑘−1)| (34)  

𝑓𝑓𝑖𝑖,𝑚𝑚𝑚𝑚𝑚𝑚 
(𝑘𝑘)  is the best value in fitness function for unit i at iteration k; 

In case 𝛿𝛿𝑖𝑖
(𝑘𝑘) < 𝜖𝜖 for 𝑁𝑁𝑀𝑀 continuous repetitions, the algorithm is terminated 

 

 

 

Figure 5.3 - Flowchart of the PPSO 

 

5.3.3. Grey Wolf Optimization 

The Grey Wolf Optimization (GWO) algorithm is inspired by the social hierarchy (visible in 
Figure 5.4) and group hunting of grey wolves, and its pseudocode can be seen in algorithm 3 
(Mirjalili et al., 2014). 

As far as the social hierarchy of grey wolves is concerned, at the top are the alpha 
wolves, immediately below them are their subordinates, the beta wolves, then next in the 
hierarchy are the delta wolves, also known as subordinates, who must submit to the alpha 
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and beta wolves, but dominate the omega wolves, who submit to the dominant wolves 
(Mirjalili et al., 2014). The GWO algorithm thus considers the social hierarchy of grey wolves 
to define the fittest solutions, with the best solution being called alpha, the second best beta, 
the third best delta and the rest omega. The three best wolves, alpha, beta and delta, guide 
the optimization and the omega wolves just follow them. 

 

 

 

 

 

Figure 5.4 - Hierarchy of grey wolf (dominance decreases from top down)  

Source: Mirjalili et al. (2014) 

The grey wolf hunting phases are tracking, encircling and attack. Encircling the prey is 
mathematically modeled using the following equations: 

𝐷𝐷��⃗ = |𝐶𝐶 . 𝑋𝑋𝑝𝑝����⃗  (𝑡𝑡) −  𝑋⃗𝑋 (𝑡𝑡)|   (35)  

𝑋⃗𝑋 (𝑡𝑡 + 1) =  𝑋𝑋𝑝𝑝����⃗  (𝑡𝑡) −  𝐴𝐴 . 𝐷𝐷��⃗    (36)  

𝑡𝑡 is the number of iterations; 𝑋𝑋𝑝𝑝����⃗  is the position vector of the prey and 𝑋⃗𝑋 the position 
vector of the grey wolf (Mirjalili et al., 2014) 

 

 

𝐴𝐴 = 2𝑎⃗𝑎. 𝑟𝑟1���⃗ −  𝑎⃗𝑎 (37)  

𝐶𝐶 = 2 . 𝑟𝑟2���⃗  (38)  

𝐴𝐴 and 𝐶𝐶 are coefficient vectors; 𝑎⃗𝑎 decreases linearly from 2 to 0 as the number of 
iterations decreases, to “emphasize exploration and exploitation” and 𝑟𝑟1���⃗  and  𝑟𝑟2���⃗  are 
uniformly selected random numbers between 0 and 1 (Mirjalili et al., 2014). 

 

 

To mathematically model the tracking of a prey, meaning tracking the optimal solution, 
it is assumed that the three best wolves (alpha, beta and delta) are the ones with the best 
knowledge of its location, so these three best solutions (alpha, beta and delta) are saved and 
"oblige the other search agents (including the omegas) to update their positions according to 
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the position of the best search agents" (Mirjalili et al., 2014), which is achieved through the 
equations (39) - (41), this position update is expressed graphically in Figure 5.5. 

𝐷𝐷𝛼𝛼�����⃗ = |𝐶𝐶1����⃗  . 𝑋𝑋𝛼𝛼����⃗  −  𝑋⃗𝑋 |   
𝐷𝐷𝛽𝛽����⃗ = |𝐶𝐶2����⃗  . 𝑋𝑋𝛽𝛽����⃗  −  𝑋⃗𝑋 |  
𝐷𝐷𝛿𝛿����⃗ = |𝐶𝐶3����⃗  . 𝑋𝑋𝛿𝛿����⃗  −  𝑋⃗𝑋 | 

(39)  

𝑋⃗𝑋1  =  𝑋𝑋𝛼𝛼����⃗  −  𝐴𝐴1 . 𝐷𝐷𝛼𝛼�����⃗   

𝑋⃗𝑋2  =  𝑋𝑋𝛽𝛽����⃗  −  𝐴𝐴2 . 𝐷𝐷𝛽𝛽����⃗  

𝑋⃗𝑋3  =  𝑋𝑋𝛿𝛿����⃗  −  𝐴𝐴3 . 𝐷𝐷𝛿𝛿����⃗  

(40)  

𝑋⃗𝑋 (𝑡𝑡 + 1) =  
𝑋⃗𝑋1 + 𝑋⃗𝑋2  +  𝑋⃗𝑋3

3
 

(41)  

Figure 5.5 - Position update in GWO 

Source: Mirjalili et al. (2014) 

The attacking the prey phase is modeled using the variable 𝑎𝑎, which decreases over 
the course of the iterations, thus simulating the approach to the prey. This behavior of the 
variable 𝑎𝑎 directly affects the behavior of the variable 𝐴𝐴, whereby when | 𝐴𝐴 | < 1 the wolves 
are forced to converge on the prey and | 𝐴𝐴 | > 1, to diverge from the prey (visible in Figure 
5.6). 
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Figure 5.6 - Attacking prey (a) versus searching for prey (b)  

Source: Mirjalili et al. (2014) 

 

Algorithm 3: Pseudocode of the GWO algorithm (Mirjalili et al., 2014) 

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑡𝑡ℎ𝑒𝑒 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑋𝑋𝑖𝑖 (𝑖𝑖 = 1, 2, … , 𝑛𝑛) 

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑎𝑎, 𝐴𝐴 𝑎𝑎𝑎𝑎𝑎𝑎 𝐶𝐶 
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𝑤𝑤ℎ𝑖𝑖𝑖𝑖𝑖𝑖 (𝑡𝑡 < max 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) 

𝑓𝑓𝑓𝑓𝑓𝑓 𝑒𝑒𝑒𝑒𝑒𝑒ℎ 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠ℎ 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 

Update the position of the current search agent by equation (41) 

𝑒𝑒𝑒𝑒𝑒𝑒 𝑓𝑓𝑓𝑓𝑓𝑓 

𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 𝑎𝑎, 𝐴𝐴 𝑎𝑎𝑎𝑎𝑎𝑎 𝐶𝐶 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑡𝑡ℎ𝑒𝑒 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑜𝑜𝑜𝑜 𝑎𝑎𝑎𝑎𝑎𝑎 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠ℎ 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 

𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 𝑋𝑋𝑎𝑎, 𝑋𝑋𝛽𝛽 𝑎𝑎𝑎𝑎𝑎𝑎  𝑋𝑋𝛿𝛿 

𝑡𝑡 = 𝑡𝑡 + 1 

𝑒𝑒𝑒𝑒𝑒𝑒 𝑤𝑤ℎ𝑖𝑖𝑖𝑖𝑖𝑖 

𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑋𝑋𝑎𝑎 



50 
 

5.3.4. Hybrid PSO-GWO 

In the systematic literature review carried out in 2.3, it was possible to see that the PSO 
algorithm is used in the majority, and that it has been applied more than once in conjunction 
with the GWO algorithm. As a result, it was decided to apply a hybrid algorithm that integrates 
the PSO and GWO algorithms to optimize the sizing of a hybrid renewable energy system, 
more specifically, the hybrid PSO-GWO algorithm developed by Şenel et al. (2019) was 
implemented. The HPSGWO was proposed by Şenel et al. (2019), with the aim of "reduce the 
possibility of the PSO algorithm to trap into a local minimum", for which the authors used the 
GWO algorithm's exploitation capacity. In this way, particles are directed to positions in space 
that are improved by the GWO algorithm instead of random positions, which would happen if 
only the PSO algorithm was applied. The pseudocode of the hybrid algorithm is shown in 
algorithm 4 and is graphically represented in Figure 5.7. 
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Algorithm 4: Pseudocode of the HPSGWO algorithm (Şenel et al., 2019) 
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚: 𝑡𝑡ℎ𝑒𝑒 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑠𝑠𝑠𝑠𝑠𝑠 𝑏𝑏𝑏𝑏 𝑡𝑡ℎ𝑒𝑒 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 

𝑃𝑃𝑃𝑃: 𝑡𝑡ℎ𝑒𝑒 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠𝑠𝑠𝑠𝑠 𝑏𝑏𝑏𝑏 𝑡𝑡ℎ𝑒𝑒 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝: 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑠𝑠𝑠𝑠𝑠𝑠 𝑏𝑏𝑏𝑏 𝑡𝑡ℎ𝑒𝑒 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝s 

𝑓𝑓𝑓𝑓𝑓𝑓 𝑖𝑖 = 1 𝑡𝑡𝑡𝑡 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑑𝑑𝑑𝑑 

𝑓𝑓𝑓𝑓𝑓𝑓 𝑗𝑗 = 1 𝑡𝑡𝑡𝑡 𝑃𝑃𝑃𝑃 𝑑𝑑𝑑𝑑 

𝑅𝑅𝑅𝑅𝑅𝑅 𝑃𝑃𝑃𝑃𝑃𝑃 

𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 𝑡𝑡ℎ𝑒𝑒 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 𝑎𝑎𝑎𝑎𝑎𝑎 𝑡𝑡ℎ𝑒𝑒 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 

𝑖𝑖𝑖𝑖 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(0,1) < 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑡𝑡ℎ𝑒𝑒𝑒𝑒 

𝑆𝑆𝑆𝑆𝑆𝑆 𝑎𝑎, 𝐴𝐴, 𝐶𝐶 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 

𝑓𝑓𝑓𝑓𝑓𝑓 𝑘𝑘 = 1 𝑡𝑡𝑡𝑡 10 𝑑𝑑𝑑𝑑 

𝑓𝑓𝑓𝑓𝑓𝑓 𝑚𝑚 = 1 𝑡𝑡𝑡𝑡 10 𝑑𝑑𝑑𝑑 

𝑅𝑅𝑅𝑅𝑅𝑅 𝐺𝐺𝐺𝐺𝐺𝐺 

𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 𝑡𝑡ℎ𝑒𝑒 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑜𝑜𝑜𝑜 𝛼𝛼, 𝛽𝛽, 𝛿𝛿 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 

𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 𝑎𝑎, 𝐴𝐴, 𝐶𝐶 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 

𝑒𝑒𝑒𝑒𝑒𝑒 𝑓𝑓𝑓𝑓𝑓𝑓 

𝑒𝑒𝑒𝑒𝑒𝑒 𝑓𝑓𝑓𝑓𝑓𝑓 

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
= 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑜𝑜𝑜𝑜 𝑡𝑡ℎ𝑒𝑒 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑜𝑜𝑜𝑜 𝑡𝑡ℎ𝑟𝑟𝑟𝑟𝑟𝑟 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 

𝑒𝑒𝑒𝑒𝑒𝑒 𝑖𝑖𝑖𝑖 

𝑒𝑒𝑒𝑒𝑒𝑒 𝑓𝑓𝑓𝑓𝑓𝑓 

𝑒𝑒𝑒𝑒𝑒𝑒 𝑓𝑓𝑓𝑓𝑓𝑓 
𝑒𝑒𝑒𝑒𝑒𝑒 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 
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Figure 5.7 - Flowchart of the HPSGWO  

Source: Şenel et al. (2019) 

5.3.5. Hybrid Parallel PSO-GWO (HPPSGWO) 

The hybrid PSO-GWO algorithm developed by Şenel et al. (2019) was implemented, which, 
despite its potential, is referred by the authors for its "running time is extended since the GWO 
algorithm is also employed in addition to the PSO algorithm" (Şenel et al., 2019), to overcome 
this, the code developed was successively optimized to reduce execution time and resource 
consumption. In this way, the PSO-GWO algorithm was parallelized according to the PPSO 
algorithm developed by Charilogis et al. (2023) presented in 5.3.2. Graphic Processing Units 
(GPUs) were also used to implement the parallelized hybrid algorithm, using the CuPy and 
cuDF libraries. The development of this Hybrid Parallel PSO-GWO (HPPSGWO) thus aimed to 
minimize the probability of the algorithm getting stuck in a minimal location, overcome the 
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difficulties experienced regarding the amount of time to run the algorithm and make efficient 
use of the available computing resources. The HPPSGWO pseudocode is visible in algorithm 5 
and is graphically outlined in Figure 5.8.  

Algorithm 5: Pseudocode for Hybrid Parallel PSO-GWO  
𝑁𝑁𝐼𝐼: 𝑡𝑡ℎ𝑒𝑒 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 
𝑁𝑁𝑅𝑅: 𝑡𝑡ℎ𝑒𝑒 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖, 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑤𝑤ℎ𝑖𝑖𝑖𝑖ℎ 𝑒𝑒𝑒𝑒𝑒𝑒ℎ 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤  
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑖𝑖𝑖𝑖𝑖𝑖 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑡𝑡𝑡𝑡 𝑡𝑡ℎ𝑒𝑒 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 
𝑁𝑁𝑃𝑃: 𝑡𝑡ℎ𝑒𝑒 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑡𝑡ℎ𝑒𝑒 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 
𝑃𝑃𝑃𝑃: 𝑡𝑡ℎ𝑒𝑒 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠𝑠𝑠𝑠𝑠 𝑏𝑏𝑏𝑏 𝑡𝑡ℎ𝑒𝑒 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝: 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑠𝑠𝑠𝑠𝑠𝑠 𝑏𝑏𝑏𝑏 𝑡𝑡ℎ𝑒𝑒 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝s 
𝑘𝑘 = 0 𝑡𝑡ℎ𝑒𝑒 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 
𝑓𝑓𝑓𝑓𝑓𝑓 𝑗𝑗 = 1, … , 𝑁𝑁 𝑑𝑑𝑑𝑑 𝑖𝑖𝑖𝑖 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 
 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝑎𝑎𝑎𝑎 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑜𝑜𝑜𝑜 𝑡𝑡ℎ𝑒𝑒 𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎ℎ𝑚𝑚 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 𝑗𝑗 

𝑓𝑓𝑓𝑓𝑓𝑓 𝑗𝑗 = 1 𝑡𝑡𝑡𝑡 𝑃𝑃𝑃𝑃 𝑑𝑑𝑑𝑑 
𝑅𝑅𝑅𝑅𝑅𝑅 𝑃𝑃𝑃𝑃𝑃𝑃 
𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 𝑡𝑡ℎ𝑒𝑒 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 𝑎𝑎𝑎𝑎𝑎𝑎 𝑡𝑡ℎ𝑒𝑒 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 
𝑖𝑖𝑖𝑖 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(0,1) < 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑡𝑡ℎ𝑒𝑒𝑒𝑒 

𝑆𝑆𝑆𝑆𝑆𝑆 𝑎𝑎, 𝐴𝐴, 𝐶𝐶 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 
𝑓𝑓𝑓𝑓𝑓𝑓 𝑘𝑘 = 1 𝑡𝑡𝑡𝑡 10 𝑑𝑑𝑑𝑑 

𝑓𝑓𝑓𝑓𝑓𝑓 𝑚𝑚 = 1 𝑡𝑡𝑡𝑡 10 𝑑𝑑𝑑𝑑 
𝑅𝑅𝑅𝑅𝑅𝑅 𝐺𝐺𝐺𝐺𝐺𝐺 
𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 𝑡𝑡ℎ𝑒𝑒 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑜𝑜𝑜𝑜 𝛼𝛼, 𝛽𝛽, 𝛿𝛿 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 
𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 𝑎𝑎, 𝐴𝐴, 𝐶𝐶 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 

𝑒𝑒𝑒𝑒𝑒𝑒 𝑓𝑓𝑓𝑓𝑓𝑓 
𝑒𝑒𝑒𝑒𝑒𝑒 𝑓𝑓𝑓𝑓𝑓𝑓 
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

= 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑜𝑜𝑜𝑜 𝑡𝑡ℎ𝑒𝑒 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑜𝑜𝑜𝑜 𝑡𝑡ℎ𝑟𝑟𝑟𝑟𝑟𝑟 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 
𝑒𝑒𝑒𝑒𝑒𝑒 𝑖𝑖𝑖𝑖 

𝑒𝑒𝑒𝑒𝑒𝑒 𝑓𝑓𝑓𝑓𝑓𝑓 
𝑖𝑖𝑖𝑖 𝑘𝑘 𝑚𝑚𝑚𝑚𝑚𝑚 𝑁𝑁𝑅𝑅 = 0 𝑡𝑡ℎ𝑒𝑒𝑒𝑒 

𝐺𝐺𝐺𝐺𝐺𝐺 𝑡𝑡ℎ𝑒𝑒 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑁𝑁𝑃𝑃 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎ℎ𝑚𝑚 𝑗𝑗 
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑡𝑡ℎ𝑒𝑒𝑒𝑒𝑒𝑒 𝑁𝑁𝑃𝑃 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑡𝑡𝑡𝑡 𝑡𝑡ℎ𝑒𝑒 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 

𝑒𝑒𝑒𝑒𝑒𝑒 
𝑒𝑒𝑒𝑒𝑒𝑒 
𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 𝑘𝑘 = 𝑘𝑘 + 1 
𝐶𝐶ℎ𝑒𝑒𝑒𝑒𝑒𝑒 𝑡𝑡ℎ𝑒𝑒 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟. 𝐼𝐼𝐼𝐼 𝑡𝑡ℎ𝑒𝑒 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑖𝑖𝑖𝑖 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣, 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑔𝑔𝑔𝑔 𝑡𝑡𝑡𝑡 𝑓𝑓   

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑎𝑎𝑎𝑎𝑎𝑎 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑡𝑡ℎ𝑒𝑒 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑎𝑎𝑎𝑎𝑎𝑎 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 
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Figure 5.8 - Flowchart of the HPPSGWO 
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6. RESULTS AND DISCUSSION 

6.1. EXPLORATION OF DATA 

Before running the hybrid parallel PSO-GWO algorithm, the data was explored on global 
irradiance, load power and wind speed in Portugal in the year 2022.  

Graphic 6.1 shows the average daily global irradiance over a 24-hour period in Portugal 
in 2022. The daily global irradiance peaks at 1 p.m. with a value of over 600 W/m2, while the 
minimum of 0 W/m2 occurs from 1 a.m. to 5 a.m. and from 9 p.m. to midnight, which is 
explained by the hours of sunlight throughout the day. 

The general evolution of the average daily global irradiance can be described as 
constant at 0 W/m2 in the first hours of the day from 1am to 5am, with a value slightly above 
0 W/m2 only visible at 6 a.m. From 6 a.m. until 1 p.m. there is a continuous increase from a 
value slightly above 0 W/m2 until it reaches its peak with a value above 600 W/m2. From 1 p. 
m. until 8 p.m., there is a decrease in irradiance from a value above 600 W/m2 to slightly 
above 0 W/m2. From 9 p.m. until midnight, global irradiance remains constant at 0 W/m2. 

Graphic 6.1 - Average daily global irradiance in 2022 

Graphic 6.2 shows the average monthly global irradiance in Portugal in the year 2022. 
The peak global irradiance is reached in July with a value close to 350 W/m2, while the 
minimum global irradiance observed is in December, with a value between 50 W/m2 and 100 
W/m2. 

With a more focused look, seasonal trends can be observed, with the winter months 
(December, January and February) having a global irradiance below 150 W/m2. In the spring 
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months (March, April and May) there is a visible increase from a value slightly above 150 W/m2 
in March, until a value of 300 W/m2 is reached in May. In the summer months (June, July and 
August) there are the highest values of global irradiance, with June and August having values 
slightly below the value reached in the month when global irradiance peaked, July. In the fall 
months (September, October and November) there is a decline in global irradiance, starting 
in September with a value above 200 W/m2 and ending with a value slightly above 100 W/m2. 

In conclusion, irradiance shows a typical seasonal pattern with an increase from winter 
to summer and a decrease from summer to winter. The information gathered by analyzing the 
Graphic 6.3 allows us to understand the potential of solar energy throughout the year. The 
best months for producing solar energy are from April to August, with July being the most 
beneficial. 

Graphic 6.2 - Average monthly global irradiance in 2022 

Graphic 6.3 shows the average daily load power in the 24-hour period in Portugal in 
2022. Looking at the graph, it is possible to see that at 1 p.m. there is a peak in load power, 
with a value close to 6500 MW, which is only exceeded by the peak that occurs between 9 
p.m. and 10 p.m., with values above 6500 MW. The lowest load power occurs around 6 a.m., 
with a value slightly below 4500 MW. 

Considering the general evolution, from 1 a.m. to 6 a.m. there is a visible decrease in 
load power, and only after 6 a.m. does it start to increase, reaching its first peak only at 1 p.m. 
From 1 p.m. onwards, this behavior changes so that load power typically remains constant 
with only a few oscillations. A significant increase can be seen from 7 p.m. onwards, with the 
second peak being reached between 9 p.m. and 10 p.m. After 10 p.m. there is a sharp decrease 
in load power until midnight. 
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The behavior of the average daily load power visible in Graphic 6.3 and described 
above, can be summarized as power consumption being lowest during early morning hours, 
eventually increasing throughout the day and peaking in the evening. This behavior can be 
described as common due to greater residential and commercial activity during the day and 
evening hours. 

 

Graphic 6.3 - Average daily load power in 2022 

Graphic 6.4 shows the evolution of the average monthly load power in Portugal in 
2022. The highest load power is reached in January with a value of more than 6000 MW, while 
the lowest load power is observed in August by a minimum margin, with a value of more than 
5000 MW. 

The slight variation in average monthly load power shows seasonal trends. The winter 
months (December, January and February) see the highest load power values, with values 
above and close to 6000 MW, which may be due to a greater need for heating. The spring 
months (March, April and May) show a slight decrease in load power, from 6000 MW to just 
over 5000 MW. In the summer months (June, July and August) there are still high load power 
values, above 5000 MW and in July with a value slightly below 6000 MW, these values may 
remain high possibly due to air conditioning demand. In the fall months (September, October 
and November), load power starts to increase again, from above 5000 MW to slightly below 
6000 MW. 

It can be concluded from the analysis that, despite the slight variations in load power, 
the highest values are seen in the coldest months, but equally high values are seen in the 
hottest months. This trend can be explained by greater energy consumption for heating in the 
winter and cooling in the summer. 
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Graphic 6.4 - Average monthly load power in 2022 

Graphic 6.5 shows the average daily wind speed in Portugal in 2022, peaking at 4 p.m. 
with a value close to 3.6 m/s, while the minimum value observed is close to 2.4 m/s at 7 a.m. 

Considering the general evolution of the average daily wind speed, from 1 a.m. to 7 
a.m. there is a slight decrease from a value close to 2.6 m/s to the minimum observed, a value 
close to 2.4 m/s. From 7 a.m. until 4 p.m. there was an increase in wind speed, from a value 
close to 2.4 m/s to one close to 3.6 m/s. Between 10 a.m. and 11 a.m. there was less growth 
than in the rest of the period. From 4 p.m. to midnight, the wind speed decreases from around 
3.6 m/s to around 2.6 m/s. 

This shows that wind speed is higher in the afternoon, between 2 p.m. and 6 p.m., with 
values above 3.4 m/s or very close to it, while wind speed is lower, with values below 2.6 m/s, 
in the early hours of the day, between 1 a.m. and 7 a.m. 



59 
 

 

Graphic 6.5 - Average daily wind speed in 2022 

Graphic 6.6 shows the average monthly wind speed in Portugal in the year 2022. The 
peak wind speed is in December, with a value of over 3.0 m/s, while the lowest wind speed is 
in February, with a value below 2.5 m/s. 

The variation in the monthly wind speed shows seasonal trends, with the winter 
months (December, January and February) showing a decrease in wind speed, from above 3.0 
m/s to below 2.5 m/s. In the spring months (March, April and May), the wind speed remains 
constant, despite a distinct value in May close to 3.0 m/s. In the summer months (June, July 
and August) there is a decrease in wind speed, from above 3.0 m/s to above 2.5 m/s. In the 
fall months (September, October and November), the wind speed remains constant at over 
2.5 m/s. 

 



60 
 

 

Graphic 6.6 - Average monthly wind speed in 2022 

Analyzing data on the average daily and monthly global irradiance and wind speed 
allows us to understand the potential for solar and wind energy production in Portugal, while 
analyzing data on the average daily and monthly load power allows us to understand energy 
consumption patterns in Portugal. 

6.2. RESULTS 

Three experiments were carried out on the PSO-GWO parallel hybrid algorithm, using the 
values for its parameters shown in Table 6.2, Table 6.3 and Table 6.4, for experiment 1, 
experiment 2 and experiment 3 respectively. Regarding the upper and lower bounds of the 
decision variables, the values selected for the experiment 1 and experiment 2 are visible in 
Table 6.1, these were the chosen values because they were within the limits used by the 
studies identified in the SLR that used the same decision variables. 

Table 6.1 - Upper and lower bounds of decision variables used in the experiment 1 and 
experiment 2 

 

 

 

 

 

 

Study 𝑵𝑵𝑷𝑷𝑷𝑷 𝑵𝑵𝑾𝑾𝑾𝑾 β 𝒉𝒉 
Upper bound 1500 1001 90 (present in point 5.2.1) 
Lower bound 1000 500 0 (present in point 5.2.1) 
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In the first experiment, the values for the HPPSGWO algorithm parameters shown in 
Table 6.2 were used, while the optimization performed is visible in Graphic 6.7. This 
experiment took approximately 13 hours to run.  

Table 6.2 - Values for the parameters in experiment 1 

 

 

 

 

 

 

 

 

 

 Parameter Meaning Value 

Pa
rti

cl
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Sw
ar

m
 

O
pti

m
iza

tio
n 

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 Size of swarm, number of particles to generate 100 
𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚 Maximum number of generations to perform 5 
𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑚𝑚𝑚𝑚𝑚𝑚 Maximum number of runs to perform 10 
𝑤𝑤 Inertia weight 1.0 
𝑐𝑐1 Cognitive component 1.0 
𝑐𝑐2 Social component 1.0 

G
re

y 
W

ol
f 

O
pti

m
iza

tio
n 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 Small possibility rate 0.4 

𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠  Small number of iterations that the GWO will run 10 

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 Small number of swarm size that the GWO will run 10 

M
ul

ti-
ob

je
cti

ve
 

op
tim

iza
tio

n 𝑤𝑤1 Weight for objective function 1 0.5 

𝑤𝑤2 Weight for objective function 2 0.5 

Pa
ra

lle
l e

xe
cu

tio
n 

𝑁𝑁𝐼𝐼 Total number of parallel processing units 4 
𝑁𝑁𝑅𝑅 Number of iterations, after which a processing unit sends 

its best particles to the remaining units 
15 

𝑁𝑁𝑃𝑃 Number of migrated particles between the parallel 
processing units 

5 

ϵ Small value (used in the termination rule) 10-6 
𝑁𝑁𝑀𝑀 Number of continuous repetitions (used in the termination 

rule) 
15 
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Graphic 6.7 - ABF results for experiment 1 

Regarding the convergence trend of this first experiment, the Average Best Fitness3 
(ABF) decreases over the iterations, which indicates that the developed HPPSGWO algorithm 
can successfully improve the fitness of the solutions. The ABF starts with a value slightly below 
0.420, decreases to an ABF of 0.390, which is the sharpest decrease, and then increases 
slightly in iteration 4 with a value close to 0.400. This behavior shows an initial improvement 
in fitness, followed by a slight deterioration. 

About the shaded area around the convergence line, this represents the variability in 
the ABF, so a narrower area indicates less variability, while a wider area indicates more 
variability. Bearing this in mind, looking at the Graphic 6.7 of experiment 1, it is possible to 
conclude that the variability increases as the interactions progress, with only a slight 
narrowing visible from iteration 3 to iteration 4, which could translate into a potential 
stabilization of the algorithm if more iterations were carried out. This increase in variability 
over the course of the iterations may also be due to the small number of runs carried out, 
since a greater number of runs would allow for a more robust measure of the HPPSGWO's 
performance and consequently a better understanding of the existing variability. 

The slight increase in the ABF from iteration 3 to iteration 4 may suggest that the 
HPPSGWO algorithm has found a local minimum, which is why it is necessary to carry out more 
iterations or make changes to the algorithm's parameters to escape the local minimum and 
find a better solution. 

 
3 “consists in computing the average of the best fitness obtained at a given generation, over all performed runs” 
(Vanneschi & Silva, 2023) 
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With this, it can be concluded that the algorithm is optimizing correctly, despite the 
slight increase in the ABF values from iteration 3 to iteration 4, which indicates the need for 
tuning the parameters used. 

Considering the conclusions drawn from experiment 1, a second experiment was 
carried out, where only the number of iterations was changed to understand whether this 
modification contributes to escaping the local minimum and consequently finding the optimal 
solution.  

The second experiment took approximately 30 hours to run. The values for the 
parameters of the parallel hybrid algorithm shown in Table 6.3 were used. Looking at the 
convergence line (visible in the Graphic 6.8), it can be said that the optimization algorithm 
continues to improve the fitness of the solutions as the iterations increase, with the ABF value 
starting at a value close to 0.480 and ending at iteration 14, with an ABF value slightly above 
0.455, which is a slight improvement on the previous experiment. 

Table 6.3 - Values for the parameters in experiment 2 

 

 

 Parameter Meaning Value  

Pa
rti
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𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 Size of swarm, number of particles to generate 100 
𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚 Maximum number of generations to perform 15 
𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑚𝑚𝑚𝑚𝑚𝑚 Maximum number of runs to perform 10 
𝑤𝑤 Inertia weight 1.0 
𝑐𝑐1 Cognitive component 1.0 
𝑐𝑐2 Social component 1.0 

G
re

y 
W

ol
f 

O
pti

m
iza

tio
n 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 Small possibility rate 0.4 

𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠  Small number of iterations that the GWO will run 10 

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 Small number of swarm size that the GWO will run 10 

M
ul

ti-
ob

je
cti

ve
 

op
tim

iza
tio

n 𝑤𝑤1 Weight for objective function 1 0.5 

𝑤𝑤2 Weight for objective function 2 0.5 

Pa
ra

lle
l e

xe
cu

tio
n 

𝑁𝑁𝐼𝐼 Total number of parallel processing units 4 
𝑁𝑁𝑅𝑅 Number of iterations, after which a processing unit sends 

its best particles to the remaining units 
15 

𝑁𝑁𝑃𝑃 Number of migrated particles between the parallel 
processing units 

5 

ϵ Small value (used in the termination rule) 10-6 
𝑁𝑁𝑀𝑀 Number of continuous repetitions (used in the termination 

rule) 
15 
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Graphic 6.8 - ABF results for experiment 2 

Regarding the variability in the ABF, this continues to be high, as in experiment 1, 
although there seems to be less variability compared to the other iterations, between 
iterations 4 and 6. Despite this, there is still high variability, which is to be expected since the 
number of runs has not been increased, only the number of iterations.  

The ABF results obtained with experiment 2 (Graphic 6.8) show the same behavior as 
described in experiment 1, between iterations 0 and 4. After iteration 4 until the last iteration, 
iteration 14, therecanal peaks and troughs, which indicates that the algorithm encounters 
some local minima, although it is able to escape them, since a decrease in the convergence 
line is visible after a peak is reached. Despite all the peaks and troughs seen between iteration 
4 and iteration 14, the ABF tended to decrease, since in iteration 4 it showed a value close to 
0.465, ending with a value close to 0.455 in the last iteration. These variations indicate that it 
might be beneficial to carry out a third experiment with a greater number of changes in the 
values of the HPPSGWO algorithm parameters. 

Considering the conclusions drawn from the analysis of experiment 2, a third 
experiment was carried out, in which various values were changed in the parameters of the 
HPPSGWO algorithm, these changes are visible in Table 6.4, each of which is explained below. 
The number of iterations was increased to understand whether there is still an improvement 
in ABF or whether there is a stabilization of fitness. Regarding the specific parameters of the 
PSO algorithm, the value of the cognitive component and social component was changed to 
2, since this value "has been shown to be appropriate for several applications" (Vanneschi & 
Silva, 2023). The size of the swarm in the Particle Swarm Optimization was doubled, with the 
aim of finding better solutions, since each particle can explore different regions of the solution 
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space, thus enabling better convergence towards the global optimum. In the same vein as 
exploring the search space, the upper limit of the decision variables number of solar panels 
and number of wind turbines was increased to widen the search space (Table 6.5), allowing 
for greater exploration of potential solutions that might previously have been inaccessible due 
to the limit previously set. Finally, the number of parallel processing units was increased to 8, 
since an increase in this parameter has previously been verified as "significantly improves the 
efficiency of the technique in finding the global minimum" (Charilogis et al., 2023). 

Table 6.4 - Values for the parameters in experiment 3 

 

Table 6.5 - Upper and lower bounds of decision variables used in the experiment 1 and 
experiment 3 

 

 

 

 Parameter Meaning Value  
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𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 Size of swarm, number of particles to generate 200 
𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚 Maximum number of generations to perform 20 
𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑚𝑚𝑚𝑚𝑚𝑚 Maximum number of runs to perform 10 
𝑤𝑤 Inertia weight 1.0 
𝑐𝑐1 Cognitive component 2.0 
𝑐𝑐2 Social component 2.0 

G
re

y 
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pti
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iza

tio
n 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 Small possibility rate 0.4 

𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠  Small number of iterations that the GWO will run 10 

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 Small number of swarm size that the GWO will run 10 

M
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n 𝑤𝑤1 Weight for objective function 1 0.5 

𝑤𝑤2 Weight for objective function 2 0.5 

Pa
ra
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l e
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n 

𝑁𝑁𝐼𝐼 Total number of parallel processing units 8 
𝑁𝑁𝑅𝑅 Number of iterations, after which a processing unit sends 

its best particles to the remaining units 
15 

𝑁𝑁𝑃𝑃 Number of migrated particles between the parallel 
processing units 

5 

ϵ Small value (used in the termination rule) 10-6 
𝑁𝑁𝑀𝑀 Number of continuous repetitions (used in the termination 

rule) 
15 

Study 𝑵𝑵𝑷𝑷𝑷𝑷 𝑵𝑵𝑾𝑾𝑾𝑾 β 𝒉𝒉 
Upper bound 2500 2500 90 (present in point 5.2.1) 
Lower bound 0 0 0 (present in point 5.2.1) 
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The optimization performed in the third experiment is seen in Graphic 6.9, that took 
approximately 60 hours to run. Graphic 6.9 shows the convergence line for experiment 3, 
where the hybrid algorithm starts with an ABF value of 0.150, a much lower value than in 
experiments 1 and 2. 

 

Graphic 6.9 - ABF results for experiment 3 

Between iteration 0 and iteration 1, the ABF value remains constant, then there is a 
slight increase from iteration 1 to iteration 2, followed by a sharp decrease in the ABF value 
until iteration 3, where the lowest value is reached. The behavior described thus shows that 
the algorithm is capable of rapidly improving the quality of the solution in the initial iterations. 
After iteration 3, there are several oscillations in the hybrid algorithm's performance, with a 
slight downward trend between iteration 6 (ABF value of 0.20) and 19 (ABF value lower than 
0.10), which suggests that it is making small improvements. 

Regarding the variability of the results over the runs carried out, a significant variability 
can be seen in the Graphic 6.9, which may be due to the stochastic nature of the hybrid 
algorithm. 

The variability and fluctuations visible in the Graphic 6.9 may indicate that the hybrid 
algorithm has a good exploration capacity. However, parameter tuning is necessary to reduce 
variability and make convergence more stable. 

If an experiment 4 were to be carried out, it would be necessary to perform tuning of 
the algorithm PSO and GWO parameters, to try to stabilize convergence and reduce the 
variability of the algorithm. In a further attempt to achieve more stable convergence, the 
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balance between the PSO and GWO algorithms should be adjusted using the  
𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 variable, which allows the two algorithms to be switched between. 

Comparing the execution of experiment 2 with experiment 3, experiment 2 starts with 
an ABF value close to 0.480, which is higher than that of experiment 3, which starts with a 
value close to 0.150, indicating that the initial solution of experiment 3 is of higher quality 
than that of experiment 2. 

Experiment 2 shows a general downward trend with small fluctuations in the last few 
iterations, indicating that the solution is stabilizing. Experiment 3 ended up showing more 
oscillations without a clear downward trend, indicating less stability and greater exploration 
of the search space, even in the last iterations. 

Evaluating the effect of changing the parameter values from experiment 2 to 
experiment 3, the larger swarm size of experiment 3 compared to experiment 2 contributes 
to greater variability and oscillations, since a larger swarm size explores more of the search 
space. Regarding the cognitive and social component, the value of these parameters was 
increased from 1.0 to 2.0, from experiment 2 to experiment 3 respectively, which means that 
there is a greater influence from individual and social learning, resulting in more exploration, 
which translates into more fluctuations. As far as the limits of the decision variables are 
concerned, experiment 3 had the widest limits compared to experiment 2, which means that 
the search space in experiment 3 is larger, which contributes to increased variability. 

Considering the experiments carried out, the lowest ABF value obtained was in 
experiment 3, in iteration 3 with an ABF value of 0.025. In this way, it was observed in iteration 
3 that the run with the lowest fitness value was run 5 with a value of 0.000506, and this value 
was also the lowest in run 5 over the 20 iterations. This configuration will be analyzed next 
through the Graphic 6.10, Graphic 6.11, Graphic 6.12 and Graphic 6.13. 

Graphic 6.10 shows the mean number of solar panels per month over a year, with no 
pattern visible. In the winter months (December, January and February) there is a slight 
decrease from month to month, with the lowest point being reached in February, with a value 
above 1280 solar panels. In the spring months (March, April and May) there are small changes 
in the average number of solar panels, however, it is in March that one of the highest average 
number of solar panels is reached. In the summer months (June, July and August), the 
decrease in the average number of solar panels is more pronounced, with one of the lowest 
points being reached in July, with a mean of solar panels close to 1260. In the fall months 
(September, October and November) there is an increase in the mean number of solar panels, 
where this growth was more pronounced from September to October, reaching the lowest 
average number of solar panels in September, with approximately 1260 panels and the 
highest average number of solar panels is achieved in October, with approximately 1340 solar 
panels. After this abrupt growth, the mean number of solar panels fell to around 1320 in 
November. 
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Graphic 6.10 - Experiment 3 - best solution, the mean number of solar panels per month 

Graphic 6.11 shows the average angle of the solar panels throughout the year, with 
the values obtained with the optimization being very close, remaining between the range of 
46 and a little above 50. A pattern is visible throughout each season, with a decrease in the 
mean tilt angle of solar panels from the first month of the season to the second and an 
increase in the mean tilt angle of solar panels from the second month to the third. In the 
winter months, the angle of the solar panels begins in December, with an angle close to 49 
degrees, then decreases in January to an angle around 47 degrees, to then grow again to an 
average tilt angle of solar panels close to 49 degrees in February. In the spring months, the 
mean tilt angle of solar panels decreased from March to April, from a value above 50 degrees 
to one close to 46 degrees, and then increased again in May to a value above 50 degrees. In 
the summer months, the pattern seen in the other seasons is reversed, with a rise from June 
to July from a mean tilt angle of 48 degrees to over 50 degrees, and then a fall from July to 
August, where the lowest mean tilt angle of 46 degrees is seen. In the fall months, the pattern 
seen in the winter and spring is visible again, with a decrease from September to October from 
48 degrees to 47 degrees, and then an increase from October to November, from 47 degrees 
to over 50 degrees. 
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Graphic 6.11 - Experiment 3 - best solution, mean tilt angle of solar panels per month 

Graphic 6.12 shows the average number of wind turbines per month, with a few 
fluctuations visible. Looking in more detail, in the winter months (December, January and 
February) there is a slight decrease from December to January, from a number of wind 
turbines close to 1310 to 1300, and then there was a more significant increase from January 
to February, from a mean number of wind turbines of 1300 to one close to 1350. In the spring 
months (March, April and May) one of the lowest points is reached in May, with a number of 
panels below 1300. In the summer months (June, July and August) there is a downward trend, 
starting in June with a mean number of wind turbines of over 1340 and ending in August with 
a value of over 1310. In the fall months (September, October and November) the trend is 
increasing, having reached the lowest mean number of wind turbines in September with a 
value close to 1280, and ending in November with the highest mean number of wind turbines 
with a value of over 1350. 
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Graphic 6.12 - Experiment 3 - best solution, mean number of wind turbines per month 

Graphic 6.13 shows the average height of wind turbines per month, with a decreasing 
pattern visible throughout the seasons. In the winter months (December, January and 
February) the decrease begins in December with a value close to 97.75 m, and ends in 
February with the mean height of wind turbine close to 97.25 m. In the spring months, the 
pattern of decrease continues, with March showing a mean height close to 98.75 m, and May 
ending with the lowest mean height verified at 97.25 m. In the summer the pattern repeats 
itself, with June reaching the highest mean height of 99 m, and August ending with a value 
close to 97.75. In the fall months, the pattern repeats itself as in the other seasons. 

 

Graphic 6.13 - Experiment 3 - best solution, mean height of wind turbines per month 
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7. CONCLUSIONS AND FUTURE WORKS 

7.1. SYNTHESIS OF THE DEVELOPED WORK 

In the first chapter of this dissertation, we began by identifying the current problem of the 
need for an energy transition that should be sustainable and carbon neutral, thus not 
contributing to global warming. To make this energy transition possible, the initial chapter 
mentioned the undeniable need to use natural resources to produce energy. However, 
considering that these renewable energy sources are characterized by being intermittent, it is 
necessary to combine various to build a system known as a hybrid renewable energy system 
(HRES), thus becoming the motto for the development of this dissertation. The potential of 
applying artificial intelligence (AI) techniques to the energy industry in the search for 
sustainable solutions was mentioned, where there has been an increase in research into the 
intersection of these two areas. With this, the possibility of obtaining an optimal result in the 
optimization of HRES was mentioned, through the combination of two or more algorithms 
that complement each other, but also the consideration of multi-objectives add value 
considering that the algorithm is intended to be applied in real-world problems. There was 
thus a need to develop research in the area of AI Hybrid Renewable Energy Systems, which 
considers diverse objective functions in the context of Portugal, with this the research 
question placed was: "What novel hybrid optimization algorithms can be developed to 
effectively address diverse objective functions in the context of AI Hybrid Renewable Energy 
Systems in Portugal?". Following the development of this dissertation, it is possible to mention 
the possibility of developing a Hybrid Parallel PSO-GWO algorithm, which considers two 
objective functions, a technical one that aims to minimize the loss of power supply probability 
and an environmental one, with the aim of minimizing the amount of CO2 produced, 
considering the context of Portugal. 

To formulate an answer to the RQ, intermediate objectives were set, that includes 
carrying out a literature review (LR) in the area of AI and Energy and proposing a hybrid 
algorithm.  

Carrying out the LR in the area of energy made it possible to initially characterize it, 
mentioning the increase in demand for energy in the form of electricity that has been verified, 
which ultimately results in an increase in CO2 emissions. Some of the existing agreements for 
achieving the energy transition were also mentioned, and a historical context was given 
regarding the energy transitions that have existed over several centuries and which have led 
to different industrial revolutions. The need for the next energy transition to use natural 
resources despite the associated challenges is mentioned, being possible to overcome them 
by optimizing systems to guarantee their reliability, in this sense, Sustainable Energy Systems 
and Hybrid Renewable Energy Systems were explored. 

The LR developed on AI initially presented the concept, its main areas of activity and 
how it has been used in the energy industry. A systematic literature review on artificial 
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intelligence and HRES optimization was also carried out to understand the state of the art and 
to obtain information on other research carried out in the area, to make an appropriate 
proposal. The SLR followed the PRISMA methodology and identified nine articles which were 
analyzed and synthesized to answer the literature research questions posed. 

In the strategy development phase, the studies obtained through SLR were analyzed 
again to identify their decision variables, hybrid algorithm used, type of system, context, area 
of activity and their objective functions. The information gathered was then cross-referenced 
to obtain various insights and make recommendations regarding decision variables and 
objective functions, depending on the area of activity, as well as regarding the algorithms to 
be used to develop hybrid algorithms in the context of HRES. 

In the empirical study phase, the first step was to establish which renewable energy 
sources would be used to create an HRES, having decided that this would include photovoltaic 
panels and wind turbines. Once the components to be used had been defined, an attempt was 
made to identify which models were most used in Portugal, to gather the characteristics 
provided by the manufacturer. In addition to the data on the components to be used in the 
HRES, data on weather conditions and load demand in Portugal was also obtained. Afterwards 
the problem was formulated, defining the decision variables, their constraints, the objective 
functions to be considered in the optimization and the equations needed to calculate the 
output power of photovoltaic panels and wind turbines. Subsequently, the algorithms used to 
develop the final hybrid parallel PSO-GWO algorithm were presented. 

Three experiments were carried out, changing the values of the parameters from 
experiment to experiment to accommodate the analyzes carried out to find the global 
optimum. In the third experiment it was possible to reach a local optimum in the first 
iterations, with a value in ABF close to the global minimum. Despite this, the number of 
experiments carried out was restricted by the available computational resources, as well as 
the time required for execution. 

7.2. LIMITATIONS 

Although it was possible to develop a hybrid multi-objective algorithm for use in HRES in 
Portugal, there were some limitations throughout the empirical study process. 

In the first phase of identifying the components (photovoltaic panels and wind 
turbines) most used in Portugal, with the aim of using them in the dissertation, little 
information was found on this aspect, and it was only obtained through information provided 
by an expert in the field.  

Regarding the collection of data on weather conditions in Portugal, several datasets 
were found with missing variables or no data in some years, and it was only possible to obtain 
a complete dataset, i.e. with the variables direct irradiance, diffuse irradiance, albedo 
irradiance, air temperature and wind speed, through Copernicus. 



73 
 

In the execution phase of the hybrid parallel PSO-GWO algorithm, one of the main 
limitations was the computational resources available for its execution. It was necessary to 
use a Cloud GPU rental platform, using the researcher's own financial resources, which may 
have compromised performance, since it is usual for the PSO algorithm, one of the algorithms 
in the hybrid parallel PSO-GWO algorithm developed, to run for thousands or millions of 
iterations in the case of parallel and GPU-based solutions. 

There were also limitations in terms of time, since, despite the use of the Cloud GPU 
rental platform, the algorithm's execution time was always very high, which restricted the 
ability to carry out more experiments with regard to hyperparameters, so a fixed number was 
established for them, while a low number of iterations and runs were used, so that it was 
possible to obtain results in a period that, although long, was practicable.  

Despite the mentioned limitations, the dissertation contributed to the field of Data 
Science, as well as to its intersection with the energy industry, thus seeking to set the tone for 
further research aimed at finding solutions to existing problems in the energy industry in 
Portugal, with the aim of achieving a more sustainable and carbon neutral future. 

7.3. RECOMMENDATIONS FOR FUTURE WORK 

For future research, we recommend using computing resources with greater computing 
power, as this would allow results to be obtained in less time and consequently more tests to 
be carried out, which would increase the likelihood of achieving the global minimum. It is also 
recommended to explore the grid of hyperparameter combinations for parameter tuning, to 
verify the combination of parameters that allows the best results to be achieved in the 
minimization problem. 

For future studies, we recommend considering two more objective functions in the 
economic and social categories, in addition to the two already implemented in this 
dissertation in the technical and environmental areas, to achieve the optimal design of the 
HRES in all these areas. 

Regarding the evaluation of the project developed, it is recommended that feedback 
be obtained from experts in the field of AI & Energy in Portugal through interviews, which 
would consequently allow the improvements mentioned to be made, thus realizing an 
iterative process aimed at achieving a strategy that can be implemented.  
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